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Abstract: Disasters vary inmany characteristics, but their amount of forewarning—the amount of time remain-
ing until the disaster strikes—is a crucial factor affecting the dissemination of emergency warnings. People can
be warned by public safety officials through broadcast channels, such as commercial TV and radio, that trans-
mit simultaneous warnings to mass audiences. In addition, however, warnings are also transmitted by peers
through informalwarning networks that operate through contagion fromone person to another. This paper es-
tablishes an interdisciplinary agent-based model with Monte Carlo simulations to assess the relative effects of
these broadcast and contagion processes in amultiplex social network. Thismultiplex approachmodelsmulti-
ple channels of informal communication—phone,word-of-mouth, and socialmedia—that vary in their attribute
values. Each agent is an individual in a threatened community who, once warned, has a probability of warning
others in their social network using one of these channels. The probability of an individual warning others is
based on their warning source and the time remaining until disaster impact, among other variables. Wemodel
warning dissemination using simulation parameter values chosen from empirical studies of disaster warnings
along with the spatial aspects of the Coos Bay, OR, USA and Seaside, OR, USA communities. Results indicate
that the initial broadcast size has a negative correlation with the critical percolation threshold, which varies
from approximately 1–5%, depending on the size of an initial broadcast. A sensitivity analysis on themodel pa-
rameters indicates that, along with initial broadcast size and sharing probability, forewarning and confidence
in thewarning significantly affect the total number of warning recipients. The results generated from this study
identify areas for future research and can inform community officials about the effects of event and community
characteristics on the dissemination of emergency warnings in their communities.
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Introduction

1.1 Environmental hazards differ in characteristics such as their speed of onset, magnitude, scope of impact (geo-
graphical area affected), anddurationof impact. Due to thesedifferences,many studies of emergencywarnings
consider only a single hazard (Birkbak 2012; Chatfield et al. 2013; Lindell & Perry 1983; Lindell et al. 2007, 2021;
McCaffrey et al. 2018; Robinson et al. 2019; Taylor et al. 2007; Werritty et al. 2007). However, one characteris-
tic that is especially important for warning dissemination is a hazard’s amount of forewarning; some hazards
may be predicted days in advance, whereas othersmay providemereminutes of forewarning. In this paper, we
focus on differences among hazards in their amount of forewarning, with local tsunamis having a rapid onset
and, thus, minimal forewarning. At the other extreme, hurricanes have a very slow onset and, thus, substan-
tial forewarning. Technological disasters, such as chemical spills and nuclear power plant accidents, generally
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provide forewarning that is intermediate between these extreme cases (Hou et al. 2020; Lindell & Perry 1983;
Rogers & Sorensen 1989).

Components of emergency warnings

1.2 There are two primary components to the spread of emergency warnings: an official broadcast process and an
informal contagionprocess—seeKapucu&Garayev (2016), Lindell &Perry (1992), Robinson et al. (2019), Rogers
& Sorensen (1988) and Rogers & Sorensen (1989). The broadcast process, also known as the vertical or official
warning process, is commonly performed by local public safety officials. Some broadcast warnings may come
directly from local officials (e.g., a text alert from a local emergencymanagement agency), but broadcast warn-
ings are often transmitted through news media channels such as radio or television as well. We classify these
channels as part of the broadcast process because they are directed to a mass audience rather than specific
individuals. Although some channels may be trusted more than others, this study assumes complete trust of
all channels in the broadcast process.

1.3 Ideally, every communitymember couldbewarned immediately by thebroadcast process, but time constraints
and limited community resources make this goal nearly always intractable. Consequently, the informal conta-
gion process, also known as the horizontal or informal warning process, typically fills many gaps in the official
broadcast process. The contagion process is a distributed effort of individuals throughout the community to
warn those in their social networks (Lindell et al. 2007). Unfortunately, due to its unplanned and distributed
nature, as well as its largely sequential delivery, the contagion process cannot be assumed to deliver warn-
ings to everyone at risk before the disaster strikes. A major uncertainty about the informal warning process
is that not every individual who receives a warning will relay it to others. Such “dead ends” in the contagion
processmay be due to people prioritizing their own household’s evacuation preparations, a lack of suitable re-
sources to contact others, or even a lack of confidence in the information provided (Lindell & Perry 2012; Rogers
& Sorensen 1988). To account for these “dead ends”, simulations of the informal warning process must include
some probability that an individual will fail to relay a warning to others.

Problem statement

1.4 A broadcast process may reach a sizeable proportion of the risk area population, but much of the remainder
is warned by an informal contagion process. Not all warned individuals will choose to relay the warning, so as
the percentage of the risk area population warned by the broadcast process and the probability that warning
recipients will relay warnings decrease, the probability increases that only a minority of those in the impact
area will be warned. Conversely, as the effectiveness of the broadcast process and/or probability of warning
dissemination increase, percolation theory predicts that there is a critical threshold where the majority of the
network of individuals will be warned (Zhu et al. 2018). We develop a simulation to model the interactions of
individuals after the broadcast process, identifying an approximate relationship between initial broadcast pen-
etration and the likelihood that warned individuals will relay the warning to others. Linardi (2016) developed a
framework to identify this relationship, but did not provide a simulation to model it.

Paper organization

1.5 The remainder of this article is organized into five parts: 1) the background, covering a literature review of
previous relevant work; 2) methods, detailing the design of the simulation; 3) results, including a simplified
example and a full set of results from the simulation; 4) a discussion covering limitations, assumptions, and
possible future work; and 5) a conclusion, summarizing key results and the importance of the topic.

Background

Agent-based simulations

2.1 Agent-based simulations (ABSs) are used in diverse research fields where individual agents interact with each
other and their environment over time (Gonzalez de Durana et al. 2014; Kiesling et al. 2012; Macal &North 2005;

JASSS, 26(1) 7, 2022 http://jasss.soc.surrey.ac.uk/26/1/7.html Doi: 10.18564/jasss.4946



Raberto et al. 2001; Rahmandad & Sterman 2008). ABSs have been used specifically in investigating informa-
tion dissemination (Alam & Geller 2012; Chen 2019; Dugdale et al. 2016; Rand et al. 2015) due to their ability to
model complex interactions between agents and identify the roles that agents play in disseminating informa-
tion (Xiong et al. 2018).

Random networks

2.2 Random networks, also called random graphs, are networks where some attribute of their structure is proba-
bilistic. “Randomnetworks” are commonly operationalized as Erdős–Rényi (ER) networks, but in this paper we
distinguish between ER and randomnetworks in general. We use ER, small-world (SW), scale-free (SF), and ran-
dom geometric (RG) networks, with ER as a basic simulation example and the remainder in the more detailed
simulations.

Erdős–Rényi

2.3 ER networks are the most common networks in social network simulation (Amblard et al. 2015), likely due to
their easily analyzable nature. An ER network can be constructed by the probability of an edge connecting each
pair of nodes in the network. Another version randomly selects a graph out of all possible graphs of n vertices
andm edges. An advantage of ER networks is that they have an easily identifiable average degree. This, along
with a known percolation critical threshold, provides several tools for researchers to analyze their simulations
(Amblard et al. 2015).

Small-world

2.4 SW networks are an extension of ER, with an addition of clustering. Clustering allows the network to follow the
small-world property, where there is a relatively small path length between any two nodes in the network. The
most commonly used SWmodel is the Watts-Strogatz model (WS) (Amblard et al. 2015; Watts & Strogatz 1998).
To create a WS model, an ER network is modified by “rewiring” a proportion of edges β, thus establishing the
clustering property of regular lattice networks while containing the randomness of an ER network. Several
real-world networks, such as Short Message Service (SMS) (Meng et al. 2007), have been shown to follow the
small-world property, allowing them to bemodeled by an SW network.

Scale-free

2.5 Many real-worldnetworkshavebeenshowntohaveapower-lawdistributionofnodedegree (Barabási&Bonabeau
2003). A commonmodel, theBarabási–Albert (BA)model (Albert&Barabási 2002), usespreferential attachment
to generate a network with this property. Consequently, we use a BA model as the application of a scale-free
network.

