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Abstract
1. Animal- related content on social media is hugely popular but is not always ap-

propriate in terms of how animals are portrayed or how they are treated. This 
has potential implications beyond the individual animals involved, for viewers, 
for wild animal populations, and for societies and their interactions with animals.

2. Whilst social media platforms usually publish guidelines for permitted content, 
enforcement relies at least in part on viewers reporting inappropriate posts. 
Currently, there is no external regulation of social media platforms.

3. Based on a set of 241 ‘fake animal rescue’ videos that exhibited clear signs of ani-
mal cruelty and strong evidence of being deliberately staged (i.e. fake), we found 
little evidence that viewers disliked the videos and an overall mixed response in 
terms of awareness of the fake nature of the videos, and their attitudes towards 
the welfare of the animals involved.

4. Our findings suggest, firstly, that, despite the narrowly defined nature of the 
videos used in this case study, exposure rates can be extremely high (one of 
the videos had been viewed over 100 million times), and, secondly, that many 
YouTube viewers cannot identify (or are not concerned by) animal welfare or 
conservation issues within a social media context.

5. In terms of the current policy approach of social media platforms, our findings raise 
questions regarding the value of their current reliance on consumers as watch dogs.

K E Y W O R D S
animal exploitation, animal welfare, corporate social responsibility, human- animal interactions, 
sentiment analysis, social media platforms

1  |  INTRODUC TION

As of 2022, there were 4.6 billion active social media users, amount-
ing to 58.4% of the current global population (Statista, 2022a). 
YouTube, currently the biggest online video platform worldwide 
(featuring a wide variety of corporate and user- generated content 

ranging from music and gaming videos to DIY and educational 
clips), had almost 2.6 billion users in January 2022 (Statista, 2022b) 
that streamed 694,000 h of video content every internet minute 
(Statista, 2022c). The global reach, popularity and influence of so-
cial media means that it has considerable potential to educate and 
inform people about the natural world and the wild animals within it 
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(e.g. Pavelle & Wilkinson, 2020). Nevertheless, across platforms (and 
topics, not limited to the natural world), misinformation, fake and 
inappropriate content are commonplace (e.g. Menczer & Hills, 2020; 
White et al., 2018).

Animal- related content on social media (involving wild as well as 
domestic animals) is hugely popular (Hallinan et al., 2021) but some-
times portrays situations that may (intentionally or unintentionally) 
cause stress, injury, distress or death to the animals involved (in-
cluding behind the scenes, e.g. poor captive conditions off- camera), 
or involve individuals that have been removed from threatened 
wild populations (and that may or may not be illegal under national 
legislation). None of these potential issues are easily discernible to 
non- expert viewers. Viewers of videos of slow lorises Nycticebus 
spp., for example, were more likely to ‘like’ videos where a slow 
loris displayed signs of stress or was kept in the light (slow lorises 
are nocturnal primates and so the presence of light is opposite to 
their behavioural needs and likely to negatively impact their health, 
Nekaris et al., 2015). The consequences of this type of misunder-
standing can extend beyond the individual animal in the video be-
cause such imagery, and the resultant public response to it (especially 
when it is shared widely), may influence public perceptions, societal 
behaviour and social norms regarding appropriate treatment of wild 
animals (e.g. Riddle & MacKay, 2020; Thomas- Walters et al., 2020). 
Ultimately (whilst there is currently little research on the causal na-
ture of these relationships), how wild animals are portrayed online 
may, for example, perpetuate misperceptions that certain wild ani-
mals are suitable pets (e.g. Freund et al., 2021; Leighty et al., 2015; 
Ross et al., 2011; Schroepfer et al., 2011) or that it is acceptable, 
humane or safe (for the animal or the human) to touch and hold wild 
animals (for example, in Wildlife Tourist Attractions, e.g. Carder 
et al., 2018; Osterberg & Nekaris, 2015; Van Hamme et al., 2021). 
There are dangers for people associated with imitation of video 
presenters (or vloggers; e.g. approaching a dangerous animal in a 
National Park too closely, or attempting to pick up a venomous spe-
cies, e.g. Neme, 2010) and, for species consistently portrayed in the 
media as ‘savage’ or ‘evil’, there may be negative impacts on public 
support for necessary conservation, or human- wildlife coexistence, 
efforts (Cermak, 2021; Neme, 2010).

Recently, a particular type of online wildlife video, portraying an 
animal (either wild or domesticated) being rescued by a human from 
a predator attack, has attracted attention in the mainstream news 
media (Doward, 2020; Ewe, 2021; Knowles, 2021; Maron, 2021). 
Among a variety of videos available online showing people rescu-
ing animals in a number of different scenarios, these particular vid-
eos appear to be filmed in Southeast Asia and most, but not all, are 
framed in the context of a reportedly ‘primitive’ life, entitled, for 
example, ‘Primitive boy saves family chickens from python attack’. 
Various aspects of these short videos, including, among others, atyp-
ical predator behaviour, appearance of the same identifiable individ-
ual animals on multiple occasions, and varied camera angles, suggest 
that they are deliberately staged (Maron, 2021), and that they sub-
ject both prey and predator to considerable stress. Awareness of the 
prevalence of these ‘fake animal rescue videos’ (e.g. Social Media 

Animal Cruelty Coalition [SMACC], 2021) has raised questions re-
garding YouTube's management of this and other types of animal 
cruelty content.

Predator– prey interactions are commonplace in nature and an 
essential component of normal ecosystem function but are rarely 
observed directly by people. In attempting to capture such moments 
on film, wildlife filmmakers have been accused of audience decep-
tion (using captive animals and portraying unnatural behaviours; 
Boboltz, 2015), and commonly used practices, such as placing pred-
ator and prey animals together in an enclosure, are considered cruel 
and unacceptable in the wildlife film making industry (Neme, 2010; 
Palmer, 2011). Unlike wildlife documentaries (e.g. Pollo et al., 2009; 
Somerville et al., 2021), YouTube videos currently have no particular 
obligation to be informative or realistic (depending on the source 
and stated intent of the video). Even YouTube channels run by re-
spected zoos tend to post entertaining rather than educational ma-
terial (Llewellyn & Rose, 2021). YouTube does, however, have an 
obligation towards social responsibility and to protect against ani-
mal cruelty on its own platform. YouTube's Community Guidelines 
include policies against the depiction of violent or graphic content, 
and, for animals specifically, prohibit ‘Content where animals are en-
couraged or coerced to fight by humans’ and ‘Content featuring animal 
rescue that has been staged and places the animal in harmful scenarios’ 
(Google, 2021; updated in June 2021 to refer explicitly to fake an-
imal rescue videos). Whilst YouTube does use people and machine 
learning to monitor content uploaded to its platform, the scale of the 
process means that detection of policy violations is also dependent 
on viewers reporting or flagging content that ‘they find inappropriate’ 
(Google, 2021). There is currently no external regulation pertaining 
to the use of wildlife on YouTube or any other social media platform 
(Esmail et al., 2020).

