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Abstract

Efficiently representing social networks is challenging, but cognitive schemas can help address this challenge. This study
examined whether network schemas related to group typology influence social network representations. In Experiment
I, participants, who were given only group-type information and the number of relationships without network structure,
freely constructed friendship networks, forming more interconnected and centralized structures for task groups than social
categories. Experiment 2 provided identical partial friendship network data across group types, yet group-type labels biased
participants’ inferences about potential future friendships, producing network structures similar to those in Experiment 1. In
Experiment 3, participants who memorized friendships from social networks—either from a task group or social category—
showed greater accuracy when the memorized network structure aligned with the group type that activated corresponding
schemas. These results suggest that individuals utilize group-related schemas to represent social networks, with task groups
having closer and more centralized connections than social categories do.
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Introduction relationships involves mapping these dyadic connections,
such as indicating whether a friendship exists between indi-
vidual A and individual B and tracking pairs of individuals
within social networks (Halford et al., 2010). However, rely-
ing primarily on dyadic relationship representations can lead
to inefficiencies and increased cognitive load, especially as
the number of individuals being tracked increases, making it
) ! exponentially more difficult for the brain to manage
tionships between others (Bayer et al., 2020; Peer et al., (Basyouni & Parkinson, 2022; Janicik & Larrick, 2005). For

?019?' Howevler, smf:el these rlilatl(f)fr“lshlpsl are 1nteﬂw1ned, example, tracking relationships among 10 individuals requires
orming complex soctal networks, efficiently representing or o e orization of up to 45 unique dyadic connections. As

triCkli{rlllg inforﬁnation a}‘:) Oillt otithers(; }rflatio.n}slhip;—such as the group size increases, the memory demands grow expo-
WhOKnows whom of WO has Hriendships wit whom-—pres- nentially, following the formula N(N—1)/2, where N is the
ents a significant cogmtw(? challenge (Basyouni & Pa.rkmS(.)n, number of individuals. This approach also fails to support the
2022). Therefore, addressing how interpersonal relationships inference of higher-level social relationship information, such

within social networks can be represented is crucial for as understanding the position and status of an individual

understanding human social abilities. . within the community formed by these people (Brass, 2022;
People are naturally attuned to dyadic interpersonal rela-

tionships formed through social interactions, and they possess
a remarkable ablhty to track these r.el.atlonshlps (Papeo et al., |Department of Psychology, Ningbo University, Ningbo, China
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Humans engage with others as one of the primary activities
of daily life, and the resulting interpersonal relationships
play a crucial role in the evolution of cooperative behaviors
(De Dreu et al., 2024). To effectively navigate a world that is
full of social connections, individuals need to track not only
their own social relationships but also the patterns of rela-
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Weaverdyck & Parkinson, 2018). Importantly, dyadic ties do
not exist in isolation. Humans live in large, complex social
environments in which each individual is socially connected
to many other individuals, forming larger networks of inter-
personal relationships (Smith et al., 2020). Therefore, social
network approaches offer a more comprehensive framework
for studying how people represent these complex relationship
patterns (Basyouni & Parkinson, 2022; Son et al., 2021). In
this framework, dyadic relationship representations are struc-
tured into larger social networks, in which each node repre-
sents a person and each edge represents an interpersonal
relationship between two people (e.g., a friendship).
Effectively representing social networks remains a chal-
lenging task. Capturing all possible connections between indi-
viduals by collecting their discrete relationships can be
overwhelming due to information availability limitations.
Thus, beyond perceiving dyadic ties, people must integrate
these relationships into broader social structures. By providing
mental frameworks that shape how social relationships are
typically organized within a network, cognitive network sche-
mas help address this challenge (Basyouni & Parkinson, 2022;
Flynn et al., 2010; Janicik & Larrick, 2005). These schemas
influence how people mentally structure and interpret social
networks, affecting their perceptions of connectivity and over-
all network organization (Brands, 2013). For example, the bal-
ance schema, which assumes that friendship relations are
transitive, is helpful for supplementing individual ties
(Crockett, 1982; Krackhardt & Kilduff, 1999). If person A is
friends with person B and B is friends with person C, we tend
to assume that A is also friends with C—a concept known as
triadic closure. Brashears (2013) further distinguishes between
structural schemas, which are derived from inherent patterns
within social networks (such as triadic closure), and cultural
schemas, which are informed by cultural expectations (e.g.,
kinship systems). His research indicates that adults can
remember a greater number of relationships in more detail
when a network aligns with these schemas. Social network
schemas, which apply prior knowledge to organize relational
information, can help individuals learn about unfamiliar,
incomplete networks (Janicik & Larrick, 2005) but may lead
them to perceive social contacts as interconnected when they
are not (Flynn et al., 2010). Thus, cognitive schemas serve as
compression heuristics, enabling the management of large and
complex social networks despite limited cognitive resources.
Previous research on network schemas has focused pri-
marily on the local aspects of networks—how dyadic rela-
tionships are interconnected in the local network—such as
triadic closure (Basyouni & Parkinson, 2022; Flynn et al.,
2010; Janicik & Larrick, 2005). However, social networks do
more than represent local interpersonal ties; they also pro-
vide the structural foundation for social groups. Less atten-
tion has been given to global group-level schemas—mental
frameworks that shape how social networks are structured
within different group contexts—despite their crucial role in
social group representation. Social groups are diverse and

