Online network topology shapes personal narratives and hashtag generation
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Abstract Hashtags are a potent force for narrative interaction on so-

While narratives have shaped cognition and cultures for cen-
turies, digital media and online social networks have intro-
duced new narrative phenomena. With increased narrative
agency, networked groups of individuals can directly con-
tribute and steer narratives that center our collective discus-
sions of politics, science, and morality. We report the results of
an online network experiment on narrative and hashtag gener-
ation, in which networked groups of participants interpreted a
text-based narrative of a disaster event, and were incentivized
to produce matching hashtags with their network neighbors.
We found that network structure not only influences the emer-
gence of dominant beliefs through coordination with network
neighbors, but also impacts participants’ use of causal lan-
guage in their personal narratives.

Keywords: online networks, hashtags, personal narratives,
NLP, causal structure

Introduction

The internet has remapped how people interpret and dis-
cuss events. Digital technology enables organizing efforts
that transcend geographic limitations, leading to some of
the largest demonstrations in history (Dawson, 2020; Yang,
2016). However, these same platforms can create infor-
mation environments that foster extremism, hate, and anti-
democratic ideals. Echochambers, where online communities
consume media that confirms their beliefs and identities, are
breeding grounds for unreliable information and conspiracy
theories (Sasahara et al., 2021). Empirical research is neces-
sary to understand how networked environments shape belief
formation at both individual and group levels, so as to better
control the dynamics of information spread, and to possibly
mitigate the harm of misinformation and social segregation.

Empirically investigating networked behavior is a chal-
lenging task because the narratives arising in online contexts
are sprawling and unwieldy (Tangherlini, Shahsavari, Shah-
bazi, Ebrahimzadeh, & Roychowdhury, 2020), largely due to
the dynamic and complex nature of modern social media en-
vironments. For instance, the interactivity of digital media
and online social networks allows for a new sense of narrative
agency (Yang, 2016). Through the production and sharing of
social media data, users can embed personal narratives and
express their point of view on an event or social issue (Boyd,
Golder, & Lotan, 2010). From these low-level interactions,
a collective narrative emerges within a group of individuals,
who bring their own prior beliefs and goals when character-
izing an event or issue, which directly shapes the narrative
shared by a network (Dawson, 2020).

cial media; they allow users to tag personal narratives and
contribute to online discourse by indexing their produced
content with proxy topic labels. Previous research has shown
that hashtags are concise representations of the narratives
(Giaxoglou, 2018; Dawson, 2020), and connect spatially dis-
organized groups according to the content of their narratives
and goals (Papacharissi, 2015, 2016; Howard & Hussain,
2013). Across an online network, hashtags categorize social
media discourse for effective indexing and search, and can
allow interpersonal signaling and sense making between in-
stances (Papacharissi, 2015, 2016).

Previous research on hashtags has primarily focused on
how they are used in real-world (i.e., “scale-free””) networks,
by focusing on the linguistic and semantic structure of pop-
ular hashtags (Booten, 2016), or modeling the dynamics un-
derlying their spread online (Cunha et al., 2011; Lin, Mar-
golin, Keegan, Baronchelli, & Lazer, 2013). For instance,
hashtags fall into one of two categories. Focal hashtags tag
posts with broad semantic topics to relate posts to broader
discussions and movements across an onine network. A
second set of individualistic hashtags make the distribution
of hashtags heavy-tailed, as they co-occur with focal hash-
tags while allowing users use to signal personal narratives
(Booten, 2016). Furthermore, hashtags generally fall into a
“winner’ or “loser” category (Lin et al., 2013), in that while
many hashtags initially compete for popularity, only a small
set of hashtags will persist to allow for broader narrative col-
laboration across the network. It is unclear how endorsed
narratives shape the production of hashtags and how hash-
tag dynamics are sensitive to network structures. To address
these important questions, empirical experiments must mirror
the interaction structure and media of online environments to
effectively account for how groups engage with narratives in
real-world networks, and how group behaviors are affected
by an individual’s representation of the underlying event.