Determining whether this type of self- regulated viewer- reliant 
system is likely to be effective in detecting and removing poten-
tially harmful animal- related content online depends on an under-
standing of viewer perceptions of the videos, and their attitudes 
towards the treatment of the animals involved. To gain relevant 
insight, we investigate viewer response to a set of fake animal 
rescue videos posted on YouTube between 2018 and 2021. We 
focused specifically on those involving rescue from a predator at-
tack portrayed by content providers in the context of ‘primitive 
people’, as a case study. To assess the potential influence of these 
videos, we used publicly available video metrics to quantify their 
reach and popularity, and the extent to which they were engaged 
with. We also used content and sentiment analysis to describe and 
quantify the perceptions and attitudes of viewers as reflected in 
their comments on the videos. Sentiment analysis (sometimes re-
ferred to as ‘opinion mining’) analyses people's opinions, attitudes 
and emotions from a text (Liu, 2015) and is able to quantify the 
relative polarity of a text (e.g. Fang & Zhan, 2015); it is used in-
creasingly in various fields using social media data (e.g. Chauhan 
et al., 2021; Moloney et al., 2021; Nemes & Kiss, 2021; Piedrahita- 
Valdé et al., 2021; Poecze et al., 2019). Content analysis, in con-
trast (in its simplest terms and as used here), is used to determine 
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the presence of particular words, themes or concepts in the text 
(see e.g. Neuman, 1997; Neuendorf, 2017; although the term itself 
has a broader meaning, cf. Macnamara, 2005) and thus (in the con-
text of video comments) provides insight on which aspect of the 
videos viewers are commenting on, and, potentially, why (or what) 
viewers like or do not like (about) the video. We were interested 
in whether viewers responded negatively or positively to fake an-
imal rescue videos; in particular, we were interested in whether 
viewer response to the videos, as illustrated by viewer comments, 
suggested that viewers were aware of the likely fake nature of the 
videos, or of the cruelty to the animals involved.

2  |  METHODS

2.1  |  Video selection

Fake animal rescue videos were initially collated using the search 
function in YouTube (www.youtu be.com) and the search terms ‘prim-
itive man saves’ and ‘primitive boy saves’ (in English only), in May, 
June and July 2021. An additional set of similar videos was obtained 
from a database held by Animals for Asia (AfA, www.asiaf orani mals.
com), from which we included all YouTube videos entered under the 
theme ‘fake rescue’. The AfA database (which contains data on sev-
eral online cruelty content themes) was compiled between July 2020 
and August 2021 by members of SMACC and a team of volunteer re-
searchers. All videos, from both sources, were manually screened for 
relevance; we included all those that involved direct interaction be-
tween two species (where one species attacks the other, hereafter 
the ‘predator’ and the ‘prey’), and intervention by a human (we made 
no attempt to assess whether the rescue shown was genuine). We 
excluded videos that involved humans rescuing an animal in other 
types of scenarios, that did not include human intervention, or that 
involved only humans. Whilst we cannot be certain that all videos in-
cluded were artificially set- up rather than genuine rescue attempts, 
all exhibited the same cinematic characteristics— multiple camera 
angles, a dramatic soundtrack, formulaic series of events, and an ex-
pression of surprise or shock by the human rescuer upon discovering 
the animal under attack. We included reposted videos on different 
YouTube channels because we were interested in the number of vid-
eos (or ‘posts’) available to potential viewers rather than the number 
of unique videos per se. All videos that conformed to our inclusion 
criteria were saved in an unlisted playlist on YouTube.

2.2  |  Data extraction and analysis

Data were extracted from all videos in the playlist between 24 June 
2021 and 02 August 2021 using the tuber package (Sood, 2020) in R 
(version 4.1.0, R Core Team, 2021). For each video, we extracted the 
date the video was posted, the number of views, ‘likes’, ‘dislikes’ and 
comments. We also viewed each video and recorded the ‘predator’ 
and ‘prey’ species featured in the video (the animal attacking, and 

the animal being attacked, respectively), and the YouTube channel 
that the video was posted on. The ‘Home’ and ‘About’ pages of each 
YouTube channel that posted a fake animal rescue video were then 
manually checked and the number of subscribers, total number of 
views and channel location recorded. Predator and prey were identi-
fied to species level from video screenshots where possible, and cor-
responding data on threat status were collated from the IUCN Red 
List of Threatened Species (hereafter IUCN Red List; IUCN, 2021).

To characterise each video, we defined three parameters: ‘ex-
posure’ (views), ‘popularity’ (likes) and ‘engagement’ (comments), 
quantified as the total number of views, the ratio of likes:views as 
well as dislikes as a percentage of total likes and dislikes, and the 
ratio of comments:views, respectively. Likes and comments were ex-
pressed as ratios to account for the effect of differences in exposure 
(number of views). To provide context (as in Harrington et al., 2019), 
we compared video metrics with the following published benchmark 
figures for YouTubers (referred to as marketing ‘metrics of success’; 
Robertson, 2014): a like:view ratio of 0.04 (or 4 likes per 100 views), 
a comment:view ratio of 0.005 (5 comments per 1000 views) and 
a percentage of dislikes no greater than 40%. Correlations among 
channel and video metrics were assessed using Pearson's product– 
moment correlation coefficient. Throughout we refer to the posting 
of a video on a particular channel as a ‘video’ (regardless of whether 
the same video had been posted elsewhere) and, because viewers 
(and thus viewer response) will differ among channels, we treated 
these as independent units although there was some element of 
overlap due to repeat posting. A preliminary analysis of the influ-
ence of video content (taxa of the ‘predator’ and ‘prey’ featured in 
the video) and video channel (specifically the number of subscribers 
to the YouTube channel that the video was posted on), on the expo-
sure and popularity of, and engagement with, resultant video posts 
is provided in Appendix S1.

2.3  |  Content and sentiment analysis

To assess the attitudes and perceptions of viewers that com-
mented on videos, we analysed the content and sentiment of 
video comments. We restricted our analysis to comments of those 
videos that had at least 1000 comments to ensure meaningful 
sample size and avoid bias due to over- representation of response 
to a small number of videos. Because there were only five videos 
that met this criterion, we analysed comments to each video sepa-
rately. For each video, we identified the most frequently occurring 
words in the comments as an indicator of comment content (seek-
ing specifically to identify content indicative of viewer perception, 
or awareness of fake video content and/or cruelty to the animals 
involved), and, using a lexicon- based approach, calculated senti-
ment scores based on the sentiment of those words (taking ac-
count of their frequency of occurrence). We counted strings of 
emojis in the text as ‘words’ because they are known to enhance, 
and modify the meaning of, the text (Novak et al., 2015) and their 
inclusion improves the accuracy of sentiment scoring compared to 
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using the linguistic text alone (Gupta et al., 2020; Tian et al., 2017). 
This type of approach (based on words rather than sentences) is 
somewhat reductive, and is less sensitive than a sentence- level 
approach, but was considered most suitable in this case due pri-
marily to the multiple languages within the text.