can be classified into four basic types: intimacy groups (e.g.,
families and friends, which are highly important and interac-
tive), task groups (e.g., work teams, where individuals share
common goals and must work together), social categories
(e.g., groups defined by gender or race), and loosely associ-
ated groups (e.g., people waiting at a bus stop; Lickel et al.,
2000, 2001). This typology reflects not only the categoriza-
tion of groups but also the cognitive structures that perceiv-
ers use to process and store information. Hence, the group
type can offer group-related schemas that people use to rep-
resent social networks, meaning that people may hold dis-
tinct cognitive network schemas for different group types.
Unlike intimacy groups, where familial and kinship ties are
deeply intertwined and relationships tend to remain stable
over time, and loosely associated groups, which often lack
strong interpersonal connections, individuals have greater
flexibility in defining relationships within task groups and
social categories. This flexibility makes cognitive schemas
about these groups particularly valuable for exploration.
Therefore, the present study focused primarily on comparing
social network representations of task groups and social cat-
egories.! Social categories are primarily formed around
shared identities and fulfill needs for affiliation and belong-
ing. In contrast, task groups are characterized by a shared
goal and frequent interaction among members who must col-
laborate to achieve collective goals (Johnson et al., 2006;
Lickel et al., 2006). Thus, individuals may perceive interper-
sonal relationships within task groups as being closer-knit
than those in social categories, with central persons facilitat-
ing coordination and relationships within a group. Given the
emphasis on friend connections in shaping social networks
(De Dreu et al., 2024), this study centers on friendship repre-
sentations and hypothesizes that people’s representations of
social networks for task groups show more closely connected
friend relationships and a greater likelihood of centralization
than those for social categories do. In this context, similar to
previous studies (Son et al., 2023; 2024), “friendship” refers
specifically to an interpersonal bond between two individu-
als, defined by a concrete, mutual connection as friends.

To test this hypothesis, we conducted three experiments.
In Experiment 1, participants inferred the arrangement of a
set number of friendships on the basis solely of group labels
identified for task groups and social categories in pilot exper-
iments. In Experiment 2, the participants were provided an
initial social network with partial network data and were
asked to infer the structure of new potential friendships.
Experiment 3 required participants to memorize relationship
pairs from social networks derived from the generated net-
works of different group types in Experiment 1. If social net-
work representation relies on group-related schemas because
cognitive schemas facilitate memory encoding and retrieval
(Brashears 2013; Sweller, 1988, 2011), memory performance
should improve when the structure of the learned network
aligns with the network schema activated by the correspond-

ing group type.
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Experiment |: Generating Social
Networks

To obtain labels for different group types, we conducted pilot
experiments in which participants nominated and rated group
labels across various dimensions and sorted them into differ-
ent group types. From this, we identified typical labels for
task groups (e.g., “coworkers” and “students working on
group assignments”) and social categories (e.g., “teachers”
and “civil servants”). In the main experiment, we presented
these labels to examine how group types influence social
network representations. The participants inferred potential
relationships among 10 group members on the basis solely of
the presented group labels for each group type, associated
with a specific number of friendships. We measured the
resulting social networks via metrics such as average short-
est path length and degree centralization, as these two met-
rics are essential for capturing distinct structural properties
of social networks and differentiating between the network
structures of task groups and those of social categories. The
average shortest path length measures how closely connected
the network is; a lower value indicates that individuals in the
network are more closely linked (Bogufa et al., 2020;
Newman, 2010; Scott & Carrington, 2011). Degree central-
ization assesses how concentrated the network is around spe-
cific individuals; a higher degree centralization value
indicates a network with prominent central persons (Bernstein
et al., 2020; Freeman, 1978). On the basis of our hypothesis,
the social networks in task groups should exhibit a shorter
average shortest path length (i.e., members are more closely
connected) and a greater degree centralization (i.e., a greater
likelihood of centralized structures) than those in social
categories.

Methods

Transparency and Openness. We followed Journal Article
Reporting Standards (JARS) and reported how we deter-
mined our sample size, all data exclusions (if any), all
manipulations, and all measures in the study (Kazak, 2018).
All experiments were approved by the Research Ethics
Board of the Department of Psychology at Ningbo Univer-
sity and were conducted in accordance with relevant guide-
lines and regulations. All data and analysis codes have been
made publicly available on the Open Science Framework
(OSF) and can be accessed at https://osf.io/2cwmu. Experi-
ments 1 and 2 were not preregistered. However, Experi-
ment 3 was preregistered and can be accessed at https://doi.
org/10.17605/0OSF.IO/H3WS8K.

Participants. Based on the experimental design of this
study (a within-subject design with one factor), assuming a
conventional medium effect size of /= 0.20, an alpha level
of .05, and a power of .80, the minimum sample size needed
was determined to be 36. Considering the counterbalancing

of the experimental materials, which involved a total of eight
versions, and to ensure that each version had an equal num-
ber of participants, the planned number of valid participants
was set at 40. Initially, 42 participants were recruited for this
study. However, data from one participant were lost due to
program issues, and another participant failed to pass the
attention check task. Consequently, a total of 40 individuals
(20 men and 20 women) with a mean age of 20.78years
(SD = 2.30) participated in this experiment. Each participant
received approximately 20 RMB as compensation upon
completing the experiment. All the participants were of Han
ethnicity, which is the predominant ethnic group in China.

Apparatus and Stimuli. The stimuli were displayed on a
14-inch LED monitor with a resolution of 1,920 X 1,080
pixels and a refresh rate of 60Hz, positioned at a viewing
distance of 60cm from the participants. Python 3.9 (Python
Software Foundation) was used to present the stimuli.

In the pilot experiment (please see the pilot experiment in
the Supplemental Material), we first asked participants to
nominate and rate group labels in different dimensions for
different group types and to sort these labels into various
categories. On the basis of the nomination and clustering
results, the four most commonly mentioned labels were
selected for each group type. Specifically, for the task group
type, the selected labels were “coworkers,” “students work-
ing on group assignments,” “game teammates,” and “mem-
bers of a university club.” For the social category type, the
chosen labels were “teachers,” “civil servants,” “members
of the same political party,” and “doctors.” The entitativity
rated in the pilot experiment was greater for social catego-
ries (M = 6.94, SE = 0.14) than for task groups (M = 6.18,
SE = 0.16; ((78) = 4.02, p<.001, Cohen’s d = 0.45, 95%
CI[0.22, 0.68]).

