
Investigating peer recognition across an introductory physics sequence:
Do first impressions last?

Meagan Sundstrom 1,2,* and Logan Kageorge 3,†

1Laboratory of Atomic and Solid State Physics, Cornell University, Ithaca, New York 14853, USA
2Department of Physics, Drexel University, Philadelphia, Pennsylvania 19104, USA

3Department of Mathematics and Science, Brenau University, Gainesville, Georgia 30501, USA

(Received 29 October 2023; accepted 26 March 2024; published 3 May 2024)

Students’ beliefs about the extent to which meaningful others, including their peers, recognize them as a
strong science student are correlated with their persistence in science courses and careers. Yet, prior work
has found a gender bias in peer recognition, in which student nominations of strong peers dispropor-
tionately favor men over women, in some instructional science contexts. Researchers have hypothesized
that such a gender bias diminishes over time, as determined by students’ academic year: studies have found
a gender bias in peer recognition in science courses aimed at first-year students, but not in science courses
aimed at beyond first-year students. This hypothesis that patterns of peer recognition change over time,
however, has yet to be tested with longitudinal data—previous studies only examine snapshots of different
students in different science courses. In this study, we isolate the effect of time on peer recognition by
analyzing student nominations of strong peers across a two-semester introductory physics course sequence,
containing the same set of students and the same instructor in both semesters, at a mostly women
institution. Using a combination of social network analysis and qualitative methods, we find that while
many students receive similar levels of peer recognition over time, the four most highly nominated
students—the recognition celebrities—exhibit some change between semesters even in this highly
controlled setting. Furthermore, we observe that these changes in the celebrities track closely with
changes in student outspokenness and that being outspoken is likely more important for gaining
recognition than earning a high grade in the class. These findings lend support to prior work’s hypothesis
that peer recognition changes over time, but also challenge the generalizability of previous results (i.e., that
patterns of recognition are related to students’ academic year). Instead, peer recognition seems highly
sensitive to variables such as individual students’ participation and, therefore, may be course specific. We
provide recommendations for both when and how instructors may intervene on peer recognition based on
our results.
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I. INTRODUCTION

An individual’s identity refers to their being a “certain
kind of person” in a given context [1]. Thus, one’s science
identity is the extent to which an individual believes they
are a “science person.” Researchers have modeled science
identity as containing three dimensions: performance and
competence, interest, and recognition [2,3]. Performance
and competence refers to student beliefs in their abilities to
perform science tasks and understand science content.

Interest is students’ enjoyment or interest in engaging with
science topics. Recognition is synonymous with students
being perceived bymeaningful others, including their peers,
instructors, friends, and family, as a science person. While
all three dimensions positively correlate with student out-
comes, such as participation and persistence in their science
courses and their intentions to pursue a scientific career,
studies have shown that recognition is the dimension that
most strongly correlates with such outcomes [2–9]. When
students feel recognized by other people as a science person,
they are more likely to perceive themselves as a science
person and subsequently persist in their science courses and
intend to pursue a scientific career [6,10].
Peer recognition is of particular importance for under-

graduate students because they interact with and observe
their classmates often. Research has shown, however, that
student recognition of their strong science peers often
exhibits a gender bias in which men disproportionately
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receive more recognition from their peers than women
[11–15]. Such a gender bias may lead women to feel less
recognized by their peers as strong science students than
men, putting women at a disadvantage for developing their
science identities and persisting in science.
In one such study, Grunspan and colleagues investigated

large, introductory biology courses containing mostly
first-year students [11]. In each course, the authors
observed that men received significantly more nomina-
tions from peers as strong in the course material than
women. Salehi and colleagues [12] later performed similar
work for two mechanical engineering courses taken by
second and third-year students. The authors found no
gender bias in student nominations of strong peers in
either course. Bloodhart and colleagues [13] then ana-
lyzed peer recognition across many introductory life
science and physics courses. Students in the life science
courses were mostly first-year students and the physics
courses were spread across all four academic years. The
researchers found in both disciplines that both men and
women undernominated women as knowledgeable in the
course material. Additionally, our prior work investigated
peer recognition in three remote, introductory physics
courses [14]. We observed a gender bias in student
nominations of strong peers in the two courses aimed
at first-year students, but not in the third course aimed at
second-year students. Another study of ours found a
gender bias in peer recognition in four different intro-
ductory physics courses containing a majority of first-year
students [15].
Comparing across these previous studies [11–15], the

presence or absence of gender bias in peer recognition is
more related to whether the course contains a majority of
first-year or beyond first-year students than other course
features, such as scientific discipline and student demo-
graphics [14]. Specifically, these studies observed that
gender bias in peer recognition is consistently present in
science courses aimed at first-year students, but not in
science courses aimed at beyond first-year students [11–15].
Researchers, therefore, have hypothesized that patterns of
peer recognition change over the timescale of semesters and
years, becoming less biased due to students’ increased
familiarity with diverse peers [14].
These previous studies, however, only examined snap-

shots of peer recognition among different sets of students in
different science courses and so do not provide direct
evidence of change in peer recognition over time [11–15].
To our knowledge, no research has investigated students’
recognition of their strong peers over a timescale longer
than one semester, such as by following the same set of
students throughout their course sequence. Yet such an
understanding is crucial for identifying when instructional
interventions, such as those aimed at equitable peer
recognition, are likely to be most effective. If, for example,
biases in peer recognition primarily occur early on in a

course sequence as in prior work [11–15], instructional
interventions ought to be implemented early on to mitigate
possible undesirable effects (e.g., women disproportion-
ately not enrolling in subsequent courses due to lack of peer
recognition). On the other hand, if biases in peer recog-
nition do not follow a consistent pattern over time,
interventions may need to be implemented consistently
throughout a course sequence.
In the current study, therefore, we examine patterns of

peer recognition for a single cohort of students across their
two-semester introductory physics course sequence. We
also conduct our study in a unique, understudied context in
physics education research [16]: a mostly women, liberal
arts college. In doing so, we control for multiple variables
that may shape peer recognition: instructor (the instructor
was the same in both semesters of our study), instructional
style (the same pedagogy was used in both semesters),
fluctuating student enrollment between semesters (all
students enrolled in the second course were also in the
first course), student gender (almost all students included in
the analysis identified as women), and student academic
year (all students were beyond their first year). Thus, our
research design largely isolates the effect of time on
patterns of peer recognition, allowing us to robustly test
prior work’s hypothesis that peer recognition changes
between semesters.
In our study, we first aim to determine whether and

how the students receiving the most recognition from their
peers—the recognition celebrities [11]—change between
the two semesters of the course. We also aim to understand
how the reasons for which students nominate their strong
peers change over time by building on two existing threads
of research: the relationship between peer recognition and
student outspokenness and the relationship between peer
recognition and student performance [11–15].

