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Social cohesion is an important determinant of community well-being,
especially in times of distress such as disasters. This study investigates the
phenomena of emergent social cohesion, which is characterized by abrupt,
temporary and extensive social ties with the goal of sharing and receiving
information regarding a particular event influencing a community. In the con-
text of disasters, emergent social cohesion, enabled by social media usage,
could play a significant role in improving the ability of communities to cope
with disruptions in recent disasters. In this study, we employed a network
reticulation framework to examine the underlying mechanisms influencing
emergent social cohesion on social media while communities cope with
disaster-induced disruptions. We analysed neighbourhood-tagged social
media data (social media data whose users are tagged by neighbourhoods)
in Houston, TX, USA, during Hurricane Harvey to characterize four modalities
of network reticulation (i.e. enactment, activation, reticulation and perform-
ance) giving rise to emergent social cohesion. Our results show that, unlike
regular social cohesion, communication history and physical proximity do
not significantly affect emergent social cohesion. The results also indicate
that weak social ties play an important role in bridging different social network
communities, and hence reinforce emergent social cohesion. The findings can
inform public officials, emergency managers and decision-makers regarding
the important role of neighbourhood-tagged social media, as a new form of
community infrastructure, for improving the ability of communities to cope
with disaster disruptions through enhanced emergent social cohesion.

1. Introduction

The objective of this study is to characterize the dynamics of emergent social
cohesion in neighbourhood-tagged social networks in coping with disaster dis-
ruptions. Information seeking and sharing are among the main components of
human protective actions when facing disasters. With the increasing use of
social media, online communication is increasingly prominent in information
gathering and sharing among community members, especially during times
of crisis [1,2]. This is because, when disasters cause inevitable disruptions in
physical infrastructure and subsequent distress for humans, social networks
enable information sharing and adjustment behaviours that play a key role in
helping communities cope with disaster impacts [3,4]. Social cohesion has
been shown to be an important element for human well-being [5,6], especially
in times of distress and crisis [7]. In particular, the increasing use of social media
during disasters could give rise to emergent social cohesion, which is character-
ized by abrupt, temporary and extensive social ties with the goal of sharing and
receiving information regarding a particular event influencing a community [8].
Existing literature has already examined online social networks (OSNs) from
multiple important aspects, such as fundamental structure of social networks
[9,10]; information diffusion [11-14]; and social segregation [15,16]. Some
methodologies and techniques have been employed to examine user activities,
network structures and information propagation on social media for different
purposes. For example, community network analysis has been used for
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examining roles of different actors/organizations, as well as
information diffusion [17,18]. Topic analysis has also been
used to evaluate important topics discussed by communities.
While each of these studies (and the adopted analytics)
provide insights about a particular modality in OSNs, they
do not inform us about the relationships among various
modalities influencing important phenomena such as
emergent social cohesion. To this end, this study aims to
examine various modalities and mechanisms in OSNs
influencing emergent social cohesion in disaster-impacted
communities using an integrated approach. Understanding
emergent social cohesion in OSNs and its underlying
dynamics may hold the key to promoting formal policies
for social media selection and usage during disasters by
city officials, emergency managers and community leaders.

In this study, we specifically examine the dynamics of
emergent social cohesion in neighbourhood-tagged social
media during disaster disruptions. Among different social
media platforms, most of them, such as Twitter, tag their
users with a city, a state or a country in their profiles to
enable large-scale communication among masses of users
regarding different topics and events (such as disaster-
induced events) [19]. Community disruptions, however,
tend to be localized and vary from one neighbourhood to
another. For example, one neighbourhood may be affected
by flooded roads while another neighbourhood might be
dealing with sewage back-up. Without tags of neighbour-
hood information, it is hard for social media users to share
and receive information regarding the same disruption
event with users from the nearby neighbourhood and cope
with disruptions. The examination of the effect of geographi-
cal proximity on emergent social cohesion is not feasible to
do using Facebook and Twitter data since the distance and
neighbourhood locations are not known. Hence, analysing
neighbourhood-tagged OSNs makes it possible to uncover
the relationships among neighbourhood-specific disruptive
events, human activities and cohesion in OSNs. Such charac-
terization would be unattainable through the use of other
communication technology tools such as Twitter [20,21].
In this study, we examine the underlying dynamics of
emergent social cohesion in OSNs using a theoretical net-
work reticulation framework based on four modalities:
enactment, activation, reticulation and network performance
in neighbourhood-tagged OSNs. The study uses neighbour-
hood-level social media data (from Nextdoor) related to
Hurricane Harvey in Houston, TX, USA, in analysing each
modality of network reticulation and its relationship to the
emergence and stability of social cohesion.

