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Abstract

Police agencies globally are seeing an increase in reports of people going missing. These people are often
vulnerable, and their safe and early return is a key factor in preventing them from coming to serious harm.
One approach to quickly find missing people is to disseminate appeals for information using social media. Yet
despite the popularity of twitter-based missing person appeals, presently little is known about how to best
construct these messages to ensure they are shared far and wide. This paper aims to build an evidence-base
for understanding how police accounts tweet appeals for information about missing persons, and how the
public engage with these tweets by sharing them. We analyse 1,008 Tweets made by Greater Manchester
Police between the period of 2011 and 2018 in order to investigate what features of the tweet, the twitter
account, and the missing person are associated with levels of retweeting. We find that tweets with different
choice of image, wording, sentiment, and hashtags vary in how much they are retweeted. Tweets that use
custody images have lower retweets than Tweets with regular photos, while tweets asking the question “have
you seen...?” and asking explicitly to be retweeted have more engagement in the form of retweets. These
results highlight the need for conscientious, evidence-based crafting of missing appeals, and pave the way for
further research into the causal mechanisms behind what affects engagement, to develop guidance for police
forces worldwide.

Introduction

In the United Kingdom, a missing person is defined as a person of any age whose whereabouts cannot
be established. A person is considered missing until they are located, and their well-being or otherwise is
confirmed (Policing 2019). Going missing is associated with vulnerabilities such as mental health (Stevenson
et al. 2013) and Alzheimers in adults (Petonito et al. 2012), and criminal and sexual exploitation in children
(Sharp-Jeffs 2016; Williams and Finlay 2019) particularly those who are often already more vulnerable due to
being in care (Biehal, Mitchell, and Wade 2003). The longer people are missing, the greater their exposure to
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negative outcomes such as criminal exploitation, violent victimisation, or suicidal thoughts (Biehal, Mitchell,
and Wade 2003; Rees 2011), so finding them as soon as possible can reduce these risks.

The task of finding missing people usually falls to police agencies. In England, missing persons investigations
are a bigger cost to police resources than either theft or assault (Shalev Greene and Pakes 2013). In
Canada, “compassionate to locate” is the second highest frequency call from citizens to police (Ellingwood
2016). Despite its prevalence, missing persons is not a common area for academic research (compared for
example with research on crimes such as domestic violence); a search on BASE (Bielefeld Academic Search
Engine - one of the most popular multidisciplinary academic search engines) returns 1,020 hits (out of
154,859,846 documents) for the terms “missing person” or “missing people, compared to 33,069 hits for the
terms “domestic violence” or “domestic abuse”.

At least 20% of those reported missing are not found within 24 hours, and require police intervention to
be located, or their welfare (or otherwise) confirmed (Fyfe, Stevenson, and Woolnough 2015). Many police
agencies are struggling to cope with the high demands that missing persons investigations create. In the
UK, police are no longer required to respond to cases assessed as low-risk (Fyfe, Stevenson, and Woolnough
2015), while in the United States, volunteer programmes have been established to help local police agencies
tackle the increasing volume of missing persons cases (Chiefs of Police 2018). As the number of missing
people continues to rise each year (National Crime Agency 2019), it is important that police and agencies
in search of missing people apply evidence based techniques to make the best use of limited resources in a
constrained environment (Crawford 2013; Garside, Silvestri, and Mills 2013).

One approach that is used to locate missing persons is to make appeals for information using social media.
A missing person appeal is “communication by those searching for the missing person to a wider network of
people who may be able to help locate that person and to the missing person directly” (Holmes 2016, 20).
While a media appeal can be regarded by the police as ‘being seen to be doing something’, it can actually be
one of the most important parts of a missing persons enquiry for the police (Fyfe, Stevenson, and Woolnough
2015). If these appeals reach far and wide, they may be seen by either someone with information, or the
missing person (Holmes 2016). One study, using a case-control design, even suggests that having tweets
posted by police departments can increase the chance of a missing person being found (Tsoi et al. 2018).
For the appeals to reach those who may be able to help, they must be widely shared (Lampinen, Peters, and
Gier 2012; Tsoi et al. 2018). Yet there is little research on what police can do to promote public engagement
and ensure wide sharing. Such an understanding can serve to inform good practice, and maximise the spread
of these messages, ultimately contributing to locating missing people, thereby minimising their exposure to
associated harms.

In what follows, we consider the available literature on what is known about the public’s engagement with
social media communications about missing persons. We combine research on Twitter and social media
engagement more broadly with research on missing persons appeals in other social and traditional media.
We use this review to inform a targeted and purposeful exploration of features we can expect to impact
on public engagement with missing persons appeals. We then take a sample of 1,008 tweets about missing
persons made by Greater Manchester Police to explore these features and their associations with number
of retweets. Our results constitute the first empirical examination of these appeals. We explore the ways
in which these appeals are structured, and the implications that factors such as wording, photo choice, and
use of social media-specific features such as hashtags may have for public engagement. In our discussion,
we draw conclusions about future directions for research to inform good practice in social media appeals for
missing persons.

Police strategies on social media

Police forces across the globe have been making increasing use of social media platforms such as Youtube,
Facebook, and Twitter (Crump 2011; Dai et al. 2017). As consumers, they benefit from members of the
public sharing information (Earl et al. 2013). As content creators, police benefit from increased accessibility
and in cases even improved reputation in local communities (Fernandez, Cano, and Alani 2014). However
social media can also be perceived to contain a lot of disinformation and may foster uncertainty (Kwon et



al. 2016), so it is important that police use social media in a way that fosters engagement and trust. In fact,
some research findings suggest that the quality of a police department’s media image might have more to
do with how they present themselves (including on social media) than with the actual crime rates in their
municipality (Lovell 2001).