A. Peer recognition and outspokenness

Previous studies have found a strong correlation
between students’ outspokenness, the extent to which
they verbally participate in class, and their peer recog-
nition, or how many nominations they receive from other
students as being strong in the course [11,14]. In particu-
lar, this research has demonstrated that a gender disparity
in outspokenness coincides with gender bias in peer
recognition: when men disproportionately participate or
speak up more than women in class, there tends to be a
gender bias in peer recognition favoring men over women.
Outspokenness has also been measured in different ways.
Grunspan and colleagues asked the course instructor
which students were the most active participants at the
end of each class session [11], while in our prior study we
quantified students’ participation in online discussion
boards during remote courses [14]. In the current study,
we expand on this body of work by examining the role of
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outspokenness in peer recognition throughout a two-
semester course sequence.
Our previous work also identified that peer recognition

forms in two ways: direct interactions with peers (e.g.,
collaborating on a homework assignment) and indirect
observations of peers (e.g., watching a near peer correctly
solve a physics problem) [15]. Correspondingly, outspok-
enness may occur within peer interactions (e.g., during
group work activities or out-of-class study groups) or
through other means (e.g., offering answers to instructor
questions during lectures). In this study, we disentangle the
effects of these two different kinds of outspokenness on
peer recognition over time by asking students to not only
nominate strong physics peers, but also to describe the
reasons for which they nominate these strong peers and to
report the peers with whom they interacted about the
course. We measure the extent to which students recognize
their strong peers for their vocal participation in class and
the association between engaging in many peer interactions
and receiving recognition. We then determine whether
outspokenness in direct peer interactions (e.g., if partici-
pation is frequently mentioned and the latter association is
strong) and/or outspokenness in front of the whole class
(e.g., if participation is frequently mentioned, but the latter
association is weak) is more important for gaining recog-
nition in each semester.

B. Peer recognition and academic performance

Prior work has uniformly found that students who earn
higher grades in their science course tend to receive more
nominations from their peers as being strong in the course
[11,12,14,15]. The studies that more closely examined the
individual students receiving the most peer recognition,
however, observed that high course grades are not sufficient
for becoming a celebrity [11,12]. That is, students receiving
the most peer recognition are not necessarily the highest
performers in the class. This effect was demonstrated in
both first-year and beyond first-year science courses, yet it
remains unclear if such a pattern is consistent over time for
a given set of students. Thus, we measure the association
between peer recognition and academic performance over
time for a single cohort of physics students.

C. Current study

To summarize, researchers have found a gender bias in
peer recognition in first-year, but not beyond first-year,
science courses. This body of work suggests that peer
recognition changes over time as students become more
familiar with a diverse set of their peers. Researchers,
however, have not yet examined peer recognition among a
particular set of students on a timescale longer than one
semester. Relatedly, the roles of outspokenness and
academic performance in peer recognition over time are
not well understood. In the current study, therefore, we
investigate the effect of time on who and what gets

recognized in peer recognition by examining a single
cohort of students across a two-semester introductory
physics course sequence. We aim to address the following
research questions:

1. How, if at all, does students’ received peer recog-
nition change throughout an introductory physics
course sequence?

2. How, if at all, do the roles of outspokenness
and academic performance in peer recognition
change throughout an introductory physics course
sequence?

II. METHODS

In this section, we first describe the instructional context
of our study and then provide details about our data
collection and analysis methods. Anonymized data and
analysis scripts can be found at Ref. [17].

A. Instructional context

The data for this study were collected at Brenau
University, a small, private, primarily undergraduate insti-
tution (PUI) in Gainesville, Georgia. The undergraduate
population at Brenau is nontraditional compared to similar
PUIs. According to the university’s Institutional Research
Office, which only collects and stores data on student
gender as binary, 89% of undergraduates identify as women
and 11% of undergraduates identify as men. In addition,
racial demographics mimic those of the state as a whole,
with White students comprising less than 50% of the
student population and Black and Hispanic students
accounting for more than 35% of the student population.
Brenau also boasts a high age diversity, with less than 25%
of students within traditional college age (18–21 years old).
This study investigates a single cohort of students

through an in-person, two-semester, algebra-based intro-
ductory physics course comprised of a mechanics course in
the fall and an electricity and magnetism course in the
spring. These are the only physics courses offered at the
institution, as Brenau does not support a physics major. All
students enrolled in the spring electricity and magnetism
course were also enrolled in the fall mechanics course (see
Table I). The total enrollment dropped by three students
who did not register for the spring course, either for
personal reasons or because the course was not required
by their major.
Both courses were taught by the same instructor (the

second author of this paper) and were presented as a flipped
classroom, with students watching prepared lecture videos
and completing homework assignments before attending
twice-weekly lectures and weekly laboratory (lab) or group
problem (GP) sessions. Time in lecture was spent reviewing
the course material with an emphasis on student problem
solving and peer interactions. In lab, students completed an
experiment in groups of three to four and then prepared
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video lab reports outside of class, similar to the lab
curriculum described in Ref. [18]. In GPs, students worked
in their lab groups to complete more challenging problem
sets with occasional instructor guidance.
The grading scheme was the same in both courses and

