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ABSTRACT
Communicating risk to the public in the lead-up to and during
severe weather events has the potential to reduce losses from such
events. Globally, severe weather events are anticipated to increase
due to climate change rendering effective risk communication an
integral component of climate adaptation policies. The identifica-
tion of best practices in risk communication has long been studied
by risk communication professionals. However, few articles have at-
tempted to quantify the compliance of severe weather risk messages
with these best practices at scale or developed tools that can be used
by this population. The current work makes two contributions to-
ward this goal. First, we use string-matching to evaluate the degree
to which risk communication issued in Canada complies with best
practices and suggest ways to improve this messaging. Second, we
suggest a writing support tool to be used by risk communication
professionals to evaluate risk messages.
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1 INTRODUCTION
Weather risk communication is an interdisciplinary field of research
and practice that concerns the communication of accurate and ac-
tionable information about health, safety, and risk management
strategies during the course of weather-related hazardous events
[58, 67]. Weather risk messages may be issued before, during, and
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after such events occur and may thus span both the short- and
long-term. Short-term messaging concerns the communication of
immediate threats while long-term messaging is intended to en-
courage preparation and planning in advance. Regardless of the
timeframe, both are integral to public safety and may potentially
save lives [37]. The creation of effective risk messaging remains a
challenging task as risk communication professionals must often
contend with varying degrees of certainty and competing priorities
in a high-stress situation [36, 52]. This study developed a semi-
automated approach for evaluating the adoption of best practices
in risk communication. Our approach enables risk communication
researchers and practitioners to identify opportunities for improv-
ing the effectiveness of risk communication and informs the design
of writing support tools for risk communication professionals.

Climate change is predicted to increase the frequency and dura-
tion of severe weather events across the globe [29, 54]. A warmer
planet will likely result in more extreme hot days and heat waves,
which are predicted to increase in length, frequency, and intensity
[8]. Many areas in Asia, Australia, and Europe have already begun
to experience these phenomena [8], with the latter continent suffer-
ing over 20,000 excess deaths due to a summer heat wave in 2022
[60]. Regions such as southern Europe and the Mediterranean, cen-
tral Europe, and central North America will experience rising tem-
peratures that will increase evapotranspiration and consequently
drought events [8]. Increased temperatures are also predicted to
increase atmospheric water vapor, resulting in more heavy pre-
cipitation in both North America and Europe. The 2021 European
floods are evidence of this claim, with countries such as Belgium,
Germany, Luxembourg, and the Netherlands, experiencing severe
flooding. Germany experienced the highest casualty rate among the
European countries, with at least 184 Germans reported dead and
an estimated € 30 billion in damages [5]. In response to this flood,
the United Nations University Climate Resilience Initiative noted
hazard-related gaps in the flow of information and risk perception
in the population, which may benefit from technological and digital
innovation [2].

The evaluation of risk communication at scale and the develop-
ment of writing support tools for risk communication professionals
offers opportunities for HCI and crisis informatics researchers to
contribute to risk communication and practice. To date, research
in these disciplines has largely focused on the exchange of risk
information between the public and official agencies [44, 70, 72],
or online risk communication during public health emergencies
[34, 35, 58]. The development of quantitative approaches to risk
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communication remains a nascent area of research. Meanwhile,
much of the literature that has looked to develop writing support
tools in non-fiction settings has focused on sentence completion
[17] and prediction in online communication [17, 39]. Recent work
in idea generation [32, 55] offers particular insights into the devel-
opment of a writing support tool for risk communication profes-
sionals as the inclusion of particular ideas or themes is integral to
preventing losses.

This paper uses string-matching [16, 65], a methodology that
has been used in fields such as computational biology [4, 18, 69]
and text retrieval [3, 38], to semi-automatically evaluate structured
risk communication at scale issued by Environment and Climate
Change Canada (ECCC). Canada was chosen as the subject of the
analysis as it is currently warming at twice the global rate and is
expected to experience significant losses, damages, and disruptions
due to climate change over a 20-year period [1]. Thematic analysis
– a methodology employed in much of the HCI literature to analyze
qualitative data [19] – acts as a starting prompt for much of this
work. We first use this methodology to inductively and deductively
identify key themes in a subsample of riskmessages issued by ECCC.
To evaluate the entire corpus, we calculate the readability score
of the messages and use our string-matching algorithm to semi-
automatically label the entire sample. In doing so, we are able to
overcome the small sample sizes that often characterize data in this
literature and evaluate the corpus’ compliance with best practices in
risk communication. In addition to informing risk communication
policy, the methodology supports the creation of a writing support
tool that can notify risk communication professionals of themes
that are omitted from a given message in real time.