One approach to studying narrative interaction is to run
social network experiments, where a group of participants
are placed in a social network and interact with one another.
This paradigm allows network structure to be manipulated
under experimental control. Social network experiments have
historically used relatively simple materials to measure how
varying social network structure (e.g., node connectivity) in-
fluences the adoption of normative behaviors. For example,
Centola and Baronchelli (2015) asked participants to coordi-
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nate on naming an image of a face with network neighbors.
They found that interactions within homogeneously-mixed
networks—fully-connected networks where each participant
is linked to every other participant—support the emergence of
normative behaviors (i.e., the full network aligning on a sin-
gle name), while spatially-embedded networks, where each
participant is linked only to a handful of neighbors, did not.
Here, we extend this well-established network experiment de-
sign by using naturalistic narrative materials and interaction
behaviors akin to those in real-world online networks. We
hypothesize that repeated interactions in localized neighbor-
hoods will allow groups to coordinate more effectively, but
neighborhoods spanning a fully-connected network will be
more likely to produce dominant behaviors. To test these
hypotheses, we developed fine-grained measures of behav-
ioral coherence at both the level of local coordination be-
tween pairs of participants, and at the level of global con-
vergence across the full network. In addition, we applied an
NLP model to compare people’s causal language use in per-
sonal narratives before and after networked interaction.

Online Network Experiment on Personal
Narrative and Hashtag Generation

Participants

We sampled a total of N = 420 participants from the Prolific
and SONA subject pools, and placed them into one of ten
network conditions. Conditions vary the size of a network
(N =20,50,100) as well as its connectivity (homogeneously-
mixed/fully-connected; spatially-embedded/ring-like). We
collected six network runs for N = 20 (three runs per net-
work structure), and single runs for each structure of N = 50
and N = 100. Participants N = 20 and N = 50 conditions
were sampled using Prolific. For the N = 100 condition, we
recruited undergraduates in the Department of Psychology at
UCLA through SONA . We posted initial recruitment surveys
a week prior to each run in SONA and a few hours prior to
each run in Prolific. Participants who received the most points
at the end of the experiment received an additional $10 bonus.

Materials

Across all network conditions, participants first read a four-
paragraph narrative description of the Fukushima nuclear dis-
aster. The narrative explains how a large earthquake trig-
gered a tsunami that caused damage to a nuclear reactor and
resulted in radiation leaks, population displacement, and an
energy-saving movement “Setsuden”. We selected this nar-
rative based on a pilot study demonstrating that it resulted
in the most diverse set of hashtags within a set of tested
narratives related to natural and financial disasters. This is
likely because the narrative describes a rich set of causal rela-
tions (a generative causal chain producing a branching com-
mon cause sequence) and included both negative (e.g., dis-
placement, poisoning) and positive effects (e.g., energy sav-
ing movement). Fig. 1 illustrates the causal structure of the
Fukushima disaster narrative.
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Figure 1: Causal model communicated in the nuclear dis-
aster narrative. This diagram is just for illustration pur-
poses, participants did not see this diagram. They read a four-
paragraph narrative describing how the Tohoku earthquake
triggered a massive tidal wave that damaged the Fukushima
Nuclear Power Plant, resulting in electricity outages, radia-
tion leaks and poisoning, human displacement, and Setsuden,
a national energy-saving holiday.

Experimental Design and Procedure

Network Experiment Method We used the open-source
framework OTree written in Python (Chen, Schonger, &
Wickens, 2016), and hosted experiments on a Linux server.
Participants joined the experiment through a Qualtrics survey
that directed participants to the network experiment.

