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Abstract

Web scraping and text mining are popular computer science methods deployed by public health researchers to augment tra-
ditional epidemiological surveillance. However, within veterinary disease surveillance, such techniques are still in the early
stages of development and have not yet been fully utilised. This study presents an exploration into the utility of incorporating
internet-based data to better understand smallholder farming communities within the UK, by using online text extraction and
the subsequent mining of this data. Web scraping of the livestock fora was conducted, with text mining and topic modelling of
data in search of common themes, words, and topics found within the text, in addition to temporal analysis through anomaly
detection. Results revealed that some of the key areas in pig forum discussions included identification, age management,
containment, and breeding and weaning practices. In discussions about poultry farming, a preference for free-range prac-
tices was expressed, along with a focus on feeding practices and addressing red mite infestations. Temporal topic modelling
revealed an increase in conversations around pig containment and care, as well as poultry equipment maintenance. Moreover,
anomaly detection was discovered to be particularly effective for tracking unusual spikes in forum activity, which may suggest
new concerns or trends. Internet data can be a very effective tool in aiding traditional veterinary surveillance methods, but
the requirement for human validation of said data is crucial. This opens avenues of research via the incorporation of other
dynamic social media data, namely Twitter, in addition to location analysis to highlight spatial patterns.

Keywords Veterinary epidemiology - Infodemiology - Infoveillance - Smallholding - Web scraping - Text mining - Topic
modelling - Anomaly detection

1 Introduction promptly increased in both applicability and usefulness

across a wide array of domains. Such methods have been

Rapid advancements in social media platforms have pro-
vided the public with a vast array of topical information and
the ability to communicate globally instantaneously (Park
et al. 2021). Furthermore, computational methods related
to text analysis and data mining of such internet data have
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adopted extensively in the public health field, especially
regarding utilising patient triage comments to predict the
progression of illness/disease (Tulloch et al. 2019). How-
ever, within the veterinary domain, its application remains
rather scarce.

Forum-based intelligence is still relatively new even
amongst human public health, with researchers adopting
such methods to understand the contents of pregnancy and
health forums (Id et al. 2020). In the veterinary domain, lit-
tle to no literature exists to conduct similar analysis (Ddrea
et al. 2019), and this study looks to explore the potential ben-
efits of using publicly available data sources as a means of
understanding the areas of conversation amongst the farming
population. Latent Dirichlet allocation (LDA) was applied
for the automatic labelling of the data, for the purposes of
gaining a better comprehension of the topics discussed.
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1.1 Social media as a potential surveillance tool

Over the past two decades, research indicates substantial
paradigm shifts in epidemiological disease surveillance
due to the rapid expansion of the technological enterprise,
in the form of the internet and social media (Mavragani
and Ochoa 2019). The public health domain has been
able to reap the benefits of increased quantities of health
research derived from the internet boom, by subsequently
creating progressively innovative epidemiological mod-
els (Mavragani and Ochoa 2018). Moreover, the internet
has been utilised to assist in the determination of disease
outbreaks, monitor the proliferation of infectious disease,
and appraise outbreaks in the population. The methods in
which communication tools are used in traditional public
health surveillance have also been augmented with the aid
of internet surveys, forums, and social media polls, prov-
ing to be more time and cost-efficient than the conven-
tional approaches of telephone/mail/face-to-face surveys
(Young et al. 2018). The term “social media” has vari-
ous sources such as Twitter, Facebook/Meta, Instagram,
Quora, and other forums for public engagement whereby
these platforms can all be employed to facilitate the col-
lection of passive data for analysis (Gittelman et al. 2015).

The study of sentiment analysis involves analysing peo-
ple's feelings and opinions towards a subject through com-
putational methods (Nandwani and Verma 2021). System-
atic reviews have highlighted that the rise of digitalisation
has led to an immense growth in user-generated content
on the internet, which includes people's opinions on vari-
ous topics (Ligthart et al. 2021). Furthermore, the authors
purported that the use of sentiment analysis enables track-
ing of public attitudes towards a specific entity, providing
actionable knowledge for understanding, explaining, and
predicting social phenomena.

Peak detection is one method for detecting events from
social media. It works by identifying unusual user behav-
iour in a particular location and time frame (Comito et al.
2017). Users are likely to pay attention to events that cause
these deviations. The two primary phases of peak detec-
tion methods are feature extraction and peak identification.
Space—time features are extracted from social data dur-
ing feature extraction. These include the amount of posts
and users, as well as sentiment polarity within a specified
region and time frame. Time series are used to model these
features, showing the changes in social activity over time
in various regions. The paper by Comito et al. contributes
to the literature on event detection from social media by
proposing a peak detection method that can capture rel-
evant events from geo-tagged data (Comito et al. 2017).
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1.2 Smallholdings in the UK

