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The development of shared memories, beliefs, and norms is a
fundamental characteristic of human communities. These emergent
outcomes are thought to occur owing to a dynamic system of
information sharing and memory updating, which fundamentally
depends on communication. Here we report results on the formation
of collective memories in laboratory-created communities. We ma-
nipulated conversational network structure in a series of real-time,
computer-mediated interactions in fourteen 10-member communities.
The results show that mnemonic convergence, measured as the
degree of overlap among community members’ memories, is influ-
enced by both individual-level information-processing phenomena
and by the conversational social network structure created during
conversational recall. By studying laboratory-created social networks,
we show how large-scale social phenomena (i.e., collective memory)
can emerge out of microlevel local dynamics (i.e., mnemonic reinforce-
ment and suppression effects). The social-interactionist approach pro-
posed herein points to optimal strategies for spreading information in
social networks and provides a framework for measuring and forging
collective memories in communities of individuals.

mnemonic reinforcement effect | socially-shared retrieval-induced
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From recounting personal stories (1) to discussing historical
events (2), people often share their memories with one another.

This social sharing leads to widespread transmission of knowledge
and memories among members of human communities (3). It is how
families, organizations, and even nations come to remember group-
relevant events in similar ways (4). Because of their importance for
both individual and collective behavior, collective memories have
been extensively explored across the social sciences (5, 6), and have
been found to affect people’s attitudes (7), their decisions (8), and
the way in which they collectively solve problems (9, 10). Despite
this wide interest, however, there has been very little empirical re-
search into the dynamical processes involved in their formation (11).
Questions ranging from basic, such as how a community’s collective
memories are measured, to more complex, such as how cognitive
phenomena or conversational dynamics contribute to the emer-
gence of collective memories, have remained unanswered.
We propose that the formation of collective memories is de-

pendent on how conversations shape individuals’memories. Jointly
remembering the past can selectively reinforce and selectively
weaken the conversational partners’ memories of the experienced
events, which in turn can reshape their memories and bring them
into alignment. Thus, collective memories grow out of a dynamic
system that fundamentally depends on communication (3). At
present, most empirical work on communicative influences on
memory focuses on dyadic interactions, examining how a speaker
can shape the memories of one or more listeners (12); however, a
burgeoning literature has shown that collective-level phenomena
cannot be explored by simply studying isolated dyadic or small
group interactions (13, 14). Rather, it is essential to investigate the
mechanisms by which the communicative influences at the dyadic
level affect the formation of collective memories in larger groups
of individuals.

During social remembering, only part of what a speaker is capable
of recalling is actually recollected; that is, any act of remembering is
selective, producing what scholars call mnemonic silences (15, 16).
This incomplete remembering reshapes the memories of the inter-
actants in very specific ways. On one hand, if a speaker in a con-
versation repeats something already known to the speaker and/or
listeners, then, by virtue of the repetition, both speaker and listener
are likely to subsequently better remember the preexisting memory,
an indication of a mnemonic reinforcement effect (17). On the other
hand, this selective retrieval practice leads to the forgetting of
unpracticed material that is related to the practiced material to a
greater degree than the unpracticed material that is unrelated to
the practiced material (18), a phenomenon aptly termed “retrieval-
induced forgetting” (19). More importantly, and relevant to our
interest in the emergence of collective memories, previous research
has shown that conversational remembering produces the same
pattern of reinforcement and retrieval-induced forgetting in listeners
as in speakers (12).
Referred to as the socially shared reinforcement effect (SS-R)