For each of the five videos with >1000 comments, we first 
extracted the full text of all comments (also using the tuber pack-
age) and exported the text for each video to a text file prior to 
further analysis. A corpus was then created in R for manipulation 
and cleaning of the text using the text mining package tm (Feinerer 
et al., 2008; Feinerer & Hornik, 2018). Common symbols (/ @ ~ < > 
# & =) were removed, the text was transformed to lower case, and 
numbers and common English, French, Spanish and Portuguese 
stopwords were removed. We then carried out an iterative clean-
ing process to remove frequently occurring words that were in the 
title of the video (or that named the animals in the video), as well as 
profanities, words related to YouTube (‘com’, ‘href’, ‘http/s’, ‘www’, 
‘youtube’, ‘video’, ‘watch’), greetings (‘hello’, ‘hi’, ‘bro’) and words 
that had little meaning out of context or that added little to the un-
derstanding of the text (e.g. ‘can’, ‘just’, ‘know’, ‘made’; a full list of 
words removed is in Appendix S2). We quantified the frequency of 
occurrence of words in the text and repeatedly inspected the 50 
most frequently appearing words; the cleaning process was termi-
nated when we reached a set of approximately 50 non- removable 
words that had been cited a minimum of three times in the text 
(we included more than 50 words where multiple words ranked 
50th by frequency of occurrence). As foreign language words 
were highlighted during the cleaning process, they were translated 
using Google Translate (https://trans late.google.co.uk/) to check 
their meaning and were removed or retained in the text (in their 
original language) in accordance with the same rules. Strings of 
emojis were also retained in their original form and were treated 
as if they were words. Within the final sets of ‘cleaned’ words, 
we identified the 10 most frequently cited for comparison among 
the five videos; the full set of 50 most frequently cited words for 
one of the videos, as an example, were visualised using a word-
cloud, constructed using the wordcloud package (Fellows, 2018). 
Before applying sentiment scores, foreign language words were 
translated (using Google Translate), and emojis were replaced 
with their word equivalents using the ‘replace_emoji’ function 
in the textclean package in R (Rinker, 2018, Appendix S2; single 
word equivalents were used regardless of the number of emojis 
in the string to avoid over- inflating sentiment scores). Sentiment 
scores were then applied to individual ‘words’ within each set of 
(c. 50) cleaned and translated words, using the syuzhet package in 
R (Jockers, 2015) and the ‘afinn’ lexicon (Nielsen, 2011), and mean 
and total sentiment scores calculated for each video by summing 
the scores for each word, weighted by their frequency of occur-
rence. The afinn lexicon was deemed most suitable for this dataset 
because it was developed based on social media language (i.e. it 
provides a sentiment score for commonly used online slang terms, 
such as ‘lol’). The system provides a score for each word between 
−5 (negative sentiment) and + 5 (positive sentiment), according to 

words and scores already compiled in the afinn lexicon; words that 
could not be scored received a neutral (0) score. To avoid possible 
misinterpretation due to discarding potential valence shifters or 
modifiers (e.g. the words ‘do not’, ‘really’) during the cleaning pro-
cess, and reliance on single words, we checked significant word 
associations post hoc (using the tm package) for all frequently oc-
curring words that could be misinterpreted (e.g. ‘good’ might have 
occurred in the full comment text as ‘good’ or ‘not good’). For de-
tection of word associations, we used a minimum correlation limit 
of 0.3 (where 1 means the words always occur together, and 0 
means they never occur together) on the basis that 0.3 is generally 
cited as the minimum value for a correlation coefficient represent-
ing a ‘moderate’ linear relationship (Ratner, 2009).

We used a one- sample t- test to test whether mean sentiment 
scores differed significantly from zero, and an exact binomial test 
to test for significant orientation among the polarised words in 
the comment text (ie. departure from a 1:1 ratio in the relative 
proportion of negative and positive words, on the assumption that 
a polarised but balanced text would contain an equal number of 
positive and negative words). To test whether the overall popu-
larity of these five videos differed from other fake animal rescue 
videos we used a two- sample t- test to compare mean % dislikes, 
we included only those videos with >100 likes and dislikes com-
bined to reduce the possibility of bias due to low sample size, and 
used % dislikes rather than like:view ratios to reduce the influence 
of view count.

Finally, because this analysis only incorporated emojis that oc-
curred in commonly used string lengths (in this case, strings of one 
to three, see Results) and did not fully represent overall emoji use 
in the text, we quantified emoji use (as individual symbols), sepa-
rately, to provide as complete a picture as possible of the sentiment 
contained within the comments. Whilst it is preferable to combine 
text and emojis for sentiment analysis (e.g. Gupta et al., 2020), the 
frequency of occurrence of individual emojis (which can be very 
high, i.e. strings of >100 emojis) is not directly comparable to that 
of individual words. Conversely, some comments contain only a 
long string of emojis, so excluding them risks losing considerable 
information. For each of the five sets of video comments, we cre-
ated a subset of comments that included only those that contained 
emojis, and then extracted the emojis using the emoji package in R 
(Hvitfeldt, 2022) to create a new ‘text’ file containing only emojis. 
A corpus was created in R, and the frequency of occurrence of each 
emoji was quantified using the tm package (as above). We retained 
and ranked all individual emojis that had appeared in the text at least 
10 times (excluding emojis of the animals in the videos, as for the 
word analysis). Sentiment scores for each emoji were obtained from 
Novak et al. (2015), and an exact binomial test was used to test for 
departure from a 1:1 ratio in the relative proportion of negative and 
positive emojis taking account of their frequency of occurrence in 
the comment text (sentiment scores were not available for some of 
the newer emojis, in which case we assumed their polarity based on 
similarities with other emojis). For context, we quantified the num-
ber of comments that included emojis, and summarised the number 
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of emojis per comment, for each of the five videos (using the emoji 
package).

2.4  |  Ethical considerations

Our study involved covert observation (Thompson et al., 2021); 
however, we used only data (videos, video metrics, and comments) 
that were publicly available on the YouTube platform and posted on 
public accounts. Given that comments were posted as public feed-
back to the video creators/posters, we assume that commenters in-
tended to contribute to the commentary associated with the video, 
and thus expected and wanted their comments to be read by others. 
Accordingly, and as in Townsend and Wallace (2016), use of these 
data did not require informed consent. In addition, commenters 
were not identified individually, and data deriving directly from com-
ments are presented here only in aggregate form (single words and 
sentiment scores). We did not engage in deceptive practice and did 
not engage directly or otherwise with YouTube users (either those 
posting videos or commenting on videos). To protect the identity of 
the individuals posting the videos and those commenting on videos, 
web addresses and channel names are not reported here (see, e.g. 
Zook et al., 2017).

3  |  RESULTS

3.1  |  Number of videos

Using the specified search terms, and relevant links in the AfA da-
tabase, we identified a total of 241 video posts portraying appar-
ently fake animal rescues, between September 2018 and July 2021 
(Appendix S3). Videos were posted on 160 different YouTube chan-
nels (three of which were the same channels renamed), located in 
all global regions, in at least 26 countries (predominantly the USA, 
where 23 channels were reportedly located; location was not avail-
able for 74 channels, Appendix S3). We did not attempt to quan-
tify the number of unique videos, but note, based on the number 
of unique ‘predator– prey’ pairings (Appendix S3) and other differ-
ences in titles (e.g. man vs. boy; not reported for privacy reasons), 
that there were a minimum of 70 different videos posted, and that 
some videos were reposted 20– 30 times.