Random geometric

2.6 Social networks can have spatial characteristics (Conover et al. 2013; Yang et al. 2019), meaning the physical
distribution of nodes can inform a network’s structure. The simplest spatial network is a Random Geometric
Graph (RGG), where two nodes are connected if and only if their distance from each other is less than a given
cutoff value. While RGGs commonly have nodes distributed across a space according to an arbitrary probability
distribution, additional studies are needed that use real-world communities to inform node proximities.

Multiplex networks

2.7 Multiplex networks are multilayer networks in which each layer is itself a network. In turn, the layers are con-
nectedby edges that connect nodes in different layers. Amultiplex network includes twoadditional conditions:
1) the set of nodes on each layer is the same; and 2) interlayer edges only connect the same node between lay-
ers (Boccaletti et al. 2014). Multiplex networks are unique amongmultilayer networks in being capable of being
represented as amultigraph, where there is a single set of nodes with potentially several edges joining any two
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nodes. Figure 1 is amultiplex networkwith a single set of nodes, A – E, that exist on each layer. Interlayer edges,
the dotted connections, only exist between identical nodes in different layers. Figure 2 indicates how Figure 1
could be represented as a multigraph.

Figure 1: Example of a multiplex network.

Figure 2: Multiplex networks can be represented as multigraphs.

Applications to social network analysis

2.8 Multiplex networks are particularly useful in social network analysis because each node can be treated as an
individual and each intralayer edge as a connection between two individuals. Treating each layer as a type of
communication channel between individuals allows the network to represent many different types of interac-
tions that would be overly simplified in a single-layer network (Assenova & Sridhar 2019; Battiston et al. 2016;
Boccaletti et al. 2014; Cozzo et al. 2013; Gomez et al. 2013; Ruiz-Martin et al. 2020). Verbrugge (1979) has noted
that adult friendships have different types of interactions that can only be modeled accurately by multiplex
networks. Attempting to analyze a multiplex network as individual simplex (single-layer) networks produces
results that lack the nuances of a multiplex network (De Domenico et al. 2015; Menichetti et al. 2014).

Network properties

2.9 The layers of amultiplex network are interdependent duringwarning dissemination, so an important aspect of
initializing the network is deciding the number of layers (i.e., the number of communication channels). Model-
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ing every type of communication channel as a unique layermay be intractable, requiring substantial computa-
tional complexitywhile providing aminimal impact on network entropy, especially for similar types of commu-
nication channels (De Domenico et al. 2015). However, combining multiple types of communication channel
into a single layer may obscure subtle communities in the network (Mondragón et al. 2018). Some research
analyzes the correlation of network edges between layers (Battiston et al. 2014; Bianconi 2013; Boccaletti et al.
2014). This correlation can identify similar layers, potentially allowing them to be joined into a single layer with
minimal distortion of network structure (De Domenico et al. 2015).

Percolation theory

2.10 One important contribution to network analysis is percolation theory, which indicates that for a percentage
p of nodes removed from a network, there exists a critical threshold p = pc above which a large connected
component exists and below which it does not exist (Chen et al. 2007). Previous research has analyzed social
network percolation in the context of firms’ advertising (Campbell 2013), but this theory can also be applied to
emergencywarnings. Specifically,models of emergencywarning networks can examine the effects of awarned
individual’s probability p of sharing the warning with their peers. This produces site percolation, and a critical
threshold of dissemination probability can be found above which the majority of the network will eventually
be warned and below which only a minority will. However, little is known about the relationship between the
number of initially warned nodes in a network and the critical threshold pc where themajority of the network’s
nodes eventually become warned.

2.11 Percolation inmultiplex networks has been studied extensively (Cellai et al. 2013). One important aspect is the
minimal set of initially warned nodes needed for percolation criticality (Morone & Makse 2015), which is rele-
vant towarning dissemination. However, in this studywe randomize the set of initially warned nodes, since the
broadcast process may not be able to target a certain set of individuals specifically, either due to constraints
in the communication channel or due to officials not knowing what the minimal set of individuals is in their
community. Another aspect that affects percolation in a multiplex network is the structure of each layer. Yu
et al. (2020) compared ER, SF, and SW randomnetworks as different layers of a duplex (two-layer) diffusion net-
work. This concept has also been generalized to multilayer networks, comparing structures of random graphs
as they affect information diffusion (Wang et al. 2013). In addition to percolation regarding information diffu-
sion, percolation of node failures has been assessed in multiplex networks (Danziger et al. 2016; Vaknin et al.
2020). While there may be some overlap of results with information diffusion, the largely stochastic nature of
diffusion and differences in assumptions likely produces quite different results. Similarly, Chang & Fu (2019)
analyzed the synergistic effects of multiple contagions in a multilayer network, but did not consider interlayer
contagion, preventing an exact mapping to information diffusion.

Site and bond percolation

2.12 There are two primary approaches to percolation: site percolation and bond percolation. As described pre-
viously, site percolation involves removing p nodes from a network. Conversely, bond percolation involves
removing p edges from a network. While this difference may appear minor, each type can produce different
results (Radicchi & Castellano 2015). Nonetheless, warning dissemination can be modeled as site percolation
since a node that fails to disseminate warnings is a "dead end" that produces the same warning propagation
results as if it no longer existed in the warning network.

Discrete-event simulations

2.13 ABSs are commonly contrastedwith discrete-event simulations (DESs), but the two types of simulations are not
mutually exclusive (Chan et al. 2010; Maidstone 2012; Siebers et al. 2010). DESs are simulations which model
time as a sequence of discrete events. DESs can be contrasted with continuous simulations, whichmodel time
on the basis of a set of continuous equations. Moreover, DES time progression can be separated into two types:
fixed-increment and next-event. Fixed-increment time progression models each time step in the course of the
simulation, allowing for consistent updates as time progresses. Next-event time progression models time in a
series of events, moving forward to the next event after completing the current one. This allows for reduced
computation in situations where updates would not occur at every time step with fixed-increment time pro-
gression. Accordingly, DES studies should use next-event time progression due to a potentially long latency
between a node receiving a warning and later relaying it to others.
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SEIR epidemiological model

2.14 TheSIRepidemiologicalmodel is a compartmentalmodel thathasbeenused toanalyze the spreadof infectious
diseases. Each component—S: susceptible, I: infectious, R: recovered—defines the state of an individual. A
variant of the SIR model, the SEIR model, includes E: exposed. The order of the letters indicates the sequence
of transitions between them. According to SEIR, an individual is initially susceptible to an infection. If they
encounter an infected individual, they enter the exposed (E) stage, after which they can then transition to the
infected (I) stage. Finally, the individual transitions to the recovered (R) stage, at which point they cannot infect
others or become reinfected.

Similarities to emergency warning dissemination

2.15 Although the SEIR model was originally applied to epidemiology, it has also been applied to information dis-
semination (Bettencourt et al. 2006; Zhang et al. 2021) and is also similar to stages of warning dissemination
described by disaster researchers (Lindell & Perry 2012). Table 1 shows how warning dissemination states can
be defined as stages that are roughly equivalent to those in the SEIR model.

SEIR Warning stages
Susceptible Access: Able to receive a warning through one or more communication channels

Exposed Reception: Received a warning but is deciding whether to believe it
Infectious Milling: Relaying the warning to others
Recovered Response: Ceased warning others and either taking protective action or resuming normal activity

Table 1: Mapping of SEIR to warning dissemination.

Protective action decisionmodel

2.16 The Protective Action DecisionModel (PADM) is a framework to investigate how individuals commonly respond
to environmental hazards. It consists of an initial awareness stage where individuals are accessible to and re-
ceive threat information from environmental cues (seeing a funnel cloud in the case of a tornado), social cues
(seeing neighbors evacuating), or social warnings (messages received from information sources through com-
munication channels); a milling stage where they assess the threat’s potential impacts on them and their com-
munities; and a response stage where they either take protective action or resume normal activities (Lindell &
Perry 2012; Lindell 2018). Two particularly important stages for an ABS of warning dissemination are the cue
(access and reception) and milling stages, where people learn of a hazard and decide whether to warn others.
However, it is also important to include an evacuation variable to account for the possibility that this response
will force the agent to cease warning others by word-of-mouth.