and socially shared retrieval-induced forgetting effect (SS-RIF)
when they occur in the listeners, these phenomena have been
found to result in overlap between the memories of the two con-
versation partners (7, 20). There is no published research on how
these dyadic alignment processes lead to the emergence of col-
lective memories in larger communities of individuals, however. In
the present study, we examined how the formation of collective
memories is dependent on the individual-level cognitive mecha-
nisms described above (i.e., reinforcement and retrieval-induced
forgetting effects), and on the conversational network structure
that characterizes a community’s interactions. Thus, we developed
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“mixed” R/S cumulative scores, because the status of an item could
change from Rp− to Rp+ to Nrp in the different conversations in
which participants were involved. Based on previous studies that
used a selective practice paradigm, we predicted that items with
positive R/S scores would experience a reinforcement effect, whereas
items with negative R/S scores would experience a retrieval-induced
forgetting effect. To capture these effects, for each item we computed
a mnemonic difference score by subtracting the preconversational
recall score from its postconversational recall score (Fig. 4 and Eq. 4
in Fig. 2). A positive value for this mnemonic difference score in-
dicates a reinforcement effect, whereas a negative value indicates a
retrieval-induced forgetting effect.
We conducted a mixed factorial ANOVA with R/S item type as a

within-network variable with five levels (+2, +1, 0, −1, and −2) and
network type (clustered vs. nonclustered) as a between-network
independent variable. For this analysis, we aggregated individual-
level scores into network-level scores to avoid missing-data issues
derived from using a five-level repeated-measures variable. To do
so, we computed mnemonic difference scores for each participant
and then averaged these scores across all participants within each
network, separately for each R/S item type. These network-level
scores constituted the dependent variable for this analysis. Even
though the R/S scores ranged from −3 to +3, we only ran analyses
with a range between −2 and +2, owing to an insufficient number
of data points for the extreme scores (less than 3% of data points
had R/S scores of +3 and −3). We found a main effect for R/S item
type [F(4, 9) = 21.68, P < 0.001], but not for network type (P = 0.81)
or for the interaction (P = 0.96). Furthermore, the effect was
qualified by a linear trend, with mnemonic difference scores de-
creasing as R/S scores decreased [F(1, 12) = 51.72, P < 0.001] (Fig.
5A, black line), showing the expected pattern.
To disentangle the effects of reinforcement and retrieval-induced

forgetting on subsequent memories, we conducted the same anal-
ysis as before, but this time using a subset of the data for which we
could compute “pure” R/S cumulative scores. To compute these
scores, we calculated the mnemonic difference scores for only the
items that could be unequivocally categorized as reinforced, sup-
pressed, or baseline, based on each participant’s three conversa-
tions. Thus, if an item constituted an Rp+ item in two of the three

conversations of a participant and an Nrp item in the remaining
conversation, then the item was twice reinforced and experienced
no suppression, for a pure R/S cumulative score of +2. Similarly, if
an item constituted an Rp− item in one conversation of a partici-
pant and an Nrp in the other two conversations of that participant,
then the item was suppressed once and experienced no re-
inforcement—a pure R/S cumulative score of −1. Items that were
categorized as Nrp items for all three conversations of a par-
ticipant constituted baseline items and were assigned a pure R/S
score of 0.
Because the analysis was conducted at a network level, we av-

eraged the mnemonic difference scores across the 10 participants
in the network, separately for the different types of R/S items.
Importantly, 75% of the data points entered into the mixed R/S
scores analysis were categorized as pure R/S instances. As in the
above analysis, we found a main effect for R/S item type [F(4, 6) =
38.19, P < 0.001], but not for network type (P = 0.51) or for the
interaction (P = 0.61). Furthermore, the effect was qualified by a
linear trend, with mnemonic difference scores decreasing as the
pure R/S scores decreased [F(1, 9) = 70.95, P < 0.001] (Fig. 5A, red
line). Items that were twice or once suppressed had a significantly
lower mnemonic difference score compared with the baseline items
(P < 0.05). Items that were twice reinforced had a significantly
higher mnemonic difference score than the baseline items (P <
0.03), unlike once-reinforced items (P = 0.35) (Fig. 5A, red line).
Of note, the analyses involving pure R/S scores were performed for
11 of the 14 networks, because three networks had no items that
could be designated pure Nrp items.