Hurricane Harvey was a category 4 tropical storm which
affected Houston, the fourth largest city in the USA, from 26
August to 29 August in 2017 [22]. The extremely high intensity
of the rainfall brought by Hurricane Harvey led to the water
levels of Addicks and Barker reservoirs in the west of Houston
rising to their maximum [23,24]. To prevent the reservoirs
from abrupt disruptions, a large amount of water was released
from the reservoirs; this water flooded the nearby 28 neigh-
bourhoods. We collaborated with the volunteers living in
these neighbourhoods and collected unique and publicly avail-
able data from their Nextdoor accounts in which the user
profile’s location is verified by the user’s physical address
and tagged by a neighbourhood name. The dataset spans 19
days, from 20 August to 7 September, including 7 days
before Hurricane Harvey and 12 days during Hurricane

Harvey and the subsequent flooding. Surveying the affected
area, the identified 28 neighbourhoods have various numbers
of users (electronic supplementary material, appendix,
table S1). In total, our dataset includes 2690 active users
who posted or commented at least one message, 1939 posts
and 32776 comments. Daily OSNs are mapped based on
this dataset, in which active users are abstracted as nodes
and the post-comment relationships are abstracted as
edges (i.e. social ties) (electronic supplementary material,
appendix, fig. S1).

2. Network reticulation theory

Communication theories such as Corman’s network reticula-
tion theory (NRT) [25], Giddens’ structuration theory [26] and
Homans' theory of human groups [27] have defined basic con-
cepts and processes related to communication networks, such
as the concept of triggering events, activity foci and
communication relationships. These theoretical elements can
enrich the existing analytics used for evaluating distinct
modalities in OSNs and provide an integrative framework
for examining the relationships among various modalities
influencing important phenomena in OSNs. Hence, building
upon these theoretical concepts from the communication field,
we proposed an extended NRT as an integrative framework
for examining four modalities and their relationships that
affect emergent social cohesion in OSNs in disasters (figure 1a).
The NRT framework used in this study characterizes the
dynamics of social networks based on four modalities: enact-
ment, activation, reticulation and performance. Each modality
is a concept that relates the systematic phenomena to structural
features in OSNs [26]. Enactment modality represents disrup-
tive events (e.g. community disruptions and infrastructure
failures) which trigger human activities in social networks.
Events tend to evolve, trigger activities in individuals and
cause transformation in the structure of OSNs. For example,
the information-sharing behaviour when the environmental
events occur and the situation evolves is more active than the be-
haviour before the events. Activation modality specifies user
activities—posting and commenting about disruption events.
Specifically, activities such as reporting and discussing situ-
ations in neighbourhoods (e.g. damage to housing, floodwater
levels and road closures) stimulate communication instances
in OSNs. Because of the dynamic nature of the unfolding of dis-
aster-induced events, the activity themes (see the definition in
Material and methods, §4.5) vary from one activity focus to
another and over time. Accordingly, activity foci are identified
to represent a cohesive cluster of online users corresponding
to a particular activity theme in OSNs during a specific time
period. Reticulation modality characterizes the structural prop-
erties of communication instances among clusters of OSNs
corresponding to different activity foci. Specifically, reticulation
modality signifies the creation and reinforcement of social ties
among users regarding specific activity foci. Finally, network
performance modality determines the influence of user activi-
ties on the structure of OSNs. In particular, we determine the
measure of network assortativity at both the network and
activity focus levels and their changes over time to signify the
structural anatomy and stability of emergent social cohesion
in OSNs. We employed the NRT framework and its four mod-
alities in emergent cohesion  in

examining social
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Figure 1. (a) Modalities of the NRT framework. Each modality (i.e. enactment, activation, reticulation and performance) is composed of two components: systemic
phenomena and structural properties. (b) Disaster events happened in the neighbourhoods near reservoirs, including Hurricane Harvey and water release from
reservoirs. The first day when the hurricane approached the neighbourhoods is tagged as 1. (c) Number of active users and communications on social media
before and during the hurricane and flooding. (d) The proportion of eight themes in online communications among users from 28 neighbourhoods for 12
days, in which the proportions were weighted by the number of communications under the posts regarding a certain theme.

neighbourhood-tagged OSNs during Hurricane Harvey in 2017
and the subsequent flooding event in Houston.