grades were largely determined by the one course instruc-
tor. Final course grades were mostly based on exams
(30%), lab and GP participation (20%), lab presentations
(15%), lecture participation (10%), and homework (10%).
Exams emphasized similar problem solving skills that
students practiced during GP sessions and were completed
individually. Exams were take-home to allow for greater
flexibility and accessibility, and were graded by the
instructor. Lab and GP participation accounted for students
actively conducting lab activities and engaging in solving
physics problems in their small groups during class. These
participation grades were determined by the instructor. Lab
presentations were delivered by lab groups to the whole
class after each experiment and were peer graded. Students
were trained to use a rubric to grade other groups’
presentations using criteria such as overall structure,
description of the model being tested, and description of
the performed experiment. Students also assessed their
own groupmates on criteria such as contribution,

communication, dependability, and helpfulness. Each stu-
dent received their own lab presentation grade based on a
combination of their grades earned from students outside of
their group and their grades earned from their groupmates.
Lecture participation was graded based on responses to live
poll questions during class. Students were given credit for
completion, determined by the instructor. Homework
assignments consisted of watching short videos and answer-
ing related questions before each lecture. Homework was
completed individually and could be attempted multiple
times. These assignments were auto graded by the learning
management system, where the correct answers were input
by the instructor.

B. Data collection

In both the fall mechanics course and spring electricity
and magnetism course, the instructor administered an
online survey via Qualtrics in the middle of the semester.
The survey was given as a homework assignment, therefore
students completed the survey outside of class. Students
were awarded one percentage point on their final course
grade for their completion of the survey.
The survey used existing measures of peer recognition

[11–15] and peer interactions [19–23], asking students to
nominate peers they felt were strong in their physics course
and to report peers with whom they recently interacted
about their physics course. Within the recognition survey
prompt, we also probed students’ reasons for nominating
their strong physics peers using an existing open response
survey prompt [15]:

Please select the students in this physics class that
you think are particularly strong in the lecture
material. In the text box next to each name you
select, please briefly explain why you chose this
student as strong in the lecture material.

Please select the students in this physics class that
you had a meaningful interaction* with about the
lecture material this semester.

*A meaningful interaction may mean in class, out
of class, in office hours, virtually, through remote
chat or discussions boards, or any other form of
communication, even if you were not the main
person speaking or contributing.

As mentioned in the prompts, students were provided a
list of peers’ names on the survey from which they
selected as many names as they wanted in response to
each prompt (see Appendix for a visual representation of
the survey setup). Student names were listed in ascending
alphabetical order by last name. For the recognition
prompt, students were provided an open text box next
to each peer’s name to explain their nomination if they

TABLE I. Summary of survey respondents. All students in the
spring electricity and magnetism course were also in the fall
mechanics course. Most demographic variables are considered
binary to preserve anonymity. “Other” race or ethnicity in-
dicates students who identify as at least one of the following:
American Indian or Alaska Native, Asian or Asian American,
Black or African American, and Hispanic. SD indicates stan-
dard deviation.

Fall Spring

Total enrolled 21 18
Survey respondents 20 18
Gender

Women 20 18

Race or ethnicity
White 9 9
Other 11 9

Major
Biology 12 11
Other (exercise science, dance,
or health science)

8 7

Academic year
Third 14 13
Other (second or fourth) 6 5

Age (years)
18–21 12 12
22 or older 8 6

Mean (SD) final grade earned 90(5)% 86(8)%
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selected that peer. For the interaction prompt, “students
self-identified what counted as a meaningful interaction”
[22] (p. 6).
In response to the recognition prompt, students selected

an average of 4 and 5 peers’ names in the fall and spring,
respectively. In the fall, the nominations made per student
for this prompt ranged from 1 to 20 and in the spring this
range was 1 to 18. In both cases, one student selected
almost everyone (fall) or everyone (spring) in the class,
while every other student selected only a few peers. In
response to the interaction prompt, students selected an
average of 3 peers’ names in each semester. The number of
peers’ names selected by each student for this prompt
ranged from 1 to 7 in the fall and from 1 to 11 in the spring.
In the fall and spring semesters, respectively, 95% and

100% of students enrolled in the course both responded to
the survey and consented to participate in research
(Table I). Therefore, we were able to reliably apply similar
social network analysis methods to our data (more detail on
these methods is provided in the next section) as in prior
work [11,12,14,15] because these methods are robust to up
to 30% missing data (i.e., a response rate of at least 70%)
[24]. For the fall semester, we included nominations made
to the one nonrespondent in the network diagrams (left side
of Fig. 1). We excluded this student from the remainder of
the analysis because we did not have their nominations or
demographic information.
We also collected students’ self-reported gender, race or

ethnicity, intended major, and academic year on the survey
(Table I). All survey respondents in both semesters iden-
tified as women (in the fall, the nonrespondent’s gender
identity is unknown). In both semesters, roughly half of the
students identified as White, with other students identifying
as one or more of the following: American Indian or Alaska
Native, Asian or Asian American, Black or African
American, and Hispanic. More than half of the students
in both semesters intended to major in biology, with other
students intending to major in exercise science, dance, or
health science. The majority of students were third-year
college students, with others in their second or fourth year
of college. Most students were within traditional college
age (18–21 years old), while about one-third of students
were beyond this age.
Finally, we collected students’ final course grades from

the instructor at the end of each semester (Table I). Students
earned a mean (standard deviation) grade of 90(5)% and
86(8)% in the fall and spring semesters, respectively.

C. Data analysis

To address our two research questions, we conducted
two stages of analysis, described in the following sub-
sections. Across each stage, we drew on both social
network analysis [21,25,26] and qualitative methods to
make interpretations. Social network analysis allowed us to
visualize and understand students’ social positions within

the class, while qualitative methods added insights to these
positions. We did not aim to make any statistical claims
because of the small sample size of students in the courses
we investigated.