3.2  |  Video content

Videos depicted various domestic (e.g. chickens Gallus gallus do-
mesticus, rabbits Oryctolagus cuniculus, cats Felis catus, and dogs 
Canis familiaris) and wild species in apparently natural habitats, 
where they were approached and attacked by a wild predator spe-
cies before being rescued by a human who appeared to encounter 
the attack by chance, or by a person searching for, for example, 
their dog (Figure 1). There was no, or limited (often muffled), 

dialogue from the people in the video, and no voice- over narra-
tion. Wild species under attack ranged from a mouse (Muridae) 
to adult crocodiles (Crocodylus spp.) and monitor lizards (Varanus 
spp.), the latter often referred to in the video title as ‘the fam-
ily [animal]’…(e.g. ‘the family crocodile’). In total, we identified at 
least 11 wild predator species and 16 wild prey species, in addi-
tion to a pack of domestic dogs as predators, and various domestic 
species under attack. Snakes (predominantly two python species: 
Burmese python Python molurus bivittatus and reticulated python 
Malayopython reticulatus) were the most frequently portrayed 
wild predator (Table 1). Other wild predators included several rap-
tor species (see Table 1), the Bengal monitor lizard Varanus ben-
galensis, Siamese crocodile cf. Crocodylus siamensis, and (in one 
instance) a box turtle cf. Cuora amboinensis. With the exception 
of the Burmese python and changeable hawk eagle cf. Nisaetus 
cirrhatus, all ‘predator’ species were also depicted as the animal 
being attacked in different videos (albeit snakes relatively rarely, 
Table 1). Snakes attacking various fowl species (28.2% [n = 68] 
videos), followed by snakes attacking cats, dogs or rabbits (16.2% 
[n = 39] videos), or monitor lizards (14.9% [n = 36] videos) were 
the most commonly portrayed scenario (Figure 1). Six of the wild 
species identified in the videos are categorised as threatened or 
Near Threatened on the IUCN Red List: the elongated tortoise 
Indotestudo elongata, Siamese crocodile Crocodylus siamensis, 
amboina box turtle, Burmese python, Mekong snail- eating turtle 
Malayemys subtrijuga and Bengal monitor lizard (Table 1).

3.3  |  Channels posting fake animal rescue videos

On average, the channels posting fake animal rescue videos ap-
peared to be relatively small- scale (median number of subscrib-
ers = 23.5, median number of channel views = 8572, Appendix S1), 
belonging to individuals or small local groups. Thirty- five percent of 
channels (n = 57 of 160) had fewer than five subscribers and a few 
hundred channel views; 21.8% (n = 35) of channels had no subscrib-
ers. However, videos were also posted on a few large popular ac-
counts with more than a million subscribers (n = 3; 6 channels had 
>200,000 subscribers), some of which (n = 5) received over a hun-
dred million channel views (correlation between channel subscribers 
and channel views, Pearson's product– moment correlation, r = 0.97, 
p < 0.001).

Individual channels posted between 1 and 13 fake animal rescue 
videos (most posted 1– 4 videos, n = 132 [83.5%] posted one video; 
four channels posted >4 videos, n = 9, 10, 13 and 13, respectively).

3.4  |  Video metrics

Video metrics (indices of exposure, popularity and engagement) were 
all strongly left- skewed but covered a broad range such that the vast 
majority of videos scored relatively low on all three measures whilst 
a small number of videos scored particularly high (summary data 

 25758314, 2023, 1, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1002/pan3.10416 by T

est, W
iley O

nline L
ibrary on [09/06/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



108  |   People and Nature HARRINGTON et al.

in Appendix S1). Over half (61.8%, n = 149) of the videos received 
fewer than 100 views (minimum = 7, median = 58, n = 241), but five 
(2.1%; one of which was posted only two months prior to the study) 
received more than one million views and one (posted in December 
2018) received over 100 million views (these are the same five vid-
eos that contained sufficient comments for content analysis, below). 
Similarly, 78.4% (n = 189) of videos failed to meet the benchmark 
like:view (popularity) value of 0.04 or more (median = 0.008, or eight 
‘likes’ per 1000 views), and 84.2% (n = 203) videos failed to meet 
the benchmark comment:view (engagement) value of 0.005 or more 
(median = 0; 66.8%, n = 161, videos received no comments). High 
values for popularity and engagement were, in most case, based on 
low numbers of views: only three of the 52 videos with a like:view 
ratio of >0.04, and only one of the 38 videos with a comment:view 
ratio >0.005, received >1000 views. Similarly, high percentage 
(>40%) dislikes were, in most cases, based on low response rates: 

only two of the 32 videos that received more than 40% dislikes, re-
ceived >100 likes and dislikes combined (and even for these videos, 
maximum percentage dislike was only 46%). More than a quarter of 
all videos (27.8%, n = 67, all of which had <1000 views) received no 
likes or dislikes.

Notably, whilst the five videos with high exposure rates received 
the highest absolute numbers of likes, all scored low on relative pop-
ularity (like:view ratios 0.001– 0.004, i.e. <median and benchmark 
scores). Conversely (and in common with the majority of videos in 
the study), there was no evidence that these five videos were ac-
tively disliked (none received 40% or more dislikes, as a percentage 
of total likes and dislikes). Across all videos, the number of video 
likes was strongly positively correlated with the number of views 
(Pearson's correlation coefficient [likes vs. views]: r = 0.959, p < 0.001), 
but this was also true for the number of dislikes (Pearson's correla-
tion coefficient [dislikes vs. views]: r = 0.939, p < 0.001).

F I G U R E  1  Screenshots of ‘fake animal rescue’ videos downloaded from YouTube. Videos were posted between September 2018 and July 
2021, and screenshots taken between June and August 2021. All but two of the videos included in the study had been removed by YouTube 
at the time of writing (see Discussion).
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    |  109People and NatureHARRINGTON et al.

3.5  |  Comment content and sentiment

The 10 most frequently occurring words (hereafter ‘top ten’) in 
the comments to all five videos included a number of potentially 

conflicting, primarily English- language, words (Table 2), suggest-
ing widely differing attitudes and perceptions among commenters. 
Words such as ‘nice’, ‘love’, ‘like’, ‘good’, ‘super’ and ‘ótimo’ (‘excel-
lent’ in Portuguese), for example, suggest enjoyment of the video, 

TA B L E  1  Species identified in videos. Conservation status is based on the IUCN Red List of Threatened Species categories (version 2021- 
2; IUCN, 2021): CR = critically endangered, EN = endangered, VU = vulnerable, NT = near threatened, LC = least concern. Native refers to 
SE Asia (Y = yes, N = no).