2.1. Enactment modality

The enactment modality in the NRT framework focuses on
examining the nature and timing of the triggering events
(e.g. Hurricane Harvey and water release from reservoirs)
to better understand their impacts on the affected neighbour-
hoods. As shown in figure 1b, Hurricane Harvey started
having impacts on the neighbourhoods in the west of Hous-
ton on day 0 (26 August 2017). It dropped torrential and
unprecedented amounts of rainfall over the Houston metro-
politan area on days 1 and 2, and then weakened and
moved towards Louisiana after day 3 (29 August 2017).
Because of the heavy rainfall, the two major flood control
infrastructures, Addicks and Barker reservoirs, reached
their maximum capacity. To protect the reservoirs from
breaching, the US Army Corps of Engineers decided to
release the water from these two reservoirs without issuing
any statement, inundating thousands of houses in nearby
neighbourhoods [28]. The entire duration of the flooding
lasted for 10 days, spanning from the end of the hurricane
until the flood water receded. The houses in west Houston
had never flooded before; and 80 per cent of the residents
did not have any flood insurance [29]. Hurricane Harvey
and the subsequent flooding event resulted in extreme
panic among the affected neighbourhoods. People in these
neighbourhoods had to seek situational information, look

for relief resources and evacuate. As such, the communi-
cations of people on Nextdoor increased significantly
during that period. As shown in figure 1c, more than 200
active users from these neighbourhoods communicated on
Nextdoor each day during Hurricane Harvey and the flood-
ing, generating more than 1000 posts and comments (see
details in electronic supplementary material, appendix,
table S6). The posts and comments are analysed in the
same way, and both are considered as communications
among online users. The peak of the communication and
active users occurred at the end of Hurricane Harvey and
the beginning of the flooding. When the flood started to
recede, the activities of the users decreased as well.

2.2. Activation modality

In our NRT framework, the triggering events cause user
activities related to seeking and sharing information to cope
with disruptions. User activities on the neighbourhood-
tagged social media include posting queries to seek help or
ask questions, as well as commenting posts to respond or
share information. The activation modality helps to link the
enactment modality (triggering events) to the reticulation
modality (communication instances). In the activation
modality, online users organize and create the conditions
that necessitate communication instances and social ties
with each other. In this study, the activation modality
identifies activity themes and foci, around which the reticula-
tion of communications unfolds. Hence, collectively, four
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modalities enable the understanding of emergent social
cohesion in OSNs during disasters.

From day 1 to day 2, when the hurricane landed, the most
concerned activity theme was the status of infrastructure
(accounting for 73.8% in all communications on day 1),
including road, power and water (figure 1d). Beginning on
day 3, water release from the flood control reservoirs started
and the released water flooded the nearby neighbourhoods.
Hence, again, infrastructure-related communication was the
main activity theme discussed by users (accounting for
67.4% in all communications on day 3). Meanwhile, more
and more requests or coordination of help from the users in
these affected neighbourhoods were posted on the social
media (7.98% of all communication on day 4). The damage
to housing and properties became increasingly severe, and
this theme increased from 9.49% of all communications on
day 4, to 22.4% of all communications on day 5, and finally
reached 48% of all communications on day 6. When the
flood water started to recede on day 7, residents focused
more on relief and advisory information (65.1% in all
communications on day 7). The relief theme included infor-
mation related to insurance, recovery tips as well as federal
aid (accounting for more than 50% of all communications
between days 7 and 11). When the flood water receded on
day 12, multiple activities including volunteering, requests
for help, relief information seeking, and housing and proper-
ties had equal shares of communications. This indicates that,
as the triggering events dissipated, the prominence of the
main activity themes dissipated as well. This analysis
shows the direct relationship of activity themes with the
timing of triggering events.

The primary activities and themes are the results of
activity foci, which can be examined as structural clusters
in OSNs communicating activity themes [25]. We employed
the Louvain algorithm to detect the activity foci in the
OSNs (see §4.1) [30]. In the activity foci, users collectively
drew on information to co-act with each other and cope
with the disruptions. The more severe the triggering events
in the physical environment, the more individuals tend to
find and develop new activity foci [7]. Consistent with the
structural approach underlying the focus theory [31], the
number of activity foci in the days at the beginning of flood-
ing (especially from day 2 to day 6) is greater than that in
other days (electronic supplementary material, appendix,
table S3). This is because information seeking is an important
component of human protective action and people had to
look for a variety of information to cope with the adverse
impacts of flooding (figure 1d).