1. Peer recognition over time

To address our first research question, we used the
survey responses to create four directed networks, one
per survey prompt (peer recognition and peer interactions)
and one per semester (fall and spring). In the networks,
nodes represented students and edges represented students’
selections of each other’s names on the survey. Edges in
both the recognition and interaction networks were con-
sidered directed in order to distinguish which student
selected the other student on the survey.
We characterized the structure of each observed network

to gain a baseline understanding of how students were
connected to one another. We calculated the following
descriptive statistics, which can be used to describe net-
works of any size, for each network:

• Density (measure of interconnectedness) [21]: the
number of observed edges relative to the maximum
number of edges, calculated as

Density ¼ number of observed edges
maximum number of edges

: ð1Þ

For a directed network, the maximum number of
edges is NðN − 1Þ, where N is the number of nodes in
the network.

• Reciprocity (measure of the tendency for pairs of
students to select each other) [21]: the proportion of
edges in the network that are two-way (i.e., student A
reports a connection with student B and student B
reports a connection with student A). Reciprocity is
calculated as

Reciprocity ¼ number of two-way edges
number of observed edges

: ð2Þ

• Transitivity (measure of the tendency for nodes to
cluster together in triangles) [21]: the proportion of
two paths (e.g., student A reports a connection with
student B and student B reports a connection with
student C) that close to form triangles (e.g., student A
also reports a connection with student C), not con-
sidering edge direction. Transitivity is calculated as

Transitivity ¼ number of closed two paths
number of two paths

: ð3Þ

• Indegree centralization (measure of skewness in the
distribution of incoming edges) [27]: the sum of
differences in indegree (the number of other students
that selected a given student) between the node with
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the highest indegree (receiving the most selections)
and every other node in the network, divided by the
maximum possible sum of differences of indegree for
all nodes. This maximum is ðN − 1Þ2, which would
occur if the network were a perfect “star” in which
only one node is connected to any of the other nodes
and that one node has only an incoming edge from
every other node. Indegree centralization values range
from 0 and 1 with values closer to 1 indicating that
nominations are highly concentrated around a small
subset of students in the network. For a directed
network with N nodes, individual nodes vi with
indegree cðviÞ, and one node v� with the highest
indegree cðv�Þ, indegree centralization is calculated as

Indegree centralization ¼
P

N
i¼1½cðv�Þ − cðviÞ�

ðN − 1Þ2 : ð4Þ

We reflect on the raw values of these statistics when we
describe the results of the study. However, we did not
calculate the standard errors of the statistics because we did
not aim to make any statistical comparisons between
values.
Similar to prior work [11,12], we also characterized the

recognition celebrities by examining the top nominees of
each recognition network. We examined four celebrities
per network because the number of nominations received
by each student dropped to five or fewer after the fourth
most nominated student (who received 8 and 7 nomina-
tions in the fall and spring, respectively), and at least three
students received five nominations in each network.
Including the students receiving five nominations would
consider almost half of the class as celebrities, and
celebrities should only include the most renowned
students.
We then examined whether and how the individual

celebrities (top four nominees) in the recognition networks
changed between the fall and spring semesters. To examine
recognition over time for the whole class, we compared
students’ recognition network indegree (number of received
nominations as strong in the course) in the fall to their
recognition network indegree in the spring by qualitatively
examining a scatterplot of these two variables. This
full-class analysis only included the 18 students who were
enrolled in both the fall and spring courses.

2. Student reasons for nominating strong
physics peers over time

To address our second research question, we first
determined whether and how students’ nominations of
strong peers related to student outspokenness. We analyzed
the open response survey prompt asking students to explain
why they nominated their peers as strong in the course. The
first author read all of the responses to get a sense of the
data as a whole [28] and determined that students’ ideas

were similar to those in our previous study which analyzed
the same survey prompt for students at a different institu-
tion [15]. Therefore, we applied the coding scheme
established in our prior work [15], which included verbal
participation, a measure of outspokenness, as one of the
skills for which students recognized their strong physics
peers. The first author achieved sufficient interrater reli-
ability with two other coders for this coding scheme in our
prior study, so this author coded all of the responses in the
current study. Each explanation could receive more than
one code.
Only a subset of the original coding scheme was applied

to the current dataset, likely due to differences in instruc-
tional style and student population between the two studies.
For example, we did not apply the experience code [15],
which captures ideas such as having taken an Advanced
Placement physics course in high school or having work
experience relevant to the course, in this study because no
students in the current dataset were pursuing a major in
physics. Table II lists the subset of codes and definitions we
applied in the current study as well as example responses
from this dataset.
With the coded responses, we examined the frequencies

of all of the codes in the fall and spring semesters separately
to determine the most prevalent skills for which students
recognized their strong peers and whether and how the
most frequent codes changed across the course sequence.
We paid particular attention to the participation code,
which serves as a measure of outspokenness during class
(either within peer interactions or during whole-class
discussions). In this analysis, we excluded responses for
which students selected a peer to nominate but left the
explanation of their nomination blank (none code). Of the
82 and 60 total nominations in the fall and spring semesters,
respectively, 46 and 29 of the explanations were not left
blank and were therefore included in this part of the
analysis (all survey selections, or edges in the networks,
are included in the rest of our analysis). We also looked at
the frequencies of codes used to describe each of the
individual celebrities.
We then investigated the relationship between students’

total degree in the interaction network (sum of their
reported interactions and the number of other students
who reported interacting with them) and indegree in the
recognition network (number of received nominations as
strong in the course) for each semester. We qualitatively
examined a scatterplot of these two variables for all
students to understand the extent to which students who
were centrally positioned in the interaction network, and
therefore outspoken in direct peer interactions, received
recognition from peers as strong in the course. We used our
findings in conjunction with the explanations analysis
described above to disentangle the roles of different types
of outspokenness in peer recognition. If, for instance,
in-class participation was prominent in the written
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explanations but there was little association between
students’ interaction degree and received recognition, then
we might infer that student outspokenness in front of the
whole class or with the instructor was more important for
gaining recognition than having many peer interactions.
In this comparison of interactions and recognition, we

used total degree rather than indegree to characterize
students’ positions in the interaction network because
interactions are inherently two-way and counting both
incoming and outgoing edges balances possible biases
from underreporting due to recall bias (e.g., student A
reporting an interaction with student B but student B not
reporting an interaction with student A because they forgot
student A’s name) and overreporting (e.g., student A
reporting an interaction with student B but student B not
reporting an interaction with student A because they did not
consider the interaction meaningful) [23].
Finally, we investigated the extent to which students’

received recognition from their peers related to their course
performance by first looking at the frequencies of the
performance code in students’ explanations of their nom-
inations. We then compared students’ recognition network
indegree (number of received nominations as strong in the
course) to their final course grade in each semester. We
report qualitative patterns from a scatterplot of these two
variables.