Related work

2.17 This study attempts to find the effect of the number of initially warned nodes in the network on the critical
thresholdwhere themajorityof thenetworkhasbeenwarned. Todoso, ourABSusesamultiplex social network
tomodel emergencywarning dissemination. Ourmodel extends that of Hui et al. (2008), who focused on an ER
network, andHui et al. (2010), who compared two types of nodeswith a trust differential in emergencywarning
dissemination. In their second study, Hui et al. (2010) usedER,BA, andWSnetworks toanalyze thedifferences in
their representations of thewarning dissemination process. Other studies have conducted emergencywarning
dissemination simulations using household grids; both Nagarajan et al. (2010) and Nagarajan et al. (2012) used
a grid of 1000 households, with Nagarajan et al. (2012) studying a spatial network.

Methods

Dissemination framework

3.1 The structure of interactions between individuals in the network and their decisions can be described by the
dissemination framework depicted in Figure 3. The simulation begins with a broadcast process in which a fixed
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number of nodes are randomly selected from the network to be warned. Following this, the contagion process
activates each newly warned node until it ceases to relay warnings.

Figure 3: A dissemination framework for the simulation.

3.2 The simulation can be found at https://github.com/Wang-Research-Group/WarningDissem.jl or
https://www.comses.net/codebase-release/89ba9886-1ebb-48cf-a288-53a0d7c0e2de/.
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Simulation parameters

3.3 The parameters to the simulation have been informed by values provided by previous literature. This section
describes the parameters and their informed values.

Broadcast size (n0)

3.4 Thebroadcast size is the initial number of nodes informedat thebeginning of the simulation, prior to the conta-
gion process. Previous research has provided broadcast sizes for awide range of hazards including flash floods,
water contamination, hurricanes, and volcanoes. However, since the relationship of this variable is to be com-
pared with the probability of an individual to relay a warning, we test a wide range of values. Table 2 provides
a brief summary of n0’s properties.

Parameter n0

Description Broadcast size
Type value
Range [1, n] (n being number of nodes)

Table 2: n0 properties.

3.5 For the Mount St. Helens (MSH) eruption Lindell & Perry (1987) identified 6% and 0%who received information
from official sources in two locations and 58% and 47%who received information from their social network in
those locations. TheseMSHnumbers donot add to 100%,which indicates thatmany individualswere informed
by other means such as environmental cues (e.g., seeing the ash cloud). While this may indicate a possible
concern with assuming only social warnings in this simulation, many hazard types will not have as obvious
environmental cues, and the sudden nature of the broadcast process indicates it could include those other
types of information sources as well. Table 3 summarizes these literature values and others.

Values Hazard Type Information Source Source
14%min, 38%median, 89%max flash floods peers Lindell et al. (2019a)

31.8% floods primarily neighbors Werritty et al. (2007)
7%, 0% hurricanes peers Lindell et al. (2021)
6%, 0% volcano officials Lindell & Perry (1987)
58%, 47% volcano social network Lindell & Perry (1987)

Table 3: n0 literature values.

Probability to relay the warning (p)

3.6 The probability an informed individual will relay a warning to others is a very significant parameter of the sim-
ulation since it plays a major role in percolation. This simulation parameter is a function which takes four pa-
rameters: ts (current time), d (total forewarning), tl (time to relay the warning), and c (warning belief). The
difference, d− ts, determines howmuch time is left before the disaster strikes. This value affects an individual’s
probability to relay the warning because an individual receiving a warning a very short time before the disaster
will cause them to tend to their own household’s safety before warning others. tl plays a role in the probability
to relay thewarning because a series ofwarning optionswhich take a long timewill affect howmuch time an in-
dividual has to prepare themselves prior to the disaster. Finally, c, warning confirmation, is important because
an individual who has not confirmed a warning will be less likely to relay it. Table 4 provides a brief summary
of p’s properties.

Parameter p
Description Probability to relay a warning

Type function
Function Parameters ts, d, tl, c

Output value/distribution
Output Range [0, 1]

Table 4: p properties.
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3.7 Based on these assumed parameters, we construct a function p to use for results; however, the simulation al-
lows for an easy change of function for this simulation parameter. Equation 1 describes this function:

p(ts, d, tl, c) = c× p0 ×max
(
1− min(tl)

max(d− ts, 0)
, 0

)
(1)

wheremax(x, 0) ensures nonegative numbers,min(x) returns the smallest value inx, and p0 is an initial starting
probability.

3.8 This functionhas thepropertywherea confidenceof 0or a time to communicate longer than the time remaining
returns a result of 0. A returned value of p0 occurs when confidence is 100% and time to communicate is 0. We
include the p0 for percolation purposes; since probability appears to varywidely amongdifferent communities,
percolationchangesdrasticallywith small adjustmentsofp, and the relationshipwithn0 is basedonp, we select
a wide range of values and narrow them to determine the relationship.

3.9 While few studies provide information regarding what percentage of people informed someone else, several of
them identify how many warned others via different communication channels. These studies can help guide
starting values for this parameter before narrowing it down. One study which did have general information of
howmanypeople informedothers identified 1.1%and 2.4% told someone else during twohazardousmaterials
transportation accidents (hazmat accidents) (Rogers & Sorensen 1989). Other studies which are more specific
regarding communication channels are detailed in Section 3.10 and Tables 6 and 7.

Probability to relay warning on communication channels (pl)

3.10 Theweight to relay thewarning on different layers (communication channels) determines howoften each layer
is used inwarningdissemination. Ahigher value inoneelementof the vector increases theuseof the given layer
while decreasing the use of the others; in otherwords, the vector is the set ofweights in themultiple layers. The
parameterpl is a functionwhich takes threeparameters: ts,d, and tl. Thedifferenced−ts determineshowmuch
time remains before the disaster strikes. This value affects a layer’s weight for the same reason as it affects p:
receiving awarning shortly before the disaster strikes will cause people to tend to their own household’s safety
beforewarningothers outside thehousehold. This combinedwith tl identifies the effect that the time it takes to
relay a warning via a given communication channel has on deciding to use it. Table 5 provides a brief summary
of pl’s properties.

Parameter pl
Description Probability to relay warning on communication channels

Type function
Function Parameters ts, d, tl

Output list of values/distributions – one per layer
Output Range [0, 1]; sum of values/sampled distributions= 1

Table 5: pl properties.

3.11 Based on these assumed parameters, we construct a function pl to use for results; however, the simulation
allows for an easy change of function for this simulation parameter. Equation 2 describes this function:

pl(ts, d, tl) = norm
(
b×max

(
1− tl

max(d− ts, 0)
, 0

))
(2)

where max(x, 0) ensures no negative numbers, all operations are element-wise across vectors, norm(x) nor-
malizes the vector x so its elements sum to 1, and b is an initial starting probability vector whose elements sum
to 1.

3.12 We include b to emphasize variation. Some communities may be predisposed towards certain communica-
tion channels where the time remaining before the disaster strikes and the time to transmit a message play
negligible roles. In these cases, b allows for returning values whichmay appear closer to the community’s char-
acteristics.

3.13 Communicationprobabilitieswithdifferent typesof communicationchannelsaremuchmorecommon inemer-
gencywarning literature than other communication domains. We separate these probabilities into two groups:
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Values Hazard Type Communication Channel Source
22% floods neighbors Parker et al. (2009)
27% emergencies in Europe; survey social media Reuter & Spielhofer (2017)
48% emergencies in Europe; survey social media in future Reuter & Spielhofer (2017)
0.1% wildfire retweets (Twitter) Sutton et al. (2014)
0.1% tsunami retweets (Twitter) Chatfield et al. (2013)
57.7% tsunami face-to-face Perry (2007)
26.9% tsunami phone call Perry (2007)
5.8% tsunami SMS Perry (2007)

Table 6: pl literature values – communication types of individuals.

probabilities of warned individuals relaying the warning to others via different types of communication chan-
nels (Table 6) and probabilities of individuals receiving thewarning via different types of communication chan-
nels (Table 7). The latter group does not exactly correspond to the intent of pl; however, they can provide guid-
ance on the values of the former group. “Hazmat” represents “hazardous materials transportation accidents”.