Class Family Species (common) Species (latin)
Conservation 
status Native

Number of videos 
species appears in

as predator as prey

Reptilia Pythonidae Burmese python Python molurus bivittatus VU Y 69 — 

Reticulated python Malayopython reticulatus LC Y 73 1a

Unidentified — — — 31 — 

Colubridae Radiated rat snake cf. Coelognathus radiatus LC Y 26 3

[Serpentes spp.] — — — — 2 1

Varanidae Bengal monitor lizard Varanus bengalensis NT Y 11 33

Asian water monitor Varanus salvator LC Y — 3

Unidentified Varanus spp. — — — 4

Crocodylidae Siamese crocodile cf. Crocodylus siamensisb CR Y 3 8

Saltwater crocodile Crocodylus porosus LC Y — 1

Unidentified Crocodylus spp. — — 2 10

Testudinidae Elongated tortoise Indotestudo elongata CR Y — 13

Geoemydidae Mekong snail- eating turtle cf. Malayemys subtrijuga NT Y — 1

Amboina box turtle Cuora amboinensis EN Y 1 1

[Testudines spp.] — — — — — 7

Amphibian Asian Common Toad cf. Duttaphrynus 
melanostictus

LC Y — 1

Aves Accipitridae Short- toed Snake eagle cf. Circaetus gallicus LC Yc 7 2

Changeable hawk eagle cf. Nisaetus cirrhatus LC Y 2 — 

Crested serpent eagle cf. Spilornis cheela LC Y 1 1

White- bellied sea eagle cf. Haliaeetus leucogaster LC Y 5 — 

Unidentified — — — 3 1

Strigidae Buffy fish owl Ketupa ketupu LC Y — 4

Collared scops owl Otus cf. lettia LC Y — 2

Unidentified owl Tyto spp. — — 4 2

Phasianidae Domestic chicken Gallus gallus domesticusd (LC) (Y) — 57

Anatidae Domestic duck/goose Various — — — 23

Columbidae Pigeon/dove cf. Columba livia domestica — — — 4

Mammalia Canidae Domestic dog/s Canis familiaris — — 1 20

Felidae Leopard cat Prionailurus bengalensis LC Y — 1

Domestic cat Felis catus — — — 20

Leporidae Domestic rabbit Provence unknown — — — 9

Muridae Mouse Unknown — — — 1

Bovidae Domestic goat Capra hircus — — — 1

Suidae Pig Sus scrofa (domesticus) (LC) (Y) — 6

aQuestionable as to which species was predator and which was prey in this video.
bVideo screenshots did not always provide clear images of the nape region to allow for observation of the paired post- occipital scales that are a 
distinguishing feature of this species, in most images the animal was considered most likely to be C. siamensis.
cResident in India and Myanmar, vagrant in Cambodia; CITES Appendix II under listing for all falconiformes.
dSome images were tentatively identified as the wild red junglefowl Gallus gallus but it was not possible to confirm.
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110  |   People and Nature HARRINGTON et al.

whilst other viewers clearly identified the video as a fake. ‘Fake’ 
appeared in the top 10 words in all five videos, and in video 145 
was the most frequently occurring word (cited 152 times in 1332 
comments). The word ‘scripted’ also appeared in the top 10 words 
in video 14 and 145, together with ‘staged’ in video 14 and ‘acting’ 
in video 145. Some viewers recognised the cruelty inflicted on the 
animals involved: the word ‘cruelty’ appeared in the top 10 words in 
video 144 and in the full set of all most frequently occurring words 
in the comments to video 14, as well as acknowledgement that the 
bird's wings were clipped (‘wings’, ‘fly’, ‘clipped’), and that the bird 
might have been ‘injured’, in video 14 (Table 2, Appendix S4). The 
words ‘ears’ and ‘hold’ in the top 10 words (cited 367 and 150 times, 
respectively, in 2903 comments) in video 144 (Figure 2; Table 2), 
similarly, related to holding the rescued rabbit by the ears. The 
words ‘brave’ and ‘save’ (Figure 2) suggest that a proportion of view-
ers that recognise the potential for animal suffering in the scenarios 
shown, were unaware that the situation shown was staged. The 
word ‘report’, in the context of commenters saying that they had 
reported the video for animal cruelty or that they were encourag-
ing others to do so, appeared in the most frequently used words in 
the comments to video 143, 144 and 145 (Figure 2; Appendix S4). 

TA B L E  2  Most frequently cited words in the five most commented- on ‘fake animal rescue’ videos; showing the 10 most frequently 
occurring words (‘top ten’) for all words that occurred at least 10 times (more than 10 words are shown where there were multiple words 
that occurred the same number of times in tenth place). n is the number of comment lines analysed; Freq is the number of times the word 
occurred in the entire document and was not necessarily the same as the number of comments that the word occurred in. Only videos with 
at least 1000 comments were included. Percentage ‘likes’ and ‘dislikes’ provides further context on the views of all viewers since not all 
viewers will have commented on the video.

Video 8a (n = 1161) Video 14b (n = 1877) Video 143c (n = 4810) Video 144d (n = 2903) Video 145e (n = 1332)

Word Freq Word Freq Word Freq Word Freq Word Freq

Nice 31 Fake 65 God 245 Ears 367 Fake 152

Wow 17 Good 47 Life 242 Fake 349 Nice 68

Love 14 Like 35 Spirit 113 Like 238 Good 51

Good 12 Nice 34 Motherless 112 Rescue 236 Like 21

Fake 10 Wings 30 Nice 92 Stop 168 Scripted 21

Like 10 Mother 24 Help 73 Hold 150 Save 20

— Fly 21 Like 71 Right 147 Acting 19

— Scripted 20 Good 70 Poor 139 Wild 17

— Staged 19 Fake 68 Cruelty 135 Super 17

— Attack
Real
Love

18 Family 64 Eat 129 الله
ótimo

16

Likes Dislikes Likes Dislikes Likes Dislikes Likes Dislikes Likes Dislikes

76.2% 23.8% 82.4% 17.6% 74.6% 25.4% 66.7% 33.3% 79.6% 20.4%

Note: Translations: الله = Allah (Arabic), ótimo = excellent (Portuguese).
aVideo 8: Video showing a boy rescuing a Bengal monitor lizard (referred to in the video title as a Komodo dragon) from a reticulated python attack, 
posted 29/04/2021 with 26 million views as of June 2021.
bVideo 14: Video showing a boy rescuing domestic chickens from a changeable hawk eagle attack, posted 01/012/2019 with 28 million views as of June 2021.
cVideo 143: A previous posting of video 8 on a different YouTube channel, posted 26/12/2018 with 100 million views as of July 2021.
dVideo 144: Video showing two boys rescuing a domestic rabbit from a Burmese python attack (referred to in the video title as an anaconda attack), 
posted 15/09/2018 with 4 million views as of July 2021.
eVideo 145: Video showing a man saving a white pigeon (Columbidae) from a radiated rat snake attack, posted 09/02/2019 with 17 million views as 
of July 2021.

F I G U R E  2  Wordcloud illustrating the most frequently occurring 
words in the comments to one of the five most commented- on 
‘fake animal rescue’ videos (Video 144). Font size is relative to the 
frequency at which each of the words appears in the comments; 
stopwords and profanities have been removed (see Methods).
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    |  111People and NatureHARRINGTON et al.

Languages detected within the most frequently occurring words 
included Arabic, Estonian, Hindi, Indonesian, Portuguese, Spanish, 
Swedish and Vietnamese (Appendix S4).

Per video, between 8.5 and 18% of comments contained emojis, 
with a maximum of 53 to 264 emojis per comment (median num-
ber of emojis per comment for all five videos = 3.0). Five different 
emojis (‘grinning face’, ‘thumbs up’, ‘face with tears of joy’, ‘rolling 
on floor laughing’ and ‘face screaming in fear’; emoji word equiva-
lents from the Full Emoji List, v14.0, Unicode CLDR Project; https://
unico de.org/emoji/ chart s/full- emoji - list.html) appeared among the 
most frequently occurring ‘words’ in the comments to video 8, 14 
and 145 in strings of one to three (Appendix S4). An additional 82 
emojis were identified as occurring in the comment text a minimum 
of 10 times when counted as individual symbols. As for the most 
frequently occurring words, emojis suggested both positive and neg-
ative emotions (Figure 3).

The word ‘like’ was associated with ‘look/s/ed’ in videos 143, 8 
and 145 (with correlations 0.49, 0.5, and 0.38, respectively), indi-
cating that in at least some cases, in these videos, ‘like’ was used in 
the context of ‘looks like’ and not in the positive use of the word. 
Similarly, in video 8, ‘love’ was associated with ‘deserve’ (correlation 
0.68) suggesting that viewers were referring to the animals ‘deserv-
ing love’ rather than ‘loving’ the video. However, word associations 
also confirmed the positive intent of other frequently occurring 
words: for example, in video 8, ‘nice’ and ‘good’ were associated 
with ‘very’ (correlations 0.5, and 0.45, respectively), and, in video 14, 
‘love’ was associated with ‘it’ (as in ‘love it’, correlation 0.36).

