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ABSTRACT
Networked social media provide governmental organizations, such as the National Weather Service
(NWS), the opportunity to communicate directly with stakeholders over long periods of time as a form of
online engagement. Typologies of engagement include aspects of message content that provide information,
contribute to community building, and inspire action and aspects of message microstructural features that
facilitate interaction and dialogue, such as directed messages, hashtags, and URLs. Currently, little is known
regarding the effect of message strategies on behavioral outcomes, and whether those effects vary under
different weather conditions. In this paper we examine how message practices used on Twitter by the NWS
are related to message engagement under routine and nonroutine weather conditions. Our analysis employs a
census of tweets sent by 12 NWS Weather Forecast Offices in spring 2016 and uses a combination of manual
and automated coding to identify engagement content and microstructure features present in each message.
We identify factors that increase and decrease message retransmission (retweets) within this corpus under
varying threat conditions, using a mixed-effects negative binomial regression model. We find that inclusion of
actionable message content, information about historical weather facts, attached visual imagery (such as a
map or infograph), and named event hashtags increases message passing during both threat and nonthreat
periods. In contrast, messages that include forecast and nowcast content and messages that are sent in reply to
other users have a lower passing rate. Findings suggest that common message features do alter message
passing, potentially informing message design practices aimed at increasing the reach of messages sent under
threat conditions.

1. Introduction
Social media platforms (e.g., Facebook, Twitter) provide governmental organizations like the National
Weather Service the opportunity to communicate
directly with stakeholders. Broadly speaking, such
Corresponding author: Jeannette Sutton, jeannette.sutton@uky.edu

communication can be thought of as taking place in two
kinds of contexts: threat periods, when a specific hazard
event (e.g., severe storm, flood, etc.) is affecting the
population served by the organization; and nonthreat
periods, when no specific hazard is active (though recovery, preparedness, or mitigation activities may be
taking place). Long-term social media communication
that spans such weather cycles is often referred to as
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engagement, as the goal of this communication is to
build trust and create relationships (Lovejoy and Saxton
2012) rather than simply to convey information
regarding a specific event. For science-based organizations like the National Weather Service, building trust
and creating relationships may be particularly important as these organizations are mandated to warn
people of hazardous events and encourage them to take
protective action. When a hazardous event does occur,
engagement may affect the effectiveness of eventspecific communication. For instance, preexisting trust
relationships influence how people respond to messages, in particular the extent to which they follow
message recommendations (Wachinger et al. 2013).
Although much has been written about using social
media for stakeholder engagement, especially in the
public relations literature (Dhanesh 2017), most research to date has been focused on attempting to
catalog and create typologies of messages employed
(Olson et al. 2019; Lee and VanDyke 2015; Lovejoy
and Saxton 2012). This work has demonstrated that
consistent strategies—implicit or explicit—are frequently
employed by communicators seeking to engage their
audiences, raising the question of how well such strategies work in practice. Evaluating the degree to which
engagement strategies result in realized stakeholder
engagement using behavioral measures from social
media has thus emerged as a new and largely untapped
area for research (for a notable exception, see Saxton
and Waters 2014).
When individuals interact with messages on social
media, individual platforms facilitate a variety of interactions, or impressions, that indicate engagement with
a message. Users can typically ‘‘like’’ messages, comment on messages, and pass messages on using platformspecific buttons like ‘‘retweeting’’ on Twitter and
‘‘sharing’’ on Facebook. Of these behavioral actions,
message passing has attracted the most scholarly and
practical interest (Suh et al. 2010). This behavior not
only indicates attention to messages, suggesting that
they are salient to the audience, it also spreads messages
beyond their original group of recipients, increasing
exposure. Message passing has been examined in the
context of daily communication by nonprofit organizations (Bail 2016; Saxton and Waters 2014) and in the
context of official communication during hazardous
events (Sutton et al. 2015; Vos et al. 2018). However,
to our knowledge, no research has analyzed how organizational engagement message practices influence
message passing for science-based government organizations like the National Weather Service and how that
differs over time, particularly between periods of threat
and nonthreat.
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Although research has established that people turn to
social media for information when disaster threatens
(Fraustino et al. 2012) and that certain message strategies are more effective for initiating retweeting during
the threat period (Sutton et al. 2015; Vos et al. 2018),
little research that we know of has examined message
passing during nonthreat periods for science-based organizations. In other words, researchers have yet to
examine how the engagement strategies that organizations like the National Weather Service use on social
media influence message passing during nonthreat periods and whether this communication pattern differs
during threat periods. In this paper, we build on existing
research that examines message passing in the context
of threat (Sutton et al. 2015; Vos et al. 2018) and message passing in the context of everyday communication
by nonprofit organizations (Bail 2016; Saxton and
Waters 2014) in order to analyze message passing by a
science-based organization during threat and nonthreat
periods. In particular, we draw on the results of a previous
content analysis of media engagement communication on
Twitter by National Weather Service forecasting offices
(Olson et al. 2019) in order to model how the engagement
strategies used by these offices effect message passing
during threat and nonthreat periods.