Values Hazard Type Communication Channel Source
1.84 (1–5 Likert scale) hurricane internet Lindell et al. (2005)

36% flash flood face-to-face Mileti & Beck (1975)
31.8% floods neighbors Werritty et al. (2007)
1.1% floods SMS Werritty et al. (2007)
10.5% floods not neighbors or SMS Werritty et al. (2007)
26% tornado word of mouth Robinson et al. (2019)
51% tornado cell phone Robinson et al. (2019)
8% tornado social media Robinson et al. (2019)
17% tornado internet Robinson et al. (2019)
18.3% Hazmat friends, neighbors, relatives Rogers & Sorensen (1989)

11.8%, 29.7% Hazmat door-to-door Rogers & Sorensen (1989)
24% volcano face-to-face Lindell & Perry (1987)

13%, 14% volcano telephone Lindell & Perry (1987)

Table 7: pl literature values – prevalence of communication channels.

Warning time (tl)

3.14 The time an individual takes to relay the warning can vary based on the communication channel they choose.
In the real world there is also time it takes for an individual to receive information; depending on the com-
munication channel, an individual who is away from their home or communication device can take longer to
be warned. To simplify, in this study we include that additional time into tl. It is expected to have a minimal
effect combined as opposed to separated, since individuals only attempt to communicate once. However, it
could play a role in simulation parameters which use this variable in their functions if the effect of this variable
is significant. The simplification of the parameter of warning time also allows for fewer limitations on litera-
ture values to be used. This is especially noticeable with social media, since many people may not receive a
notification of the update. Table 8 summarizes tl’s properties.

Parameter tl
Description Warning time

Type list of values/distributions – one per layer
Range [0,∞)

Table 8: tl properties.

3.15 Table 9 summarizes previous literature values. Zhang et al. (2014b) did not explicitly provide the values in-
cluded in the table except for the oral communication channel, although it seems theywere a part of their data;
we compute the values based on equations and tables. The delay time formicroblog communicationwas com-
puted with Equation 7 and Table 1 of the paper. Delay time for oral communication was said to be 1 minute,
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although this appears to be an assumption. The delay time for SMS and cell was indicated to be 99.2% closer to
oral communication than microblog; based on this statement and the computed values of oral and microblog
communication, SMS and cell communication was computed to be 17 minutes.

Values Hazard Type Communication Type Source
3.36 hrs disasters in Beijing; survey microblog Zhang et al. (2014b)
1 min disasters in Beijing; survey oral Zhang et al. (2014b)
17 mins disasters in Beijing; survey SMS, cell Zhang et al. (2014b)
49 mins Hazmat friends, neighbors, relatives Rogers & Sorensen (1989)

70 mins, 66 mins Hazmat door-to-door Rogers & Sorensen (1989)

Table 9: tl literature values.

Warning verification (c)

3.16 Warning confidence plays a significant role in informed individuals deciding to relay it to others. Many individ-
uals will choose to verify information before trusting it, which produces a slower and less effective percolation
process. An individual’swarning confidence depends on howmany times they have received it previously, from
which source, and their trust in that source. Based on these aspects, the simulation parameter c is a function
which takes cs andwl as parameters. Table 10 provides a summary of its properties.

Parameter c
Description Warning verification

Type function
Function Parameters cs,wl

Output value/distribution
Output Range [0, 1]

Table 10: c properties.

3.17 Based on these assumed parameters, we construct a function c; however, the simulation allows for an easy
change of function for this simulation parameter. Equation 3 describes this function:

c(cs, wl) = clamp
(
trust(cs, wl)

cn + 1
, 0, 1

)
(3)

where clamp(x, 0, 1) enforces results between 0 and 1, trust(cs, wl) retrieves the sum of trust weights for the
number of times/layers the node has been informed, and cn is the expected number of times a node will need
to confirm a warning before sharing it if they completely trust their sources.

3.18 We include cn as the number of times an individual wishes to confirm a warning with others. Trust levels have
a linear relationship with this value.

3.19 Previous research regarding confidence and confirmation is minimal. One paper specified an average number
of confirmations, which is the most helpful for determining a range of values for c, but others reported the
communication channels fromwhich confirmationwas soughtwithoutprovidinganydata regardinghowmuch
confirmation individuals required. Warning confidence data is challenging to acquire, since it requires public
surveys to collect. Table 11 details some of the previous literature regarding warning confirmation.
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Values Hazard Type Communication Channel Source
confirmed with on avg
1.37 (std dev 0.65)

flash floods N/A Lindell et al. (2019a)

confirmed with on avg
1.76 different warning

channels

water contamination N/A Lindell et al. (2017)

11.0%, 11.2%waited to
see

Hazmat N/A Rogers & Sorensen (1989)

31.3% confirmed tsunami face-to-face Perry (2007)
4.1% confirmed tsunami telephone Perry (2007)
3.8% confirmed tsunami internet Perry (2007)

Table 11: c literature values.

Evacuation probability (r)

3.20 Since protective actions by the public involve evacuating for many types of hazards, including an evacuation
probability accounts for this likely scenario. Lindell et al. (2005) found that peers and local authorities were
more important determinants of hurricane evacuation than were other information sources. In a wildfire con-
text, individuals rated the influence of others telling them to evacuate as 3.50 on a 1–5 Likert scale (McCaffrey
et al. 2018). A decision to evacuate involves the time remaining until the disaster strikes (d − ts) and warning
confidence (c), so the simulation parameter r is a function. Table 12 summarizes the properties of r.

Parameter r
Description Evacuation probability

Type function
Function Parameters ts, d, c

Output value
Output Range [0, 1]

Table 12: r properties.

3.21 Based on these assumed parameters, we construct a function r; however, the simulation allows for an easy
change of function for this simulation parameter. Equation 4 describes this function:

r(ts, d, c) = c×
(
1− clamp

(
d− ts
tr

, 0, 1

))
(4)

where clamp(x, 0, 1) enforces results between 0 and 1 and tr is the maximum time at which anyone would
evacuate.

3.22 This function has the property where the probability to evacuate is 0 if the time remaining until the disaster
strikes is greater than tr and the probability is 1 if the time remaining until the disaster strikes is 0 or has already
passed. We include tr as the maximum time (i.e., the earliest) at which anyone would evacuate.

3.23 Previous literature does not detail the probability of an individual evacuating at any given time; rather, it pro-
vides results of times that they leave. The literature is best suited for validating evacuation results, although
it can guide potential testing values. The majority of evacuation literature considers hurricanes. Some evac-
uation departure time studies have reported that hurricane evacuations follow a Rayleigh distribution, with
studies using β parameters of 40, 45, 62, 74, 117, and 181 (Lindell & Prater 2007).

Forewarning (d)

3.24 The amount of forewarning before a disaster strikes plays amajor role in warning dissemination. An extremely
short forewarning causes individuals to look after their own household’s safety rather than informing others
as well as limits the length of the chain of receiving a warning and relaying the warning to others. A longer
forewarning allows for flexibility on both of these fronts. Since forewarning before a disaster is fixed at the
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start of the contagion process, the simulation parameter d is constant throughout a given simulation. Table 13
summarizes d’s properties.

Parameter d
Description Forewarning before disaster

Type value
Range (0,∞)

Table 13: d properties.

3.25 While the warning dissemination time literature is primarily based on tsunami and hurricane hazards, their
corresponding forewarning times are expected to be on the shortest and longest ranges of hazard values, re-
spectively. Table 14 summarizes several study values.

Values Hazard Type Source
9 mins tsunami Chatfield et al. (2013)
12 mins tsunami Anderson (1969)
72 hrs hurricane Lindell et al. (2021)
42 hrs hurricane Lindell et al. (2005)
36 hrs hurricane US Department of Commerce, NOAA (2019)

Table 14: d literature values.