Within the UK, owners of commercial/large-scale farms
are required to record and share animal health data with
the respective governmental agencies (Correia-Gomes
et al. 2017). These data include farm capacity, species
type, and livestock movements; thus, granting a compre-
hensive picture of animals at risk, yet these data are not
available for public consumption. Furthermore, commer-
cial holdings are subject to regular veterinary supervision
and thereby contribute to national scanning surveillance
systems (UKSF 2019). In contrast, little is known about
the behaviours and activities of smallholder/backyard
farmers, and the data surrounding them are minimal. There
are many more premises with smaller numbers of livestock
than in larger farms (DEFRA 2023). Whilst pig holdings
of any size are obliged by law to be registered and report
animal movements including births and death, backyard
flocks may not be recorded. Although voluntary registra-
tion is encouraged, flocks with fewer than fifty birds are
not required to be registered (Extrapolation of Poultry
Smallholding Data Report 2020). Omission of backyard
poultry from governmental databases has an impact on
control of avian influenza, and there have been calls to
address this surveillance oversight within this demo-
graphic (Correia-Gomes et al. 2017).

Recent outbreaks of highly pathogenic avian influenza
(HPAI) from 2019 within the UK demonstrate the risks
posed to such poultry producers (Hill et al. 2019), as well
as the potential risks that they pose to larger scale com-
mercial producers. Social media, advice for and search
engines like Google, are all potential methods used by
smallholders to acquire information regarding animal hus-
bandry, business, and health (Moreno-Ortiz et al. 2021).
These tools have been used by researchers in recent years
to reach this secluded cohort to provide advice on bios-
ecurity, transportation, and adequate disposal of livestock
(Correia-Gomes et al. 2017). Despite an uptake in recent
efforts to integrate social media as a supplementary sur-
veillance tool within public health, little to no research has
been conducted to evaluate the efficacy within livestock
systems.

1.3 Where do farmers get their information from?

Smallholders and backyard hobbyist are progressively
shifting to digital information to supplement their live-
stock and biosecurity needs (Correia-Gomes et al. 2017).
Contemporary research, in the form of questionnaires,
has corroborated such findings and highlights online
communities immersed within both forums and social
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media alike. Governmental agencies such as the Animal
and Plant Health agency (APHA) and the Department for
Environment, Food, and Rural Affairs (DEFRA) oversee
the regulation of livestock within the UK, in addition to
disseminating information related to disease outbreaks
and biosecurity measures for all livestock owners (APHA
2015).

Research indicates that farmers have historically relied
on “agricultural experts” when seeking information regard-
ing legislation, practices, biosecurity measures, and public
health guidance (Rust et al. 2022). As social media became
more prevalent amongst these communities, questions have
been raised with regard to the sources of information deemed
reliable, what type of information is disseminated, and how
this is perceived through the communities. It is evident that
particularly influential users within these communities are
deemed as the go-to source for new information, and trust
is lessening amongst academics and governmental agen-
cies (Rust et al. 2022). Peer networks seem to be the most
utilised source for knowledge exchange, with forums and
social media groups becoming the central hub to mediate
these exchanges. This adds complexity to the current under-
standing of guideline adherence and perceptions to public
health measures by the farming communities, as information
is severely affected by the subjective bias of the influential
users, before trickling down to the individual farmers.

1.4 Text mining applications

The increases in livestock-based data have created opportu-
nities to adopt machine learning tools on the textual infor-
mation to derive insights and expand on the current body of
knowledge. Text mining and natural language processing
(NLP) offer opportunities to decompose both the syntax and
semantic elements of sentences to find patterns within seem-
ingly unstructured text (McGarry and McDonald 2017).

The previous work has highlighted the benefits of text
mining methods on online health platforms, such as forums
and blogs, to generate keyword frequencies related to pub-
lic health. An extension to this analysis is the adopting of
topic modelling (TMO) as a method of generating clusters
of associated text segments or “topics” from the unstructured
data. Topic models classify related words with analogous
meanings using vectors of topic distributions amongst docu-
ments and word distributions of undiscovered topics (Park
et al. 2021).

TMO is recognised as a powerful methodology in the
field of text mining due to its performance and efficiency
when processing copious amounts of text. It yields the abil-
ity to mitigate the common issues associated with word fre-
quencies, namely infrequent/sparse words, synonyms, the
existence of many possible meanings for words/phrases, and
semantic hierarchical compositions (Doan et al. 2019). In

continuation, a popular algorithm for performing TMO is
latent Dirichlet allocation (LDA), which has proven to be
an effective method in public health research, particularly
when the data are derived from either health blogs or forums
(Alessa and Faezipour 2018).

1.5 Study aim

This paper addresses the gap in existing veterinary research
by combining the fields of computer science with veterinary
epidemiology to supplement traditional surveillance meth-
ods, which are often time-lagged and cumbersome. Contem-
porary primary data via questionnaires have highlighted the
use of social media platforms by smallholders to seek advice
and engagement with other smallholders, therefore, creat-
ing an opportunity for researchers to utilise such data for
the enhancement of livestock disease surveillance (Correia-
Gomes et al. 2017).