III. RESULTS

We present the results in order of our two research
questions.

A. Peer recognition over time

The left side of Fig. 1 and Table III show the network
diagrams and network statistics, respectively, for the four
observed networks. We cannot directly compare densities
between the fall and spring networks in this study, or
compare the densities of the networks in this study to those
in previous studies, because density does not scale linearly
with network size (i.e., the number of nodes). However, all
four networks are relatively dense, containing many edges
that connect the nodes. There are no isolated nodes,
nodes with zero adjacent edges indicating students with
zero recognition or interaction edges, in any network.
Additionally, every node has at least one incoming edge
in every network, indicating that every student was selected
by at least one peer on both the recognition and interaction
survey prompts in each semester. This interconnectedness
is also reflected in the fairly high transitivity in all four
networks, indicating a tendency for nodes to form small,
connected clusters.
We observe higher reciprocity, the fraction of edges that

are two way rather than one way, in the interaction
networks than in the corresponding recognition networks.
Relatedly, the indegree centralization values suggest that
the incoming edges (indicating the students who are
selected by others on the survey) in the recognition net-
works are much more concentrated around one or a few
students than those in the corresponding interaction net-
works. These structural differences are unsurprising due to
the mutual nature of interactions, in which two students are
both engaged in a conversation with one another, whereas

TABLE II. Definitions of codes from Ref. [15] applied in this study and example responses from this study.

Code Definition Example

Participation Active contributor to in-class discussions and
activities

“She openly asks questions and answers the
questions.”

Understanding Knowledgeable about the course material “Seems to have a strong sense of the topics in class.”
Performance Receiving good grades; answering questions

correctly
“Her test scores reflect that she is strong.”

Problem solving Visualizing or reasoning through problems;
applying the right equations to problems

“They apply the lecture material in lab and group
problems.”

Motivation Putting a lot of time or effort into the course;
determined

“Watches lecture videos before class and takes notes to
be familiarized with the concepts.”

Helping Providing support with the course material to
others (nominator mentions benefitting from this
support)

“I regularly work with [her] and whenever I have
questions she is able to guide me to the method to
solve the problem.”

Natural ability Having an innate aptitude for understanding the
course material; understanding content quickly

“She seems to understand the concepts quickly.”

Explaining Describing or clarifying the course material to
others

“Explains with clarity.”

Other Part or all of the explanation is vague or does not fit
with above codes

“Because she sounds confident in her answers.”

None No explanation provided [Blank]
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peer recognition is more often unidirectional: one student
recognizes their peer as a strong physics student, but their
peer does not recognize them as a strong physics student.
The right side of Fig. 1 characterizes the individual

celebrities in each recognition network, determined as the
four students receiving the most nominations from their
peers as strong in their physics course. In the fall, the top
nominated students are Molly, Isabel, Jessica, and Sam,
respectively (all student names are pseudonyms). Molly
identifies as a White woman and is a third year student
studying a nonbiology major. Isabel identifies as a non-
White woman and is a third year student studying biology.
Jessica identifies as a White woman and is pursuing
a biology major. Sam identifies as a non-White woman
studying biology. In the spring, Molly, Isabel, and Jessica
remain celebrities, while Sam does not. The fourth celebrity
in the spring is Bianca, who identifies as a White woman
and is studying a nonbiology major.
We see some evidence that peer recognition may be

stable over time. Three out of the four recognition celeb-
rities in the fall (Molly, Isabel, and Jessica), for example,

are also celebrities in the spring (right side of Fig. 1).
Examining the whole class, we similarly observe that
students who receive more nominations as strong in the
course in the fall also tend to receive more nominations in
the spring (upward trend in Fig. 2). Correspondingly, in the
recognition network diagrams (left side of Fig. 1), the size
of each node (representing indegree) in the fall recognition
network appears to be correlated with the size of the

TABLE III. Descriptive statistics for the four observed
networks.

Recognition Interactions

Fall Spring Fall Spring

Nodes 21 18 21 18
Edges 82 78 60 51
Density 0.20 0.25 0.14 0.17
Reciprocity 0.24 0.23 0.50 0.47
Transitivity 0.42 0.53 0.29 0.40
Indegree centralization 0.30 0.45 0.16 0.13

FIG. 1. On the left are the network diagrams for all four observed networks. Nodes represent students and are located in the same
position in every network, using a ball-and-spring-based layout for the fall recognition network as a basis for generating the node
locations (there are three more nodes, located on the perimeter, in the fall networks than in the spring networks; see Table I). Node labels
indicate celebrities, marked by the first letter of their name (pseudonyms; shown on the right). Node color indicates students’ final course
grade in a given semester, with white representing an unknown grade for the one nonrespondent in the fall. In the recognition networks,
nodes are sized proportional to indegree (number of incoming edges) and in the interaction networks, nodes are sized proportional to
total degree (total number of adjacent edges). Edges point from the nominator to the nominee. Black edges indicate edges that occur in
both a recognition network and its corresponding interaction network (and vice versa) and gray edges indicate edges in a recognition
network that do not occur in its corresponding interaction network (and vice versa). On the right are the celebrities—the four students
receiving the highest number of nominations—of each recognition network. Numbers in the circles indicate the number of nominations
received and colors indicate final course grade. Text boxes show students’ names (all are pseudonyms) and self-reported gender, race or
ethnicity, major, and academic year. Arrows show the trajectories of students who are celebrities in both semesters.
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corresponding node in the spring recognition network (i.e.,
nodes that are larger in the fall also tend to be larger in the
spring).
There are, however, two substantial exceptions to this

pattern: Sam receives eight nominations in the fall (when
she is a celebrity) and only two nominations in the spring
(when she is not a celebrity), and Bianca receives five
nominations in the fall (when she is not a celebrity) and 10
nominations in the spring (when she is a celebrity; Fig. 2).
Thus, despite the overarching pattern that recognition
seems to be fairly stable over time, the cases of Sam
and Bianca indicate that the students receiving the most
peer recognition—the celebrities—are subject to fluctua-
tions over time. Even in this small class with a nearly
identical set of students enrolled throughout the course
sequence, we observe that individuals’ celebrity status can
change dramatically and in either direction (i.e., losing
celebrity status over time or gaining celebrity status over
time). In the following two subsections, we add nuance to
this finding by analyzing the reasons students give for
nominating their peers throughout the course sequence.