2 RELATEDWORK
2.1 HCI and Crisis-Informatics
Risk communication has been a growing subject of interest to both
HCI and crisis informatics researchers. Much of the work in the
latter discipline has examined the exchange of risk information
between authoritative bodies and the public to understand the
role of ICTs in aiding contextual awareness between these groups
[44, 70, 72]. For example, Bica et al. [11] examine the diffusion,
prevalence, and public reception of hurricane risk images from
the 2017 Atlantic hurricane season shared by authorities on social
media. Recent work in this field has similarly turned its attention
to informal risk communication, including how the public uses
social media to communicate and understand localized risk [53]
and how volunteer technology communities organize to support
such communication [64, 68]. Work in the former field has largely
focused on online risk messaging during public health emergencies,
such as the COVID-19 pandemic [58] and the outbreak of the Zika
virus [34, 35]. Severe weather risk communication (SWRC) specifi-
cally has been the focus of recent design-related HCI scholarship.
Researchers have outlined a series of design opportunities for HCI
practitioners and designers to support digital risk communication
and used the public’s behavior during storms to help inform the
design of tools to better meet their needs [67].

2.2 Risk Communication
Creating effective risk communication has been the focus of much
of the emergency management literature. This field of research
largely employs qualitative and quantitative methods to under-
stand how individuals make risk-related decisions during hazardous
events, and how to communicate complex information to the public.
This literature has found that trust in organizations, governmental
agencies, or spokespeople is a major determinant of risk reduc-
tion and protective actions during weather-related hazards [49, 71].
These trusted authorities should work with a diverse group of in-
stitutions, scientists, and public officials to communicate accurate
information with a unified message or voice [25]. Although most
risk communication during hazards is often unidirectional – go-
ing from authorities to the public – a growing body of work has
found that two-way dialogue between creators and recipients of
risk communication is more effective during crisis situations and
disaster mitigation efforts [7, 24]. Furthermore, educational mate-
rials and risk messages should be targeted to a specific audience
and use multiple communication channels [10, 63, 66]. Successful
weather risk communication should thus be designed to meet the
needs, vulnerabilities, and cultural beliefs of the intended audience
[41, 48, 51, 66].

Identifying the elements of effective risk communication has
been of particular interest to emergency management researchers.
Research in this domain has found that effective risk messaging
is often consistent, clear, and concise and does not rely on fear-
based language [23, 46, 50]. Specificity is a key determinant of
protective actions as the audience is more likely to both believe a
threat is credible and personalize the hazard risk [26]. As a general
guideline, risk communication should thus include discussion of
hazards, location, timing, vulnerability, and recommended actions
[21, 22, 30, 45–47, 57]. The inclusion of hazards and its associated
impacts may help inform the logic of protective actions, while
hazard-related risk is determined by its location and the time that
the event will strike – information which allows individuals to
respond accordingly [46, 47]. Similarly, an understanding of one’s
vulnerability and recommended actions are integral to the adoption
of protective behaviors [21, 22, 57]. Stylistically, discussion of the
hazard and safety-related actions should be delivered with a high
degree of certainty in plain language that is understandable to the
public [56].

The current work expands upon previous literature by using
string-matching to quantify the corpus’ compliance with best prac-
tices in risk communication. The proposed string-matching algo-
rithm is predicated on inductive and deductive thematic analysis,
where the previously identified themes related to specificity – haz-
ards, location, timing, vulnerability, and recommended actions –
informed the latter. These themes were chosen by virtue of their
role in informing risk perception and motivating protective actions
during severe weather events [12, 13, 22, 46]. To evaluate the plain-
ness and comprehensibility of the language, reading level metrics
for the corpus were also computed.