Warning confidence (wl)

3.26 To determine warning confidence, an individual will evaluate their trust in the source. While a source will be
another individual, the type of social connection the two people have may be correlated with their communi-
cation channel. Several studies have grouped trust into communication types (Tandoc et al. 2020; Zhang et al.
2016, 2014b), allowing for a simplified manner of adjusting trust levels. This simulation does the same, with a
simulation parameterwl. Table 15 summarizes its properties.

Parameter wl

Description Trust of layers
Type list of values/distributions – one per layer
Range [0, 1]

Table 15: wl properties.

3.27 Table 16 details literature on trust in social networks. All studies except for source Rogers & Sorensen (1989)
group trust by communication channel. Zhang et al. (2016) do not indicate where their values originate; pre-
sumably a survey was conducted.
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Values Value Location Communication Channel Source
81.3%, 58.6%
disregarded
information

hazardous materials
transportation accidents

N/A Rogers & Sorensen (1989)

2.74 trustworthy (1–5
Likert scale)

news in Singapore social media Tandoc et al. (2020)

45% disasters in Beijing email Zhang et al. (2016)
50% disasters in Beijing microblog Zhang et al. (2016)
41.3% disasters in Beijing;

survey
SMS Zhang et al. (2014b)

43.3% disasters in Beijing;
survey

cell phone Zhang et al. (2014b)

38.91% disasters in Beijing;
survey

oral Zhang et al. (2014b)

48.3% disasters in Beijing;
survey

microblog Zhang et al. (2014b)

Table 16: wl literature values.

Network structure

3.28 An advantage of a multiplex network is the ability to customize each layer with unique properties. The liter-
ature summarized in Tables 2–16 suggests that there are generally three types of communication channels:
1) one-to-one physical interaction, such as face-to-face (word-of-mouth) communication with neighbors; 2)
one-to-one virtual interaction, such as voice phone calls; and 3) one-to-many virtual interaction, such as social
media (e.g., Twitter andFacebook). Wehave labeled these three generalized communication channelsword-of-
mouth, phone, and social media, respectively, but recognize that these are simplified labels for more complex
categories. For example, smart phones can be used for SMS and email, both of which can be used to relay
warnings to multiple individuals simultaneously. Similarly, social media can also include retweets, microblog,
and internet posts. Although these three categories do not capture the nuances of all available communication
channels, they provide a reasonable representation of themajor types of communication channels. Each layer
has specific characteristics that are detailed in the following sections.

An undirected network

3.29 Each layer of the multiplex social network is modeled as an undirected network, which is the type that has
been assumed in previous warning dissemination studies (Hasan & Ukkusuri 2011; Sadri 2016) and assumes a
reciprocal relationship for all layers. Although a form of social media might be designed such that “following”
others might not be reciprocal within informal warning networks, we assume that these cases are somewhat
rare.

3.30 One important aspect of an undirected network is that a newly warned node could attempt to recontact their
warning source. Indeed, warning recipients sometimes do recontact their original warning sources to seek or
provide additional information about the threat and protective actions (Wood et al. 2018). However, to simplify
the analyses that follow, we provisionally assume that this possibility does not significantly affect the warning
dissemination process.

Phone layer

3.31 This simulation limits the phone layer to one-to-one voice communication (i.e., ignoring the one-to-multiple
capabilities of text and email), which yields a network with the Watts-Strogatz (WS) model’s small-world prop-
erty. Phone-type networks have indeed been shown to have the small-world property (Amblard et al. 2015;
Miklas et al. 2007; Wang et al. 2016b) and very high coverage, with one study citing 97.2% for SMS and 99.0%
for cell phone (Zhang et al. 2014b). The same study also provided the average number of people forwarded to
for different communication types: 11.8 on SMS and 9.7 on voice phone calls. Wang et al. (2016b) identified a
phone network as a WS network with an average node degree of 6 and rewiring probability of 0.7. By contrast,
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Miklas et al. (2007) identified a network with an average node degree of 20. To account for these widely varying
values, we set the phone layer to have a rewiring probability of 0.7 and an average node degree of 10, which
is the middle of the range between 6 and 20, and is approximately the same as the average number of people
warned.

3.32 Thenumber of peoplewarnedbyphonedependsonpreviouswarning success. If an individual decides towarn,
they do so and check their probability again, repeating until they cease attempting. The expected number of
peoplewarned is p

1−p since thebehavior is the inverseof a geometric distribution. Note that, like theundirected
network case, there is a possibility that an individualwill attempt to contact the sameperson twice. This feature
is consistent with people monitoring a threatening situation (e.g., an approaching hurricane) by repeatedly
exchanging information with trusted others in the milling process (Wood et al. 2018; Lindell et al. 2019b).

Word-of-mouth layer

3.33 Previous studies have incorporated spatial features into social networks (Amblard et al. 2015), so we set the
simulation’s word-of-mouth layer as a random geometric graph (RGG) based on real-world data. Coverage is
essentially perfect, with one study citing 100% for oral communication (Zhang et al. 2014b). Our real-world
data is drawn from two sources: a possible population distribution of Seaside, Oregon (Wang et al. 2016a) and
household locations approximated by 2020 census data for Coos Bay, Oregon (United States Census Bureau
2020). Both of these locations are coastal communities that are vulnerable to a Cascadia Subduction Zone
tsunami. Using real-world data yields a spatial network with a realistic clustering structure. The cutoff value
used for the RGG is 60 meters because Zhang et al. (2014b) found the distribution of oral communication was
entirely within 90 meters, with the vast majority, 93.6%, within 60 meters. Based on this finding, we allow for
connections between any individuals within 60 meters.

3.34 Although real-world warning responses are typically made by households comprising multiple individuals, we
represent each household as a single individual. This is clearly a reasonable approximationwhen all household
members are together at home—as is typically the case during evenings andweekends. In such cases, warning
dissemination within households takes place face-to-face at (essentially) zero distance and, thus, is virtually
instantaneous. However, representing each household as a single individual is also a reasonable approxima-
tion if household members are separated during weekdays because people try to contact each other to verify
that all members are aware of the hazard (e.g., Jon et al. 2016). That is, the probability of warning propagation
within separated households is approximately p = 1.0, which is much higher than the probability of warn-
ing propagation between households. Although warning propagation within households may delay warning
propagation between households, the delay will not have a significant effect on the overall warning process if
separated household members have independent access to broadcast warnings (and thus, experience no de-
lay in warning receipt) or are in social contexts such as workplaces where warnings propagate face-to-face as
rapidly as in households. Thus, at least as a first approximation, modeling households as single individuals is
likely to decrease ABS processing time without reducing the accuracy of the results.

3.35 For a stable diffusion process, studies have used 600 nodes in Hui et al. (2008), 1000 in Nagarajan et al. (2010),
Nagarajan et al. (2012), and Watts et al. (2019), and 10000 and 20000 in DiCarlo & Berglund (2021). Based on
these values, the node sizes of 26363 for Coos Bay and 4502 for Seaside appear suitable for this simulation
study.

3.36 The word-of-mouth layer is affected by the evacuation parameter r. When an individual evacuates, they are
removed from this layer because, having evacuated, they can no longer talk directly to neighbors. However,
they can still communicate virtually via phone or social media, so those layers are unaffected by evacuation.

3.37 The number of people contacted to relay a warning depends on previous contact success. If an individual de-
cides to relay a warning, they do so and check their probability again, repeating until they cease contacting
others. This is the same behavior as for the phone layer. similarly, the expected number of people contacted
is p

1−p since the behavior is the inverse of a geometric distribution and there is a possibility the individual will
attempt to recontact the same person as part of the milling process.