ERRNT3

Procedure and Design. The experimental procedure was
adapted from a previous study (Flynn et al., 2010). The par-
ticipants first read the instructions on how to complete the
experiment (please see the Supplemental Material) for at
least 30s. After reading the instructions, the participants ini-
tiated the experiment by pressing the space key. They were
then asked to infer potential friend connections among the
described group members. During this phase (see Figure 1),
the label for a group type appeared at the top of the screen,
and participants were informed that there were 10 persons in
this group, each assigned a number for identification, with 12
pairs of friends among them. Illustrations of the 10 people
were displayed below the instructions. The participants were
required to drag all 10 figures displayed on the screen to the
panel area and use lines to connect two figures that were
friends. Specifically, the left mouse button was used to click
on the first figure, and the right mouse button was used to
click on the second figure to establish a line. Double-clicking
on the line deleted it. The participants could adjust the posi-
tions of the figures and refine the connections between group
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As shown on the screen, there are 10 fig for

. representing a group labeled “Students working on
group assignments™. Within this group. there are 12 potential pairs of friends among these 10 individuals. Your task is to
infer these friend connections. To mark two figures as friends, lefi-click on the first figure and then right-click on the second
figure o establish a line. Double-clicking on a line deletes it

Please ensure all 10 figures are dragged into the black square. and accurately infer the 12 pairs of friends. The red square
displays the count of inferred friend pairs.
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Tips:

You have currently
completed 0 pairs of
friends. 12 pairs of
friends need to be
completed.

Finish

As shown on the screen, there are 10 figures numbered for identification, representing a group labeled “Students working on
group assignments™. Within this group, there are 12 potential pairs of friends among these 10 individuals. Your task is to
infer these friend connections. To mark two figures as friends, left-click on the first figure and then right-click on the second
figure to establish a line. Double-clicking on a line deletes it

Please ensure all 10 figures are dragged into the black square, and accurately infer the 12 pairs of friends. The red square
displays the count of inferred friend pairs.

Tips:

You have currently
completed 12 pairs of
friends. 0 pairs of
friends need to be
completed.

Figure |. Interface for generating social networks at the start of the task (left panel) and after task completion (right panel).

members. Once they were satisfied with their adjustments,
they clicked the “Finish” button to proceed to the next trial.

Eight group labels were presented, with each group type
(task group or social category) having four labels. The pre-
sentation order was counterbalanced across participants using
a Latin square design, resulting in eight versions. Before the
formal experiment, the participants engaged in a practice trial
to familiarize themselves with the task. In this trial, they were
presented with a group labeled “people in a tour group,”
defined by the pilot experiment as a loose association group.
The entire experiment lasted approximately 30 min.

After completing the experiment, the participants were
required to perform an attention check task to ensure that
they had paid attention to the group labels displayed at the
top of the screen. The specific question presented was
“Please carefully recall the group labels presented in the
experiment and select all (8) of the group labels you saw in
the experiment from the following options: A. Students
working on group assignments together; B. Lawyers; C.
Members of a professional sports team; D. Civil servants; E.
Teachers; F. Game teammates; G. Members of the same
political party; H. Members of a university club; I. Coworkers;
J. Doctors; K. Team members for a contest; L. Believers of a
religion.” If participants did not pass this check question,
they would be excluded.

Analysis. The independent variables were the average short-
est path length and degree centralization of the social net-
works generated by the participants. The average shortest
path length assesses the level of separation between nodes
(i.e., persons) in the social network. A smaller value indicates
a closer social network connection (Boguia et al., 2021;
Newman, 2010; Scott & Carrington, 2014). The degree cen-
tralization measures the extent to which the social network is
concentrated around specific nodes. A higher degree central-
ization value suggests a greater likelihood of central persons
being present in the social network (Bernstein et al., 2022;
Freeman, 1979).

The data were analyzed using R version 4.1.2 (R Core
Team, 2023), with the libraries igraph (version 1.4.2) (Csardi

& Nepusz, 2006), bruceR (version 2024.6) (Bao, 2025), and
ggplot2 (version 3.4.2) (Wickham, 2016). First, the average
shortest path length (L) and degree centralization (C) were
computed for all eight social networks separately. The aver-
age shortest path length is calculated as follows:

1 ..
L _n(n——l)zd(l’j)

i#]

where 7 is the total number of nodes and where d(i, j)
represents the shortest path length from node i to node ;.
The degree centralization was calculated as follows:

z:lzl(cmax - C[)

n(n-1)
where C, . is the highest individual degree in the net-
work, C; represents the degree of each individual, and 7 is the
total number of nodes.

Second, the mean values of the average shortest path
length and degree centralization of the social networks were
computed separately for task groups and social categories.
These mean values served as the dependent variables for
subsequent statistical analysis.

Results

The results, depicted in Figure 2, indicated that the average
shortest path length of social networks in task groups (M =
2.130, SE = 0.041) was significantly lower than that in
social categories (M = 2.274, SE = 0.044; #(39) = —2.96,
p = .005, Cohen’s d = —0.47, 95% CI [-0.79, —0.15]). This
result suggests that the social networks in task groups gen-
erated by participants exhibit closer connections than those
in social categories. Figure 2 also shows that the degree
centralization of social networks in task groups (M = 0.253,
SE = 0.016) was significantly greater than that in social cat-
egories (M = 0.203, SE = 0.012; #39) = 2.72, p = .010,
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Figure 2. Average shortest path length and degree centralization
for different group types in Experiment | with the sample of

students on campus.

Note. Left: the average shortest path length of social networks in task
groups was significantly lower than that in social categories. Right: the
degree centralization of social networks in task groups was significantly
greater than that in social categories.

Cohen’s d = 0.43, [0.11, 0.75]). Hence, compared with
social categories, task groups are more likely to have central
persons in their social networks.