Fig. 4. Computation of the R/S score. Participant 5’s recall pattern of one of
the four Peace Corps volunteers (i.e., Rachel Calhoun) as a hypothetical ex-
ample. In the boxes highlighted in red, black boxes indicate recalled items,
white boxes indicate unrecalled items. Participant 5 recalls items 1 and 3 in
the preconversational recall, then has a series of three conversational recalls
with participants 6, 4, and 3, and then recalls items 2, 3, and 4 post-
conversation. R/S scores were assigned based on whether the item was
mentioned in the conversation (+1), was related to a mentioned item (−1),
or was not mentioned and unrelated to a mentioned item (0).

A

B

Fig. 5. (A) The effect of conversational remembering on subsequent individual
recall. The difference between postconversational and preconversational recall
(y axis) as a function of the R/S score (x axis). The R/S scores could range from
(+3) (item mentioned in all three conversations of a participant) to (−3) (item
not mentioned, but related to a mentioned item in all three conversations of a
participant). Mixed R/S scores are in black, and pure R/S scores are in red.
(B) Item centrality dynamics. The difference between postconversational and
preconversational centrality scores (y axis) as a function of the quartile split of
R/S scores (x axis). Quartile 1 represents items with the highest mixed R/S
scores. Error bars represent ±1 SEM.
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R/S scores predict the emergence of collective memory.We have provided
evidence that cognitive mechanisms triggered during conversa-
tional remembering (i.e., reinforcement and retrieval-induced for-
getting effects) influence the participants’ subsequent memories.
But do the sociocognitive processes triggered during conversations
affect mnemonic convergence at a network level? To answer this
question, we followed Weldon (23), who pioneered the use of so-
cial network methodology to explore the formation of collective
memories. According to this approach, collective memories could
be represented as the aggregation of individual memories of the
members who belong to the community (i.e., a participants-by-
memory items matrix). By transposing this matrix into an item-by-
item matrix containing the number of participants that remembered
the items in common, and then dichotomizing the matrix using a
majority rule (n > 5 for a 10-member network), we obtain a binary
matrix that captures the community’s collective memory. In a visual
representation of such a network, nodes are items, and connections
indicate that the members’ linked nodes (items) are remembered by
a majority of the community (in our case n > 5; Fig. 2, last row).
We computed such binary matrices separately for each network,

for both preconversational and postconversational recalls. Based on
these binary matrices, we calculated item-level closeness centrality
scores for each of the 16 items (21). Defined as the graph-theoretic
distance of a given node to all other nodes, this measure captures
how central each of the 16 items is to the collective memory of a
community. We used a normalized measure for closeness centrality
(21), such that high closeness centrality scores indicate higher
centrality in the network’s collective memory (Fig. 2, Eq. 5). We
then subtracted the preconversation closeness centrality from the
postconversation closeness centrality to capture item-level closeness
centrality dynamics from preconversation to postconversation.
For a measure of conversationally triggered reinforcement and

retrieval-induced forgetting effects, we used the mixed R/S scores
as described above. We computed item-level mixed R/S cumula-
tive scores by averaging the R/S scores over all of the 15 conver-
sations that took place in the conversational recall phase for each
network. To investigate whether the R/S scores predict closeness
centrality difference scores, we ran separate regression analyses
for each of the 14 networks. Both the R/S scores and the closeness
centrality difference scores were computed at an item level for
each of the 16 items that participants studied. We did not expect
to find differences between the two conditions in the degree to
which an item’s R/S score predicts its closeness centrality differ-
ence score. To control for item memorability effects, we included
the item’s preconversational recall score in the regression analysis.
For 11 of the 14 networks (six clustered and five nonclustered), the
R/S scores were significant predictors of closeness centrality dif-
ference scores (P < 0.05); for two networks, the R/S scores were
marginally significant (P = 0.08 and 0.11); and for one network,
the R/S score was not a significant predictor (P = 0.47).
To provide further support linking the conversationally triggered