There is a lot of variation in how the police use social media (Crump 2011). While some guidance exists (eg
in the UK the Association for Chief of Police have produced a ‘Guidelines on the Safe use of the Internet
and Social Media’ (ACPO 2013), their implementation is far from uniform across (or even within) forces. In
a study comparing Greater Manchester Police (GMP) and London Metropolitan Police (Met) using Twitter
during the 2011 riots, Denef, Bayerl, and Kaptein (2013) identified differences such as using an instrumental
versus an effective tone, or replying to tips from the public with a ‘thanks’ (GMP) or not (Met). As a result,
people favoured the way in which GMP handled communication, and responded less to the approach taken by
the Met. This manifested not only in discussion but also in directly measurable outcomes such as number of
followers (Denef, Bayerl, and Kaptein 2013). Crump (2011) identified a UK based typology for police Twitter
accounts: ‘broadcasters’ (who share information), ‘local knowledge gatherers’ (who share information), and
‘community facilitators’ (who foster dialogue). Such typologies exist internationally; research in the United
States has identified different strategies between forces depending on whether they used it to broadcast,
collect intelligence, or for communication and engagement (Meijer and Thaens 2013). Clearly there are
many strategies to social media use by police and its important that we understand how these apply to
missing appeals and public engagement.

Engagement with Twitter

In this section we review the literature about what is known to be associated with people’s engagement with
tweets, to inform our feature selection for this study.

Features of the missing person

First, in the case of appeals for information about missing persons, it is known that certain factors, rang-
ing from demographic characteristics of the person (race, economic background), newsroom resources, and
amount of information that is released by the police all affect media coverage of missing persons (Artwick
2010). While these factors cannot be changed, they are important to understand, so coverage can be increased
(where appropriate), and so these can be considered when composing such appeals.

Age of a missing person affects media coverage where younger missing persons are represented in the media
more than older ones (Jeanis and Powers 2017). Race of the missing person seems to be indicative of coverage.
In the USA, (Rijt et al. 2018) found that non-black children are significantly more likely to receive coverage
than non-white children. In Canada, Gilchrist (2010) found missing aboriginal women received 3.5 times
less coverage than white women. Gender is also important, whereby missing girls, are less likely to be in the
news than missing boys (Min and Feaster 2010). However, intersectionality must be considered, as Artwick
(2010) found that appeals of women of certain race receive more civil engagement than men. Featu

Features of the tweet

Time and timeliness of a tweet may be a factor. Looking at police use of social media in Spain, Fernandez,
Cano, and Alani (2014) found that tweets between 8am-4pm have more retweets. Others note that tweets
sent on the day of a key event (eg protest, music festival, riot) are associated with more retweets than tweets
sent before or after (Stefanone, Egnoto, and Fu 2015; Xu and Zhang 2018). Structurally, the length of post
is positively associated with retweets; posts with more words are more likely to get engagement (Fernandez,
Cano, and Alani 2014; Xu and Zhang 2018). Punctuation can also make a difference; tweets that end in
question marks are more likely to get retweeted than those which end in exclamation marks (Naveed et al.
2011). The use of hashtags shows mixed results. Some studies find hashtags increase retweeting (Suh et al.



2010; Jenders, Kasneci, and Naumann 2013; Stefanone, Egnoto, and Fu 2015; Van de Velde, Meijer, and
Homburg 2015), while others claim the opposite (Lopez 2014; Tsoi et al. 2018). Suh et al. (2010) propose
that some hashtags get more retweets than others, so the content of each hashtag as well as the number is
important to consider. Other templates or key phrases that seemed to make a difference were including a
hyperlink/URL (Zarrella 2009; Suh et al. 2010; Rowe, Angeletous, and Alani 2011; Rowe, Angeletou, and
Alani 2011; Van de Velde, Meijer, and Homburg 2015; Xu and Zhang 2018; Cha et al. 2010), expressing
gratitude, or asking explicitly to be shared (“please RT”) (Lopez 2014).

Sentiment of the tweet also makes a difference for retweetability. Some studies find that messages with
positive sentiment increased retweetability (Fernandez, Cano, and Alani 2014; Kim et al. 2016; Stefanone,
Egnoto, and Fu 2015) and content with negativity discourages retweeting behaviour (Xu and Zhang 2018),
while others found tweets with negative emotions more likely to be shared (Chen and Sakamoto 2013). Xu
and Zhang (2018) found that both negative and positive emotion tweets received more retweets than neutral,
and Chen and Sakamoto (2013) found that feelings of “alarmed” and “stressed” were also associated with
sharing. Ferrara and Yang (2015) found that negative or neutral messages spread faster than positive ones,
but positive messages spread broader, and are favourited more. They also found that feelings of “confused”,
“nothing”, “indifferent”, “uninterested”, or “neutral” were less likely to encourage retweeting (Chen and
Sakamoto 2013). We can see that sentiment affects engagement, although it is not obvious what the effects
will be.

Studies looking into tone of voice found that content with confident, authentic, informal, and powerful
language have higher retweetability (Van de Velde, Meijer, and Homburg 2015; Xu and Zhang 2018). Calls-
to-action also increase retweeting (Lopez 2014). Specifically for police engagement on social media, Denef,
Bayerl, and Kaptein (2013) found using a ‘human approach’ in communication with public was appreciated.
Many studies consider emotional compared to rational tone tweets. By ‘rational’ we mean that we consider
these tweets to be factual or unemotive. We use the term ‘rational’ as this is consistent with the cited
literature. Xu and Zhang (2018) find emotional language has higher retweetability, while Lopez (2014)
concludes that emotional content is least likely to be retweeted. In any case tone is important to consider.