2.3 Writing Assistant Tools
With the development of improved and advanced language models,
the academic literature on writing support tools has experienced
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Figure 1: ECCC Severe Weather Risk Messages. From left to right, an example of: (a) an ECCC risk message, (b) a message
labelled using thematic analysis, and (c) a message labelled using semi-automatic message classification. Text in green denotes
a theme – “Additional Information” – that was omitted from the primary analysis.

a resurgence in recent years, with tools to support both creative
and scientific writing. Much of the work in the former focused
on narrow support for writing tasks, such as storytelling [62] and
metaphor writing [15]. More varied and diverse assistance to writ-
ers, such as assistance with descriptions, plot points, or providing
questions [6, 20] has been the subject of recent work in the field.
Scholarship in the domain of scientific writing has thus far been
more limited, with much of this work focusing on sentence comple-
tion [17] or smart replies in emails [39]. As opposed to providing
complete phrases or sentences, Peng et al. [55] develop a tool to
assess and provide suggestions to posts created for online mental
health communities. Similarly, Gero et al. [32] follow up on their
nascent research on online scientific communication on Twitter
[33] and use pre-trained language models to generate suggestions
for science-related text. The present study builds upon this lit-
erature on idea generation to suggest a writing support tool for
risk communication professionals. In lieu of the machine learning
(ML) methods employed in previous studies, this research employs
string-matching to identify the absence of themes related to best
practices in risk communication, which can be used to both analyze
risk communication at scale and suggest the inclusion of omitted
themes.

3 METHODOLOGY
3.1 Data
The current work employs 9,181 public weather alerts issued by
ECCC – the branch of the Canadian federal government responsible
for coordinating environmental policies and programs – for On-
tario between June 2020 and December 2021. In the data, weather
alerts span four categories – special weather statements, advisories,
watches, and warnings – and 23 hazards of varying intensity (see
Figure 2). The structure of weather alerts is comprised of three sec-
tions as indicated in Figure 1 :(1) summary, (2) location information,
and (3) message body. The summary provides an overview of the

message, including the type of weather event, the affected locations,
and the date and time the message was issued. The location sec-
tion summarizes all the affected locations, and the message body
contains the main risk message. Multiple alerts may have been
issued for a single weather event, where the maximum number of
messages associated with an event in the sample is five. The cur-
rent work focuses on an analysis of the message bodies. Although
the data set is composed of weather alerts issued by the federal
government to the public, the compiled corpus was purchased by
the research team and thus cannot be shared publicly.

3.2 Reading Level Metrics
To understand the reading level of the messages, the Flesch Reading
Ease (FRE) score – one of the most common methods to assess text
readability [28, 31] – was computed for the message bodies of the
sample. Developed in 1948 by Rudolph Flesch, the FRE score is a
metric to indicate the difficulty level of a text based on a weighing
of the ratio of total words to total sentences and the total syllables
to total words. The resulting score ranges from 0 to 100, where
higher scores indicate that the text is relatively easy to read for
the average adult, resulting from either a lower number of words
or syllables (see Table 3). For his work, Flesch was lauded as the
“Apostle of ‘Plain Talk”’ [43] where the author himself set a score
of 60 as the minimum for plain English [61].

To calculate the FRE score using the TextStat library, basic text
pre-processing was undertaken such as replacing all website names
and social media accounts with generic word identifiers such as
“website URL” and “email account”. Like most readability formulas,
the FRE score does not evaluate features of text such as content,
organization, word order, format, or imagery [61]. Such metrics
primarily pertain to style, although they are unable to assess ele-
ments of writing such as mood, tone, and persuasiveness [61]. An
assessment of linguistic features such as consistency, clarity, and
conciseness may thus require ML-based methods for automatic
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text evaluation [9, 27, 42, 59] which are beyond the methodological
scope of the present work.

3.3 Manual Thematic Analysis
To assess the messages’ compliance with best practices in risk com-
munication, the research team first engaged in deductive and induc-
tive thematic analysis [19]. Given the size of the dataset (N=9,181),
each member of the research team reviewed ten message bodies
for each of the five most prevalent weather events to inductively
find repeated patterns and themes. This process helped identify
a preliminary list of qualitative codes, which the team then up-
dated and deductively refined through discussion of similarities
and differences between the patterns in the message bodies and
best practices in risk communication. This deductive and inductive
process was repeated iteratively until a final list of themes, was
agreed upon: hazards, location, timing, affected populations1, im-
pacts, and recommended actions. The inductive method generated
two additional themes – “impacts” and “additional information” –
relative to the deductive approach although the latter is omitted
from the remainder of the analysis as it is not a theme associated
with best practices. Table 4 provides a summary of the identified
themes and their corresponding interpretation.