Our social network experiment proceeded in three steps.
First, we randomly assigned each participant as a player in a
network that defined who may interact with whom on a given
trial. Second, we assigned interactions between individual
participants on each trial. Third, we rewarded participants
based on the outcome of their interactions. We can specify
this process using graph theory notation. The first step is to
initialize a fixed graph G(N, E), defined by a set N nodes rep-
resenting individual participants connected through an edge
set E. We discuss below the specific graph structures used.
The second step iterates over T trials. On a given trialt € T,
connection (edge) configurations follow mixing participants
randomly within a participant’s neighborhood. The third step
is to identify and reward coordinated behavior. If the response
from participant n; on trial ¢ is 7%, then participants n; and n;
coordinate if r; = /.

Procedure The experiment consisted of three blocks: a pre-
interaction block, a networked interaction block (described
above), and a post-interaction block. This three-block de-
sign allowed us to assess behavioral dynamics during the net-
worked interaction block, in addition to examining whether
networked interaction can shift beliefs from pre- to post-
interaction blocks.

In the pre-interaction block, participants read a four para-
graph narrative describing the Fukushima nuclear disaster,
and then were asked to write a “tweet” (within a 140 word
limit) and ten hashtags characterizing the events described in
the narrative.
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Figure 2: Two neighborhood structures tested in this ex-
periment: Spatially-embedded (left) and homogeneously-
mixed (right) networks with N = 10 nodes. Red edges rep-
resent the neighborhoods for a hypothetical node 0O in both
networks. As a network’s size grows, the diameter of spa-
tial networks grow whereas homogeneous networks maintain
a diameter of 1.

In the networked interaction block, participants joined
a network experiment through real-time interaction on the
online platform. Participants were assigned to one of six
experimental conditions based on the size of the network
(N =20; 50; 100) and network structure (spatially-embedded
and homogeneously-mixed; see Fig. 2). Regardless of net-
work size, nodes in spatial networks have a consistent neigh-
borhood size k = 4, meaning each participant would interact
with four other participants in the entire experiment. Neigh-
borhood size in homogeneous networks is N — 1, as each par-
ticipant can interact with any of the remaining participants.
A consequence is that the network diameter (i.e., the largest
geodesic distance in the connected network) was consistently
1 in all tested homogeneous networks, but grows as a func-
tion of size in spatial networks. Both of these features of
network topology (i.e., size and diameter) uniquely influ-
ence the emergence of shared behavior in online networks
(Anagnostopoulos, Becchetti, Castillo, Gionis, & Leonardi,
2012).

The networked interaction block consisted of 40 trials,
where participants interacted with their partners based on the
edge structure in the assigned network. On each trial, par-
ticipants were instructed to write a single hashtag describ-
ing the narrative they read in the pre-interaction block. Af-
ter participants submitted their hashtag response, they were
then presented with a new page showing their own hashtag
response, their partner’s hashtag response, whether they re-
ceived a point for matching responses with their partner, and
their cumulative reward point.

Following networked interactions, participants entered a
post-interaction block where they wrote one more “tweet”
for the same narrative and another ten hashtags describing
the event. Before completing the experiment, they provided
demographic information.

Results and Discussion

Global connections support emergence of dominant re-
sponses We fit a Bayesian generalized linear model (GLM)
to predict how the two network structures (spatially-
embedded vs homogeneously-mixed structure) support the
emergence of a dominant hashtag response. We assume that
the proportion of participants who produced the dominant
hashtag on trial ¢ follows a Beta distribution, a commonly
used distribution to predict proportion values (McElreath,
2016); we used uninformative priors (i.e., A[(0, 10)) over re-
gression coefficients. Specifically, the GLM model predicted
the proportion value as a function of trial number (i.e., Trial)
interacted with network structure (Spatial vs Homogeneous),
while controlling for network size. Here, we simply predict
the proportion of players in a network producing the domi-
nant response on a given trial, which could be different hash-
tags across different trials for a single run.