Finally the inclusion of useful information has been associated with increased retweets (Lopez 2014), and
the inclusion of photos is important both for retweeting (Lopez 2014; Cvetojevic and Hochmair 2018; Xu
and Zhang 2018) and for people being able to identify the missing person in the case of such an appeal (Tsoi
et al. 2018). It is important not only that there is an image, but positive valence associated with the image
(Stefanone, Egnoto, and Fu 2015).

Features of the account

Besides tweet content, features of the account might influence numbers of retweets. Number of followers
has been positively associated with retweets (Suh et al. 2010; Hong, Dan, and Davison 2011; Cha et al.
2010; Jenders, Kasneci, and Naumann 2013; Kim et al. 2016; Stefanone, Egnoto, and Fu 2015; Van de Velde,
Meijer, and Homburg 2015; Xu and Zhang 2018), while the age of the account is negatively related to retweets
(Suh et al. 2010; Van de Velde, Meijer, and Homburg 2015). The number of tweets from each account shows
mixed effects, either showing no significant relationship (Suh et al. 2010), more posts associated with lower
odds of being retweeted (Van de Velde, Meijer, and Homburg 2015), or more posts associated with more
followers and therefore more retweets(Crump 2011). A key factor in people sharing information on Twitter
is whether they believe it to be from a trusted source (Tapia et al. 2011), for example an account of someone
in a position of authority such as the police. Because people know the source, they are more likely to trust
the validity of the information, and ultimately share tweets (Juncu and Glorney 2019). Since police sharing
of appeals has such importance (Tsoi et al. 2018), we consider tweets from police accounts.

Table 1 summarises the features identified by previous literature as important.



Table 1: Features in the literature
Element Feature

Features of the missing person Race/ ethnic appearance, Gender, Age

Features of the tweet Time and timeliness, Post length, Punctuation and hashtags,
Templates, Sentiment, Tone, Useful information, Photo
(presence and valence)

Features of the account Number of followers, Age of account, Tweeting activity, Trusted
source

Methods

Analysis

To achieve this, we present descriptive analysis, comprising numerical and graphical summaries of 1,008
tweets made by Greater Manchester Police. Additionally, to account for exposure (since the tweets had been
“out there” to be retweeted for different lengths of time) we perform an additional multivariable analysis, in
which we include all features in a Poisson regression model (Hilbe 2014). This allows us to account for the
varying levels of exposure (age) of the tweets by introducing it as an offset term (Yan et al. 2009). Further,
as there is evidence of overdispersion in our model, we use a model with scaled standard error (overdispersed
Poisson model). We stress that the model is intended to be descriptive, exploratory, and associational only,
as our data do not allow us to elucidate the causal relationships between features and outcome. We discuss
this more in the next section, and in our discussion.

We focus on Twitter partially because of the relative ease of accessing publicly available data about the
sharing of these appeals, and partly because Twitter is a particularly useful platform for widely circulating
and sharing information (Kim et al. 2016). While different platforms may behave differently, previous
research suggests that there may be not too much of a difference in sharing behaviour between those who use
Facebook and those on Twitter (Juncu and Glorney 2019). We chose police Twitter accounts due to the high
credibility as discussed above, and narrowed the study to focus on Greater Manchester Police, as they have
been identified as effective communicators via Twitter by previous work (see Denef, Bayerl, and Kaptein
(2013)). Further, the area they police is particularly affected by missing persons. Greater Manchester have
the highest rate for missing adults(3.7 per 1,000 population), and second highest rate for missing children (6
per 1,000 population) (National Crime Agency 2017) in the UK. It was therefore an ideal sample of tweets to
consider for this research, from which implications can be adopted to police forces as well as other agencies
involved with missing persons appeals nationally and internationally.

Data

To collect data, 56 Greater Manchester Police Twitter accounts were identified (Police 2019). For each
account, their most recent 3200 tweets (the maximum allowed by the free Twitter Application Programme
Interface (API)) were queried using the Twitter API. As not all accounts had this many tweets, we collected
a database of 169,438 tweets. From this, tweets that contain the words “missing”, “last seen” or “searching”
were programmatically queried. A preliminary reading of all tweets revealed at least one of these terms to
be included in all tweets about missing persons. This resulted in 3,239 tweets, which were further filtered
manually, with a coder eliminating duplicates and tweets not about missing persons (missing pet, found
person, other topic). This resulted in a final dataset of 1,008 unique appeals for information about missing
persons made between 1st September 2011 and 10th January 2019 (date of data collection).

There are a few issues to note about our sample. First, the day of data collection was arbitrarily selected,
and provides only a cross sectional picture of retweets into missing persons appeals. Secondly, it is general
guidance for police Twitter accounts to remove appeals once the person is found. Since these deleted tweets
do not form part of our sample and deletion is associated with a person being found, and since our examined



features may influence the likelihood that a person is found, our sample is subject to selection bias. The
extent and influence of this cannot be known from the sample. However, we found that our sample contained
appeals about people who had since been found. We cannot know how many, as we have no reference data
set of actual outcomes for the missing persons, so we cannot know how this affects who is and is not present
in our sample (found or still missing). Consequently, we do not attempt to draw strong causal conclusions
from the data, but offer a descriptive analysis, providing insight into police tweeting and public engagement
behaviours, building a foundation of empirical evidence to inform future prospective studies.

Coding

To operationalise the factors associated with retweeting, we used manual coding and automated feature
extraction, driven by our literature review. Our aim was to explore the volume of retweets for these different
features by coding them in the tweets. For manual coding, a codebook was developed to guide to coding
process (Guest, MacQueen, and Namey 2011). A single independent coder coded the tweets for each of
the variables in the code book. In some cases, the coding was a matter of extracting values from the text
or categorising images into groups. When coding for sentiment, tone, template, and hashtag type, coding
followed a thematic analysis process, whereby tweets which followed similar structures or conveyed similar
meanings, were identified and labeled with codes (Graneheim and Lundman 2004) to identify key themes
and categories (Smedley and Coulson 2018). Once the primary coder had finished coding, the secondary
coder reviewed the codes to assess the connection between the raw text and codes (Guest, MacQueen, and
Namey 2011). Then a feedback discussion between the two coders was used to revise definitions and recode
where necessary (Guest, MacQueen, and Namey 2011). Below we describe in detail the coding of all our
variables.