a. Engagement on social media
Although engagement has long been identified as a
goal of organizational communication on social media,
both scholars and practitioners have struggled to define
what engagement on social media means (Dhanesh
2017). Early research focused on the potential for
social media to facilitate engagement using two-way or
dialogic communication (Taylor and Kent 2014). This
research tended to criticize organizations that did not
direct messages to individual users or mention users in
their messages as these types of dialogic interactions
were considered superior to one-way information dissemination (e.g., Lovejoy et al. 2012). However, more
recent research conceptualizes social media engagement as a continuum, where interactive communication is but one aspect of engagement (Dhanesh 2017).
Engagement is the practice of carrying on long-term
communication with an audience with the purpose of
building relationships, establishing trust, and facilitating mutual understanding between an organization
and its publics. Under this conceptualization, social
media engagement strategies are specific approaches
to carrying out long-term communication (i.e., communication that extends beyond any single interaction
or event) and includes all communicative acts made
by an organization, and thus it can be operationalized
as the interactive elements facilitated by the platform
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[i.e., communicating directly to a user, using a hashtag
(#), or including a hyperlink] as well as the content of
the messages sent. This conceptualization recognizes
the sharing of content as an engagement strategy, acknowledging the experimental research that suggests
that individuals respond to useful social media content
from organizations in a way that builds a relationship
(Watkins 2017); for a more in-depth discussion of engagement on social media, see Olson et al. (2019) and
Dhanesh (2017).
An examination of social media communication on
Twitter by 12 National Weather Service Weather
Forecast Offices (WFOs) found that these offices systematically employed both message content and interactive elements to engage stakeholders (Olson et al.
2019). Content posted to Twitter by the WFOs included
general information (weather forecasts, current conditions, and weather facts), information related to notable
weather events, referred to as ‘‘weather products’’ (e.g.,
watch, warning, advisory), and community-building
information. Notably, only a small proportion of messages included recommended actions (e.g., messages
that instructed people to take an action, such as share
pictures, attend a spotter class, or take protective action). Interactive features used by the offices included
replying directly to users or mentioning them in the text
of the tweet (using @username); retweeting messages
sent by other users; attaching an image, GIF, or video
file to a message; using a keyword hashtag (e.g., #wx,
meaning weather) to indicate message topic; including
a hyperlink to direct users to additional information;
indicating emphasis with an exclamation point; and
posing questions.
Results from the study indicated that offices used
different practices during threat periods (as indicated
by active warning or watch periods) than they did in
nonthreat periods (Olson et al. 2019). During nonthreat
periods, messages included community building, weather
facts, and action content more often. Messages during this
time period were also more likely to include hyperlinks,
questions, exclamation points, images, and @mentions.
During threat periods, the inclusion of nowcast and
weather product information increased as did the use of
direct replies. However, this study did not examine
whether these strategies influenced user engagement with
messages, as measured by message passing, and whether
user engagement varied between threat and nonthreat
periods.

b. Engagement strategies and message passing
Most of the research examining the relationship between messages and message passing has been conducted in the context of hazardous events, when public
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attention focuses on an issue (e.g., Sutton et al. 2015),
likely contributing to increased message passing. Based
on the findings from seven case studies, Vos et al. (2018)
proposed the Risk Communication on Social Media
(RCSM) framework, which draws on theories of diffusion that explain how new information, skills, or production methods, spread across populations over time
and how quickly they are adopted (Rogers 2003;
Spitzberg 2014). The RCSM identifies several key
factors that influence message passing. These factors
include the design of the message itself (content and
interactive features), the characteristics of the account
sending the message, the network of followers associated with the account, and the salience of the message
topic at the time the message was sent. Of the four
factors that influence message passing, two factors can
be easily manipulated by communicators at organizations like the National Weather Service: the characteristics of posted messages, and the time at which
messages are posted. For instance, messages that are
timed such that they coincide with, or are proximate to,
salient events to which they refer (e.g., a severe storm)
may receive more attention than those posted at other
times, and messages posted during periods of high
social media use (e.g., midday, midweek) may be passed
on more readily than those posted during periods of
low social media use (e.g., very early morning on
Sunday in the United States). Likewise, appropriate
choices of message style and content can lead to increased salience and greater retransmission probability, while other choices may result in messages that
receive less attention.
The results from these previous studies suggest that
certain types of content result in more public attention
to messages during imminent threat periods, that is,
when a threat is urgent and hazardous, as measured
by message passing. In particular, messages that contain information about the severity of a threat (i.e.,
hazard information) and messages that contain action
information or information that instructs people about
how to respond to a threat (i.e., guidance or advisory
messages) were passed on at a higher rate than messages
that did not contain this information. In terms of message features that facilitate interaction, described
as ‘‘microstructure’’ (Sutton et al. 2014), messages that
contain media files are passed on more often (Vos
et al. 2018). Using a #keyword hashtag also usually
increases message passing, although not always (Vos
et al. 2018). However, some microstructure features
such as @mentioning another user or @replying
directly to message signify a narrowing of the audience
for the message, consistently decreasing message passing (Sutton et al. 2015). This effect is an example of the
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classic observation that information seen as being more
broadly relevant to others (e.g., as opposed to being part
of a narrower conversation) is more likely to be passed
on (Allport and Postman 1947).
The research on message passing under normal conditions by nonprofit organizations using other social
media platforms suggest a similar pattern (Bail 2016;
Saxton and Waters 2014), in that content and structural
elements influence message passing. For example, one
study that examined message passing using Facebook
messages posted by large nonprofits (Saxton and Waters
2014) found that certain types of content (fundraising
and event messages) decreased message passing compared to informational messages. Another study, which
examined message passing on Facebook in the context
of autism organizations, found that emotional language
and unique word choices increased message passing
(Bail 2016). Both studies found that including an image
or visual (an audiovisual in the autism study and a picture in the large nonprofit study) significantly increased
message passing.
This previous research suggests that message microstructure and content choices influence message passing in both threat and nonthreat periods. However, it
is unclear how specific engagement strategies used by
the National Weather Service influence message passing
during normal, nonthreat conditions and whether this
pattern changes when bad weather is approaching. In
this paper, we seek to answer the following two research
questions:
RQ1: How do engagement strategies influence message passing during nonthreat periods?
RQ2: Does the effectiveness of these strategies, as
measured by message passing, change during threat
periods?