Evaluation of the activity foci based on the structural net-
work properties enables the evaluation of which users and
activity themes give rise to emergent social cohesion. For
example, figure 2a depicts the activity foci and their focused
themes in OSN on day 6. The activity themes can be ident-
ified from the content generated by the users among the
activity foci. Each activity focus has its own focused themes
such as volunteer and infrastructure status, which brings
users together to share information and resources. The pres-
ence of activity themes and foci further facilitates collective
protective action, and hence enhances cohesiveness among
users in activity foci. As shown in figure 2b, compared with
the density of the entire network, the densities of the activity
foci are significantly higher. This implies that users in each
activity focus are densely connected to users within the

same activity focus and have fewer edges connected to [ 4 |

users outside the activity focus. The results are consistent
with the results of modularity, which measures internal
(and not external) connectivity (see electronic supplementary
material, appendix, table S3). The higher the modularity, the
more connected the activity focus (i.e. nodes in the activity
foci are closely connected, and are less connected to nodes
outside the activity foci) [32]. The information related to
nodes and edges for each activity focus can be found in
electronic supplementary material, appendix, table S4.

2.3. Reticulation modality

Activities by users on social media lead to the formation of
communication instances (a.k.a. social ties). To determine
the extent to which the increase in communication instances
and social ties was due to the triggering events, we examined
the effects of two latent factors: communication history and
physical proximity of user locations.

2.3.1. Effects of communication history and physical proximity
Communication history was analysed to determine whether
the emergent social cohesion was more influenced by trigger-
ing disruption events or by the past communication of users.
We calculated the proportion of existing social ties which
were established during 7 days before the hurricane landed
(figure 2c). The results show that the proportions of prior
social ties to post-event social ties are very low across the
entire 12 days. All of the proportions do not exceed 4% and
the proportions are even less than 0.5% in 7 days (i.e. days
2,3,4,5, 8 and 11). These results demonstrate that, unlike
the case of regular social cohesion, the communication his-
tory did not have a significant influence on the formation
of social ties in emergent social cohesion.

Another latent factor is the physical proximity of users
[33,34]. As all users are tagged by their neighbourhoods, we
defined the physical proximity between users based on the dis-
tance between their neighbourhoods (electronic supplementary
material, appendix, figure S3A). The measurement of the dis-
tances between neighbourhoods is defined in the Material
and methods section. Electronic supplementary material,
appendix, figure S3B displays the communication frequencies
between neighbourhoods across the entire period of analysis
(see the heatmaps for daily communication frequency in
electronic supplementary material, appendix, figure S2). How-
ever, Pearson’s correlation coefficient indicates that physical
proximity has a weak correlation with the frequency of online
communications between different neighbourhoods. Thus,
physical distance does not hinder the process of emergent
social cohesion in the context of community disruptions
either. The findings imply that the main reticulation mechan-
isms (creation or reinforcement of social ties) were derived
from activity themes triggered by disruptive events, and not
by the communication history and physical proximity.

2.3.2. Spatial and temporal changes in social ties

We mapped the weight distribution of social ties for each day
in the OSNs (figure 2d). The distribution of weights for social
ties varies across different days. Generally, the weight for
most edges is 1 regardless of whether the users connected
by an edge are from the same neighbourhood or not. This
is also shown by the median weights of the weight distri-
bution in each day (see electronic supplementary material,

8//06L0T :LL pua3ul 20S Y °f  yisi/jeunol/bio buiysijgndAiaposiesol



(@)

activity foci with
a focused theme:

I Tf f’ . / infrastructure
BN V, | Nz status
— > ', i 1]
oy | ~or
- 5 L]
: <
oy .

L— =
activity foci |- N e
with a focused v ot /
theme: 97 T e

volunteer (. /e " 4 activity foci with

a—" B a focused theme:
& housing and
properties
&)
5 1.0
&
z
£ 08 E
31
< o
b= o
£
s 0.6 | o
=
z
£ 04 L
g o
S (o]
5] )¢
go2
g7
g
3
0

1 2 3 4 5 6 7 8 9 10 11 12
days in hurricane and flooding

~
o
~

1.52 . 1.62

045 0.36
0.18

proportion of existing social ties (%)
(3]
o
1
-
~

0.07

1 2 3 4 5 6 7 8 9 10 11 12
days in hurricane and flooding

S

[ different
[ same

distribution of edge weights (log10)

BES |

v

1 2 3 4 5 6 7 8 9 10 11 12
days in hurricane and flooding

Figure 2. (a) An illustration of the focused themes of activity foci in the OSN of day 6. (b) Densities of daily networks (black dots) and activity foci (boxes and
colourful dots). (c) The proportion of existing social ties in OSNs during the disasters (see Material and methods). (d) The distribution and mean of weights of social
ties in each OSN. There are two types of social ties with regard to the neighbourhoods of the connected users: the social ties connect the users from the same
neighbourhood (orange), and the social ties connect the users from different neighbourhoods (blue). The weights of social ties were obtained by the frequency of

communications between two users.