Features of the missing person

The missing person’s gender appearance was coded from the photo where available. Where no photo was
available, but gender was mentioned in the text of tweet, this was extracted. For race, we considered ethnic
appearance, coded from the photo where available. Like with gender, race of the missing person was coded
from the text where no photo was available. Due to the difficulty of inferring age from often low quality
photos, we did not consider age in this analysis.

Features of the tweet

Time - Age of tweet, time of tweet

To code for time of tweet we extracted the hour of day when the tweet was created through the Twitter
API. For timeliness we consider the age of the tweet, calculated by subtracting the day when the tweet was
created (available from the Twitter API) from the day of data collection.

Length of post

An automatic function to count the number of characters in the text of each tweet was used to operationalise
post length.

Punctuation

We considered the use of question mark (?), exclamation mark (1), and asterisk (*) by using an automatic
function to count the number of times each one occurred in the tweet.



Hashtags

Like punctuation, hashtags were counted by an automatic function to determine whether any were present
in the tweet. For type of hashtag, qualitative coding was carried out to group hashtags into different themes,
which emerged from the data (eg whether the hashtag referred to a location, an event, etc).

Templates

To operationalise whether the tweets were authentic/personal or whether they followed some template,
thematic analysis was used. Repeat patterns of phrasing were noted by the primary coder. Initially 130
templates were coded, which were subsumed into 11 themes. For example, the templates: “police are
concerned”, “we are concerned” and “police are growing increasingly concerned”, were all deemed to be
following the theme “...are concerned...”).

Sentiment

Sentiment was coded both manually and automatically. Manually, the qualitative coder read through mes-
sages and categorised them in terms of the feeling that they elicited to the reader. For example, a sentiment
that emerged was ‘hopeful’, the feeling being that of hope that the missing person will be found soon. A
message could elicit more than one sentiment. Once all tweets were assigned a sentiment, the secondary
coder considered a sample of the coded tweets. Discrepancies were discussed, and an overview of all the sen-
timents was carried out, removing from consideration sentiments that appeared infrequently. For example,
only 3 tweets were coded with the sentiment “uncertain” and only 1 with the sentiment “angry”, so these
sentiments were not considered in the analysis.

For automatic sentiment coding, we made use of the AFINN sentiment lexicon, as we wanted to develop an
average score for each whole tweet, rather than extract sentiment of individual words. To illustrate, we show
two tweets in our sample (any word with sentiment has the score in brackets):

Low score of -10:

“HIGH risk (-2) missing (-2) person appeal; FIRSTNAME LASTNAME, age 78. Last seen leaving
his address in Stretford at 14:30 on 07/06/18. Can his photograph be shared(+1) & people keep
any eye out for him, FIRSTNAME suffers(-2) from dementia & is very vulnerable(-2), lost(-3)
confused(-2). Thanks(+2) Pc M.”

High score of 4:

“FIRSTNAME LASTNAME from LOCATION is still missing(-2) - can you help (+2) us to
locate him please(+1)? If you have any information no(-1) matter(+1) how small please(+1)
contact Police and quote log number 944 of 3 October 2018 Thank(+2) you.”

Tone of appeal

Previous research showed that having an emotional or rational tone affects retweetability. To operationalise
this construct, the primary coder assigned each tweet into one of two categories: rational or emotional. An
example of each is:

Rational:
“Missing:FIRSTNAME LASTNAME, East Bowling, Bradford http://t.co/Qk59Xfwz #police”

Emotional:


http://t.co/Qk59Xfwz

“FIRSTNAME LASTNAME has been missing for two months. She was last seen in #Bury
and we are desperate to find her. Her family are beside themselves with worry. https://t.co/
RpxbkzZ1Jv”

A sample of these were validated by the secondary coder, and no further changes were made.

Images

Literature showed that including a photo increases retweetability, but the sentiment of the photo matters. In
the case of missing persons appeals, in some cases, the most recent image of someone available is a custody
photo (16% of our sample of appeals used a custody image), which we consider to have negative valence. To
assess this, each tweet was coded as having a custody photo, a regular photo, or multiple (regular) photos.
Tweets with no photo were also coded as such. Photo quality was also coded on a qualitative scale of bad,
average, or good/excellent. The latter was originally two separate categories, but as too few tweets had
excellent quality photos, these were grouped together. We did not code here about the appearance of the
missing person in the photo (ie their appearance as happy, distressed, etc).

Useful information

While the length can be one proxy measure for how much useful information is included, a binary variable
indicating whether the Twitter message included all useful information in the text, or referred readers to a
further link was also created by qualitative annotation. Useful information could be: the place where the
missing person was last seen, any distinguishing features (eg: “flower tattoo on right shoulder”). An example
of a tweet with no useful information are:

“Have you seen missing FIRST NAME LAST NAME from #LOCATION?”.

While such tweets are usually followed by links, here we considered the importance of including useful
information in the body of the tweet. Tweets coded as not containing useful information referred the reader
to a link, article, or other tweet for this information. Example phrases from such tweets are:

“See next tweet for her description”

“MEN report: LINK”

Features of the account

The number of followers for each account at the time of data collection was available through the free
Twitter API. To calculate the age of account, the variable ‘account create day’ (available from free APT)
was subtracted from the date of data collection. Finally, to calculate tweeting activity, the average number
of daily tweets was calculated using the initial database of all tweets (not only missing persons) for each
account.