Overall, there was considerable heterogeneity in the sentiment 
of the most frequently occurring words and emojis in the comment 
text within and among videos: individual word scores for each video 

ranged between −3 or − 4 and + 3 or + 4 (i.e. comments for all five 
videos contained both negative and positive words), and mean sen-
timent scores for the five videos ranged between −0.28 and + 1.53 
(Figure 4). Four of the videos had comments that were, on average, 
positive (video 8, 14, 143 and 145; mean sentiment score >0, t- test, 
p < 0.001 in all cases, one- tailed test, Figure 4) and comprised (among 
the most frequently occurring words and emojis) predominantly pos-
itive words and symbols (64.1– 85.0% of polar words [34.0– 61.4% 
of all words] and 74.1– 89.0% of emojis were positive; binomial test, 
p < 0.001 in all cases, one- tailed test, Figure 3). The reverse was true 
for one of the videos, albeit less strongly: video 144 had a mean 
sentiment score statistically significantly lower than zero (t- test, 
p < 0.001, one- tailed test, Figure 4) and comprised (among the most 
frequently occurring words and emojis) predominantly (57.3% of 
polar words [30.7% of all words], 66.4% of emojis) negative words 
and symbols (binomial test, p < 0.001 in all cases, Figures 2 and 3).

Mean percent dislike for these five videos did not differ sig-
nificantly from that of all videos (mean for the five videos anal-
ysed = 24.1, SD = 6.0, mean for all videos with >100 likes and dislikes 
combined = 24.6, SD = 12.5, n = 20; two sample t- test: t = −0.13, 
df = 13.2, p = 0.899).

4  |  DISCUSSION

Our study provides unique insights into viewer attitudes when 
watching fake animal rescue videos which may help inform an appro-
priate policy response to online animal cruelty and define potential 
associated human behaviour change initiatives. We examined viewer 
response to 241 videos that exhibited clear signs of animal cruelty 

F I G U R E  3  Relative frequency of occurrence of emojis (depicted at the top of the bars) as used in the comments to each of the five most 
commented- on ‘fake animal rescue’ videos (see key). Emojis ranked from the most negative (left) to the most positive (right), based on Novak 
et al. (2015) emoji sentiment scores; exact sentiment scores not shown. Emojis marked with an asterix are new and are not included in 
Novak et al. (2015) sentiment scores, their relative position on the negative– positive scale is estimated based on apparent similarities with 
other emojis. Only those emojis with a relative frequency of occurrence of at least 5% in at least one video are shown (others are included in 
Appendix S4).
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(although notably only two videos were preceded by a graphic con-
tent warning, Appendix S3), and strong evidence of being deliberately 
staged, but found little evidence that viewers disliked the videos. 
Overall, viewer response appeared to be mixed in terms of awareness 
of the fake nature of the videos, and attitudes towards the welfare of 
the animals involved. Stated country locations of the channels that 
posted the videos, and the variety of languages detected in viewer 
comments, suggest that interest in these types of videos is global.

We did not attempt to formally assess the welfare state of the 
animals in the videos to avoid potentially inaccurate and/or incon-
sistent assessments that might arise as a result of variable camera 
angles and incomplete coverage (i.e. not all parts of the animal were 
always shown). However, we note that many videos depicted the 
prey animals in the grip of the predator before being ‘rescued’ (most 
notably in attacks by pythons, Figure 1), a situation that is undoubt-
edly extremely stressful for the animal being attacked, and one that 
may have long- term negative physiological and behavioural impacts 

(Zanette & Clinchy, 2020). The attacking animals were also often 
shown being bitten, pecked, and scratched by the ‘prey’, and prod-
ded with sticks and otherwise roughly handled by the human during 
the rescue. The snakes depicted in videos often had bleeding snouts 
and damaged rostral scales, and the raptors had missing feathers and 
clipped wings. Various atypical behaviours, particularly by the pred-
ator in response to the intervening human (i.e. no attempt to escape 
or attack the human), suggest that the wild predator and prey species 
(as well as the domestic species under attack) were likely maintained 
in captivity, but it was not possible to determine whether the wild an-
imals had been captive bred or were originally sourced from the wild.

During the course of the study, all but two of the 241 videos 
included in the study were removed by YouTube following a request 
to investigate by National Geographic (Maron, 2021) and SMACC 
coalition members. Forty- four of the 160 channels that had posted 
videos were also terminated (38 of them due to ‘multiple or severe 
violations of YouTube's policy on violence’; Appendix S3).

F I G U R E  4  Distribution of sentiment scores for the ‘top 50’ most frequently cited words in the five most commented- on ‘fake animal 
rescue’ videos, summarised by video. Sentiment scores were assigned using the syuzhet package in R, and the afinn lexicon, with a maximum 
possible range of −5 to +5 (see Jockers, 2015). Wt. mean = mean sentiment score, weighted by the frequency of occurrence, n = total 
number of word occurrences (number of unique words used in brackets). Monitor = Bengal monitor lizard, python = reticulated python in 
videos 8 and 143, and Burmese python in video 144, eagle = changeable hawk eagle, snake = radiated rat snake, chicken, rabbit, and pigeon 
were domestic or feral species (see footnotes to Table 2).
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4.1  |  Video exposure, popularity and engagement

Precisely what defines a ‘viral’ video is complex and ill- defined 
(France et al., 2016, and references therein); however, on the basis of 
number of views and length of time that the videos had been avail-
able, at least two of the video posts in our study might be considered 
to have ‘gone viral’ (a coarse definition of a viral video is one that 
receives at least five million views per week; Nalts, 2011). These two 
videos (Video 8 and 143, see Table 2) were in fact the same video 
(showing a monitor lizard being attacked by a python), posted on 
different channels in two different years (Appendix S3). What might 
have driven the apparently viral behaviour in some of these videos 
but not others is not clear. Our preliminary analysis of the effect of 
taxa (predator or prey) and the number of channel subscribers on 
video metrics (details in Appendix S1) failed to detect any discernible 
effect due to either, and although the number of channel subscribers 
was correlated with the number of channel views, there was no evi-
dence of a consistent relationship between the number of channel 
subscribers and the number of views of individual videos posted on 
the channel (cf. Bakshy et al., 2011). As in other studies of YouTube 
videos (e.g. Bärtl, 2018; Harrington et al., 2019; Morgan et al., 2014) 
and social media posts on alternative platforms (e.g. Harrington 
et al., 2018), most video posts included in our study received little 
attention in terms of either exposure (views) or popularity (likes). 
Nevertheless, five videos received over a million views and one was 
viewed 100 million times, a pattern also in keeping with previous 
studies whereby the majority of views are restricted to a small mi-
nority of videos or posts (e.g. Bärtl, 2018).

Video popularity was difficult to ascertain. Whilst popularity 
scores appeared to be low for most videos, there was also little 
evidence of widespread dislike of the videos. Further, although re-
sponse rates (both likes and dislikes) were positively correlated with 
video views, even the most viewed videos (those with >1 million 
views) received responses (both positive and negative) lower than 
benchmark values. The same was true of engagement: few videos 
received any comments at all. Whether or not this result indicates 
genuine ambivalence (i.e. most viewers neither liked nor disliked 
the video), or simply lack of motivation to respond to the video, is 
not clear. In this context, for example, it is well known that viewers 
are more likely to comment on videos or other social media posts 
that they feel strongly about (e.g. Berger & Milkman, 2012; France 
et al., 2016).