As shown in Fig. 3, shared responses emerge from net-
worked interactions in both network structures (Brya =
0.04, 95% CI [0.04,0.05]), however dominant responses
emerge more easily in homogeneously-mixed networks than
spatially-embedded networks (Brriarxspatiat = —0.01, 95% CI
[—0.02, —0.00]). We found that within the confines of a given
experimental run (i.e., 40 interaction trials), the shared re-
sponses emerge more quickly in smaller network sizes than
larger ones (Bsi; = —0.01, 95% CI [—0.01,—0.00]) (note that
this effect represents the additive effect of increasing network
size by one). These results suggest that network structure
and size are important characteristics to determine the adop-
tion of shared beliefs, and replicates previous findings from
behavioral economics and the computational social sciences
(Golub & Jackson, 2010; Centola & Baronchelli, 2015).

Network topology affects entropy dynamics of response
distribution Responses from all players in a network pro-
duce a distribution of generated hashtags on each trial. The
variability of hashtags over time captures the degree of co-
herence of individual responses across all participants in a
network. Hence, entropy is a concise measure of response
variability across a network (Avolio et al., 2019; Hallett et
al., 2016); the lower the entropy, the more similar the set of
responses from all players. We computed the change in en-
tropy of the response distributions across each network run,
and fit a Gaussian generalized linear model to predict a net-
work’s entropy as a function of time and structure (and their
interaction), while controlling for a network’s size.

As shown in Fig. 4, the GLM model shows that the start-
ing entropy is similar across network structures (o = 2.59,
95% CI [2.47,2.71]). Furthermore, the entropy of hash-
tag responses decreases over time (Brqy = 0.04, 95% CI
[—0.04, —0.03]), however entropy decreases at a faster rate
in homogeneously-mixed networks than spatially-embedded
networks (Bspariar = 0.01, 95% CI [0.01,0.02]). Because
larger networks have more participants contributing re-
sponses, we also found a positive effect of network size on
entropy (Bsize = 0.01, 95% CI [0.01,0.01]). While a sin-
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Figure 3: Proportion of participants generating a domi-
nant hashtag as a function of trials across network struc-
tures. Curves represent marginal effects of the linear model,
and error bars represent 95% Bayesian credible intervals.
Homogeneously-mixed networks show faster emergence of
dominant responses due to information aggregation across
network connections.

gle dominant response may struggle to emerge in spatially-
embedded networks, responses are still cohering within lo-
cal neighborhoods, which in turn decreases the entropy (less
variability) of hashtag responses, but at a slower rate than
homogeneously-mixed networks. Because separate local-
neighborhood groups can align on different hashtags in
spatially-embedded networks, this finding is consistent with
echochambers found in online networks. We discuss this idea
in more detail at the end of this section (see Fig. 6).

Local connections support coordination within neighbor-
hoods Connections across a network support the emergence
of a dominant belief. However, increasing the connectivity
of a node decreases the amount of times that any given pair
of players can coordinate. In the spatially-embedded, part-
ner players coordinate ten times across forty trials, regardless
of total network size; whereas in homogeneously-mixed net-
works repeated interactions significantly decrease as a func-
tion of network size (i.e., number of players in the network).
To assess how coordination dynamics varied across network
structures, we fit a Bernoulli generalized linear model to pre-
dict if a pair of participants coordinated on trial ¢ interacted
with network structure over time (controlling for the size of
the network).

As shown in Fig. 5, participants in both neighborhood
structures learned to coordinate with their networked neigh-
bors as trials progressed (Brriar = .04, 95% CI [0.00, 0.04]),
however those in spatially-embedded networks coordinated
more effectively than they did in homogeneously-mixed net-
works (Bspariat = -02,95% CI [0.01, 0.03]).