2. Methods
To model how message content and microstructure
influence message passing during threat and nonthreat
periods, we construct a model from data analyzed as
part of a previous study on media engagement on
Twitter, described above (Olson et al. 2019). Content
analysis was conducted on Twitter messages sent by
the accounts of 12 NWS WFOs to identify engagement
practices used in threat and nonthreat periods. WFOs
were selected using a stratified sample that varied
by geographic region, population served (urban or
rural), and weather phenomena common to those
areas and time of year. While not all examples of extreme weather (e.g., hurricane or blizzard) occurred
during our study period, several regularly occurring
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seasonal threats (including flooding and severe thunderstorms) are included and represent widely experienced weather perturbations. The selected offices were
located in Anchorage, Alaska; Boston, Massachusetts;
Fort Worth, Texas; Grand Forks, North Dakota;
Honolulu, Hawaii; Jackson, Kentucky; Miami, Florida;
Norman, Oklahoma; Pueblo, Colorado; Sacramento,
California; Seattle, Washington; Charleston, South
Carolina.
A total of 10 705 tweets were collected from a threemonth period (April–June 2016) using the Twitter
Representational State Transfer (REST) API, constituting a census of messages posted by these accounts
during the period. For this analysis, we excluded any
messages that were retweets or messages that had originated with another account and had been passed on by
the account of interest, leaving 9861 messages for analysis. On average, each account produced 821 messages
during the study period, with @NWSHonolulu producing the least (62) and @NWSNorman producing the
most (2053). Our analysis (as described below) examines
the relationship of a variety of message and contextual
features to the rate at which these messages are retweeted, while controlling for account-level and other
contextual differences.

a. Content analysis
A combination of manual and automated coding
strategies were used for the message content analysis
(for a more in-depth discussion, see Olson et al. 2019).
Messages were first coded for whether they were sent
during a threat period. Messages sent during a threat
period were conceptualized as those disseminated during a time period when the WFO sending the message
was also under an active advisory, watch, or warning.
Threat time periods were identified by drawing on the
Iowa Environmental Mesonet (IEM) NWS products
database (Iowa State University 2019).

1) MANUAL CODING
Messages were manually coded for engagement
strategies related to content (see Table 1; Olson et al.
2019). These codes drew on previous research on engagement in the public relations literature (Lovejoy
and Saxton 2012; Lovejoy et al. 2012) and research on
message passing in the context of threat (Sutton et al.
2015; Vos et al. 2018). The messages were coded by two
coders. Intercoder reliability was assessed at the beginning and midpoint of the process, using a subset of the
data; reliability was high in both cases (Krippendorff’s
alpha $ 0.8; Krippendorff 2011). Operational definitions
for codes, reliability measures, descriptive information,
and examples are provided in Table 1.
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TABLE 1. Operational definitions, codes, and reliability measures for manual content coding. ICR is intercoder reliability.
Category

Definition

Weather information

A message whose purpose is solely to
inform of past, current, or future
weather, without any secondary agenda
such as community building. Weather
information is an overarching category,
with forecast, nowcast, weather facts,
and weather products as subcategories.
Messages that contain future predictions
about the weather/weather conditions

Forecast

Nowcast

Messages that inform of or discuss current
or ongoing weather conditions

Weather facts

Messages that inform of or discuss
weather information that do not look
to the future or discuss current
conditions. This includes historical
weather data, observed weather data,
fun weather facts, discussion of
historical weather events, and statistics
for weather hazards.
Messages that inform of the issuance,
continuation/renewal, or cancellation
of products disseminated by the NWS
WFOs, SPC, NHC, or CPC. Includes
‘‘local products,’’ which are nonofficial
products that are issued consistently by
an office in tweets with no other
information (such as daily weather
briefings and weather stories).
Messages that tell people to do something
or to take an action. Includes
imperative words/sentences

Weather products

Action

Community-building

Similar to Lovejoy and Saxton’s (2012)
‘‘community building,’’ used to
strengthen ties to online community.
May not have an intent or agenda of
trying to get a response or a reply

2) AUTOMATED CODING
Computer-automated methods were used to automatically annotate microstructural features of messages
that facilitate interaction. Only features that could
be automatically and unambiguously identified were
coded in this manner. These included the presence of
media attachments (pictures, videos, or gifs), hyperlinks,
mentions of other users (@username) or direct replies
to other users (messages that begin @username), and
messages that included a hashtag (#). Sentence structure
was also automatically coded for the presence of a
question mark (?) or exclamation point (!).