All data wrangling, analysis, and visualisation was done in R (version 3.6.1) and the code for this is made
available on the first author’s GitHub page (https://github.com/maczokni/misperTweetsCode/).

Results

The average number of retweets of tweets in our sample is 46, median = 7, but with huge variance (variance:
101165, standard deviation (SD) = 318) and right skew (min = 0, max = 8756). In total there were 122
outliers, identified as tweets with retweet counts that are more than 3 standard deviations from the mean.
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The outliers are interesting in themselves, however there are a range of factors that may affect how these
are generated, (ie how some tweets “go viral”). Many of these seem to be cases which receive coverage in
the traditional media. Unfortunately this is not something we coded, so we cannot conclude about the role
of media coverage. It is interesting to note the low median, indicating that tweets typically do not get many
retweets. The upper quartile of retweets is 24 (inter quartile range (IQR) = 2 - 24), further emphasising that
most tweets have low retweets. 86 tweets had no retweets (this is not because they were “too new” to have
gotten attention, the “youngest” tweet with 0 retweets is 52 days old), and 99 had only one retweet (the
youngest of these 30 days old). That there are so many tweets with no sharing at all is interesting to note,
and while was not on the original agenda, something to consider in the future. In any case, we recognise
these outliers and use medians in most of the analysis that follows.

Features of the missing person

320 tweets were about women and 505 about men, the rest were about multiple people (0) or gender was
not identifiable. Considering ethnic appearance, 74 tweets were about non-white missing persons, compared
to 563 about white. For the rest (371) ethnic appearance was unknown.

Overall, white females had the highest average retweets (Table 2). The lowest mean is for non-white females,
however the median is higher for this group than that the median for non-white males, due to some tweets
about non-white males having high retweet counts, influencing the mean (the highest for non-white males
reaching 462 retweets, while for non-white female missing persons the highest number of retweets is 75).
Tweets about white missing persons had more retweets (mean: 61, median: 11, SD: 415, IQR: 4 - 31) than
tweets about non-white missing persons (mean: 25, median: 5, SD: 66, IQR: 2 - 14). Tweets about missing
women had more retweets (mean: 81, median: 10, SD: 542, IQR: 3 - 40) than tweets about missing men
(mean: 81, median: 10, SD: 542, IQR: 3 - 40).

Table 2: Cross table of gender and ethnic appearance of missing persons coded from tweets showing the
mean, median, sd, iqr of retweets for each group, and the number of tweets in each group.

Gender | Ethnic appearance | Median | Mean N | SD | IQR Maximum
female non-white 6 14 32 18 | 2-15.75 75
female white 14 113 | 198 | 685 | 5 - 47 8756
female NA 6 35 90 89 | 2-28 552
male non-white 4 34 41 86 | 2-13 462
male white 9 34 | 358 99 | 3-24 1385
male NA 4 24 | 106 75 | 1-16.5 684
NA non-white 3 3 1| NA|3-3 3
NA white 11 12 7 10 | 6-13 31
NA NA 4 23 | 175 | 137 | 1-15 1783

Features of the tweet

In total, 421 (42%) of the tweets did not have a photo with them. Of the ones that did have a photo, 159
(27%) 27.1% were custody photos (16% of all the tweets). Considering photo type shows that tweets with
no photo at all have the lowest median retweets, but not the lowest mean. Tweets with custody photo have
the lowest mean retweets. However the median is higher with custody photo than no photo. Tweets with
a regular photo have higher average and median retweets in our sample than both no photo and custody
photo. Multiple photos have higher mean but not a higher median compared with one regular photo (Table
3).

Figure 1 shows the relationship between photo type and retweet count, taking into account gender and ethnic
appearance. We include with all figures, error bars, which show the interquartile range (IQR).
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Figure 1: Retweets for different image types by gender and ethnic appearance
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Table 3: Photo type

Photo type Median | Mean N | SD | IQR Maximum
Custody photo 7 16 | 159 26 | 2.5-16 155
Muliple photos 12 125 39 | 638 | 2.5-21.5 3997
No photo 4 24 | 421 | 105 | 1-15 1783
Regular photo 14 74 | 389 | 456 | 5 - 47 8756

For all groups, tweets with no photo or with a custody image have fewer median retweets than those with
a regular (non-custody) photo. Having multiple photos does not seem to get more retweets. In all cases,
missing persons who are white have higher median retweets than non-white counterparts.

There is no clear pattern to show that tweets which have better quality photos have more retweets (Table
4).

Table 4: Photo quality

Photo quality | Median | Mean N | SD | IQR Maximum
average 8 97 | 213 | 665 | 3-24 8756
bad 10 35126 | 76 | 3-30 510
good/excellent 13 44 | 242 | 89 | 4-46.75 698

Interestingly though, for men, as photo quality improves, the difference in median retweets for tweets about
white and non-white missing persons increases (Figure 2).

There is a weak correlation between days since tweet was created and retweet count (Pearson’s product-
moment correlation = 0.073, p-value = 0.021). There is no clear difference in median retweets between
appeals made in different hours of day (Figure 3) .

Considering the written content of the tweets, length of post does not seem to make a difference to retweets;
we cannot say that longer (or shorter) posts have more retweets, either before or after Twitter’s change of
character limit from 140 characters (Pearson’s product-moment correlation = 0.026, p-value = 0.464) to 280
characters (Pearson’s product-moment correlation = 0, p-value = 0.995). 413 of the tweets included all the
useful information in the tweet’s text, while the rest pointed to links or attachments for further information.

Tweets with the useful information in-text had higher mean and median retweets (mean = 58, median = 8,
standard deviation = 445, IQR = 3 - 24) than those that relied on links (mean = 37, median = 7, standard
deviation = 184, IQR = 2 - 24).