3.4 Semi-Automatic Message Classification
To systematically analyze the samples’ compliance with best prac-
tices in risk communication, the research team used the labels
identified in 3.3 and keywords to semi-automatically label the data
set. For each of the five most prevalent weather events, a set of
key words and phrases associated with the identified themes were
selected to label the data [36, 52]. Given the general uniformity of
the messages within weather events and the frequent recycling of
text, keywords and phrases were chosen by virtue of their repeated
appearance in weather alerts and their ability to uniquely identify a
theme. The presence of a given keyword or phrase within a sentence
was used to label a sentence with that theme, where sentences could
have multiple labels. Keywords or phrases that uniquely identified
a given theme in one context, but whose meaning varied given the
context of another theme, was used to create a list of exclusion cri-
teria. For example, the words “north” and “northerly” were used as
inclusion and exclusion criteria respectively to identify discussion
of locations. To develop a full list of keywords and phrases, a similar
iterative process as in 3.3 was followed where the preliminary list
of keywords and phrases was used to randomly label a subset of
the data. The keywords and phrases were then iteratively updated
based on mislabeled data, until no further errors were found. Figure
1 includes an example of results from both the manual thematic
analysis and the semi-automatic message classification.

4 RESULTS
4.1 Summary Statistics
Table 1 provides a summary of the data set, where the hazards are
organized by the event category they belong to. The percent column
notes the total percent of the entire sample that comprises each
1The theme “affected populations” corresponds to the deductively identified theme
of “vulnerability”. The research team chose to rename the theme to more accurately
reflect the specificity in the corpus.

category and the total percent of the category that comprises a given
hazard. As indicated in the table, of the total sample, statements,
advisories, watches, and warnings amount to 17.04%, 19.26%, 9.51%,
and 54.2% of the sample respectively. Across all weather events, five
events – severe thunderstorm warnings (23.3%), special weather
statements (17.04%), weather advisories (11.53%), heat warnings
(7.87%), and snow squall warnings (6.42%) – make up 66.18% of the
total sample (see Figure 2).

Table 1 also displays summary statistics for the word count of
the message bodies. Across the message types, the word count of
the messages ranged from one word to a maximum of 372 words
(Tornado Watch). Messages that only included a single word re-
flected a message body that simply included a URL for additional
information. Of the total sample, 2.97% contain only URLs of which
2.86% are the first message to be issued in the sample, and the re-
maining 0.11% are the second message to be issued. For the analysis,
this data is dropped from the sample. Although the content and
structure of the message bodies varied across weather events, mes-
sage bodies within a given weather event demonstrated significant
similarity such that many messages repeated the same text with
event-specific details. The uniformity of messages within weather
events is thus conducive to the use of string-matching [14, 16, 65]
to analyze the data.

4.2 Reading Level Results
The final columns of Table 1 provide summary statistics for the
FRE score for each event category and hazard. Across the four
categories, the average FRE score ranges between 51.89 (Watch)
and 67.1 (Statement) suggesting that the difficulty level across the
categories ranges from fairly difficult to standard difficulty. The
minimum FRE score across the four categories was difficult (30 <
FRE < 49), while the maximum was either easy (80 < FRE < 89) or
very easy (90 < FRE < 100) where the higher scores reflected a lower
ratio of total words to total sentences, a lower ratio of total syllables
to total words or both. For the five most prevalent weather events,
the range of average FRE scores was narrower than that of the
four event categories and ranged from 58.23 (Severe Thunderstorm
Warning) to 67.1 (Special Weather Statement); the difficulty level
ranged from fairly difficult to standard difficulty. The range of FRE
scores was larger compared to the four categories, with minimum
scores that were difficult (30 < FRE < 49) and maximum scores that
were either fairly easy (70 < FRE < 79), easy (80 < FRE < 89) or
very easy (90 < FRE < 100). The results suggest that, for both event
categories and hazards, the average reading score of the message
bodywas difficult to varying degrees, although there was significant
variation within the given unit of analysis.

4.3 Semi-Automatic Message Classification
Results

For the five most prevalent weather events, Table 2 shows the per-
cent of messages that include discussion of the themes identified
in 3.3. For this analysis, weather alerts that simply noted an event
had come to an end were dropped from the sample. This decision
was motivated by the assumption that these messages no longer
required the audience to engage in protective actions and thus did
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Table 1: Summary Statistics for Risk Messages Issued by ECCC