appendix, table S5). In addition, the number of edges con-
necting users from different neighbourhoods is greater than
the number of edges connecting users from the same neigh-
bourhood. This phenomenon is more significant in the days
when a disruption event occurred (e.g. day 1 when the hur-
ricane started to land in the area, day 3 when water release
from the reservoirs started, day 7 when the flood started to
recede and day 12 when the flood water finally receded).
This indicates that user activities immediately after triggering
events go beyond the boundaries of their own neighbour-
hoods. Because the users in disasters are not self-contained
or self-sufficient for information processing [10], they rely
on information shared by others as well as on the reactions
and sentiments of others in processing information regarding
disaster threats. Thus, when the disaster situation evolves (i.e.
triggering events occur), online users would create more
weak social ties to gather new situational information from
different users and examine their sentiments and reactions.
This finding indicates that weak social ties connecting a
large number of users from different neighbourhoods play
a primary role in emergent social cohesion. Hence, unlike
regular social cohesion with strong social ties [35], the weak
ties are the building blocks of emergent social cohesion.

2.4. Performance modality

As discussed earlier, activity themes enable emergent social
cohesion in groups of users (a.k.a., communities or activity
foci) and create weak social ties between the users discussing
the same topics. In this section, we investigate the network
structural properties as a result of emergent social cohesion

to gain deep insights into the role of neighbourhood-tagged
social media in improving information propagation.

Mixing patterns in networks is an important approach to
study the tendency for nodes in networks to be connected to
other nodes that are similar (or dissimilar) to them in terms of
selected node attributes such as node degree and user profile
features (see Material and methods) [36]. To dissect the struc-
ture of emergent social cohesion and understand how the
cohesion structure contributes to the information propa-
gation, we examined the mixing patterns based on degree
(figure 3a) and neighbourhood (figure 3b) attributes of the
nodes and analysed the differences in the mixing patterns
at two levels: network level and activity focus level.

2.4.1. Degree assortativity

Degree assortativity measures the extent to which nodes with
similar degrees are connected to each other (e.g. whether gre-
garious people tend to associate with other gregarious
people) [36]. Figure 3a shows that most of the activity foci
in OSNs across the 12 days of the hurricane and flooding
are disassortative. That is, the activity foci most often
paired unlike nodes in which their degrees are quite different.
In addition, the degree assortative mixing patterns also vary
during the evolvement of the disaster situation, especially
when new triggering events happened. For example, the
mean of degree assortativity for the activity foci reached 0
(non-assortative) on day 3 when Hurricane Harvey passed
and the flooding from the reservoirs started, and on day 7
when the flooding started to recede. During these days,
when new events happened, activity foci lost the mixing
tendencies. At the network level, however, the daily OSNs
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exhibit a tendency of assortative mixing (i.e. users with a
similar degree connect to each other) (figure 3a). In evaluat-
ing the degree assortativity, for each daily network, the
social ties among different activity foci in OSNs are con-
sidered. These ties cross the boundaries of activity foci and
bridge the gaps among users in different activity foci and dis-
cussing different themes. In doing so, the degree assortativity
of the networks increased by about 0.4 from the means of
degree assortativity of the activity foci in each daily network.

Building upon this result, we can examine the structures
of the social network emerging on Nextdoor by assembling
the cliques in accordance with the mixing patterns (figure 3c).
The posting and commenting functionality on Nextdoor
enables users to form cliques in which users who commented
in the same post are fully connected with each other. Thus,
the social networks formed on Nextdoor are the result of
assembling the cliques with certain mixing patterns. Initially,
cliques emerged when disaster-related posts were generated
by users and attracted the attention of other users to com-
ment. Different users joined different posts based on their
theme of interests. Users with similar interests in the
themes form cohesive activity foci built upon multiple cli-
ques. The activity foci gravitate more users with varying
levels of degrees. This assembling mode contributes to the
formation of the hierarchy in social networks with various
degrees of users.