Adults Off Campus

The above results were found for participants recruited from
a campus setting and may be specific to individuals who do
not typically work as a group for a common goal. Hence, we
recruited a new group of participants from outside the cam-
pus who had experience working as a group and found simi-
lar results. A total of 40 participants (21 men and 19 women)
with a mean age of 28.05 years (SD = 6.82) participated in
this experiment. Among them, 5 people had a junior middle
school education, 20 had a senior middle school education,
14 had an undergraduate degree, and 1 had a postgraduate
degree. Each participant received approximately 20 RMB as
compensation upon completing the experiment.

The results are depicted in Figure 3. The average shortest
path length of social networks in task groups (M = 2.060,
SE = 0.032) was significantly lower than that in social cate-
gories (M = 2.180, SE = 0.037; #(39) = —2.88, p = .007,
Cohen’s d = —0.46, 95% CI [-0.77, —0.14]). This experi-
ment replicates the results from college students, suggesting
that when only the number—but not the arrangement—of
social connections is provided, the generated social networks
for task groups have closer connections than those in social
categories do. Similarly, Figure 3 also shows that the degree
centralization of social networks in task groups (M = 0.267,
SE = 0.016) was significantly greater than that in social cat-
egories (M = 0.207, SE = 0.019; #(39) = 2.292, p = .027,
Cohen’s d = 0.36, [0.04, 0.68]). Compared with social cate-
gories, the participants believed that task groups are more
likely to have central persons in their social networks.

Figure 3. Average shortest path length and degree centralization
for different group types in Experiment | with the sample of
adults off campus.

Note. Left: the average shortest path length of social networks in task
groups was significantly lower than that in social categories. Right: the
degree centralization of social networks in task groups was significantly
greater than that in social categories.

Experiment 2: Replenishing Social
Networks

Experiment 1 provided evidence that when participants are
given only group-type information (i.e., group label), they
generate social networks differently. This suggests that
people rely on prior knowledge—group-related network
schemas—to guide their social network inferences. Since
participants were told only about the number of social ties
in the group, but not about their arrangement, they had to
rely on their group-related network schema to make infer-
ences. Stronger evidence for the existence of these schemas
would be provided when participants were presented with
partial social network data (i.e., initial social networks) and
asked to infer the structure of a set number of additional
potential relationships. Despite being given similar initial
networks, participants would replenish them with different
structures, due to being influenced by the group-related
network schemas tied to different group types, and the
replenished social networks in task groups would exhibit a
lower average shortest path length and a higher degree cen-
tralization than those in social categories. Therefore, in this
experiment, the participants were provided with an initial
social network and asked to infer the arrangement of new
potential friendships.

Methods

This experiment had almost the same design as that of
Experiment 1 and thereby kept the same sample size as
Experiment 1. A total of 42 participants were recruited, and
two participants were excluded for failing to pass the atten-
tion check task. Therefore, data from a total of 40 partici-
pants (19 men and 21 women) with a mean age of 21.23 years
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(8D = 2.11) were included in the final analysis. Each partici-
pant received approximately 20 RMB as compensation upon
completing the experiment. All the participants were of Han
ethnicity, which is the predominant ethnic group in China.

The procedure and design were nearly identical to those
of Experiment 1, except that participants were provided with
an initial social network and informed that they should infer
three additional friendships between figures. This initial net-
work included 12 existing pairs of friends (depicted by gray
lines) that could not be altered while participants drew other
new relationships. The initial social networks were carefully
selected to ensure that they fell within the boundaries of the
networks generated for the two group types in Experiment 1,
making their classification into a specific group type more
ambiguous. First, we calculated the average shortest path
length and degree centralization for the 320 social networks
generated by participants in Experiment 1 (e.g., 8 networks
per participant). The median values for these networks were
2.222 for the average shortest path length and 0.178 for
degree centralization, which were used as selection criteria
for the initial networks. Second, we used the R package
igraph (version 1.4.2) (Csardi & Nepusz, 2006) to randomly
generate 1,000 social networks with 10 nodes (group mem-
bers) and 12 edges (friendships). Finally, we identified 27
networks that met the selection criteria and randomly selected
16 networks as the initial networks. All participants were
presented with the same 16 initial networks to ensure consis-
tency. Each group label was assigned two initial networks,
which were randomly matched for each participant, resulting
in 16 trials. These trials were organized into two blocks, each
presenting eight different group labels in a randomized
sequence. In summary, all initial networks presented to par-
ticipants had the same average shortest path length and
degree centralization, differing only in their specific connec-
tion patterns.

After reviewing the descriptions of the labels at the top of
the screen and the initial social network displayed on the left
side of the screen, the participants were instructed to predict
three potential friendships that could form between currently
unconnected group members in the future. They were required
to use lines to connect the figures representing the individuals
in each inferred friendship.

Results

As illustrated in Figure 4, the average shortest path length
of the replenished social networks in the task groups
(M = 1.941, SE = 0.012) was significantly shorter than that
in the social categories (M = 2.008, SE = 0.005; #(39) =
—4.37,p<.001, Cohen’sd = —0.69,95% CI[-1.01,—-0.37]).
In addition, the degree centralization of replenished social
networks in task groups (M = 0.289, SE = 0.011) was sig-
nificantly greater than that in social categories (M = 0.218,
SE = 0.010; #39) = 4.00, p<.001, Cohen’s d = 0.63,
[0.31, 0.95]). These findings suggest that individuals are
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Figure 4. Average shortest path length and degree centralization
for different group types in Experiment 2 with replenishing social
networks.

Note. Left: the average shortest path length of social networks in task
groups was significantly lower than that in social categories. Right: the
degree centralization of social networks in task groups was significantly
greater than that in social categories.

more inclined to strengthen connections and establish cen-
tral persons within task groups than they are in social cate-
gories, even when starting with the same incomplete social
network.