Word Count Flesch Reading Ease Score a,b

Weather Event Percent Mean (Std) Min Max Mean (Std) Min Max
Statement 17.04 93.7 (52.2) 1 273 67.1 (8.44) 31.55 103.63
Special Weather 100 93.7 (52.2) 1 273 67.1 (8.44) 31.55 103.63
Advisory 19.26 88.65 (49.15) 1 231 59.72 (8.95) 37.47 95.17
Blowing Snow 1.98 90.11 (42.89) 12 166 56.96 (9.00) 41.36 77.33
Freezing drizzle 3.9 88.45 (42.61) 1 167 65.11 (5.45) 54.83 77.91
Frost 16.18 71.08 (31.38) 7 161 62.19 (6.75) 47.79 81.29
Fog 18.04 69.33 (34.23) 1 154 54.7 (9.52) 37.47 89.75
Weather 59.9 99.18 (54.17) 1 231 60.31 (8.82) 43.9 95.17
Watch 9.51 131.06 (63.23) 1 253 51.89 (9.05) 36.79 81.63
Winter storm 0.46 171 (8.12) 166 183 67.13 (7.58) 57.06 72.97
Tornado 4.12 183.69 (72.14) 11 253 50.58 (5.97) 41.26 59.3
Snow Squall 29.55 130.45 (50.86) 1 247 62.02 (6.15) 44.64 81.63
Severe Thunderstorm 65.86 127.76 (66.35) 1 242 47.32 (6.02) 36.79 77.91
Warning 54.2 143.69 (68.39) 1 372 60.86 (10.5) 36.96 100.24
Blizzard 0.24 152.58 (22.77) 129 191 68.31 (6.22) 57.67 76.62
Extreme Cold 0.68 81.76 (41.93) 12 132 67.32 (10.7) 49.82 77.53
Winter Storm 1.91 117.91 (52.76) 8 204 60.63 (5.02) 49.31 72.97
Wind 3.64 86.77 (39.9) 11 150 73.9 (4.75) 58.79 80.28
Tornado 4.18 213.49 (76.71) 5 372 56.69 (7.66) 43.19 99.23
Freezing Rain 5.47 101.91 (48.83) 1 193 64.04 (6.61) 45.93 77.91
Snowfall 5.83 115.87 (49.23) 1 239 61.39 (9.62) 37.98 81.33
Rainfall 7.6 125.33 (63.05) 7 270 60.71 (10.56) 37.98 88.74
Snow Squall 11.84 124.33 (54.71) 8 239 62.29 (5.16) 41.87 83.96
Heat 14.53 166.63 (57.02) 11 347 63.89 (6.08) 47.79 77.13
Severe Thunderstorm 44.09 153.46 (71) 1 287 58.23 (12.47) 36.96 100.24

a The interpretation of the Flesch Reading Ease score is as follows: 90-100: Very Easy; 80-89: Easy; 70-79: Fairly Easy; 60-69: Standard; 50-59:
Fairly Difficult; 30-49: Difficult; 0-29: Very Confusing.
b A feature of the TextStat library is that the computed Flesch Reading Ease scores have an upper bound of 121.22 and no lower bound
where values above 100 and below zero are interpreted as “Very Easy” and “Very Confusing” respectively.

Table 2: Prevalence of Themes Related to Best Practices in Risk Communication in ECCC Risk Messages

Event Timing
Information

Affected
Population

Recommended
Actions

Hazards Locations Impacts

Snow Squall Warning 96.46% 23.62% 79.72% 99.41% 78.15% 98.82%
Special Weather Statement 94.88% 14.93% 27.82% 96.49% 52.05% 55.86%
Weather Advisory 85.47% 39.78% 59.42% 86.67% 41.48% 71.74%
Heat Warnings 100.0% 93.19% 100.0% 99.11% 51.7% 88.74%
Severe Thunderstorm Warning 83.33% 62.19% 83.15% 99.77% 76.12% 82.42%

not necessitate the corresponding elements of effective risk com-
munication. In the remaining sample, there is significant variation
in the presence of themes related to best practices in risk commu-
nication. Across all five weather events, the majority of the sample
included discussion of timing and hazards with a range of 83.33% -
100% and 86.67% - 99.77% respectively. Discussion of the remaining
themes demonstrated significant variability across the events. The
inclusion of affected populations showed the greatest variation,
ranging from 14.93% (Special Weather Statement) to 93.19% (Heat

Warnings). Locations and impacts were mentioned within a nar-
rower interval of messages relative to affected populations, with
the discussion of the latter included in almost 100% of the messages
in one event (Snow Squall Warning). Ideally, for weather alerts to
comply with best practices, the relevant themes would be present in
all the messages across all weather events. These results are hardly
born out in the data as no weather event includes all the themes
and only a handful of select themes top 99%.
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5 DISCUSSION
5.1 Feedback to Improve Risk Communication