2.4.2. Neighbourhood assortativity

To assess the assortative mixing pattern for neighbourhoods
(the extent to which activity foci in OSNs include users
from the same neighbourhood), we calculated the assortativ-
ity coefficient of activity foci and examined the distribution

and means of the assortativity over time (figure 3b). As the
result shows, the means of neighbourhood assortativity coef-
ficients for activity foci during Hurricane Harvey and
flooding are around 0. The maximum value for the mean of
assortativity coefficients is only 0.18. This result indicates
that the majority of the activity foci in the emergent OSNs
are non-assortative regarding neighbourhoods. That is,
activity foci involved users from different neighbourhoods
to generate and share information in disasters. To further
support this finding, we examined the proportion of neigh-
bourhoods in each activity focus in these 12 OSNs
(figure 3d). Each pie chart was embedded in a node repre-
senting an activity focus. As shown in figure 3d, the
majority of activity foci in OSNs are composed of multiple
different neighbourhoods, regardless of different sizes of
the activity foci. This result also provides evidence that,
instead of the geographical boundaries, cohesive activity
foci are more driven by the information needs of users related
to triggering events and their impacts. Existing studies on
Twitter show that social media has not affected geographical
homophily (i.e. individuals from the same location tend to
connect with each other) and recent empirical research on
OSNs found that people still tend to connect more often to
geographically close people [37,38]. These studies did not
consider geographical homophily at the neighbourhood
scale. Our results indicate that neighbourhood-tagged social
media can enable users to break the physical boundaries of
neighbourhoods and achieve cross-neighbourhood com-
munication for information sharing and seeking to form
cohesive activity foci.

Analysing the neighbourhood assortativity for the entire
daily OSNs, we find that the majority of the daily OSNs
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have the neighbourhood assortativity coefficients 0.2-0.6
higher than 0 and the mean values of neighbourhood assorta-
tivity coefficients for their activity foci (figure 3b). The average
value for the neighbourhood assortativity coefficients for
these 12 days is 0.3, which signifies a weak assortativity for
the neighbourhoods. In addition, the changes in the neigh-
bourhood assortativity coefficients are consistent with the
unfolding of disruption events. Specifically, day 3 (when Hur-
ricane Harvey affected these neighbourhoods) and day 7 (the
last day with high water level in neighbourhoods) both have
low neighbourhood assortativity coefficients, which implies
that users tend to get information from different neighbour-
hoods as part of their protective action information seeking.

Combining the findings at the activity focus level and
network level, we can identify an important mixing pattern.
The neighbourhood-tagged social media (Nextdoor) enabled
users from different neighbourhoods to form cohesive
activity foci to share and seek the information they needed.
This also confirmed the role of activity foci in emergent
social cohesion in OSN, i.e. the primary reason for building
social ties on social media is communication activities which
motivate users to seek/share information regarding a trigger-
ing event. However, the social ties that cross the boundaries
of activity foci and enable the spread of information across
different activity foci tend to be created by users from the
same neighbourhood. These users play an important role as
boundary spanners contributing to the emergent social
cohesion within and across neighbourhoods.

3. Discussion

Our proposed theoretical network reticulation framework
uncovers the underlying modalities and structural network
properties affecting emergent social cohesion in the context
of community disruptions in disasters. Specifically, the find-
ings in this study show that community disruption triggers
user activities on social media, and users form activity foci
for communicating information related to different themes.
Then, weak social ties bridge the communication instances
(i.e. activity foci) to enable the reticulation in networks,
which subsequently shows a non-assortative mixing of users
to promote information propagation across physical and
online community boundaries. Although the case study
focused on how residents cope with a hurricane and flooding
event, the theoretical framework and many of our findings
could be generalized to other crises and geographical contexts.

One key finding was that disaster events trigger the emer-
gence and evolvement of human protective activities in
seeking information on social media. This information seek-
ing and sharing behaviour creates activity foci that gravitate
additional users and leads to the creation of new links
giving rise to emergent social cohesion. This finding implies
the important role that neighbourhood-tagged social media,
such as Nextdoor, plays in the formation of activity foci
related to different triggering events for which residents
seek information, and hence improves the individual and col-
lective protective action of the residents. This finding also has
implications for online influential users or community leaders
to initiate activity themes/foci and enhance cohesiveness of
users [39,40]. These individuals with boundary-spanning
weak ties between neighbourhoods play an important role
in scaling up the communication among neighbourhoods.

Future studies can examine the bridging and boundary- [ 7 |

spanning roles of these individuals to inform the efficient
and effective spread of information among online users
from different neighbourhoods.

Another key finding was that emergent social cohesion
arises from cohesive activity foci which focus on specific disas-
ter-related events and are constructed by weak social ties. In
the disaster context, activity foci become the gravitation
centres that absorb users (create weak ties) across different
neighbourhoods with interest/need for information about
the activity theme. Meanwhile, we observed that weak social
ties were derived from the activity themes, instead of com-
munication history or physical proximity. This finding
further confirms that people use social media during disasters
for information seeking as part of their protective action. In
other words, the fundamental function of social media
changes for people during disasters. Also, unlike regular
social cohesion with strong social ties and physical homophily,
the formation of inclusive activity foci and weak ties triggered
by disaster events are the building blocks of emergent social
cohesion. This result is also consistent with the principles in
homophily/heterophily theory that weak social ties are
more heterophilous than strong ties [41,42]. Accordingly,
creating weak social ties not only contributes to the inclusive-
ness of activity foci, but also has a significant influence on
emergent social cohesion and information spread. This is
because heterophilous communication facilitates the flow of
information between diverse segments of a social network
[42,43].