Experiment 3: Memorizing Social
Networks

The first two experiments established that when no or partial
network data are presented, group-related network schemas
guide friendship inferences and representations. If these
schemas play a role in social network representations, the
way individuals encounter new network information that fits
within their preexisting schemas could influence memory
performance for social relationships. It has been suggested
that cognitive schemas help us interpret and make sense of
new information by connecting it to existing knowledge
structures, and when new information aligns with existing
cognitive schemas, it reduces the cognitive load, making it
easier for individuals to encode and retrieve information and
leading to better memory performance (Sweller, 1988,2011).
In this context, memory performance should also be enhanced
because of more efficient encoding and easier access to rela-
tionships during recall. In support of this claim, the research
by Brashears (2013) revealed that adults can recall a greater
number of relationships with more detail when the network
aligns with familiar group structures because cognitive sche-
mas are activated. Therefore, Experiment 3 aimed to test
whether participants’ memory performance would improve
when they were asked to memorize relationships from social
networks that matched the group type, either task groups or
social categories. If social network representation depends
on group-related schemas, memory performance should
improve when the memorized social network matches the
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group type, as the group type activates the aligned network
schema.

Methods

Participants. We used the software G*Power 3.1 to calculate
the planned sample size (Faul et al., 2007). Given that the
main focused effect was whether the difference in memory
performance for different network types was influenced by
the group type in a within-subject design, we determined a
minimum sample size of 34 participants on the basis of a
medium effect size (d = 0.5), an alpha level of .05, and a
power of 0.80. However, owing to the counterbalance of the
experimental materials, which involved a total of eight ver-
sions (i.e., different combinations of network types and
group types) and to ensure an equal number of participants
for each version, we planned to recruit 40 valid participants.
Notably, this sample size matched the participant count of
our previous two completed studies, which employed differ-
ent methods to investigate the same question as the present
study did.

Finally, 43 participants were recruited. However, two par-
ticipants were excluded for failing to pass the attention check
task, and an additional participant was excluded because the
accuracy was less than 20%. Therefore, data from a total of
40 participants were included in the analysis. The partici-
pants’ ages ranged from 18 to 23years (M = 19.95, SD =
1.93), with 23 males and 17 females. The participants received
approximately 40 RMB as compensation upon completion of
the experiment. All the participants were of Han ethnicity,
which is the predominant ethnic group in China.

Experimental Stimuli. The experimental stimuli consisted of
2D simulated scenarios depicting social relationships. Each
of the 10 figures (persons) was given a name for identifica-
tion. Throughout each learning session, the depicted group
(task group/social category) and its social relationships were
presented. Two figures were shown alongside their relation-
ship details. Concurrently, a diagram displaying 10 figures
but omitting social connections within the group was shown
in the upper left corner of the screen. This diagram empha-
sized the relative positions of the figures within the group to
help participants understand the relationships. When two fig-
ures were presented for memorizing their relationship, the
corresponding figures in the network diagram were high-
lighted in red, with their positions being consistent across
different types of networks. This experiment was preregis-
tered (https://doi.org/10.17605/0OSF.I0/H3W8K; please note
that the preregistration incorrectly described “a network dia-
gram illustrating the social connections within the group”
instead of the current description).

Considering the duration of the experiment, we selected
the two most representative labels (i.e., those with the high-
est frequency) for each group type as stimuli for the current
study. For task groups, “coworkers” and “students working

on group assignments” were chosen, whereas for social
categories, “teachers” and “civil servants” were selected.
The entitativity ratings for these selected groups were mar-
ginally greater for social categories (M = 6.73, SE = 0.16)
than for task groups (M = 6.32, SE = 0.18; #78) = 1.96,
p = .053, Cohen’s d = 0.22, 95% CI[0.00, 0.44]) in the pilot
experiment.

In Experiment 1, participants were tasked with inferring
the arrangement of relationships between group members
when only the number of relationships and the group context
were known. They were then asked to generate social net-
works from a top—down perspective based on different group
types. Based on these findings, we collected networks with an
average shortest path length less than the median and a more
pronounced central tendency than the median for each group
type separately. We subsequently selected the two most repre-
sentative social networks from each group type, characterized
by the average shortest path length and the highest degree
centralization (Figure 5a and b). With respect to the four
group labels and four social networks, we employed a pseudo-
random method to generate eight predetermined combina-
tions as experimental stimuli, which was counterbalanced
among participants (please refer to Table S7).

The group members’ names consist of two parts: “sur-
name” and “given name.” The “surname” is derived from
publicly available data from the Ministry of Public Security
of the People’s Republic of China, specifically the top 40
surnames in the “100 surnames” list for the latest year (2020).
These surnames include Wang (F), Li (Z8), Zhang (5K), Liu
(1), Chen (), Yang (), Huang (), Zhao (%), Wu (52),
Zhou (&), Xu (), Sun (7)), Ma (), Zhu (%), Hu (),
Guo (), He (fi), Lin (#%), Luo (%), Gao (&), Zheng (%),
Liang (%), Xie (i§f), Song (5), Tang (), Xu (), Han
(&), Deng (%), Feng (), Cao (%), Peng (¥%), Zeng (&),
Xiao (1), Tian (HH), Dong (%), Pan (%), Yuan (%), Cai
(2%), Jiang (4%), and Yu (5%) (Ministry of Public Security,
PRC, 2021).

To minimize the memory load and control for other irrel-
evant factors, the “given name” is uniformly replaced by
“Mou (F£)” to denote an unknown entity in Chinese.
Consequently, a combination of the surname and “Mou”
results in 40 names, for example, Li Mou (Z2}). Considering
typicality and familiarity, the study balanced the names of
group members across four groups, each comprising the top
five surnames and the bottom five surnames (please refer to
Table S8 for details).