sociocognitive processes with the network level effects, we con-
ducted a more fine-grained analysis. As described above, the average
R/S scores were computed at a network level, with a single cu-
mulative R/S score corresponding to each of the 16 items studied
by the participants. Based on these R/S scores, for each network
we categorized the 16 items into quartiles, from highest to lowest
R/S scores. As before, for each of the 16 items, we subtracted the
preconversation closeness centrality from the postconversation
closeness centrality. This difference captured item-level closeness
centrality dynamics from preconversation to postconversation. We
then averaged these centrality difference scores separately for the
four R/S quartiles. Using these network level closeness centrality
difference scores as a dependent variable, we conducted a mixed
factorial ANOVA with R/S quartiles as a within-network vari-
able and network type (clustered vs. nonclustered) as a between-
network independent variable. We only found a main effect of R/S
quartiles [F(3, 10) = 70.43, P < 0.001], qualified by a linear trend

[F(1, 12) = 160.20, P < 0.001], as expected (Fig. 5B). Taken to-
gether, these two latter analyses indicate that the emerging col-
lective memory is shaped by the sociocognitive processes triggered
during conversational remembering. Items that become central to
the collective memory of a community are those that are men-
tioned frequently and thus are reinforced in conversations among
the members of the community. In contrast, the items that become
peripheral to the collective memory of a community are those that
are suppressed during conversational remembering.

Discussion
The present study constitutes one of the first cognitively grounded
investigations of large-scale social dynamics. We have shown that
both the conversational network structure and the individual-level
sociocognitive phenomena triggered during conversational recall
influence the emergence of collective memories in laboratory-
created communities of individuals. This exploration meaningfully
extends existing research by measuring interactional outcomes that
are nonobservable to individual social actors. Research on infor-
mation propagation (22), imitation (24), and social influence (25)
study large-scale dynamics by focusing on behavior manifested in a
social context (e.g., observed, interpreted, and acted on); however,
this excludes a large class of situations that involve unobservable
cognitive consequences of social interactions, such as mnemonic
reinforcement and retrieval-induced forgetting effects. In this study,
we fill this gap and provide a framework for investigating the emer-
gent properties of individual cognition at a social level.
It is important to acknowledge that even though the manipula-

tion of the network structure was aimed at differentially affecting
the clustering of the two types of communities, this manipulation
unavoidably resulted in changes in other network parameters. Di-
ameter, betweenness centrality, and average path length are three
network features that differed between the two conditions and
could have plausibly impacted mnemonic convergence (26). By us-
ing targeted analyses, for instance, we have shown that differences
in diameter between the two types of network structures affect the
degree of mnemonic convergence. Thus, we caution that the pre-
sent investigation is only a first step in a programmatic investigation
of the independent contribution of these network parameters to the
emergence of collective memories.
With recent advances in psychological approaches to the forma-

tion of collective memories, we are now in a position to overcome
both the theoretical and methodological limitations that have hin-
dered the field (27). This would allow researchers interested in in-
vestigating micro-macro processes to ask more nuanced research
questions regarding the interaction between individual-level cogni-
tive phenomena and structural features of social formations (28–30).
Can sampling procedures be designed to minimize data collection
efforts and still reveal a community’s collective memories? What
type of network structures result in maximal mnemonic conver-
gence? Are there sociocultural conditions that accelerate mnemonic
convergence (e.g., intergroup conflict) or attenuate this convergence
(e.g., organizational mergers)? These are just some of the many
questions that become empirically tractable with the social-
interactionist approach proposed herein.
Finally, understanding the formation of collective memories is of

utmost importance, because they are central to human functioning.
On one hand, these shared memories affect people’s attitudes (7),
their decisions (8), and how they collectively solve problems (9). On
the other hand, systematically investigating these dynamics is of
wide social importance. Policy makers could use these findings to
measure and forge convergent memories in communities affected
by biological or social epidemics (31). In public health, disease
outbreaks such as Ebola and Zika that have the potential to reach
pandemic proportions require rapid and widespread dissemination
of information. Community convergence on information about
symptoms, risk factors, and preventive measures could save lives.
Equally important, strategies aimed at facilitating social justice in
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open societies could benefit from the approach proposed herein.
Our findings could lead to interventions aimed at diminishing the
propagation and maintenance of stereotype-consistent information
in communities of individuals (32). Given its large-scale nature, our
approach could prove more impactful from a policy perspective
than current interventions aimed at an individual level (31, 33).