Example messages

ICR 1

ICR 2

0.83

0.99

Windy/dry/& warm wx will raise the
#fire weather threat across western
N TX Tues/Wed. #txwx #abilenwx
#dfwwx #texoma https://t.co/
7oZt4Sti0H
637 p.m. Radar: 2 storms still
producing dangerous hail across
North Texas. Moving east and
southeast #dfwwx #txwx https://t.co/
8OY2BDu9a7
8 years ago today, an EF-2 tornado hit
Wayne county, heavily damaging or
destroying nearly 40 structures.
https://t.co/QbqLJBh5Qy

0.89

0.94

0.93

0.84

0.86

0.91

RT @NWSSevereTstorm: Severe
Thunderstorm Warning including
Belle Glade FL, Lake Harbor FL,
South Bay FL until 6:00 p.m. EDT
https://t.co/

0.91

0.94

If you receive a Wireless
#EmergencyAlert, take action and
check local media: https://t.co/
kBp606akjf. #HurricanePrep
If you have pics or video of tornadoes,
hail and/or damage that you’re
willing to share with us send them to
sr-oun.spotter@noaa.gov. Thx!

0.92

0.94

0.83

0.84

3) HASHTAG CATEGORIZATION
Past work in this area has focused on the use of
hashtags in official communication during and around
the time of specific, high-impact hazard events (Starbird
and Palen 2012; Sutton et al. 2015; Vos et al. 2018). In
these cases the use of a hashtag in a message, which
was found to be one of the largest contributors to message retransmission (Suh et al. 2010) and was motivated
by the need to create a virtual ‘‘channel’’ through which
members of the public could obtain current information regarding a fast-changing event of substantial general interest. In the present context, however, most
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TABLE 2. Hashtag coding features.

Hashtag category
Location
Ordinary weather
Campaign
Organization

Time related

Extreme weather
Named events
Miscellaneous

No. of unique
hashtags

No. of
messages

181

4796

52

230

45

252

34

86

#sunrise #May
#memorialday2016

35

102

#hurricane #supercells
#flashflood
#Bonnie #Colin #Bertha

19

77

9

62

126

234

Definition

Examples

Includes locations (states/regions etc.) and
acronyms to refer to a location and weather
Nouns/adjectives related to quotidian
weather events
Preparation, safety, or awareness related
campaigns
NWS-related hashtags, naming of another
office, or another organization or
event/conference
Hashtags relating to seasons, days of the
week, months, and national and other
holidays
Nouns/adjectives relating to extreme weather
events
Hashtags relating to specific, named weather
events
Hashtags having few other shared categories

#california #wawx (Washington
weather)
#sunshine #warm #cold

communication does not involve response to named,
high-impact events, and inspection of the message corpus revealed a much wider diversity of uses for hashtags.
To account for the possibility that different types of
hashtags have different effects on message retransmission, we conducted additional content analyses of
hashtags employing a thematic categorization scheme
to determine variation in hashtag use over time. For the
hashtag categories, two researchers separately coded
the 501 unique hashtags in the dataset for one of seven
categories; any disagreements that emerged in this
process were resolved through discussion resulting in
mutual agreement. The categories included location
(#northeast), ordinary/everyday weather descriptors
(#rain), campaigns (#floodsafety), organization (#NWS),
time (#summer), extreme weather (#hurricane), and
named events (#Colin). Hashtags that did not fit into
one of these categories were coded as ‘‘miscellaneous.’’
Once unique hashtags were identified, computerassisted methods were used to automatically identify
hashtags that appeared in each message. Hashtag categories are mutually exclusive (i.e., each hashtag was
coded for only one category); however, messages could
contain more than one hashtag and, thus, could be coded
as containing more than one hashtag type.
Operational definitions for hashtag codes, descriptive
information, and examples are provided in Table 2.

b. Data analysis
The outcome variable, message passing, was operationalized as the number of times a message was retweeted
or passed on, with the core question of our analyses
being what engagement content and microstructure