Local coordination can result in separable neighborhoods
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Figure 4: Entropy of hashtag responses decrease over time
across network structures. Lower values imply greater co-
herence of responses across participants because generated
hashtags are more similar. However, entropy of responses de-
crease more rapidly in homogeneously-mixed networks due
wider communication of information.

coordinating on different hashtags. Fig. 6 depicts the full
array of responses for a single run of both N = 20 network
structures. Different local groups align on different hash-
tags in the spatially-embedded network. For example, 16-
18 adopted #NuclearDisaster, while 2-6 and 8-14 aligned on
#Nuclear; and nodes 19, 20, and 1 aligned on #Setsuden.
The emergence of separate, localized groups coordinating on
different hashtags likely hinders a dominant response from
emerging in these networks, and limits the decrease of en-
tropy as shown in the earlier analysis of global network coher-
ence. The other N = 20 runs and network sizes N = 50, 100
display similar results. Participants in localized clusters re-
ceived high rewards for coordinating within their partners in
the local clusters (as indicated by the node size in the net-
works to the left of the color maps). Although participants
were not coordinating as effectively in homogeneously-mixed
networks, network topology still supported the emergence of
a dominant response globally.

This result suggests that a latent form of information ag-
gregation leads to the emergence of dominant hashtag, rather
than being directly due to participants coordinating effec-
tively in the local neighborhood (Golub & Jackson, 2010).
Furthermore, note how in Fig. 6, participants 7 (top) and
17 (bottom) both received zero reward for coordinating, and
continually generated new hashtags over course of the experi-
ment. Participants are rewarded by adopting shared behaviors
that encourage a shift towards consensus, and those that don’t
learn to exploit environmental regularities are not rewarded.
Probing causal representation change following net-
worked interactions Before and after networked interac-
tion, participants wrote “tweets” describing the narrative.
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Figure 5: Emergence of coordinated behavior across net-
work structures.

Natural language processing (NLP) methods applied to these
documents can illuminate which parts of the narrative peo-
ple focused on when describing the events in a brief format
such as tweets. Because causal relations are central to nar-
rative representation (Zwaan, Magliano, & Graesser, 1995;
Morrow, Bower, & Greenspan, 1989), we analyzed the causal
claims that participants made in the tweet documents.

Priniski et al. (2023) developed a Large Language Model
(LLM) system that identifies and extracts causal claims ex-
pressed in text documents. The model identifies spans of
words serving as inputs to explicitly stated causal relations.
Both the cause and effect events, and the underlying causal
relation (i.e., a causal trigger) must be explicitly stated for the
algorithm to identify the causal claim. The extracted claims
are then co-referenced based on BERT embeddings of the
identified entities (Devlin, Chang, Lee, & Toutanova, 2019),
to produce clusters of semantically similar topics, termed
“causal topics”. The model additionally encodes the direction
of the stated causal relationships linking any two clusters.

Networked interaction shifts causal language expressed
in personal narratives To assess if participants expressed
more causal language following networked interaction, we fit
a hurdle Poisson model to predict the number of causal claims
a participant produced at a given phase of interaction. The
hurdle Poisson model consists of a logistic classification step
for identifying tweets with no identified causal claims, and
then a Poisson distribution estimates the counts for remaining
documents. Because some participants may be more prone to
generate causal reports than others, we fit the model with a
random intercept for subject. Effects are to be interpreted as
cumulative log odds which describes the expected number of
claims in each interaction phase and network condition.

The hurdle parameter predicts that around 54% of docu-

ments contained zero causal claims (hu = .54, 95% CI [0.51,
0.57]). The intercept equals the expected log count of causal

1 1
12 20

a
15 16 17

Figure 6: Rewards and colormaps of hashtag responses
across a single N = 20 run. Top panel shows results for
a spatially-embedded network, the bottom panel is from a
homogeneously-mixed network. Left: Network structure
with player nodes sized by participants’ final rewards for co-
ordinating (range (top) 0-25; (bottom) 0-19). Right: Col-
ormap of individual responses, rows represent individual par-
ticipants’ set of responses, columns represent trials. Cells en-
code the first five letters of the generated hashtag.

claims before networked interaction in a homogeneously-
connected network (Bo = .19, 95% CI [-0.04, 0.39]), which
equates to a mean of 1.19 claims. Interestingly, after net-
worked interaction, the expected count increases to around
1.61, which is more than pre-interaction counts (By = .30,
95% CI [0.08, 0.52]). Participants in spatially-embedded
networks produced slightly fewer claims than those in
homogeneously-mixed networks, however there was not a
credible difference (Bspariar = —-12, 95% CI [-0.34, 0.09]).