Policy and Practice Summary Statistics
The results of this analysis offer insights into practical changes
that can be made to SWRC to improve their effectiveness. Specifi-
cally, current risk messages issued by ECCC may benefit from both
simpler language to improve their readability and the inclusion
of omitted themes such as recommended actions, impacts, and af-
fected populations. Traditional risk communication literature has
found that messages that include the level of risks, impacts, and
recommended actions generate the greatest change in people’s in-
tentions and behavior [30]. This finding is supported by recent
work in hurricane risk communication which found that including
impact statements may improve a message’s efficacy [67]. Similarly,
a sense of vulnerability has been shown to be an important deter-
minant of risk perception [12, 13] with the combination of high
vulnerability and high efficacy being integral to the adoption of
protective actions [21, 22, 57]. The inclusion of the relevant themes
may thus improve the audience’s propensity to engage in protec-
tive decision making which may reduce the losses caused by severe
weather events. Reducing the reading level would also make them
more accessible, inclusive, and easier to understand [40]. This re-
search can potentially inform individual risk communicators and
risk communication policy by providing detailed guidance on the
current state of practice in the field and practical, hazard-specific
guidance on avenues for improving these messages.

5.2 Design Recommendations for a Risk
Communication Writing Support Tool

The algorithm proposed in this work can be used to design a writing
support tool that can identify themes that are lacking in risk com-
munication issued in real time. Prior work has largely relied on ML
techniques to generate questions or ideas to prompt writing [32, 55].
For example, Peng et al. [55] use traditional ML to develop a tool
that predicts a comment’s level of support and provides two types of
feedback: (1) an assessment of the text and (2) recommendations of
high-support comments as a reference for revision. Similarly, Gero
et al. [32] train a language model (GPT-2) to generate new ideas
from a prompt to be used as inspiration for new research projects.
The proposed writing support tool would similarly take messages
and the type of weather event as inputs and identify themes that
are absent from the message and suggest their inclusion. Given
that sentences are often reused in the text, the tool could also sug-
gest sentences to include based on the most frequently recycled
messages in historical risk communication. The benefit of this ap-
proach, relative to artificial intelligence-based models, is that it
is computationally efficient and easily interpretable. This ease of
interpretation renders it more accessible to risk communication
professionals and lends itself to open collaboration. Furthermore,
natural language processing models can only be employed in con-
texts where the language of the training and test data is also the
language in which risk communication is disseminated. In settings
where risk communication is relatively structured and text is recy-
cled, the proposed method can easily be adapted to small and large

data sets by updating the relevant keywords in the language the
risk is communicated.

6 CONCLUSION
Severe weather events are anticipated to increase in duration and
frequency due to climate change [29, 54], rendering effective risk
communication an integral component of climate adaptation poli-
cies. The present study employed string-matching to evaluate the
adoption of best practices in risk communication in current prac-
tice. The analysis provides guidance on ways that SWRC can be
improved and acts as a starting prompt for the creation of an author-
ing support tool for risk communication professionals. Future work
will consider taking steps, such as expanding the patterns specified
in the current analysis to improve the algorithm’s performance
and extending the analysis to the remaining 18 weather events, to
operationalize the suggested writing support tool. Furthermore, an
evaluation of linguistic features, such as consistency, clarity, and
conciseness, of the corpus would greatly supplement the current
analysis and provide additional guidance on improving SWRC.
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Figure 2: Prevalence of Severe Weather Events in Ontario between June 2020 and December 2021

Table 3: Interpreting the Flesch Reading Ease Score a

Score Difficulty
90 - 100 Very Easy
80 - 89 Easy
70 - 79 Fairly Easy
60 - 69 Standard
50 - 59 Fairly Difficult
30 - 49 Difficult
0 - 29 Very Confusing

a Source: TexstStat 0.7.3 (https://pypi.org/project/textstat/)

Table 4: Best Practices in Risk Communication Themes

Theme Definition
Hazards Health and/or safety hazards associated with the event
Location Areas affected by the hazardous event
Timing Information related to time such as onset, duration, and end time
Affected Populations Groups vulnerable to hazard impacts
Impacts Impacts of the hazardous event
Recommended Actions Any actions or guidance to the public to mitigate the effects of the hazardous event
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