4.2  |  Perceptions and attitudes of viewers

4.2.1  |  A contradiction of terms

Based on the most frequently cited words in video comments, it ap-
pears that sentiment contained within the comments to four of the 
five videos we examined was, on average, positive. This is reflected 
by the prominent appearance of clearly positive words such as ‘good’, 
‘nice’ and ‘love’ (Table 2; alebit recognising that not all occurrences 

of these words were positive). One of the videos received an overall 
negative score, perhaps because it featured an attack on a domestic 
rabbit whereas the other four videos featured attacks on a monitor 
lizard, domestic chickens, and a pigeon (cf. the ‘cute response’; Borgi 
& Cirulli, 2016, and references therein). However, mean absolute 
sentiment scores, for all videos, were relatively low (< |1| for four of 
the videos), and the distribution of scores, which ranged between 
highly positive and highly negative, indicates the diverse nature of 
individual comments for all five videos (Figure 4). Comments for all 
videos contained both positive and negative words, and comments 
for even the most negative video (based on mean sentiment score)— 
Video 144— included the word ‘like’ (associated with the word ‘look’, 
as in ‘looks like’, but only in approximately half of occurrences). The 
contradictory nature of these single terms is particularly clear in 
the comments to Video 144 (Figure 2), which included the words 
‘rescue’, ‘save’ and ‘kind’ but also ‘abuse’, ‘abusing’, ‘hurt’ and ‘kill’, 
among the most frequently used words. In short, although mean 
scores were predominantly positive (albeit low), the full picture of 
the sentiment contained within the comments is revealed only by 
examining the distribution of all scores, which, for all videos, was 
approximately normally distributed and ranged from highly negative 
to highly positive.

4.2.2  |  Fake or funny?

Comment content suggested that at least some viewers of all five 
videos recognised the fake nature of the material. Beyond the word 
‘fake’ itself (referring to something that is not genuine, or is pre-
sented as something that it is not, Oxford Languages, 2022), the 
words ‘staged’ (an event or situation that is planned, organised or 
arranged in advance, and that is intended to seem otherwise, Oxford 
Languages, 2022), ‘acting’ (performing a fictional role, Oxford 
Languages, 2022), and ‘scripted’ (referring to something that was 
written or arranged in advance, Cambridge Dictionary, 2022) also 
suggest some level of perception of ‘pretence’, and particularly 
‘pre- planning’, by the video- makers. Collectively, these terms (all of 
which appeared among the top 10 most frequently cited words in 
one or more of the five most commented on videos, see Table 2) 
suggest that these videos were perceived by viewers to be show-
ing something other than a natural series of events. Given the al-
most complete lack of dialogue in the videos or of narration added 
post- production, the word ‘scripted’ (which would normally refer 
to a speech, a discussion, or to words spoken aloud) appears mis-
placed but is presumably (bearing in mind that we are unable to infer 
what viewers actually meant by the comments that they made) used 
here in the context of something that was arranged in advance (as 
in ‘staged’). Notably all three terms (‘staged’, ‘acting’, and ‘scripted’) 
are pre- production terms that presumably refer to the animals (most 
likely captive animals) being placed in a particular location, and/or in 
close proximity to one another, and the person/people ‘pretending’ 
to encounter the situation unexpectedly (other similar terms used 
in the comments included ‘set’, ‘actor/s’, and ‘script’, Appendix S4) 
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–  these differ from post- production terms such as ‘edit’ or ‘edited’ 
(that appeared either rarely, or not at all, in the comments for these 
five videos, Appendix S4). Whilst post- production terms might also 
be suggestive of viewer deception (for example, when used to alter 
the natural sequence of events for various dramatic purposes, cf. 
Somerville et al., 2021) they involve manipulation of the recorded 
video rather than of the animals during filming, and thus lack the 
cruelty element of the latter (i.e. both are ‘fake’, but the latter is also 
‘cruel’).

Some viewers (albeit for only some of the videos) clearly rec-
ognised the animal cruelty involved. Other viewers appeared to 
enjoy the videos, were impressed (the word ‘wow’ appeared fre-
quently in three of the videos, and in Arabic as well as in English, 
Appendix S4), and/or found the content humorous (indicated by ‘lol’ 
[‘laugh out loud’] in the comments, and the ‘rolling on floor laugh-
ing’ emoji). Emoji use, in particular, reflected an element of anger 
(seen in the use of the ‘angry face’ emoji) but also the enjoyment (and 
apparent humour) expressed by many of the viewers (seen in the 
use of various heart symbols, ‘clapping hands’ and ‘laughing’ emo-
jis, Figure 3). Whilst this is consistent with the contradictory nature 
of comment sentiment described above, it is also true that neither 
‘fakeness’ nor cruelty necessarily precludes humour or awe. People 
have long been drawn to watching animal fights (‘blood sports’ 
e.g. Davis, 2021), and there is an extensive literature (beyond the 
scope of this paper) exploring why people enjoy and partake in such 
pastimes (e.g. Barber, 2022; Iliopoulou & Rosenbaum, 2013; Kalof 
& Taylor, 2007, and references therein). Viewers may thus be im-
pressed with the actual fight depicted; alternatively, they might be 
impressed with the apparent heroism shown by the human rescuers 
(a version of biopower discussed by von Essen et al., 2021), or simply 
be impressed with the theatrical ability of the video producers in 
producing such a scene. Equally, the apparent humour expressed by 
some of the viewers does not necessarily suggest that viewers find 
the cruelty funny per se, but might be directed at the obviously fake 
nature of the videos (although even the latter suggests a disregard 
of the well- being of the animals involved). Without directly ques-
tioning viewers, it is not possible to determine the precise meaning 
of their comments— this is particularly the case for emojis, where, for 
example, a ‘laughing’ emoji (or even an ‘angry face’ emoji) might be 
meant ironically, or to tone down the seriousness of the disapproval 
expressed in the text (Tian et al., 2017). A detailed more in- depth 
study would be required to better understand why viewers enjoy 
these and/or any other types of videos that portray animal suffering; 
here, the question posed was simply whether viewers enjoyed the 
videos, and whether they recognised that they were either fake or 
cruel. We tentatively conclude that enjoyment (interpreted broadly) 
was indeed a predominant theme in video comments (based on both 
word and emoji use) although we cannot be certain whether view-
ers who expressed enjoyment genuinely found the videos funny 
(likeable, or loveable) or whether their reaction was intended to be 
ironic. Importantly, neither case (whether due to lack of awareness 
or of simply not caring) suggests any particular concern for animal 
cruelty.