#tornadosafety #stormready
#awareness
#NWS #NHC #NOAA

#pumice #kiteboarders #mars

predict message passing. As is typical of Twitter messages, many NWS messages were not retweeted, with
most retweeted messages being passed on a very small
number of times. However, some messages are retweeted many times, resulting in a highly skewed retweet distribution [mean 5 7.6, median 5 4, mode 5 0
(22.7% of all messages), standard deviation 5 16,
skewness 5 18.9, kurtosis 5 824.84]. To account for
this, we conducted our analysis using a mixed-effects
negative binomial model (Hilbe 2011); preliminary analyses showed that additional zero-inflation was not
present (net of what the negative binomial model already produces), and hence we did not employ it here.
All analyses were conducted in R with the MASS and
glmmADMB packages (Skaug et al. 2010; R Core Team
2016; Venebles and Ripley 2002).
To control for contextual factors unrelated to
message content and microstructure, we included the
month, the day of the week, and the hour (in local
time) a message was sent, using random effects
(Venebles and Ripley 2002). We also controlled for
the account sending the message using per-account
random effects, and the number of followers each
account had at the time the message was sent using
fixed effects (Venebles and Ripley 2002). (We note
that, in particular, these effects control for any
account-specific tendency for messages to be retweeted
at higher or lower rates, net of other message features.)
Fixed effects were used for all other variables. To
compare the effect of message content and microstructure on engagement during threat and nonthreat
time periods, we included an interaction term for each
message-related variable. Variables unrelated to the

0.01

24.91

0.68
20.27
0.50
20.37
20.06
0.16
23.92

0.17
0.19
20.07
0.29
20.11
20.16
20.04

20.08
20.05
20.21
0.19
0.04
0.74
20.04

Intercept

Microstructural features
Follower count
Including hyperlink
Including media
Including mention
Including question (?)
Including exclamation (!)
Reply

Message content
Instruction/action
Community
Product
Facts
Forecast
Nowcast
Location

Hashtag codes
#Ordinary weather
#Campaign
#Organization
#Time related
#Extreme weather
#Named events
#Miscellaneous
0.92
0.95
0.81
1.21
1.04
2.10
0.96

1.18
1.21
0.93
1.34
0.90
0.86
0.96

1.97
0.77
1.65
0.69
0.94
1.17
0.02

Exponentiated
beta

Estimate

0.06
0.07
0.11
0.09
0.11
0.12
0.06

0.03
0.04
0.04
0.04
0.03
0.03
0.03

0.14
0.04
0.03
0.05
0.05
0.03
0.10

1.36

NS
NS
NS
*
NS
***
NS

***
***
NS
***
***
***
NS

***
***
***
***
NS
***
***

***

Standard
error
Significance

Threat interactions
#Ordinary weather 3 threat
#Campaign 3 threat
#Organization 3 threat
#Time related 3 threat
#Extreme weather 3 threat
#Named events 3 threat
#Miscellaneous 3 threat

Threat interactions
Instruction/action 3 threat
Community 3 threat
Product 3 threat
Facts 3 threat
Forecast 3 threat
Nowcast 3 threat
Location 3 threat

Threat interactions
Follower count 3 threat
Including hyperlink 3 threat
Including media 3 threat
Including mention 3 threat
Including question (?) 3 threat
Including exclamation (!) 3 threat
Reply 3 threat

Threat period

Threat interaction

20.22
20.35
0.05
0.09
20.05
20.06
0.25

0.06
20.18
20.33
0.12
0.01
0.09
0.14

20.01
0.25
0.09
20.38
0.08
0.32
0.64

20.06

Estimate

0.80
0.70
1.05
1.09
0.95
0.94
1.28

1.06
0.83
0.72
1.13
1.01
1.09
1.15

0.99
1.29
1.09
0.68
1.08
1.37
1.90

0.95

Exponentiated
beta

0.13
0.14
0.20
0.20
0.21
0.22
0.15

0.07
0.08
0.07
0.08
0.05
0.05
0.05

0.03
0.07
0.05
0.10
0.12
0.06
0.15

0.28

Standard
error

NS
*
NS
NS
NS
NS
NS

NS
*
***
NS
NS
NS
**

NS
***
NS
***
NS
***
***

NS

Significance

TABLE 3. Negative binomial regression model. Observations: 9861; Akaike information criterion (AIC): 48 378.6; log-likelihood: 224 140.3; dispersion parameter: 2.01; standard error:
0.039; *P , 0.05, **P , 0.01, ***P , 0.001; NS: not significant. Note: This model controls for the account the message originated from, the hour, day of week, and month that the message
was sent with random effects variables not listed here.
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FIG. 1. Message content features are shown with their corresponding model estimates, which here represent
the expected log count of message passing. Green bars indicate features that positively impact message passing
while red bars indicate features that negatively impact message passing. Solid colored bars represent the feature
in the nonthreat period while cross-hatched bars represent features during a threat period. Brackets indicate
a feature that differs significantly between nonthreat and threat periods, with ***p # 0.001, **p # 0.01, and
*p # 0.05.

message itself (e.g., account, time of day) were held
constant.