Procedure and Design. The stimuli were displayed on a 15.6-
inch LED monitor with a resolution of 1,920 X 1,080 pixels
and a refresh rate of 120 Hz, positioned at a viewing distance
of 60cm from the participants. We utilized custom software
developed in PsychoPy 3.0 to present the stimuli (Peirce et
al., 2019).

The participants were informed that they would be
required to learn about the relationships among 10 persons
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Figure 5. Social networks used in Experiment 3.

Note. Based on the social networks generated in Experiment |, we selected two representative networks (a) and (b) from each group type. It is important
to note that the layout of the social networks uses the Kamada-Kawai layout algorithm from the igraph library in R, which differs from how participants
originally generated them in Experiment |; this layout merely visualizes the connections between individuals in the network. (c) Presents the positions of

10 figures consistently across different network types.
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Figure 6. An example of a trial sequence for the learning phase and test phase.

Note. In the learning phase, participants were presented with two figures and information about their relationship (e.g., “XX and XX have a friendship/no
relationship”), along with a label at the top of the screen indicating the group membership of the depicted individuals. The participants were instructed
to memorize these relationships as accurately as possible. During the test phase, they were required to quickly judge the relationship between the two

presented individuals on the basis of their memory from the learning phase.

within a group and memorize them as accurately as possible
for subsequent testing. The experiment consisted of two
phases within each block: the learning phase and the test
phase (Figure 6). Considering which group type would gen-
erate the social network and the corresponding label describ-
ing the group type, the experimental design employed a
within-subject design with two factors: network type (task
group vs. social category) and group type (task group vs.
social category). Here, the network type indicates the type of
group generating the social network during the learning

phase, whereas the group type refers to the type of group
described by the label. Each condition consisted of one
block, for a total of four blocks. To control for sequence
effects, the order of these blocks was randomized for each
participant.

In each block, the learning phase comprised 45 pairs
designed to present all the relationships among the 10 per-
sons in the group. The participants completed two rounds of
learning with different randomized orders, resulting in a total
of 90 trials. Following the learning phase, the participants
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took a 5-min break before proceeding to the test phase.
During the test phase, participants were tested on whether a
friendship existed for each of the possible 45 pairs of per-
sons. In each block, the social network describing relation-
ships varied, with only 10 pairs of persons having friendships,
whereas the remaining pairs had no relationship. However,
the participants were not informed of this arrangement. After
completing all the blocks, similar to the procedure in
Experiment 1, the participants were required to perform an
attention check task to verify whether they had paid attention
to the group labels presented at the top of the screen. To
familiarize participants with the experimental procedure, a
practice session similar to the formal experiment was
designed. This practice experiment also comprised a learning
phase and a test phase. The participants were instructed to
memorize the relationships among five group members from
the associated group (i.e., individuals traveling in the same
tour group). However, the results of the practice session were
not recorded.

In the learning phase, each trial started with the presenta-
tion of a fixation cross, which was displayed for 500 ms.
Following this, two stick figures representing two persons
were displayed at the center of the screen with slight separa-
tion, each labeled with a name, which was displayed for
3,000ms. Below the figures, their relationship (e.g., “XX
and XX have a friendship/no relationship”) was shown. At
the top of the screen, a label indicates the group membership
of the depicted persons. Four different group labels were
used, representing two types of groups: coworkers and stu-
dents working on group assignments together (task groups)
and teachers and civil servants (social categories). The same
group label was consistently applied within each block, with
each block featuring distinct labels, resulting in four blocks
in total. To emphasize which two persons were friends within
the group and facilitate participants’ learning of the relation-
ships, a network diagram illustrating the relationships within
the group was displayed in the upper left corner of the screen,
with the two persons whose relationship was to be learned
highlighted (Figure Sc; the positions of 10 figures remained
consistent across different network types). A blank screen
was subsequently presented for 500 ms before the start of the
next learning trial. All dyadic relationships were presented
randomly, and participants were given the option to either
take a short break or continue learning after every 15 trials.

The test phase was similar to the learning phase, with the
exceptions described below. The network diagram was
removed, and the text describing the relationship between
the two persons portrayed was removed but presented with
“F: friendship; J: relationship.” The participants were
required to quickly judge the relationship between the two
presented persons on the basis of their memory from the
learning phase. They pressed the “F” key if there was a
friendship between the two persons or the “J” key if there
was no relationship, with a response time limit of 3,000 ms
and no feedback provided.

80
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Figure 7. Memory accuracy as a function of network type and
group type in Experiment 3.

Note. Memory accuracy is greater when the memorized network
structure aligns with the group type that originally generated it than in
instances where they are not aligned.

TG = task group; SC = social category.

Data Analysis. The memory accuracy of participants in
recalling friendships during the test phase was computed.
Specifically, for each condition, we calculated the ratio of
successfully recalled pairs (K) to the total number of friend-
ship pairs presented (N) during the learning phase, that is,
K/N. In addition, response times for each condition were
recorded for exploratory analysis.

Results

Figure 7 shows the memory accuracy for friendships. The
accuracy data were summed into a 2 (network type: task
group vs. social category) X 2 (group type: task group vs.
social category) repeated-measures ANOVA. The results
revealed that the main effect of network type was significant
(F(1, 39) = 72.38, p<.001, np2 = 0.65, 95% CI [0.50,
0.75]), indicating that the accuracy of social relationship
memorization for the task group (M = 83.9%, SE = 1.6%)
was greater than that for the social category (M = 63.3%, SE
= 2.6%). The main effect of group type was not significant
(F(1, 39)<0.01, p = 959, np2<0.01, [0.00, 0.00]).
However, the interaction between them reached significance
(F(1,39) = 14.18, p<.001, npz = 0.27, [0.09, 0.44]).