4.2.3  |  Limitations

Beyond the complexities outlined above regarding inferring the 
intended meaning of social media comments, our study has some 
limitations associated with the nature of the dataset used. First, 
comments to YouTube videos are not a random sample of viewer 
response because commenters self- select, and they may not be fully 
independent because individual commenters may be responsible 
for multiple comments, and are potentially influenced by comments 
made by other viewers (through the formation of echo chambers; 
Cinelli et al., 2021). Consequently, we cannot be sure that the senti-
ments detected in video comments are representative of the views 
of all viewers, or of all fake animal rescue videos. That there were 
more than 1000 comments to the five videos that we were able to 
analyse in detail and no more than 36 comments for any other vid-
eos in our study set suggest, for example, that there may have been 
something specific about these five videos that prompted viewers to 
comment, or that these particular sets of viewers held stronger opin-
ions (and thus were more likely to comment) than others. However, 
with the exception of view and comment counts, there were no ap-
parent differences in video metrics that might point to a difference 
in strength of opinion between the viewers of these five videos com-
pared with those of other videos in the dataset. Secondly, our sam-
ple of videos contains some repetition due to the occurrence of the 
same videos shown on different channels, including two of the five 
videos for which we analysed comments (video 8 and video 143). 
Across all videos, the high level of variability within video metrics 
suggests that repetition within the sample had minimal (albeit un-
known) effect. We did not test statistically for differences between 
video 8 and video 143 but observations of the most frequently cited 
words (Table 2) and distribution of sentiment scores (Figure 4) for 
the two videos do not suggest any greater similarity than among the 
other videos. Nevertheless, for future studies of this kind, it would 
be useful to explore the extent to which the same videos shown on 
different channels (or indeed on different social media platforms) 
represent independent units for analysis.

Sampling limitations aside, we reiterate that caution is required 
in drawing conclusions based on precise sentiment scores (due to 
uncertainties and complexities in interpretation; e.g. Puschmann & 
Powell, 2018); however, the large sample size that we were able to 
obtain (a total of 13,066 comments), together with the relative con-
sistency (in terms of diversity and conflicting views) among videos 
and between words and emojis, lends weight to the validity of the 
overall patterns revealed.

4.3  |  Policy implications

All of the videos included in this study violate YouTube's new 
(2021) community guidelines. All but two have now been removed. 
However, in addition to the two remaining, an ad hoc search of 
YouTube using our original search terms in November 2021 located 
a further 22 fake animal rescue videos (all of which had been posted 
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prior to the YouTube removals) suggesting that the mechanisms 
currently used by YouTube to detect and remove these videos are 
not sufficiently thorough. Further, actions taken by YouTube thus 
far appear to be driven largely by targeted NGO advocacy efforts 
(SMACC, 2021), and attention in the public media (Maron, 2021; 
Talamo, 2021). That at least 13 of the videos had been online for two 
years or more prior to the campaign, and videos posted recently had 
received tens of millions of views without being removed, suggest 
that YouTube's self- regulatory system and their reliance on viewers 
is generally ineffective in policing against this type of online animal 
cruelty. As of October 2021, the platform is the subject of a lawsuit 
filed by Lady Freethinker (LFT) for failing to enforce their own rules 
against fake animal rescues and other forms of online animal abuse 
(e.g. Beals, 2021).

Although the videos included in this study had, collectively, 
been viewed almost 180 million times, the overall lack of viewer re-
sponse suggests that most viewers are unlikely to report or ‘flag’ 
a video. Even if we assume that a viewer that strongly dislikes the 
video will report it, our results demonstrate that ‘dislike’ was not a 
universal response. Perceptions and attitudes towards fake animal 
rescue videos appeared to be highly variable and many viewers (per-
haps unaware of the welfare costs for the animals in the videos, or 
that the rescue was fake) liked the videos, were impressed by, and/
or enjoyed the content. From a wildlife conservation perspective, 
none of the viewers of Video 8, 143 or 144 recognised (presumably 
due to lack of expert knowledge), or thought worthy of mentioning, 
the threatened status of the Bengal monitor lizard or the Burmese 
python shown in the video, or (where the videos were recognised 
as fake) questioned the legality of keeping either of these species 
as pets, or using them for entertainment. These are complex issues 
that are affected by taxonomic details, provenance of the individual, 
geographic location, and relevant local, national and international 
legislation, suggesting the need for expert assessment.

YouTube is not the only social media platform to rely, at least in 
part, on viewers to police content (Esmail et al., 2020). But our find-
ings suggest that alternative pro- active approaches may need to be 
adopted by social media platforms if they are to adequately protect 
wild animals in line with their own community guidelines and any rel-
evant national legislation. With respect to the latter, the UK's draft 
Online Safety Bill (currently passing through parliament; Bill CP 405, 
HMSO, 2021) and the EU's proposed Digital Services Act (EC, 2020; 
EPRS, 2020) are relevant, and both may provide future opportunities 
for amendments incorporating animal welfare violations within the 
scope of intended offences, alongside the current focus on content 
that is illegal and/or harmful to people. The UK's Online Safety Bill, 
for example, if adopted, would impose a duty of care, in relation to 
illegal and/or harmful content, on providers of internet ‘user- to- user 
services’ and ‘search services’, and would confer power of oversight 
and enforcement on the Office of Communications (Anon., 2021). 
Existing methods used to identify online wildlife crime and animal- 
related content that violates platform rules include key word and 
imagery detection, triangulation of information across user posts, 
automated detection systems, and manual investigation informed 

by expert knowledge (e.g. Davies et al., 2021; Di Minin et al., 2018; 
Harrington et al., 2019), and it has been suggested that a combina-
tion of these approaches should become integral to the moderat-
ing practices of social media companies to prevent harmful content 
(Davies et al., 2021). Given that users may be already active on, and 
have the ability to readily shift to other social media platforms, it 
has also been suggested that social media platforms should work 
collectively to eliminate harmful content. For example, by adopting 
standardised definitions of what constitute cruel animal content and 
parallel policies to prohibit them (SMACC, 2021).

Although our research suggests that user policing alone is un-
likely to be an effective approach, efforts to raise public awareness 
and human behaviour change could still help to reduce the amount of 
cruel content posted on social media platforms. For example, whilst 
recognising that expertise may often be required to determine key 
information on whether a post violates platform rules, some advo-
cacy efforts have drawn attention to key aspects to inform their 
judgement, including, in the case of ‘fake animal rescues’, checking 
for signs of physical injury to wild animals before the ‘rescue’, unnat-
ural settings (i.e. microhabitats that the species shown do not typ-
ically use in the wild), and the occurrence of multiple similar posts 
by the same user (World Animal Protection, 2021). Similarly, human 
behaviour change initiatives targeted at the makers, or the channel 
owner posting them, in particular raising awareness of the welfare 
and potential conservation or legal issues involved, might also be an-
other option (cf. Wallen & Daut, 2018). However, for these initiatives 
to be fully effective, information regarding the motivations of the 
producers and distributors (e.g. Rare and The Behavioural Insights 
Team, 2019), and messaging that will deter them, as well as the 
viewers (consumers), from viewing, sharing or posting harmful con-
tent in future is required (cf. TRAFFIC and the Behavioural Insights 
Team, 2019).

An estimated 700,000 h of new content is uploaded to YouTube 
every day, watched by global users that increase in number by ap-
proximately 5% per year (Statista, 2022d). Inevitably, online videos 
and other social media posts will include a proportion of inappro-
priate and unacceptable material: a recent study, for example, esti-
mated that 23% of children in a region of England had been exposed 
to online animal abuse (RSPCA, 2018). In short, in the absence of ef-
fective mechanisms to detect and prevent the spread of content that 
involves cruelty to animals, this issue will likely only grow. Whatever 
the approach taken, the precise details of emerging legislation, and 
the role played by other actors at different points along the chain 
(from producers to distributors to viewers), there is an urgent need 
for the major social media companies to take responsibility for the 
content hosted on their platforms (see also Davies et al., 2021) with 
respect to the appropriate treatment of animals, promotion of an 
appropriate relationship between wild animals and people, and a 
long- term view towards the well- being of both animals and people.
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