Social media layer

3.38 We set the social media layer of the simulation as a scale-free network using the Barabási–Albert (BA) model,
consistent with the findings of previous research (Amblard et al. 2015; Aparicio et al. 2015; Zhang et al. 2021).
Coverage is much lower than in phone and word-of-mouth networks: 66.5% in Zhang et al. (2014b), 63% in
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Reuter & Spielhofer (2017), 47.7% in Sadri et al. (2017), 24.7% in Sadri et al. (2017), and 12.5% in Perry (2007).
Because of this wide range of values, our analyses also included a case of no socialmedia. The average number
of people contacted to relay a warning is much higher than in phone networks (Zhang et al. 2014a) because
social media is a limited form of broadcast channel. That is, when an individual decides to warn people via
social media, they broadcast it to everyone in their social media network. This allows for matching forward-
ing number and average node degree and provides an advantage of social media over the other two personal
communication channels.

3.39 The parameters of the BA model are the number of initial nodes in the network before adding edges and the
number of edges added for each new node. We choose values of 0.374n and 105 respectively, with n being
the total number of nodes (26363 for Coos Bay or 4502 for Seaside). To select these values we chose a range
of possible parameter values and compared resulting coverage and average node degree. These values give
approximately 63% coverage and an average node degree of 132, which match the coverage and forwarding
numbers in the literature.

The Julia programming language

3.40 This simulation is written in the Julia programming language. Julia is a high-level dynamically typed language
designed for highperformancenumerical computing (Bezansonet al. 2017). Usedheavily in academic research,
it provides high-level language features similar to Pythonwith lower-level features such as parallelism. A recent
Julia package for ABSs, Agents.jl (Datseris et al. 2022), has aided in developing ABSs in Julia such as those in
Douven & Hegselmann (2021) and Basurto et al. (2020).

3.41 The simulation uses several packages which make the core simulation much simpler:
• Graphs (Fairbanks et al. 2021): mathematical graphs and utility functions

• MetaGraphs: functionality on top of Graphs to support node properties

• Distributions (Besançon et al. 2021): probability distributions and utility functions

• DataFrames: tabular data storage similar to R’s dataframes

• DataStructures: tree and queue data structures

• CSV: importing and exporting data to/from CSV files

• JLSO (Finnegan &White 2020): importing and exporting data to/from JLSO files (compressed data type)

• Makie: plotting

• Colors: colorschemes for plotting

• ProgressMeter: progress tracking on the terminal

Results and Examples

Simplified example

4.1 To illustrateour search fora relationshipbetweenn0 (broadcast size) andacritical valueofp (probability to relay
the warning), we provide a simplified example of our ABS using a lattice grid and ER network. In this simplified
example, the only two variables are n0 and p, there is a single layer of the network, and warning relay only
occurs with two connected nodes. Based on these properties, a lattice grid network has a theoretical critical
percolation threshold of 50%. Figure 4 shows results of the simulation where n0 = 10 (out of 10000 nodes).
Moreover, a Monte Carlo analysis performed over different values of p (probability to relay awarning to a peer),
with 100 iterations per p value, indicates that the simulated critical threshold matches the theoretical value.
Figure 5 shows the same results over different levels of n0; as n0 increases, the critical percolation threshold
decreases. n0 and p values for this example were chosen to display a wide range of possible scenarios.
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Figure 4: Lattice grid simulation results with n0 = 10.

Figure 5: Lattice grid simulation results with n0 = 10, 100, 500, 1000, 5000.

4.2 The tests for the lattice gridwere replicated in anERnetwork having anode size of 10000, the sameas the lattice
grid, and an average node degree of 4. Based on these properties, this ER network has a theoretical critical
percolation threshold of 25%. Figure 6 shows that a simulation in which n0 = 10 yields a critical threshold that
matches the theoretical value. Unlike the lattice grid network, low n0 values yield some results that are close
to 0 even with relatively high p values. These results are due to the nature of the random network; with only
10 initially warned nodes, there is a chance that several have a low degree, increasing the chances that all 10
of themwill fail to spread the warning. The lattice grid network could have the same results, but it is relatively
rare with only 100 Monte Carlo iterations. Figure 7 shows the same results as Figure 6 over different levels of
n0. Like the lattice grid network, as n0 increases, the critical percolation threshold decreases.
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Figure 6: ER network simulation results with n0 = 10.

Figure 7: ER network simulation results with n0 = 10, 100, 500, 1000, 5000.

Full simulation

4.3 We start with an exploratory sensitivity analysis of all simulation parameters, followed by a narrower andmore
detailed view of a few key parameters. For simplicity, in this section the values for the simulation parameters p,
pl, c, and r are initial starting parameters we designed for the provided functions: p0, b, cn, and tr. Additional
information on these initial starting parameters can be found in equations 1, 2, 3, and 4. Table 17 details the
range of values used for the first exploratory analysis of the Coos Bay dataset (n = 26363). Each combination
of parameter values has four Monte Carlo iterations. The ordering of the values in the lists of simulation pa-
rameters pl, tl, andwl are [phone, word-of-mouth, social media], corresponding to the ABS’s three layers. The
chosen values originate from the literature values detailed in Section 3.3; to have consistent coverage of the
simulation parameter space, we selected values within the range of those reported in the literature and center
the values at those most commonly cited. The third value of pl, [30%, 70%, 0%], is not derived from the litera-
ture. Instead, we selected those values to account for a scenario where social media is unavailable or internet
coverage is sparse. Only a single value of c is available from the literature, so we selected values two standard
deviations away from a mean of 1.37, which was obtained from Lindell et al. (2019a). If c is a random variable
following a normal distribution, that encompasses approximately 95% of the population.
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Simulation Parameter Description Range of Values
n0 (Section 3.4) broadcast 1582, 7909, 13182, 18454, 24518 (6%, 30%, 50%, 70%, 93%)
p (Section 3.6) probability 5%, 20%, 35%, 50%, 65%, 80%

pl (Section 3.10) channel
probability

[50.5%, 25.5%, 24%], [2.5%, 73.3%, 24.2%], [30%, 70%, 0%]

tl (Section 3.14) sharing time [17 mins, 1 min, 120 mins], [120 mins, 70 mins, 201.6 mins]
c (Section 3.16) confidence 0.07, 2.67
r (Section 3.20) evacuation 15 mins, 60 mins, 360 mins, 3600 mins (60 hrs), 5760 mins

(96 hrs)
d (Section 3.24) forewarning time 9mins, 60 mins, 180 mins, 1440 mins (24 hrs), 4320 mins (72

hrs)
wl (Section 3.26) trust [43%, 39%, 48%]

Table 17: Range of Simulation Parameter Values for Exploratory Sensitivity Analysis.

4.4 When examining a range of n0 values between 1582 (6%) and 24518 (93%) out of 26363, Figure 8 indicates that
the variation across the p values is mostly a linear trend. This, combined with a very large variation of total
nodes informed at the smallest value of p (5%), indicates a closer look is needed at smaller values of n0 and p.

Figure 8: Effects of n0 and p on total warned nodes.

4.5 Specifically, Figure 9, with 100Monte Carlo iterations per combination,n0 = 5, 100, 500, and p = 1–10%, begins
to show the expected curve. Particularly, n0 = 500 looks somewhat similar to Figure 6, although with much
more variation. This analysis has most variables fixed to single values for computational time purposes, unlike
Figure 8.

Figure 9: Effects of small n0 and p on total warned nodes.

4.6 Using the exploratory data, we analyzed the sensitivity of simulation parameters other than n0 and p, begin-
ning with d—the amount of forewarning time before disaster impact. Figure 10 indicates that the contagion
process when d = 9min performs poorly, even with high n0. The largest difference between the initial and fi-
nal numbers of warned nodes is 7268, approximately 28% of the total. Unsurprisingly, this result indicates that
extremely rapid onset hazards such as local tsunamis should not rely on a contagion process and will likely
perform better with immediate broadcast methods such as tone alert radio or SMS notification. Moreover,
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environmental cues for a local tsunami such as recognizing long/strong earthquake shaking and social cues
such as seeing neighbors evacuating can supplement local tsunami warning broadcasts (Chen et al. 2021). Fur-
ther analyses use a d value of 1440 min (24 hr) since it is shorter than hurricane forewarning times but long
enough to show the contagion process for some hazards such as nuclear power plant accidents. We also use
n0 = 1582 (6%) and p = 5%because of Figure 9’s indication of the critical percolation threshold at lown0 and
p values.