The third key finding was that different assortative
mixing patterns for OSNs and activity foci improve the infor-
mation spread. This happens because the assemblage of
multiple activity foci makes OSNs assortatively mixed by
creating social ties between users with similar degrees and
from the same neighbourhoods. At the same time, activity
foci themselves are composed of the ties between users
with different degrees and from different neighbourhoods.
The findings illustrate the assemblage process of OSNs and
the formation of the hierarchy in terms of the node degree
and neighbourhood attributes. This self-organized mixing
pattern could give rise to emergent influential users who
could be identified and used to seed urgent safety-related
information and speed up the diffusion of information [44].
Identifying users who bridge the boundaries of activity foci
using the degree and neighbourhood features and seeding
the information to these users can optimize information
propagation and help users to better perceive disaster
situations.

With the increased use of social media in disasters, emer-
gency managers, public officials and community leaders
would need to optimize their strategies to improve infor-
mation seeking protective
Understanding the structure and dynamics of social net-

action in communities.
works could provide information about better intervention
strategies to improve the spread of situational information,
the situation awareness of the affected population and the
response and recovery of neighbourhoods in disasters. Our
theoretical network reticulation framework and the findings
may provide important insights for public officials, emer-
gency managers and community leaders regarding social
media selection and usage policies for improving the capacity
of communities in coping with disasters. Additionally, the
proposed integrative framework can be further adopted in

~
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other studies and contexts to examine the dynamics of OSNs
based on the characteristics and relationships among the four
modalities. Therefore, the next critical question is how the
identified emergent social cohesion varies from one disaster
to another. Moreover, user behaviours on multiple social
media tools could be examined in future studies to provide
further information about emergent social cohesion in disas-
ters. A challenging problem, however, is to collect quality
data from different social media platforms for the same
areas. Moreover, future studies can combine the data about
phone calls with social media data to further examine social
network interactions (specifically, when there are disruptions
in Internet and telecommunication services). Nevertheless,
emergent social cohesion would primarily arise as a result
of the formation of weak social ties on OSNs (phone calls
are usually made to existing contacts, which reinforces exist-
ing social ties rather creating new communication instances).

4. Material and methods

The data were gathered by volunteers in different neighbour-
hoods one week after Hurricane Harvey. The neighbourhoods
in this study are defined by Nextdoor. Since Nextdoor allows
users to access all their historical data, the volunteers could
gather communications for the period before the disaster as
well. The volunteers used their personal Nextdoor accounts to
gather communications among users in their own and nearby
neighbourhoods using the public posts. A public post is a mess-
age that the user consents to be publicly available for all users
from nearby neighbourhoods rather than only to his designated
users. Communications among users through public posts
were gathered anonymously. Nextdoor only allows users to
show their physical addresses, and no organizational or associ-
ation identities are allowed to be disclosed. Social/institutional
identity cannot be observed and collected from user profiles.
Hence, there are no institutional mechanisms that affect
communication among neighbourhoods.

The neighbourhoods were selected based on two criteria. First,
these neighbourhoods were flooded when the water was released
from the reservoirs in west Houston during Hurricane Harvey.
The water release was a major disruption and caused a significant
impact; it thus provided an ideal setting for examining emergent
social cohesion. Severe damage happened in the downstream
area (see electronic supplementary material, appendix, figure 54).
Since the impact of flooding was almost the same across different
neighbourhoods, we assumed that the use of online communi-
cation was not differentiated by the extent of impact experienced
by these neighbourhoods. Second, Nextdoor has some constraints
related to the neighbourhoods that a user can communicate with.
The neighbourhoods that we selected are within the geographical
area affected by the release of water from the reservoirs whose
users could communicate with each other. The sizes of the neigh-
bourhoods are shown in electronic supplementary material,
appendix, table S1.