Finer-grained analyses of the content of participants’
causal claims can reveal what causal topics are most salient
in the narrative, and how network structure may shift an indi-
vidual’s representation of the narrative’s causal content. We
compared differences in claims made after and before inter-
action to highlight causal relations that may have been en-
hanced by interaction. As shown in Fig. 7, the model iden-
tified fourteen causal clusters, plus a non-topic category of
claims that couldn’t be clustered based on their embeddings.
All causal events expressed in the narrative appear as clusters
in the corpus (for reference see Fig. 1), reflecting a tendency
to use causal claims when summarizing events, even in short-
formatted messages such as tweets. Because causal relations
are directional (causes produce effects), Fig. 7 shows the
direction of the relationships linking any two topics. Rows
denote clusters used as a cause and columns denote clus-
ters used as an effect. Cell values are the averaged differ-
ences across networked conditions in the number of claims
expressing that causal relation after interaction relative to be-
fore (i.e, post - pre-interaction). Due to the global aggrega-
tion of information in homogeneously-mixed networks, par-
ticipants in these networks generate tweet messages includ-
ing a smaller set of causal relations centering around the
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Figure 7: Shift in causal language following networked
interaction. Top: spatially-embedded networks; bottom:
homogeneously-mixed networks. Cells represent average dif-
ference scores of claims instantiating each causal topic across
network structures. Cell i, j represents documents claiming
that topic i caused j. Positive values indicate more documents
expressed that causal relationship after interaction, negative
values indicate less causal claims in the tweet documents af-
ter network interaction.

initial causal chain in the narrative. For example, for the
groups with homogeneously-mixed interactions, the causal
link earthquake — tsunami had increased by 1.7 documents
after interaction, and the subsequent causal link tsunami —
nuclear disaster had increased by .5. However, the enhance-
ment of this causal chain is much weaker for the groups with
spatially-embedded interactions; the difference scores are .3
and —.2, respectively.

Discussion

We examined how the similarity between a full set of hashtags
across a network, and the similarity between pairs of coordi-
nating nodes is sensitive to a network’s neighborhood topol-
ogy. We replicated the finding that global connections facil-
itate the emergence of dominant behaviors, while repeated
interactions within localized neighborhoods promotes higher
rewards based on coordination, with separable communities
producing different hashtag responses.

These findings have direct implications for understand-
ing the onset of echochambers and belief polarization in on-
line social networks. High reward values in the spatial net-
works proxy social reinforcement for stating one’s beliefs
online. People will increase their confidence in their stated
beliefs when those in their neighborhood reaffirm their re-
sponses, despite different beliefs reported from others in dif-
ferent communities. After separate clusters of people begin
coordinating on different responses, it will become more dif-
ficult to find common ground once beliefs are solidified with
one’s groups (Kahan et al., 2012). Our results suggest that
one way to increase global agreement within a online net-
work is to structure neighborhoods as to encourage interac-
tions across a wider-array of nodes in the network. Even if
participants don’t directly coordinate their beliefs with their
direct contacts, access to this information could have an ag-
gregate impact on the global consensus of the network.

In addition to analyzing hashtag reporting during net-
worked interaction, we measured shifts in causal language
use before and after networked interaction. We found that
more causal topics emerged after network interactions, espe-
cially more in homogeneous structure than in spatial struc-
ture. These results suggest that network interactions have
the potential to deepen people’s understanding of causality
in complex events. Future NLP analyses of “tweets” should
parse a wider-array of semantic relations to model shifts in
situation models, the memory representations people build
when processing text-based narratives (Morrow et al., 1989;
Zwaan, Langston, & Graesser, 1995; Zwaan & Radvansky,
1998). This effort could elucidate how networked interac-
tions impact people’s narrative representations, and illumi-
nate mechanisms for encouraging healthier discourse online.
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