Tweets with question marks (n= 143) and tweets with hashtags (n= 175) have higher median retweets than
tweets without these types of punctuation. Tweets with exclamation marks (n = 40) have the same median
to those which do not, and tweets using asterisk (n= 104) have lower median retweet than tweets that do
not (Figure 4).

In our sample, most tweets have no hashtags at all. Taken together, tweets with at least one hashtag (n =
175) have a higher median but lower mean retweets (median = 8 , mean = 34, standard deviation = 83,
IQR = 3-24) than those which do not (median = 7 , mean = 48, standard deviation = 348, IQR = 2-23).
Considering number of hashtags shows that tweets with more hashtags have more retweets (Table 5).

Table 5: Number of hashtags

Number of hashtags | Mean | Std dev | Median | IQR Number of tweets
none 48 348 7| 2-23 833
1 23 49 7| 3-21.5 128
2 50 127 14 | 3-24 29
3 or more 82 148 17 | 4-62.25 18
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Figure 2: Retweets for different image quality by gender and ethnic appearance

12



200
o 150+
o
=
B Number of tweets
[2]
® 1004 ® 2
2 @ >
]
% ®
=
2 50_ —
! I II setss!
e T IIIIIII ry
0 1 2 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour of the day when tweet was sent

Figure 3: Retweets by hour of day

Besides the number of hashtags, it’s content is also important. Thematic analysis was used to group hashtags
into 3 overarching themes, and a miscellaneous “other” category (Table 6).

Table 6: Types of hashtags used (*some tweets have more than one type of hashtag)

Hashtag type No. of tweets | Examples

location 99 | #Chorlton or #Bury

#missing 73 | #Missing or #MissingPerson

police force or number 10 | #101 or #GMP

other 15 | #RT or #update or #helpfindjohn or #thankyou

Figure 5 illustrates the different median retweets for different types of hashtags. Hashtags that mention
location have a higher median retweet than tweets that do not have a location hashtag. On the other hand,
using a hashtag for a police number (#101 or #999) and tweets using #missing have lower median retweets
than tweets which do not have these hashtags. “Other” is made up of the following hashtags: 4 referred
to names (eg: #FindCorrie or #TessBlandamer), 2 expressed thanks (eg #thankyou), 8 were abbreviations
(eg: #mufc, #INPT1, #whp) and two updates (#Update and #LatestNews).

Thematic coding to extract commonly used phrases which may act as templates identified initially 130
templates, which were further grouped into 12 overarching categories. About a quarter of tweets (25.4%, n
= 255) were completely original (no resemblance to any template), while the rest were coded into these 12
categories described in Table 7

Figure 6 illustrates the different median retweets for different templates. Tweets that have the “have you
seen. .. ", “urgent appeal:”, “police/etc are appealing for...” have much higher median retweets than tweets
that do not have such phrasmg. Tweets that mention that a missing person is high risk, and tweets that ask
explicitly to “please retweet” also have higher median retweets than those which do not. Tweets that do not
use any of these templates (original phrasing), tweets that use “can you help?” and tweets that use asterisks
for emphasis (**missing**) have lower median retweets than tweets that do not use these templates.

From the AFINN sentiment lexicon we calculated scores for each tweet. Overall, the mean score was -1.56,
and the median -2. The lowest score was -10 and the highest was 4. Scores follow a left-skewed distribution
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Figure 4: Retweets for the use of different punctuation
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Figure 6: Retweets for different templates
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Table 7: Examples of templates

Template

No. of tweets

Example

call 101

449

"Police have released a new photograph of a high risk missing
teenager. [OTHER__661] you see [HIS/HER] please contact the
police. https://t.co/knlDpYw50K"

original phrasing

255

" F\F\* [OTHER_204] - [OTHER_880] [OTHER_913] \F\*\*
https://t.co/oSOQmZIC03"

. are concerned for..

115

"Officers are growing increasingly concerned as to the
whereabouts of a 43-year-old man missing from Salford.
http://t.co/ZwgbaYzJxo"

#missing

83

"#Missing cont. &gt;&egt;&gt;&gt;Brian possibly in the location
of [OTHER_ 61] woods. If you see anybody matching the
description please call us on 101."

please RT

7

"We need your help to find missing [OTHER,_369]

[OTHER_ 370] 87 yrs. [OTHER, 429] seen in [OTHER,_ 224]
101 if seen please [OTHER,_51] @gmpchorlton
http://t.co/pJdbdoabeX"

can you help

72

"Missing - [OTHER_ 277] you help? http://t.co/4h816ZIrsi"

have you seen..

72

"Thomas [OTHER,__929] 57 years currently missing from
Crumpsall. [OTHER _ 422] you seen [HIM/HER] ring #101 1/2"

high risk

o8

"HIGH [OTHER,_ 122] #MISSING: [OTHER_ 502] you seen this
girl? [OTHER__503] Kenworthy. [OTHER_ 217] ring 101 if you
have any information. Thanks! http://t.co/DDslkiYCgq"

\*\ *missing\ *\ *

o6

"V¥MISSING\* [OTHER_ 2101] last seen [OTHER_ 1519]
wearing a grey tracksuit, white t-shirt and trainers.
[OTHER 290] information please get in touch on '101""

link to info

40

"\F\*\* [OTHER,_ 26] [OTHER_ 361] - [OTHER,_ 670]
[OTHER, 210] \*\*\* [OTHER, 457] Howard, 51 years with
links to the #Eccles area of #Salford is currently #missing -
[OTHER_ 290] sightings or info then please #Dial101 and quote
#MissingPerson reference number: MP/18/0113193
#MissingFromHome #MISPER, #Manchester
https://t.co/sNHXWEC3I8"

thanks

34

'"Mark [OTHER 1580] from Heywood, missing from home since
29/06/15 believed to still be around [OTHER, 1541] area if seen
please call 101 #Thank you"

. are appealing for..