B. Student reasons for nominating strong
physics peers over time

1. Peer recognition and outspokenness

Our analysis of students’ written explanations for why
they nominated their strong peers suggests that the skills
for which students are recognized change slightly over
time (Fig. 3). In the fall (brown bars), students most
frequently describe strong peers as those who verbally
participate, are motivated, and exhibit understanding. In
the spring (orange bars), on the other hand, student

explanations are mostly about verbal participation and
understanding, and they are no longer about motivation.
Overall, in-class outspokenness (either within peer inter-
actions or in front of the whole class) is the most prominent
reason for which students recognize their strong physics
peers, with about 40% of nonblank explanations receiving
the participation code in each semester.
These patterns in student explanations of their nomi-

nations across the whole class are mostly consistent with
the patterns in student explanations of the individual
celebrities (Fig. 4). The most prominent codes in each
semester are spread across the celebrities, and the celeb-
rities in both semesters are all described by at least one peer
as being outspoken.
It also seems that Sam and Bianca’s recognition trajec-

tories directly track with their outspokenness: each of them
is recognized by multiple peers for being outspoken during
the semester in which they are a celebrity, whereas they
each receive far fewer nominations for being outspoken in
the semester when they are not a celebrity (Fig. 4).
Anecdotal information from the course instructor allows
us to better understand Sam and Bianca’s situations. In the
fall mechanics course, Sam attends most class sessions and
actively participates in class, and she is a recognition
celebrity in this course. Because of a family situation,
Sam only attends every other class session in the spring
semester and the days that she does attend, she sits in the
very back to catch up on work and does not participate

FIG. 2. Scatterplot comparing students’ recognition network
indegree (number of nominations received as strong in the course
material) in each semester for the 18 students who were enrolled
in both semesters. All values are integers but points are jittered to
separate overlapping points. Labels indicate celebrities, marked
by the first letter of their name (shown in Fig. 1). The plot
indicates a positive trend between fall and spring recognition,
with two notable exceptions: Sam and Bianca. FIG. 3. Fraction of all nonblank recognition explanations

containing each code from the coding scheme. Fractions do
not necessarily sum to one because each explanation could
receive multiple codes, though on average each explanation
received 1.05 codes. We coded 46 and 29 nonblank explanations
in the fall and spring, respectively.
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much. With limited visibility and less participation in class,
Sam receives much less peer recognition in the spring
despite being surrounded by the same classmates who
highly recognized her in the fall. Bianca, on the other hand,
has a conflicting class in the fall semester and so only
attends the first or second half of each lab and GP session.
She is not a recognition celebrity in the fall, likely because
of this limited exposure in front of her peers and because
she does not speak up much during class (possibly due to a
lack of confidence in her grasp of the course material given
her attendance). In the spring, however, Bianca attends

most of the class sessions and frequently answers questions
during lecture, and she becomes a recognition celebrity.
In summary, the cases of Sam and Bianca, in addition to

our analysis of all students’ reasons for nominating peers,
highlight the consistently strong association between being
outspoken and receiving peer recognition. We build on this
observation by also determining what kind of outspoken-
ness is related to receiving peer recognition—whether
through peer interactions or other means. As the partici-
pation code captures both types of outspokenness, we also
directly compared students’ number of peer interactions to
their received peer recognition.
We see an upward trend between students’ interaction

network degree and recognition network indegree in the fall
(brown dots), but no clear trend between these variables in
the spring (orange dots; Fig. 5). Moreover, in the fall, all
four recognition celebrities have relatively high interaction
network degrees. In contrast, there are a few students with
much higher interaction network degrees than the recog-
nition celebrities in the spring. We can also see these
relationships in the network diagrams (left side of Fig. 1):
there appears to be a correlation between node size in the
recognition network (indicating indegree) and node size in
the interaction network (indicating total degree) in the fall,
but not in the spring. There are large dark blue and purple
nodes in the spring interaction network, for example, that
are quite small in the spring recognition network, repre-
senting students who frequently interact with their peers but
whom do not receive much peer recognition.
These results suggest that being outspoken in peer

interactions is important for receiving peer recognition in
the fall course, but not the spring course. Other forms of
outspokenness during class, such as answering questions in

FIG. 4. Number of explanations containing each code from the
coding scheme in student nominations of the celebrities identified
in Fig. 1. Numbers for a given celebrity in a given semester do not
necessarily sum to their total number of received nominations
because each explanation could receive multiple codes, though
on average each explanation for a celebrity received 1.04 codes.

FIG. 5. Scatterplot comparing students’ interaction network
degree (total number of connections) to their recognition network
indegree (number of nominations received). Colors indicate
semester. All values are integers but points are jittered to separate
overlapping points. Labels indicate celebrities, marked by the
first letter of their name (shown in Fig. 1). The plot indicates a
positive trend in the fall semester, but no trend in the spring
semester.
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front of the whole class, are likely more important for
receiving peer recognition in the spring.