Figure 10: Total warned nodes with d = 9mins.

4.7 The value of c significantly impacts total nodes warned. Table 18 shows an approximately tripling of final dis-
semination values for the lower c = 0.07, indicating that a lower requirement for warning confirmation in-
creases total nodes warned. Although there is a notable difference in the values, we continue to use c = 0.07
since lack of trust in a source may additionally lower warning confidence. Literature summarized in Table 11
displays the average number of confirmations during dissemination, which implicitly includes trust levels and
situational uncertainty.

c Value Min Mean Median Max
0.07 1608 10461 13814 17596
2.67 1613 4158 3617 14318

Table 18: Total warned nodes with c = 0.07 and c = 2.67.

4.8 Although not impacting total nodeswarned nearly asmuch as variation in c, variation in tl still makes a notable
difference. This is likely because every value in the second list for tl, [120 min, 70 min, 201.6 min], is longer
than the corresponding value in the first list. This means the minimum value in the first list is considerably
smaller than the corresponding one in the second list, affecting p as shown in Equation 1. Table 19 summarizes
the differences in values. Note that the order of layers in the list is [phone, word-of-mouth, social media]. For
further analysis, we used tl = [17 min, 1 min, 202 min] because those values are more directly based on the
empirical literature and, with the word-of-mouth value being considerably smaller, are likely more sensitive to
evacuations.

tl Value Min Mean Median Max
[17 mins, 1 min, 120 mins] 1616 11460 16993 17596

[120 mins, 70 mins, 201.6 mins] 1608 9463 12328 16399

Table 19: Total nodes warned with tl = [17 min, 1 min, 120 min] and tl = [120 min, 70 min, 201.6 min].

4.9 As indicated in Table 20, changes in r donot appear to impact total nodeswarned. This is surprising considering
the impact thatevacuationhasonword-of-mouthdissemination. It implies themost important communication
channels are phone and social media. For additional analysis, we use r = 3600min (60 hr) because it is not the
largest value but it is greater than d. A value greater than dmeans that some individualswill choose to evacuate
immediately (Lindell & Prater 2007).
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r Value Min Mean Median Max
15 mins 1647 11810 16778 17579
60 mins 1642 11836 17057 17596
360 mins 1648 10916 17071 17539

3600 mins (60 hrs) 1622 12008 17054 17587
5760 mins (96 hrs) 1616 10727 16897 17432

Table 20: Total warned nodes with r = 15 min, 60 min, 360 min (6 hr), 3600 min (60 hr), 5760 min (96 hr).

4.10 Table 21 reveals a significant difference in total nodes warned between when social media is approximately
24% and when it is 0. The two results when social media is approximately 24% are quite similar, although
it appears that the condition with a larger phone percentage produces slightly more nodes warned. This ta-
ble indicates that social media plays a large role in warning dissemination and phone communication plays a
somewhat larger role than word-of-mouth. These results suggest that communities with limited internet ac-
cess may need to supplement the informal warning process with additional official communication channels
such as NOAA Weather Radio or provide resources to increase effectiveness of the informal warning process.
For further analysis, we use pl = [50.5%, 25.5%, 24%]. The values in the list originate from previous literature
and the differences between values are smaller than the other two lists.

pl Value Min Mean Median Max
[50.5%, 25.5%, 24%] 17161 17343 17312 17587
[2.5%, 73.3%, 24.2%] 16982 17053 17054 17123

[30%, 70%, 0%] 1622 1629 1630 1634

Table 21: Total warned nodes with pl = [50.5%, 25.5%, 24%], pl = [2.5%, 73.3%, 24.2%], and pl = [30%, 70%,
0%].

4.11 Since reference values for all variables have been identified, we analyze n0 and p in additional detail. Figure
11 shows 50 different combinations of n0 and p, with n0 = 1, 5, 50, 500, and 100 and p = 1–5%. Due to the
low probabilities and highly stochastic nature of the problem, results vary significantly across each run of the
simulation. Consequently, we conducted amuch larger number of iterations to identify a curve when there are
low values of n0 and p. The results for 1000 Monte Carlo iterations show that, with n0 = 1, the vast majority of
results are very close to 0; only a few approach larger numbers similar to those seen with larger n0. Based on
this figure, it appears that a critical percolation threshold may be around 3.5–4%. As n0 increases, the critical
threshold appears to shift to the left, toward smaller p. For example, whenn0 = 50 the threshold appears to be
around 1.5% and at n0 = 1000 it is closer to 0.5–1%. While these differences appear significant in determining
a necessary initial broadcast size, the critical threshold cannot necessarily be relied upon; with such small p,
the variation is large and there are still many simulation runs in which the critical percolation threshold is close
to 0 even with larger n0. The result for n0 = 1000 in Figure 11 indicates there is a steady range of results within
each p value even with the smaller critical percolation threshold.

Figure 11: Total Coos Bay warned nodes with n0 = 1, 5, 50, 500, 1000 and p = 0.5–5%.

4.12 The data in Figure 11 was replicated with Seaside data to produce Figure 12. While the exact critical thresholds
may not be quite as obvious, they seem to follow the same trend as the Coos Bay data. Note that while the
n0 values are the same between the two datasets, they are different percentages of each community’s total
population since Coos Bay has 26363 individuals and Seaside has 4502.
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Figure 12: Total Seaside warned nodes with n0 = 1, 5, 50, 500, 1000 and p = 0.5–5%.

Validation

4.13 Some simulation parameters, being functions, do not have direct connections to existing literature, so this sec-
tion analyzes values produced during the simulation to assess their similarity to previous studies’ results. We
begin by examining differences in real probability values from the initial starting p. Since the initial starting p
is used for analysis in the Results section, any results drawn from those conclusions need to be adjusted for
these differences. The differences are provided in Table 22 for p = 0.5–5% in the Coos Bay dataset. Note that
the real probability values are always less than p due to the function detailed in Equation 1. As p increases, the
differences in probabilities also increase, greater than a constant fraction of p. The differences are small, with
the greatest being three-quarters of 1%. This indicates that, while the p values shown in Figures 11 and 12 are
not exact, they are close enough that the trends identified previously remain.

Initial Starting p Mean Difference in Real Value from p (always less)
0.005 0.0001
0.010 0.0005
0.015 0.0010
0.020 0.0017
0.025 0.0027
0.030 0.0034
0.035 0.0046
0.040 0.0056
0.045 0.0065
0.050 0.0075

Table 22: Mean differences in real probability values from initial starting p values.

4.14 While relatively small p values have been identified for the critical percolation threshold, we use larger ones
when analyzing hurricane dissemination times. Lindell et al. (2021) identified peers as the first source of warn-
ing in 7% and 0% of the population in two different hurricanes. Because of this, we use the exploratory p =
5%, 20%, 35%, 50%, 65%, 80%. In a hurricane scenario with d = 1440min (24 hr), 4320min (72 hr), the average
percentage of the population informed after 8 hr is 87%, quite a bit higher than the 70% identified in the litera-
ture (Lindell et al. 2021). The average percentage informed after 24 hours is 89%, fitting the> 80% found in the
same study. An additional study found that 50%were warned by 15 min and 95%were warned by 2.25 hr (Lin-
dell et al. 2005). The simulation finds an average 51% warned by 15 min and 79% by 2.25 hr. The combination
of over- and under-estimation by the simulation when compared with previous studies shows that the results
are within acceptable bounds.

4.15 Lindell et al. (2005) found that approximately 53.6% of the risk area residents evacuated from Hurricane Lili.
The simulation calculates an average of 35% evacuated in hurricane forewarning times of d = 1440min (24 hr),
4320min (72hr). This appears quite abit smaller than the empirical value from the research literature; however,
the simulation produces a range of 30–94%, showing a difference of 18.6% may not be as large as it originally
appears.