To explore this interaction, we performed simple effect
tests for each group type. These tests revealed that partici-
pants had better memory accuracy when the learned net-
works originally generated from task groups were described
as being from the task group type (M = 87.3%, SE = 1.5%)
than from the social category type (M = 80.4%, SE = 2.2%;
#(39) = 3.40, p = .002, Cohen’s d = 0.36, 95% CI [0.15,
0.58]). Conversely, participants had lower memory accuracy
when the learned networks originally generated from social
categories were described as being from the task group
type (M = 59.8%, SE = 3.2%) than when they were descri-
bed as being from the social category type (M = 66.9%,
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SE = 3.0%; #39) = —2.13, p = .040, Cohen’s d = —0.38,
[-0.73, —0.02]). The results indicate that, regardless of
whether the social network is generated from task groups or
social categories, memory accuracy is greater when the
memorized network structure aligns with the group type that
originally generated it than when they are not aligned (short
for the matching effect).

Explorative Analysis. We conducted an ANOVA for response
time data similar to that conducted for accuracy. The results
revealed that only the main effect of the network type was
significant (F(1,39) = 106.71, p <.001, np2 =0.73,95% CI
[0.61, 0.81]), indicating that recalling the relationships from
the social category (M = 1,674 ms, SE = 45) took more time
than recalling those from the task group (M = 1,212ms, SE
= 34). Neither the main effect of group type (F(1, 39) =
0.20, p = .655, np2<0.01, [0.00, 0.10]) nor the interaction
effect (F(1, 39) = 0.66, p = 422, np2 = 0.02, [0.00, 0.13])
was significant.

We explored whether the above finding was specific to
memorizing friendships by computing the accuracy of mem-
orizing no relationships (see Table S6), which is the ratio of
successfully recalled pairs with no relationship to the total
number of pairs without a relationship presented during the
learning phase. Only the main effect of network type was
found to be significant, showing that the accuracy of memo-
rizing no social relationship for the task group (M = 83.9%,
SE = 1.6%) was greater than that for the social category
(M = 63.3%, SE = 2.6%). Neither the main effect of group
type (F(1, 39) = 0.20, p = .655, np2<0.01, 95% CI [0.00,
0.10]) nor the interaction effect (F(1, 39) = 0.66, p = .422,
np2 = 0.02, [0.00, 0.13]) was significant. Hence, the match-
ing effect is specific to memorizing social relationships.

Discussion

Our social lives heavily depend on the efficient representa-
tion of social networks, a process that poses significant chal-
lenges but can be facilitated by cognitive schemas. In this
study, we conducted three experiments to investigate whether
social network representation relies on schemas associated
with group typology. The results indicated that, even without
information about the arrangement of relationships—only
their number—the participants generated social networks for
task groups that were more closely connected and more
likely to feature centralized structures than those for social
categories (Experiment 1). Furthermore, the labels associ-
ated with different group types in Experiment 2 biased the
participants’ inferences about the future structure of social
relationships within social networks with available network
data, leading to network structures similar to those observed
in Experiment 1. When the participants learned about the
social networks corresponding to different group types in
Experiment 3, accuracy was greater when the learned net-
work matched the expected group type that activated the

aligned network schema, regardless of whether the network
was from a task group or a social category. These findings
suggest that individuals represent social networks on the
basis of group-related schemas, wherein task groups are
believed to have closer and more centralized connections
than social categories.

Some may argue that our findings simply reflect the
perception that task groups exhibit greater groupness (i.c.,
entitativity) than social categories do, which might lead par-
ticipants to assume closer connections among group mem-
bers rather than truly reflecting how the social network
should be structured. However, this interpretation does not
hold, as our results showed that perceived entitativity was
actually greater for social categories than for task groups (see
the results reported in the Methods sections of Experiments 1
and 3, as well as the procedure described in Pilot Experiment
B). In addition, the same number of friendship pairs had to be
represented in both group types. In Experiment 3, the partici-
pants engaged in a memory task without needing to draw
social networks. In this task, when the actual network learned
matched the group type—meaning the group-related schema
was aligned with the learned network—memory accuracy
was significantly enhanced. This provides more direct evi-
dence that group-related schemas play a critical role in repre-
senting social networks beyond simply reflecting perceived
entitativity.

It is possible that social categories (e.g., doctors and
teachers) may not inherently imply friendships, potentially
leading participants to make more arbitrary inferences about
social ties. However, on the basis of our experimental design
and further analysis of the results, we believe that comparing
task groups and social categories provides valuable insight
into how people’s schemas shape their representations of
social networks. First, social categories often evoke a sense
of belonging and solidarity, which can lay the groundwork
for forming friendships. In our study, the participants were
informed that 12 pairs of friends existed. Second, we care-
fully selected labels within both task groups and social cate-
gories that participants likely associated with implicit social
structures, and we revealed systematic differences between
the inferred network structures of these group types. To
strengthen this analysis, we separated the results by eight
separate labels in the Supplemental Material. This additional
analysis revealed that network metric differences were
mostly between group types (see Figures S3, S4, and S5).
Furthermore, by providing partial network data in Experiment
2, which reduced individual variation, we demonstrated that
structural metrics of social networks differed primarily
between group types. Mixed-effects models, with the group
label as a random effect, further supported the main findings.
Finally, to investigate whether participants randomly impute
social networks for social categories, we generated random
networks with 10 nodes and 12 ties. Our results indicated
that participants did not randomly generate social ties,
supporting the existence of group-related schemas (see the



Zhang et al.

fourth section of the Supplemental Material). Moreover, if
participants did not expect relationships within social cate-
gories, memory performance for “no relation” should have
been enhanced when the networks were described as origi-
nating from social categories compared with task groups.
However, this finding was inconsistent with our findings,
where no significant differences were observed. Importantly,
if participants had no expectations about the structure of
social networks in social categories, the alignment of the
learned networks with their schemas should not have led to
any memory enhancement. This is not the case in our study,
further supporting the existence of schemas that influence
network representations.