2. Peer recognition and academic performance

Students do not frequently describe their strong peers
as having high performance in the class, with 10% or
fewer of nonblank explanations mentioning academic
achievement in each semester (performance code in
Figs. 3 and 4). Similarly, we see no strong association
between students’ final course grade and their recognition
network indegree in either the fall or the spring semester
(Fig. 6). Indeed, we observe that in the fall (brown dots)
and spring (orange dots), respectively, there are three and
two students earning higher final course grades than the
four celebrities, but these students do not receive sub-
stantial peer recognition (bottom right of Fig. 6, indicat-
ing high final course grade and low recognition network
indegree).
This relationship between peer recognition and student

performance is also evident in the recognition network
diagrams (left side of Fig. 1). Within each recognition
network, the color of the nodes (representing final course
grade) is not strongly correlated with the size of the
nodes (representing recognition network indegree). For
example, there are both large and small nodes with
light green or yellow coloring in the fall recognition
network, indicating that students who receive high final
course grades receive a wide range of recognition from
their peers.
At the same time, however, all recognition celebrities

seem to meet some threshold level of performance. In each
semester, the students receiving the most nominations as
strong in the course earn a grade of at least 90% (top right
of Fig. 6, indicating high recognition network indegree and

high final course grade). Indeed, the largest nodes in the
recognition network diagrams, indicating the recognition
celebrities, are all medium to light green in color, indicating
that the most recognized students earn a final course grade
of at least 90% (left side of Fig. 1).
Earning a high grade is therefore necessary, but not

sufficient, for becoming a recognition celebrity. Given our
results related to outspokenness discussed in the previous
section, it seems that both earning a high grade and being
outspoken are necessary to receive a significant amount of
peer recognition.

IV. DISCUSSION

In this study, we uniquely examined peer recognition
for a single cohort of students across a two-semester
introductory physics sequence at a mostly women, liberal
arts institution. We contribute to the existing research
literature by largely isolating the effect of time on
students’ nominations, and reasons for these nominations,
of strong physics peers in order to test prior work’s
hypothesis that peer recognition changes over the time-
scale of semesters [11–15].

A. Changes in who gets recognized over time

For most of the students in our analysis, the extent to
which they were recognized by their peers did not vary
much between semesters, consistent with prior work
showcasing the stability of first impressions [11,29,30].
We also found that three out of the four recognition
celebrities in the fall were also celebrities in the spring.
At the same time, however, we observed drastic

changes in the extent to which two students (Sam and
Bianca) were recognized by their peers. Each of these
students were highly recognized in one semester,
but were not recognition celebrities in the other semester.
These shifts in peer recognition occurred despite the
rest of the students enrolled, and the instructor and
instructional style, in the two courses remaining nearly
identical.
Such findings provide nuanced support to prior work’s

hypothesis that peer recognition changes over the time-
scale of semesters [11–15]. It seems that while peer
recognition can change across a course sequence, patterns
of recognition—such as there being a gender bias in first-
year, but not beyond first-year, science courses—may not
be as universal as previously thought. Indeed, our results
challenge the generalizability of previous findings that
gender bias does not persist beyond first-year science
courses: peer recognition appears to be course-specific
and highly sensitive to variables such as fluctuations in
which students most frequently participate in the class. We
recommend for future work to better understand how
patterns of peer recognition arise in a given course setting,
such as by more closely investigating how the social

FIG. 6. Scatterplot comparing students’ final course grade (as a
percentage) to their recognition network indegree (number of
nominations received as strong in the course material). Colors
indicate semester. All indegree values are integers but points are
jittered to separate overlapping points. Labels indicate celebrities,
marked by the first letter of their name (shown in Fig. 1). The plot
shows no strong trend in either semester.
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dynamics within or characteristics of a given course
translate to patterns of peer recognition. For example,
researchers may conduct classroom observations and/or
student interviews along with collecting survey data about
peer recognition.
As for instructional implications, if patterns in peer

recognition—such as gender biases—are unlikely to follow
a consistent pattern over time, interventions aimed at
equitable peer recognition may need to be implemented
consistently throughout a course sequence, rather than just
early on in the course sequence as prior work suggests [14].
We discuss what such interventions may look like in the
next section.

B. Changes in what gets recognized over time

Our analysis relating peer recognition to both student
outspokenness and academic performance illuminates how
the reasons for which students recognize their strong peers
change over time.
We found across both semesters that outspokenness is

the most frequent skill for which students recognize their
strong physics peers and that the top four recognition
celebrities were all considered outspoken. In other words,
outspokenness is consistently correlated with getting
recognized, similar to prior work in this educational
context [11,14]. As observed here (i.e., with the cases
of Sam and Bianca), however, even among the same set of
students, the degree to which an individual is outspoken
can change over time and correspond to changes in who
gets recognized.
We expanded on prior work by also identifying the

specific kinds of outspokenness that are related to peer
recognition over time. Results indicate that outspokenness
in direct peer interactions is associated with receiving peer
recognition in the fall, but not in the spring. Other forms of
outspokenness in class are likely more important for
recognition in later courses, such as asking and answering
questions during whole-class discussions or frequently
talking to the instructor during group activities in front
of peers.
This distinction is important for determining appro-

priate instructional interventions, for instance to mitigate
gender bias in peer recognition. Previous research has
found that men are often more outspoken than women in
front of the whole class in science courses [31–34]. Our
findings suggest that both during and beyond the first
course in a sequence (when students seemingly get to
know each other’s strengths through peer interactions), it
is important for instructors to consistently offer oppor-
tunities for a diverse set of students to participate in
whole-class discussions and/or to provide a variety of
ways for students to demonstrate their abilities. For
example, instructors may use “warm” or cold call when
choosing students to present ideas in front of the whole
class [35] so that outspokenness is distributed across

many students rather than only a few. Additionally,
during small group activities in class, instructors may
allot roughly even amounts of time with each group so
that all students have the opportunity to discuss content
and ask questions to the instructor in front of their
groupmates. Beyond discussions, instructors may con-
sider other kinds of activities, such as peer review of
writing, that open multiple mediums through which
students may demonstrate their knowledge and gain
recognition. Based on our study, these kinds of practices
are likely more important than diversifying peer inter-
action networks due to the diminishing association
between peer interactions and recognition over time.
At the same time, future work should further examine
how students formulate their recognition of others
through peer interactions in their early courses to identify
other strategies for fostering equitable opportunities for
recognition.
Finally, our results relating peer recognition to aca-