4.16 Zhang et al. (2014a) provided a dissemination curve of individuals warned by phone, but they did not provide
many specific parameters of their model, so we selected a range of n0 = 1582, 7909, 13182, 18454, 24518 (6%,
30%, 50%, 70%, 93%), p = 5%, 20%, 35%, 50%, 65%, 80%, d = 9 min, 60 min, 180 min, 1440 min (24 hr),
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4320 min (72 hr), and r = 15 min, 60 min, 360 min, 3600 min (60 hr), 5760 min (96 hr). These are all from
the exploratory values of Table 17. Figure 13 shows the results, which do not seem to match the Zhang et al.
(2014a) sigmoidal telephone dissemination curve. This is likely due to differences in warning dissemination
behavior. In the present study’s simulation, an individual continues to contact others until failure, which has an
expected value of p

1−p contacts, since it is inverse of a geometric distribution. By contrast, Zhang et al. (2014a)
have an individual attempt to contact 150 others, regardless of failure. In addition, our simulation has word-of-
mouth and social media layers in addition to a phone layer, so the additional two layers also contribute to the
differences in the two studies’ results.

Figure 13: Total nodes warned by phone with n0 = 1582, 7909, 13182, 18454, 24518 (6%, 30%, 50%, 70%, 93%)
and p = 5%, 20%, 35%, 50%, 65%, 80%.

Discussion

5.1 While the methods and results of this study make a significant contribution to the literature on warning mod-
eling, there are assumptions made, often due to complexity constraints, that could be addressed by future re-
search. We address limitations and future research below.

Limitations and future research

5.2 Our ABS makes seven primary simplifying assumptions, some of which deviate from the findings of behav-
ioral research on warnings. These are 1) limiting the ABS to eight simulation parameters (n0, p, pl, tl, c, r, d,
and wl) and determining the relationships between them (as described in Section 3.2); 2) assuming recipro-
cal relationships with an undirected network; 3) ignoring the amount of time that it takes authorities to de-
cide to issue warnings (Sorensen et al. 2020); 4) combining time to communicate and time before receiving a
warning—especially problematicwithword-of-mouthbecause it is not easy to “leaveamessage” if the recipient
is not there; 5) assuming that disaster requires evacuation and that evacuation is explicitly recommended in the
warning (recommendations to shelter in-place during a hazmat incident might produce different warning dis-
semination dynamics); 6) assuming that evacuation terminates the word-of-mouth communication channel;
and 7) assuming a household behaves like a single individual.
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Broadcast process

5.3 The broadcast process has six additional major assumptions that could be addressed in future research, the
first of which is that there is exactly one broadcast source, but many hazards elicit warnings from multiple
sources that can transmit a mixture of accurate information, inadvertent misinformation, and deliberate dis-
information. This raises the issue of varying levels of trust in different sources. The second assumption is that
the broadcast is transmitted through a single channel, but it has long been known that authorities usemultiple
warning channels of their own (e.g., sirens and NOAAWeather Radio), as well as multiple TV and radio stations
(Drabek 1986). The third assumption is that the broadcast is transmitted only at the beginning of the incident,
rather than repeatedly through the period of forewarning. This is especially unrealistic for slower-onset haz-
ards. In such situations, researchers such asMileti & Peek (2000) have advised community officials to broadcast
messages repeatedly to increase the percentage of those at risk who have received a warning. The fourth as-
sumption is that every individual in the broadcast process receives a warning instantly (and, thus, at the same
time), but broadcast warning reception can be spread out over an extended period of time (Lindell et al. 2021).
The fifth assumption is that any broadcast message that is received is also heeded and understood but this
is not necessarily the case—especially when risk area residents do not understand the language in which the
broadcast is transmitted (Lindell 2018). The sixth assumption is that every individual in the broadcast process
has complete trust in official sources, regardless of the communication channel or message content. However,
as noted earlier, even those who receive an official broadcast warning tend to try to confirm it (Drabek 1986).

Warning sources

5.4 This study also neglects a number of aspects of warning sources other than the official broadcast process and
the informal contagion process. The first simplifying assumption is that there are no environmental or social
cues—or, alternatively, that risk area residents fail to recognize their significance. This is sometimes the case for
tsunamis inwhichpeople are unaware that long and strong earthquake shaking is a reliable cue to an imminent
tsunami. The second simplifying assumption is that the milling process comprises only warning relay, when in
fact it also includes the confirmation of existing information and search for additional information (Wood et al.
2018), aswell as evacuationpreparation activities (Lindell et al. 2019a). The third simplifying assumption is that
trust is attributed to communication channels rather thanwarning sources. Thismight be realisticwhenpeople
receive a text message directly from a public safety agency, but is not necessarily the case for other channels.

Social context

5.5 In addition, these simulations ignored the time of day at which an emergency warning is delivered. This is an
important consideration because it can affect the length of time before individuals receive a warning (Krings
et al. 2012). Specifically, time of day affects people’s access to different communication channels and day of
week affects whether household members are separated when danger threatens (Lindell et al. 2017).

Network structure and parameters

5.6 As yet, the structure of the social networks for different types of communities remains unclear, so future work
could test the possible effects of directed networks with different types of structures such as regular or ER net-
works. If choosing to use different data sources for the word-of-mouth layer, locations that are inland and
more rural may provide additional insights. Finally, validating the current simulation parameter functions is
extremely important for evaluating the sensitivity of the variables. For example, the seemingly discrete curves
of Figure 13 indicate theremay not be enough variation in the simulation parameters for smooth curves. Future
work could determine the variation in parameters necessary for curves more suitable for regression analysis.

Conclusions

6.1 We developed an ABS that modeled warning dissemination in a multiplex social network where each layer is
a different communication channel. We used data from the empirical warning literature to define suitable pa-
rameter values for the simulation and verify its results. Providing real-world data as a context for a hazard, we
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used a dataset for Seaside, OR (Wang et al. 2016a) and 2020 census data to inform a dataset of Coos Bay, OR
(United States Census Bureau 2020).

6.2 The simulation results show that an initial official broadcast of an emergencywarning plays a significant role in
the subsequent spread of the warning through the contagion process. Although several characteristics of the
situation affect the warning dissemination process—such as amount of forewarning before a disaster strikes,
the likelihood of warning confirmation, and the amount of time it takes to relay warnings—themost significant
is the probability that an individual will relay a warning to others.

6.3 We began to validate the ABS results by showing that they are consistent with empirical findings from warn-
ing research. When applying all considered variables in the model to a more complex simulation, the results
indicate that, as expected, initial broadcast size has a negative correlation with the critical percolation thresh-
old. The threshold ranges from approximately 1–5%, where a larger initial broadcast lowers the value. Other
significant variables include probability to share the warning, confidence in the warning, and amount of time
remaining until the disaster strikes. Social media appears to play a large role in warning dissemination as well,
suggesting a possibly highly effectivemethod for rapidwarning dissemination, provided it is checked often and
is considered to be trustworthy.

6.4 This study’s most immediate contribution is to advance the state of the art in warning modeling beyond the
recent analysis of empirical warning dissemination curves presented in Lindell et al. (2021) and experimental
framework on peer influence provided by Linardi (2016). Although the Lindell et al. (2021) analysis summarized
the available research on hurricane warnings, it was only able to provide warning dissemination curves that
were aggregated across communities and events. The present study extends that analysis by providing a capa-
bility to tailor analyses of warning time distributions to the distinctive characteristics of each hazard and the
unique set of warning channels in each community. Nonetheless, future research needs to refine the model
described here to better represent people’s known patterns of behavior when disasters threaten their commu-
nities.

6.5 This study’s longer term contribution is to advance the state of the art inmodels of emergencywarning dissem-
ination. Specifically, further studies of this type can provide guidance to local officials in their efforts to warn
local residents as disasters threaten, given the unique characteristics of their community and the hazards they
face. Continuing research on the official broadcast and informal contagion processeswill providemore specific
results and policy suggestions. Simulation models of emergency warning dissemination will become increas-
ingly relevant as communities face increasingly challenging environmental hazards (Cramton 2021; Jones et al.
2020; Laska & Morrow 2006).
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