26

"Police are appealing for the public’s help to find a man missing
from Rochdale. https://t.co/y5XQGhNGN6"

urgent appeal

12

"Urgent, please RT. [OTHER_ 204] Female, #Atherton
[NUMBER._447), shoulder [OTHER_ 1485] [OTHER_ 42] Hair,
[OTHER_ 1488] T-Shirt, [OTHER_10] Trousers. [OTHER_ 121]
[OTHER_ 803] please ring 101"

with a left tail. There does not seem to be much of a relationship between sentiment score and retweet count
(Pearson’s product-moment correlation = 0.01, p-value = 0.65).

Figure 7 shows results from manually coded sentiment categories. Tweets coded scared or worried have
higher median retweets than those not coded with these sentiments, followed by hopeful tweets. Hopeless
and negative sentiment tweets have the much lower median retweets than tweets not coded with these
sentiments. Mean Afinn sentiment score does not seem associated with manually coded sentiment. While
‘willing to engage’ tweets have a higher mean score (more positive), so do the tweets coded as ‘negative’
by the manual coder. The tweets coded ‘hopeful’ in the manual coding process have the lowest mean score
(-2.05), which is difficult to reconcile.
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Figure 7: Retweets for different sentiments
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Figure 8: Retweets for different tones

Regarding tone, 871 tweets were coded as rational, and 137 as emotional. Altogether, tweets with an
emotional tone have more retweets (median = 9, mean = 141.85, sd = 831.04, IQR = 3 - 30), than those
with a rational tone (median = 7, mean = 30.59, sd = 86.33, IQR = 2 - 23)(median = 7, mean = 30.6, sd
= 86.3, IQR = 21). However, when separating out differences by gender and ethnic appearance, we see that
for white missing persons rational tone have higher retweets, while for non-white missing persons emotional
have higher number of retweets (Figure 8).

Features of the account

Finally we consider account characteristics. Number of daily tweets and age of account do not seem associated
with retweets of appeals. Low activity accounts such as @QGMPSaddleworth can have high RTs, and high
tweet activity accounts can have low RTs, such as @GMPRadcliffe. While the oldest account (@gmpolice) has
a high mean number of RTs, so does the youngest account (Q@gmpcheadle). Number of followers has a slight
association, mostly driven by the two most followed accounts, which are @gmpolice and @QGMP CityCentre
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(Figure 9).

Accounting for exposure time

Finally, we include an exploratory multivariable associational model, in order to be able to account for some
tweets having been online longer than others. Exposure time is measured in days elapsed since the tweet was
created, and we use this variable as an offset (a constant term in the linear predictor which is not estimated),
useful for measuring rate data (retweets per exposures (days)).

The Poisson model shows evidence of overdispersion (Pearson Ch2 = 143778.85, Dispersion = 247.47), further
indicated by the observed variance (101360.73) greatly exceeding the expected variance (58.45). Therefore
we consider also a Poisson model with scaled standard error. The estimates for all variables from both
models are illustrated in Figure 10.

While it is common to interpret the incident rate ratios as estimates of effect size between the dependent
variables (in this case tweet features) and independent variable (retweets), doing so can lead to mistaken
interpretations of these estimates in line with the ‘Table 2 fallacy’ (Westreich and Greenland 2013). As we
are not modeling causal relationships, we will not interpret the incidence rate ratios. Instead we will look
only for sign change between the findings of our bivariate analyses and what we see from the two models
above. Accounting for exposure time and including all features in a single model simultaneously does not
seem to change our conclusions from the earlier descriptive findings for the following features: men still
have fewer retweets, while white missing persons have more. Regular photos and multiple photos have more
retweets. Rational tweets have fewer retweets than emotional. Templates that follow “have you seen...?”,
contain a link, or ask to be retweeted have more retweets than tweets without these templates, while tweets
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using **missing®* template have fewer retweets than those without this. However the estimates for the use of
different punctuations (use of asterisk or question mark) change signs between the models and the bivariate
analysis. Finally, worried, scared, willing to intervene, and hopeful tweets all remain positive (more retweets
than those without these sentiments) while negative and hopeless tweets remain negative (fewer retweets
than those without these sentiments).

Discussion

To explore how police tweet missing persons appeals and how the public engage with these, we analysed
1008 tweets made by GMP, using retweets as a measure of engagement and spread. Our results constitute
a first empirical insight into police appeals for information about missing persons made on Twitter, and
public engagement with these appeals. We pick up below our key findings to discuss how current tweets
are structured, and what factors should be considered when investigating what features might affect public
engagement.

Firstly we found that the majority of tweets receive very low engagement, with 18.35% (n = 185) of the
tweets getting zero or one retweets. This suggests that there are some current strategies which receive very
limited impact. On the other hand, there are quite a few tweets which receive much retweeting activity.
12.1% (n = 122) of tweets were considered as outliers (outside 1.5 times the interquartile range above the
upper quartile), 78 of these are extreme outliers (outside 3 times the interquartile range above the upper
quartile). Further work should explore in depth why so many tweets receive little to no engagement and
what makes others “go viral”.

Our key focus is on features of tweets which can be acted upon by police and other organisations making
these appeals. Below we draw some preliminary conclusions about what could be considered when writing
Twitter appeals. One decision police make is to include a photo with the appeal, and what sort of photo to
choose. We find in our sample that tweets with a regular photo or multiple photos had higher engagement
than tweets with a custody photo, or tweets without any photo. This is in line with previous literature,
which found an association between photo valence and retweeting (Stefanone, Egnoto, and Fu 2015). Another
explanation is that a custody photo does not resonate with people on a personal level, something identified
by previous work as important motivation for sharing (Juncu and Glorney 2019). This is interesting but we
must keep in mind that the appeal has many aims, one of which is to reach far and wide, while another is
to contain valuable information to help identify the missing person. Therefore, a custody image might still
be better than no image, as it will facilitate recognition of the missing person amongst those who do see the
appeal. Regarding photo quality, we did not find more retweets with improved quality, but did find that the
different in retweets between white and non-white men increases with each improvement in the quality of
the photograph.