3. Results
Our model (Table 3) indicates that similar message
design features influence message passing in both
threat and nonthreat period and, in general, they do so
in similar ways. In addition, as predicted by the Risk
Communication on Social Media framework (Vos et al.
2018), message passing is also influenced by the network
of followers attached to the account, the organization
sending the message, and the timing of the message. In
terms of the message content and interaction variables,
the model shows similar results for both threat and
nonthreat periods. However, in some cases, the difference between threat and nonthreat periods is statistically significant. To interpret these findings, we provide
a frequency interpretation based on the exponentiated
beta coefficients (Hilbe 2011).
In our analyses, the main effect for each message
feature indicates the impact of that feature on the log of
the expected retweet rate in the nonthreat period. Interactions of ‘‘threat’’ with such features indicate the
difference in the corresponding effect for threat periods, net of the nonthreat baseline; a significant interaction hence indicates a statistically significant tendency

for the influence of the corresponding message feature
to be different in threat versus nonthreat periods. In
our discussion (below) and in Figs. 1–3, we combine
these to show the net effect of each message feature on
retweet rates in the threat and nonthreat periods
(respectively).

a. Message content
Two types of engagement content (weather facts and
instruction/action) increased message passing in both
nonthreat and threat periods (see Fig. 1). Including
weather facts in a message significantly increased
message passing regardless of whether the message
was posted during a threat or nonthreat period (52%
and 34%, respectively). Similarly, the inclusion of
instruction/action content and information significantly
increased message passing (25% in threat periods and
18% in nonthreat periods). In the both cases, the difference between message passing in threat and nonthreat periods was not significant.
Two types of engagement content have significant
effects on decreased message passing during nonthreat
periods but did not have a significant effect in threat
periods. The inclusion of forecast information decreased
message passing by 10% in nonthreat periods, holding
all other variables constant. Nowcast information or
updates on ongoing weather-related events, decreased
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FIG. 2. As in Fig. 1, but model estimates for structural features.

message passing by 14% in nonthreat periods. In both
cases, the difference between message passing in threat
and nonthreat periods was not significant.
Two engagement content variables demonstrated
significant differences in message passing during threat
versus nonthreat periods. Community-building content
significantly increased message passing by 21% in
nonthreat periods; however, the effect of this variable
decreased during threat periods to a nonsignificant effect, and the difference between the two time periods
was significant. Similarly, message passing for weather
product information significantly decreased in threat
periods, compared to the baseline of nonthreat periods.
During the nonthreat period, weather product information did not have a significant effect on the message
passing; however, during threat periods, weather product information significantly decreased message passing
by 32%.

b. Message structure
Structural features influenced message passing in both
threat and nonthreat periods. Two of these features
(including a visual media element, a microstructural feature of Twitter, and sentence structure, using an exclamation point) increased message passing (see Fig. 2) in
both threat and nonthreat periods. Visual media elements
like an image or video significantly increased message
passing (80% in threat and 65% in nonthreat); the difference between the two periods was not significant. Using an
exclamation point (!) also increased message passing
in both threat and nonthreat periods (64% and 17%,

respectively), with the threat period effect being significantly higher than the effect on messages not posted
in threat periods.
Four message structure features (one sentence structure and three microstructure) either decreased message
passing or did not significantly influence message passing. Using a question mark (?) decreased message
passing by 6% in nonthreat periods; in threat periods,
this message strategy did not significantly influence
message passing. The difference between the two periods was not significant. Directly responding to another
user (@Reply) substantially decreased message passing in both threat (96%) and nonthreat (98%) periods;
in addition, the difference between the two periods
was significant. Mentioning another user in the text of
a message (@Mention) also decreased message passing.
During nonthreat periods, this strategy decreased message passing by 31%; in threat periods, this strategy
decreased message passing by 53%; the difference between the two periods is statistically significant. Finally, using hyperlinks significantly decreased message
passing in nonthreat periods by 33%; however, during
threat periods, the variable did not significantly influence message passing. This change in message passing
during threat periods was significantly different from
nonthreat periods.

c. #Hashtag features
Most types of #hashtags do not significantly influence
message passing in threat or nonthreat periods and the
difference between periods is minimal (i.e., nonsignificant;
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FIG. 3. As in Fig. 1, but model estimates for hashtag features.

see Fig. 3). The clear exception to this observation
are hashtags related to named events, like #Bonnie.
In both threat and nonthreat periods, named event
hashtags increased message passing (110% and 99%,
respectively); the difference between the two periods is
nonsignificant.
The two hashtag types that show significant differences in their influence in threat and nonthreat time
periods are campaign and location hashtags. Campaign
hashtags, such as #tornadosafety, do not significantly
influence message passing in nonthreat periods but do
(negatively) influence message passing during threat
periods. During threat periods, using campaign hashtags
decreases message passing by 33.5%. Location hashtags
do not significantly influence message passing in threat
or nonthreat periods. However, the differences in influence between time periods are significant. This is
likely because the direction of the nonsignificant findings is negative for nonthreat time periods and positive
for threat periods; put another way, our data suggest
that the impact of location hashtags is higher in threat
versus nonthreat periods, but we lack the statistical
power needed, that is, the number of observations necessary to reliably determine whether it is the higher of
two positive effects, the less negative of two negative
effects, or whether the effects go in different directions
(as their point estimates would suggest).
Two hashtag types had a significant influence during
one time period, no influence during the other time
period, and did not exhibit a significant difference between time periods. During nonthreat time periods,

including a time-related hashtag (e.g., #memorialday2016)
increased message passing by 21%. However, the influence during threat time periods was nonsignificant,
and the difference between the two time periods was
nonsignificant. Hashtags related to ordinary weather
significantly decreased message passing during threat
time periods by 27% but did not have a significant influence during nonthreat time periods. The difference
between the two time periods is not significant.