The current work expands on existing research by inte-
grating group typology into cognitive schemas. While previ-
ous studies have focused primarily on schemas related to
local connections, such as triadic closure (Brashears, 2013;
Flynn et al., 2010), and some have examined global struc-
tures, such as kinship networks or small-world networks
(Brashears, 2013; Kilduff et al., 2008; Schwyck, 2023), they
have not fully explored how cognitive network schemas
apply to different group contexts. As an exploratory addition,
a further experiment supported the idea that people have
group-related schemas for how relationships are structured
in task groups versus intimacy groups (see Experiment S1 of
the Supplemental Material). This distinction highlights the
different ways individuals organize and represent the rela-
tionships within these different types of groups. Previous
research has suggested that people naturally use group typol-
ogy to organize information about groups, as evidenced by
the tendency to make more errors within the same group type
than between different group types (Sherman et al., 2002).
Our findings extend this understanding by demonstrating
that group typology also includes relational knowledge about
how group members are structured. This knowledge has
adaptive value, where the representation of social networks
is linked to the neocortex ratio of the brain, which influences
the capacity to maintain large social networks (Dunbar,
2003; Falk & Bassett, 2017; Noonan et al., 2018; Schmaélzle
et al., 2017; Stiller & Dunbar, 2007). The schemas of social
networks are cognitive structures that make up the network
knowledge base and serve as compression heuristics, facili-
tating the efficient storage of large amounts of social rela-
tionship information within the brain, which has a limited
capacity. This extends the concept of triadic closure and
kinship-based network schemas proposed by Brashears
(2013) to group types, highlighting their role in shaping
social network representations. Importantly, however, the
schema for social networks may be limited to the presence of
social relationships, at least for the group-related schemas
identified in this study. Specifically, Experiment 3 revealed a
matching effect for recalling only pairs of individuals with
established relationships, which is consistent with findings
from Schwyck (2023). Future research should further inves-
tigate the specific contents of group-related schemas.

How does the group-related schema form? It is likely
learned through statistical regularities observed in social net-
works associated with different group types, meaning that its
acquisition may occur through experiential learning. Previous
studies have shown that task groups, which are formed to
achieve a common goal, and social categories, which are
based on shared identities, tend to exhibit different structural
patterns (Lickel et al., 2006; Shea & Fitzsimons, 2016). Over
time, these regularities in the daily data may become encoded
in our brains. In support of this idea, our simulation results
from ChatGPT (Open Al) , which learns from statistical pat-
terns in training data and align with the human-generated
data (see the Supplemental Material). This suggests that
group-related schemas can be acquired through statistical
learning from accumulated social experiences. However,
even in the absence of direct experience with specific net-
work structures, individuals may still have an instinctive
understanding of social groups. From an adaptive perspec-
tive, close and centralized networks are more effective at
achieving collective goals, as observed in task groups,
whereas more decentralized networks may better fulfill
attachment needs, which are characteristic of social catego-
ries (Hughes et al., 2024; Troster et al., 2014). This suggests
that group-related schemas may have evolved to optimize
different social functions. Possibly, while task groups may
activate more context-specific schemas due to their goal-
oriented nature, participants in the social category condition
may instead draw on more generic or default schemas when
explicit information (e.g., number of friendships) is lacking.
In such cases, participants likely would not assume connec-
tions among members unless told how many ties to expect,
reflecting the weaker relational expectations within social
categories. This highlights the importance of investigating
how both experiential learning and intuitive social under-
standing contribute to the development and application of
cognitive schemas in network representation.

The findings of Experiment 3 have important implica-
tions for quantitatively assessing the capacity to represent
social networks. Notably, memory performance was supe-
rior for networks derived from task groups compared with
those derived from social categories. The networks from
task groups, characterized by closer and more centralized
connections, presented a shorter average shortest path length
and a greater degree of centralization than those from social
categories. This suggests that social networks with these
structural properties might be better memorized and more
efficiently stored. Future research should explore this
hypothesis to better understand the relationship between
network structure and memory performance.

Several limitations need to be considered. First, this study
focused primarily on friendships, which do not capture the
full range of social relationships that people encounter in their
daily lives. Future studies should explore how these diverse
types of social relationships, such as those involving advice
seeking and dominance, are represented and whether similar
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cognitive schemas apply. Another limitation concerns the role
of individual differences, such as personal centralization
within one’s own social network, or personality traits such as
extroversion or openness to experience. In addition, cultural
background shapes how friend relationships are understood.
For example, in some cultures, such as Russia, friendship is
limited to a small number of deeply meaningful relationships.
In contrast, in other cultures, such as China, people with more
superficial interactions might still be considered friends.
These factors could influence how people form and apply
group-related schemas, which should be more thoroughly
examined in future research. The number of nodes in a social
network also presents a potential limitation. The network size
was not systematically varied in the current study, which
could impact the generalizability of the findings. Larger net-
works may impose greater cognitive demands, potentially
altering the effectiveness of schema-based representation.
Understanding how the number of nodes influences social
network representation is essential for a more comprehensive
understanding of social cognition.

In conclusion, this study highlights the significant role
of cognitive network schemas related to group typology in
shaping how individuals represent social networks.
Specifically, this research shows that social networks asso-
ciated with task groups tend to be more closely connected
and centralized than those related to social categories. This
extends our understanding of group-level schemas by dem-
onstrating that they encompass relational knowledge about
network structures, thereby facilitating the efficient pro-
cessing of social information.
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Note

1. It is interesting to study social network representations for inti-
macy groups. While intimacy groups mainly refer to families,
couples, and friends, and these relationships are relatively sta-
ble, even for a group of friends, the members in this group must
have friendships with other individuals, leaving less room for
flexibly manipulating friendship networks. However, for social
categories, people often feel a sense of belonging and solidarity
within their social categories, which can serve as a foundation
for friendships.
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