demic performance are consistent with prior work dem-
onstrating that final course grade is not sufficient for
being a recognition celebrity and that some high per-
formers are not celebrities [11,12]. This could mean that,
in both courses in the sequence, students did not know the
celebrities’ course grades and/or did not use those grades
as a basis for nominating them—they may have devel-
oped their perceptions of the celebrities in other ways.
However, we found that both earning a high grade and
being outspoken is important for receiving significant
peer recognition. It could be the case that outspokenness
and performance are correlated and performance merely
serves as a proxy for participation, which seems to be a
strong basis for recognition. Students who are doing
well in the course may be more confident to, for example,
raise their hand during lectures and answer questions in
front of the class. In our study, the data point of Sam
provides preliminary evidence of this possibility: she is
both outspoken and high performing in the fall, and
neither outspoken nor high performing in the spring
(Figs. 4 and 6). Future work should continue to disen-
tangle the effects of grades and outspokenness on peer
recognition.

C. Limitations

With regard to the network survey, we may not have
captured all recognition nominations and peer inter-
actions due to recall bias, where students may forget
their peers’ names or forget interactions with their peers.
Students also filled the survey out as part of a homework
assignment outside of class when they were not sur-
rounded by their physics peers. We believe our data still
capture a fairly accurate picture of peer recognition and
peer interactions in these courses because we provided a
full class roster on the survey to assist with students
remembering their peers’ names. Future work, however,
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should directly compare the effects of students filling out
the survey in class versus outside of class and using free
recall versus selection from a class roster on student
responses.
Second, this study took place with a small number of

students at one institution. We used multiple forms of
analysis to triangulate the data as much as possible to
account for this small sample size in our interpretations.
Nevertheless, we suggest for researchers to collect more
data from similar instructional contexts in order to make
more generalizable claims.
In addition, we were able to control for many variables

between the semesters we analyzed: instructor, instruc-
tional style, student enrollment, student gender, and
student academic year. However, we could not control
for course content (i.e., mechanics versus electricity and
magnetism) as it is subject to change between semesters.
While we do not have data about students’ incoming
knowledge available for the student participants in this
study, it is possible, for example, that some students
may have had prior experience with mechanics
but not with electricity and magnetism (e.g., from high
school) and then received more recognition in the fall
mechanics course than the spring electricity and magnet-
ism course. We found that most students received similar
amounts of recognition in both semesters (with the
exceptions of Sam and Bianca whose personal situations
explain their differing recognition between semesters),
however, limiting the possibility that our results related to
time are impacted by the changing course content.
Moreover, students’ prior knowledge is likely reflected
in their grades, which we observed to be necessary, but
not sufficient, for gaining recognition. Still, future
research should more closely investigate the effects of
students’ incoming knowledge about the course content
on peer recognition.
We also acknowledge that in the instructional context of

this study, one instructor (the second author of this paper)
provided all student grades—grades were not determined
by a team of instructors nor reviewed by an external
examiner. While this may pose limitations to our study,
particularly in the strength of our claims related to the
association between students’ grades and received peer
recognition, much of the grading scheme (described in
Sec. II A) was participation-based and homework assign-
ments could be attempted multiple times. Student grades,
therefore, were less subject to instructor biases demon-
strated in prior literature [36]. Moreover, our analysis
considers students’ numerical (not letter) grades to look
for overarching patterns between pairs of variables. Thus,
small numerical grade discrepancies between students and
numerical cutoffs between different letter grades likely did
not affect our findings.
Finally, we studied a cohort of students across a two-

semester course sequence. While this expands the timescale

of prior work on peer recognition, we could not follow
these students any longer because these were the only two
physics courses offered at the institution and the university
did not offer a physics major. We recommend for future
work to conduct a similar analysis over an even longer
timescale, such as by following cohorts of physics students
throughout their entire undergraduate program.

V. CONCLUSION

Researchers have hypothesized that patterns of peer
recognition change over time according to students’ aca-
demic year, with gender biases in such recognition occur-
ring in first-year, but not beyond first-year, science courses.
Yet, this hypothesis has not been tested with data over a
timescale longer than one semester. In our study, we aimed
to isolate the effect of time on peer recognition by
examining a single cohort of students throughout their
introductory physics sequence at a mostly women, liberal
arts institution. Results indicated that peer recognition is
susceptible to change over time, but likely does not obey as
universal a pattern as previously thought (i.e., patterns of
peer recognition being explicitly tied to whether a course
is aimed at first-year or beyond first-year students).
Instead, patterns of recognition may change due to
variables such as fluctuating student participation
throughout a course sequence and, therefore, are likely
course specific. These findings suggest that interventions
aimed at providing equitable opportunities for receiving
peer recognition ought to be implemented consistently
throughout a course sequence, rather than only early on as
suggested by existing studies. Moreover, interventions to
increase the number of students who verbally participate
in whole-class discussions and/or expand the ways in
which students may demonstrate their abilities to their
peers are likely more effective at facilitating peer recog-
nition than interventions that broaden peer interaction
networks. Such instructional efforts are important for
ensuring that all students have the opportunity to feel
recognized as a science person, develop their science
identity, and persist in their science courses.
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APPENDIX: SURVEY FORMAT

Figure 7 shows the setup of the network survey admin-
istered to students.
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Please select the students in this physics class that you think are particularly strong in the lecture material. 
In the text box next to each name you select, please briefly explain why you chose this student as strong in 
the lecture material.

Please select the students in this physics class that you had a meaningful interaction* with about the lecture 
material this semester.
*A meaningful interaction may mean in class, out of class, in office hours, virtually, through remote chat or 
discussions boards, or any other form of communication, even if you were not the main person speaking or 
contributing.
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Please select the students in this physics class that you think are particularly strong in the lecture material. 
In the text box next to each name you select, please briefly explain why you chose this student as strong in 
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material this semester.
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contributing.
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FIG. 7. Setup of the network survey administered to students online via Qualtrics. Small boxes on the left of student names are check
boxes. Large boxes to the right of student names are open text boxes.
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