4. Discussion
Organizational engagement on social media can be
fostered by the type of information included in the
message and the microstructural features that facilitate
message interaction. Previous research demonstrated
that engagement practices used by WFOs differ based
upon the time period during which messages are sent.
In this research, we identify which practices lead to
the behavioral outcome of message passing in threat
and nonthreat periods. We find that some message
content types—weather facts and action messages—
have consistent effects of increasing message passing in
both time periods. The behavioral response of message
passing for these two content categories, especially
during the threat period, suggests that audiences are
drawn to and engage with content that is not only instructive (Sellnow-Richmond et al. 2018) but also helps
to normalize or emphasize the threat by comparing it
with previous experience (Keller et al. 2006). Importantly, weather facts may provide audiences with points
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of comparison, anchoring them to memorable events
that can help them to assess their current level of risk
(Finucane et al. 2000).
We also find that forecast and nowcast messages have
consistent effects on decreasing message passing in
both time periods. While providing this kind of daily
weather information is key to the mission of WFOs,
this does not necessarily lead to enhanced retransmission online. One potential explanation is that these
messages may be used primarily by readers to satisfy
their own curiosity or for personal planning purposes
(e.g., deciding what to wear, or whether to bring an
umbrella to work) and such individualistic use cases
neither require nor motivate information sharing. While
perhaps surprising that this would continue to be true
during threat periods, scholars and weather forecasters
must remember that the ‘‘typical’’ threat is still a fairly
quotidian, or ordinary, kind of event with which the
affected community is highly experienced (e.g., a thunderstorm). As a result, audience members may have
little of the ‘‘cognitive unclarity’’ (Allport and Postman
1947) that would motivate extensive message passing.
This situation is quite different from the disaster-based
settings that have been the focus of much prior work in
this area (Starbird and Palen 2012; Sutton et al. 2015;
Vos et al. 2018), where the impacted community typically has substantial uncertainty regarding the evolving threat and where passing information to others has
potential social value; determining the threat level at
which a community transitions from ‘‘individual relevance’’ of messages to seeing them as ‘‘socially relevant’’
would seem to be an interesting problem for further
research.
We also find that, whereas community building
increases message passing in nonthreat periods and
decreases message passing in threat periods (as might be
expected from first principles), weather products that
communicate information about hazard likelihood and
impact decrease message passing in threat periods.
While the RCSM model postulates that content describing threat severity and impact positively affect
message passing (Sutton et al. 2015; Vos et al. 2018),
recent research on social media engagement practices
on Twitter shows that WFOs increase the number of
product messages sent during the threat period (Olson
et al. 2019). As a result, a saturation or dilution effect
may occur, similar to that observed by Caplow (1947)
in the context of rumoring during military operations.
If message saturation during threat periods indeed reduces the tendency of readers to pass important warning information to others, then WFO practices designed
to meet the NWS mission of informing the public
about impending weather threats may be able to obtain
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improved results by incorporating other features that
enhance retransmission. For example, of the 1218 messages in our corpus that contain product content, only
99 include action/instruction. Action/instruction is a
consistent predictor of message passing (Sutton et al.
2015; Vos et al. 2018). A somewhat larger number, 721,
include visual images, which also enhance transmission.
Since the inclusion of instructional content has the
added benefit of helping message receivers to make
decisions on actions that can be taken to protect
themselves and others (Frisby et al. 2014, 2013), incorporating it more widely could enhance both message relevance and message reach. More generally,
another possibility is that the current weather products, which were designed before the advent of social
media, are not ideally suited to social media and could
be adjusted to provide better resonance with an online
audience.
Message microstructure affects audience engagement
through message passing as well. Consistent with prior
research, we find that attaching a visual image to a
written message increases message passing in both
threat and nonthreat periods. In addition, changing the
structure of the message itself to include an exclamation
point, either for emphasis or to suggest the use of an
imperative voice, increases message passing. Some
scholars have found, however, that the use of exclamation points can negatively affect perceptions of
credibility of the message sender (Castillo et al. 2013)
suggesting that sentence syntax should be reserved for
times when there is a clear need to communicate the
severity of a threat. While neither of these structural
changes affect dialogue (two-way communication), they
do serve to gain audience attention in a very busy information environment. In direct contrast, message
features that are designed to increase two-way interaction (questions, direct @replies, @mentions, and the
inclusion of a hyperlink) decrease message passing
among audiences in both threat and nonthreat periods.
This finding is particularly important for WFOs and
other organizations considering their strategic use of
communication technologies to note. If the goal of communication is to amplify messages through message
passing in order to reach a broader audience, the use of
interactive features available on social media may have
limited success. However, if the goal is to engage oneon-one with members of an audience, cultivate relationships, or demonstrate direct communication with
constituents, interactive features have the potential to
facilitate this outcome.
Our findings regarding the use of keyword hashtags
also have important implications for message passing in
threat and nonthreat periods. Prior research has focused
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on topical, event-based hashtags during the period of
imminent and ongoing threat for events of significant
social disruption (Sutton et al. 2015; Vos et al. 2018).
In more routine contexts, hashtags may be used in many
other ways, and their function of creating an emergent
‘‘channel’’ through which information seekers can
learn about a specific event may be less important
(Bruns and Burgess 2011). Our findings here bear out
the notion that this difference is consequential. As with
our prior work, we find in this study that the use of
hashtags that characterize or capture a particular event
as it is unfolding increases the likelihood of message
passing. This phenomenon is especially apparent in
threat periods, but it continues in nonthreat periods
after the advisory, watch, or warning has been lifted.
This suggests an ongoing interest among audience
members long past the period of risk and threat into the
aftermath of storms and other weather phenomena.
However, we also find that there are some hashtags that
have a negative effect on message passing. Importantly,
we see that campaigns, traditionally used to promote
some sort of educational initiative, do not actually appear to increase message passing. This suggests that
keyword hashtags are filling a different purpose in this
case. As noted, hashtags can function to make it possible for audience members to find content that is relevant to a particular context or time period (Bruns and
Burgess 2011). In the case of campaigns, which can be
sporadic or ongoing, the use of a consistent hashtag,
employed by multiple communicators, can increase visibility of the campaign, or may serve as a marker or
reminder for audiences, helping them to recall information later (Bruns et al. 2016). However, such usage
of hashtags to facilitate the ‘‘push’’ of messages to
readers who may or may not want them—and who may
even recognize that they are being ‘‘pushed’’ to by the
presence of the hashtag—is very different from the
hashtags that help users successfully ‘‘pull’’ information about a flood, wildfire, or other critical hazard
that is directly affecting their community. In the latter
case, messages successfully located by means of the
hashtag may be widely shared, while in the former, the
unlooked-for hashtag may at best become a mental
marker (or ‘‘brand’’) for an accidentally encountered
campaign. While these hashtags may have other useful
effects (as noted above), our data do not support the
contention that such hashtags will themselves lead
readers to pass such messages to others.