Materials and Methods
Participants. One hundred and forty students affiliated with Princeton Uni-
versity (61% female; mean age, 20.19 y; range, 18–30 y) participated in this
experiment for either research credits or compensation. Seventy participants
were assigned, in groups of 10, to the clustered condition, and the remaining
70 participants were assigned to the nonclustered condition. All subjects gave
informed consent for the protocol, which was approved by the Institutional
Review Board at Princeton University.

Stimuli. Using the Qualtrics survey platform, we created a presentation de-
scribing a fictional but realistic humanitarian aid program initiated by the
American Peace Corps. The presentation consisted of an introductory section
outlining the program, followed by descriptions of four Peace Corps volunteers,
each with a different mission, stationed on a different continent. The four
volunteers were Rachel (environmental protection, South America), Alex (refu-
gee assistance, Europe), Christine (postdisaster recovery, Asia), and Jim (HIV/AIDS
prevention, Africa). For each volunteer, four of their projects with the program
were presented in separate brief paragraphs (Mword-number, 36.75; range, 23–52).
A photo illustrated each project. For instance, Rachel was involved in protecting
endangered species, preventing deforestation, distributing natural fertilizer,
and cleaning beaches. We treated each volunteer as a unitary category, and
each project undertaken by the volunteer as an exemplar within the category.
We conducted two preliminary studies over Mechanical Turk to balance the 16
activities on relevance and memorability across the four categories.

Design and Procedure. Participants signed up for the study through Princeton
University’s online recruitment system. Each session was conducted with 10
participants who went through the experimental procedure in a computer
laboratory on the university’s campus. All of the participants within each

network were physically present in the same room and carried out the study on
the designated computer terminals throughout. In the study phase, participants
first learned information about the four Peace Corps volunteers. The order of
presentation of these volunteers (categories), as well as that of their missions
(items) was random across participants. Importantly, the exemplars were
blocked, such that items pertaining to that volunteer were presented on the
same screen. Then, in a preconversational recall phase, participants were pro-
vided with the name and background information for each of the four vol-
unteers and were instructed to individually remember the initially presented
information (preconversation recall). After this phase, participants took part in
a sequence of conversations for which they were instructed to jointly remember
the initially studied materials (conversational recall). These computer-mediated
chat conversations took place in dyads, such that each participant in a
10-member community engaged in a sequence of three interactions. The
conversations were characterized by turn-taking, with virtually all conversa-
tional recall instances involving collaboration between the interacting part-
ners. A qualitative analysis of the conversations revealed that all of the
participants stayed on task throughout the duration of the study and engaged
in collaboratively remembering the initially studied materials, as instructed.

We manipulated the network structure of conversational interactions as il-
lustrated in Fig. 1. A software platform was specifically designed for this project
to allow for fluent computer-mediated interactions among participants (i.e.,
Software Platform for Human Interaction Experiments; SoPHIE). We kept the
number of participants, the number of conversations in which each participant
was engaged, and the sequence of conversations constant across the two
conditions. Each conversation lasted for 150 s, which in preliminary studies
provided ample time for information to be exchanged. A final recall test similar
to the preconversational recall test was administered following the conversa-
tional phase (postconversational recall). The preconversational and post-
conversational recall phases presented the volunteer name cues in random
order. Coding of all of the recall protocols was performed by a research assis-
tant who was blinded to the study’s hypotheses and involved a binary system in
which an item was labeled as either remembered or not remembered. Ten
percent of the data were double-coded for reliability (Cohen κ >0.89 for all of
the recall phases). Three- to 5-min distracter tasks, in which participants com-
pleted unrelated questionnaires, were inserted between any two phases
described above.
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