4.1. Activity foci and network modularity

An activity focus is a structural cluster in which users are con-
nected to each other more closely than they are connected to
users outside the activity focus. The idea of detecting activity
foci was named community detection in computer science. Mod-
ularity maximization (i.e. Louvain heuristic [45]) is one of the
widely used approaches for detecting communities which
measure the modularity of a network to examine how well a net-
work is partitioned into communities. This approach compares
the number of edges within a certain group with the expected

number of edges in a null model. The modularity for a network n

is formulated as [36,46]

_1 il S

Q=5 Z, {AU - ﬁ} - 8(d;dy), (4.1)
where m is the number of edges in the network, A;; is the adja-
cency matrix of the network, and d; and d; are the degrees of the
nodes i and j. The higher the modularity (closer to 1), the more
edges within the module that we expect by chance [47]. Generally,
a modularity higher than 0.3 means a significant community
structure. In this study, we adopted the Louvain algorithm to
detect communities by maximizing the modularity of networks.

4.2. Communication history
Communication activities among users on social media before the
hurricane approached the locations are considered to be the com-
munication history. In this study, the communication history is
identified using the existing social ties established during the 7
days before Hurricane Harvey. Then, we can measure the effect
of communication history on the communication behaviours
during the hurricane and flooding by
!

p=T (42)
where |E'| is the number of social ties that have been created before
Hurricane Harvey and |E| is the total number of social ties in the
OSN. A low proportion of social ties created previously can indi-
cate the low effect of communication history on emergent social
cohesion during disasters.

4.3. Physical proximity

To examine the effects of physical proximity on social cohesion in
OSNs, physical proximity was defined to measure the distance
between different neighbourhoods [48]. This study developed
three levels of physical proximity: ‘within a neighbourhood’,
i.e. both of the users live in the same neighbourhood; ‘nearby
neighbourhoods’, ie. the wusers live in neighbourhoods
bordering each other; and ‘distant neighbourhoods’, i.e.
the users live in neighbourhoods which do not border each other.

4.4, Communication frequency

Communication frequency within and between neighbourhoods
was a measurement of the cohesiveness between two neighbour-
hoods. The matrix of communication frequency between
neighbourhoods was used to calculate the correlation with phys-
ical proximity and illustrates the effects of physical proximity on
emergent social cohesion. The communication frequency was
computed by

f o ZuEU,vEV WEight(u’U)
- v ’

(4.3)

in which U and V are collections of users in neighbourhoods. U
and V can be the same neighbourhood G.e. |V|=|U|—1), in
which the results show the communication frequency of users
within the same neighbourhood. The communication frequency
of users in different neighbourhoods can be obtained when U
and V represent the users from different neighbourhoods.
Whether users come from the same neighbourhood or not, as
shown in equation (4.3), we deem each communication to be
from two neighbourhoods (they may be the same). This
approach can overcome the discrepancy that arises from the
differences in the number of users in different neighbourhoods.
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4.5. Content coding

Two researchers manually coded each post for message content in
our dataset by using a content-coding approach proposed in prior
research [49]. Based upon the content themes presented in [1], this
study developed a new coding ontology, which was fitted to the
content categories on our dataset, including eight themes: housing
and properties, i.e. information about damage to housing, loss of
property and casualties; infrastructure status, i.e. information
about infrastructure facilities; evacuation/shelter, i.e. information
about pre-evacuations, mandatory evacuations and sheltering
information; disaster descriptions, i.e. descriptions of the disaster
itself and its scales; relief/advisory information, ie. relief infor-
mation and response tips; requests for help, ie. actions about
requesting neighbours’ on-site help; volunteer, i.e. information
about volunteering or providing individual help to neighbours;
and off topic, i.e. the posts are not within the scope of the disas-
ter-related topics. The specific definition and examples of posts
are available in electronic supplementary material, table S2. A set
of posts were split-recorded by two coders and they exchanged
and checked the codes for intercoder agreement. The coders
agreed on theme codes in 96% of cases and the disagreements
were resolved through discussion and consensus. The proportions
of each theme in the daily communications were calculated by
taking into account the number of comments belonging to the
posts coded as the theme. This computing approach is beneficial
to exhibit the contribution of themes to the formation of social
ties as well as to emergent social cohesion.

4.6. Assortative mixing in networks
A good measure of the extent to which nodes with similar
degrees or attributes connect to each other is assortativity. To

quantify the level of assortative mixing of attributes in a commu-
nity, this study employed equation (4.4) to compute the
assortativity coefficient [36]

_ Tr — 2| , (4.4)

1— (M2
where M is the mixing matrix of the attribute and ||M?| is the
sum of all elements of the matrix M. Here, for the purpose of
our analysis, the examined attribute is users’ neighbourhoods.
The assortativity coefficient ranges from —1 to 1. The larger the
assortativity coefficient, the more perfect the assortative
mixing. Specifically, r=1 when there is perfect assortative
mixing, r=0 when there is no assortative mixing and r is
negative when there is disassortative mixing [36].
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