5. Conclusions and future research
Engagement can be thought of as long-term communication on social media among public science-based

VOLUME 11

organizations like the National Weather Service. In different time periods and different contexts, objectives
may shift from one-way communication to alert and
inform public audiences to two-way communication that
facilitates ongoing interaction. While enhancing message passing is only one of many possible objectives,
it can nevertheless be important for facilitating widespread dissemination of messages and for generating
multiple exposures (ideally from trusted sources) to
messages requiring an active response. Our analyses
show that many communication practices currently
employed by NWS offices do have substantial effects
on message passing, and that these can—but do not
always—differ in threat versus nonthreat periods.
To increase the reach of Twitter messages, our findings suggest that risk communicators should include
action-oriented message content, attach visual images, and share weather facts that call to mind historical events. While the use of exclamation marks
will help messages to stand out, offices should consider using this strategy sparingly to call attention to
the severity of a threat or seriousness of the actions
being promoted. There are also many engagement
practices that we do not find to increase message
passing, such as posting messages that include forecast, nowcast, and weather product content, directing
messages to other users, or including a hyperlink.
Weather forecasters may have many good reasons to
employ messages with such features but doing so may
impose a cost with respect to message passing. Where
offsetting the retransmission cost is desirable, incorporating factors found to enhance transmission (such
as actionable information and visual imagery) may
prove effective.
In this paper, we have focused on information amplification and message passing within a diverse group
of 12 WFOs, investigating what message content and
message structures influence message sharing on
Twitter during nonthreat and threat periods. Clearly,
additional behavioral responses warrant further investigation, including how engagement practices affect
account follower numbers, how two-way communication facilitates trust, and how messages inspire action
among those who are at risk. Additional features of
messages would also benefit from deeper analysis, such
as the coding and quantification of images as objects
and what they represent to online audiences. Future
research should also consider how images are processed
and interpreted by audiences, especially those that
contain probabilistic hazard information and accompany weather products. Such lines of inquiry could lead
to improved message design and social media strategies
that can be implemented across organizations.
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Furthermore, while the 12 WFOs represent varied
geographical areas and populations exposed to a variety
of hazard types that occur seasonally, this particular
sample did not include coastal meteorological events,
such as hurricane, severe winter weather, such as blizzard, or tornado outbreaks. Nor did we examine how
communication strategies may differ between threats
that include long-term lead-up in contrast with shortfuse events. This suggests that future research could
expand upon the current work to include a wider variety
of WFOs, hazard types, and times of year as well as the
populations at risk.
Finally, this work demonstrates that the broader
context in which messages are posted to social media
can have important effects on how audiences engage
with those messages. While some features operate
similarly from one context to another, others can
vary both quantitatively and qualitatively over time.
Choosing the right strategy to enhance Twitter message passing—or to achieve any other engagement
goal—requires adapting to the circumstances at hand,
rather than seeking ‘‘one weird trick’’ that will work
in any occasion.
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