Nothing in our sample suggested that timing of tweet made a difference to retweeting. As we know that
timeliness of information is crucial in missing persons investigations (Smith and Shalev Greene 2015) we
suggest that appeals are made as early as possible, rather than trying to optimise the best time to tweet.

Considering which templates to use, tweets following the “have you seen...” template, tweets including a
link, and tweets that ask followers to “please retweet” received more engagement. These could be interpreted
as calls-to-action templates, which Lopez (2014) associated with increased engagement. Our findings on
sentiment may be harder to implement, and we recognise that being mindful of the sentiment that a user
might feel is a very difficult task, on top of trying to fit as much information as possible into a 280 character
appeal, making this difficult to action. However, some results here might be easier to distinguish, for example
how hopeful sentiment tweets in our sample got more and hopeless ones got fewer retweets. An example of
a tweet coded hopeful illustrates what such tweets might sound like:

“FIRSTNAME LASTNAME. Missing from #LOCATION for 3 years.Today is his birthday. Have
YOU seen this man? Please don’t stop the RTs. LINK”

On the other hand, an example of a tweet coded hopeless is:
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“FIRSTNAME LASTNAME has been missing for a year now LINK”

It is possible that injecting ‘hope’ into these tweets can lead to more sharing.

The difference in engagement with rational versus emotional tweets has been highlighted by previous liter-
ature as something which affects retweets but with no clear consensus on how (Lopez 2014; Xu and Zhang
2018). In fact, we also find duality in our results. Overall it seems that in our sample emotional tweets have
higher retweets than our rational tweets. However, when we separate out gender and ethnicity, we can notice
that for tweets about white men and women, rational tone tweets have more retweets, but for non-white
men and women, it is emotional tweets which do.

While the above presents an exciting empirical insight into police appeals for missing persons on social
media, our study also has some limitations to keep in mind. First, we already mentioned about the data
issues, in particular that selection into our sample requires that the tweet was not deleted, and this is likely
to be related to features and outcome under study. This means that we have a biased sample. Not only
that, but do not understand how this bias takes effect, since although posts about people who have returned
to home are supposed to be taken down, we can see from our data that this is not always the case. Our
results therefore are purely descriptive, and are meant as an indication into what sorts of characteristics of
the features we identified through our literature review we even see in police tweets about missing persons.
We recommend that future work considers a prospective study design, or employs a randomised control trial
approach to be able to speak to the causal relationships between the features identified here, and public
engagement. Clearly, there is an imperative to identify effective strategies so that we can help find missing
persons as quickly and efficiently as possible. By employing a randomised control design we can collect robust
evidence to identify causal mechanisms behind what works in promoting wide sharing and engagement with
Twitter appeals. Longitudinal designs could allow insight into different temporal patterns in retweeting,
rather than a final total retweets measure as we have here. This would allow us to employ causal inference
methods to consider the time-varying features of the accounts as well, and answer questions such as: “as
accounts gain more followers, do their tweets become more retweeted?”. Another limitation, which would
not be addressed by the above study designs is that all these results are based on data from Twitter, and
there are other social media platforms out there, to which these findings should ideally generalise. However,
Juncu and Glorney (2019) found there not to be too much of a difference between those who use Facebook
and Twitter to share information about missing people, so this may be a less serious issue. Finally, we
have looked at engagement as an outcome measure, but future work could explore the effectiveness of these
appeals in leading to valuable information or helping to locate the missing person, as well as the ethical
implications and risks introduced by public sharing of missing people’s personally identifiable information
on social media platforms. While wide sharing might be a desired outcome to help find the missing person,
it can compound the problem of the limited scope the investigators have to withdraw the information they
had released, once the person is found (Holmes 2016).

Conclusion

In this paper we explored appeals for information about missing persons made on Twitter by greater Manch-
ester police. We did so in order to uncover how the police currently construct such appeals, and whether we
can infer any structure in the practice. We find that there is some structure, but there is also variation in
how these messages are crafted, as well as in other features such as the type and quality of photo used, the
phrasing and punctuation used, and the perceived sentiment that results. We considered how engagement,
measured as retweets varies between these differently structured tweets, and draw conclusions about what we
think might be important to follow up. In particular we present exploratory results, which serve the basis for
further confirmatory work. Therefore, the contribution of this paper is two-fold. First, we provide an insight
into how appeals for information for missing people are shared by a major UK police force. We can see that
although many of these messages follow a template, many others do not, and the choice of which template to
follow, as well as other decisions around what information, images, or other features to include might have
consequences for how the message is viewed and shared by audiences. By presenting the first look into these
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practices, our exploratory research serves as a foundation for future confirmatory work to build upon. In
particular we have laid out a set of features which are used in missing persons appeals on social media that
can inform studies with a prospective design, or experimental randomised control trial approach to further
uncover causal relationships, and make recommendations for good practice in appeals for missing persons
on Twitter from police, and other organisational accounts. Secondly, and relatedly, we serve as a reference
point for an issue that is internationally relevant, affecting police and other organisations worldwide. Other
countries with growing demand on their services from increasing numbers of people reported missing paired
with restrictions on resources must also consider how to optimise their messages on social media so it reaches
far and wide. This exploration is applicable and replicable in a way to inform more work internationally,
with the ultimate aim to assist organisations and governments in safeguarding their vulnerable citizens.
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