We look to explore the effectiveness topic modelling to
smallholding pig and poultry forums to build a greater level
of epidemiological intelligence related to animal husbandry,
biosecurity, locations, opinions, and attitudes.

1.6 Main contributions and research novelty

This study fills an interdisciplinary research gap by combin-
ing veterinary epidemiology and social media mining. The
research introduces a data-oriented approach to examine the
topics and discussions surrounding livestock health amongst
small-scale farmers. The lack of the literature reinforces that
such methods have yet to be fully tested within livestock
animal data, and we believe that an opportunity to use social
media as a platform to build passive livestock intelligence
can be explored. This innovation is significant in veterinary
epidemiology as it gathers real-world insights from grass-
roots level, which are usually overlooked in conventional
research, thus enhancing the contextual understanding of
animal health trends, challenges, and community responses.

2 Methods
2.1 Data extraction

The methodology for data extraction is shown in Fig. 1, with
the workflow being performed for both subsections (poul-
try and pigs) simultaneously. R programming language
through the RStudio integrated development environment
was applied for the data extraction through web scraping
in the package with RVest. This was done in conjunction
with the CSS (cascading style sheet) selector tool in Google
Chrome, which allows HTML tags within each page to be
derived. Furthermore, the TM and TidyText package in R
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https://www.accidentalsmallholder.net/forum/poultry-waterfowl/
https://www.accidentalsmallholder.net/forum/pigs/

Fig. 1 Data extraction and analysis overview

and the Natural Language Toolkit (NLTK) in Python were
used for text analysis and outputs section.

Web scraping the forums began with downloading indi-
vidual user posts, each of which is stored as a single row in
the final database. Individual posts are submitted by the user
(who has their own username, and some optional details on
display, e.g. location and job title), alongside a date—time
stamp on the thread. The forum is an online community
whereby smallholders and backyard livestock keepers can
engage with each other and seek advice, tips, and useful
information pertaining to their animals. It is publicly avail-
able, and no membership is needed to access the information
within these forums.

The process of extracting the forums was split into two
sections; firstly, each individual forum page was scraped
from both the poultry and waterfowl subsection and the pig
section from www.accidentalsmallholder.net. This included
extracting the date of the post, the title, URL link for each
thread, and engagement data such as likes and replies.
This was iterated for all pages up to 100 (due to computa-
tional speed and not to inundate the website with excessive
requests) and was replicated for both livestock subsections.

By selecting the time frame of 2017-2022, we strategi-
cally captured significant temporal variations and events that
had an impact on the smallholding community. With a dura-
tion of 6 years, this time frame is adequate to perceive year-
over-year changes and trends. Additionally, this time frame
includes critical occurrences like the recent avian flu epi-
demic within the UK, that directly impacted poultry farm-
ing and the COVID-19 pandemic, which had far-reaching
consequences that affected different aspects of small-scale
farming such as supply chains and market demands.
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This produced 281 URL links resulting from all the threads
in the pig forum. The poultry data were substantially larger and
produced 775 URL links, which may possibly be explained by
the greater number of poultry keepers in this community and
the recent avian flu outbreaks.

The second stage of the extraction involved using the URL
links extracted to derive the entire discussion within each
forum post. This is computationally expensive; hence, time-
outs within the code were utilised as to not overwhelm the
website with massive requests. Furthermore, this was iterated
for each page within each forum post, in addition to all the
URL links obtained earlier. A total of 4191 unique rows were
produced in the pig forum and 5425 from the poultry forum.

This website was selected as the primary data source
because it is considered the foremost forum for smallhold-
ings in the UK. The website includes an extensive range of
topics, such as animal husbandry, biosecurity, entrepreneur-
ship, and general livestock management. At the time of the
research, more than 57,000 active participants were regis-
tered on the forum. The platform is an invaluable repository
for extracting information that is smallholder-centric and
aggregating passive intelligence due to its vast and engaged
community. Forums offer less noise than Twitter, as users
discuss livestock-specific queries instead of general conver-
sations or opinions on non-smallholding matters.

2.2 Data analysis
2.2.1 Pre-processing

Figure 2 displays the pre-processing procedure of the col-
lected data, traversing through the text cleaning process by
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(See appendix)

Fig.2 Pre-processing procedure

cleaning all the noise found within the unstructured text.
This includes removing any images and non-character sym-
bols, namely emojis. In addition, we deleted the punctuation,
hyperlinks, and white spaces generated from these reduc-
tions. Hyperlinks found within the text were also removed
as they add no benefit to our study, as they mainly contained
links to products for sale (e.g. second-hand farm equipment).
Common stopwords in the NLTK package were removed, in
addition to our own custom stopwords (see Appendix) which
were deemed unrelated to the research questions.

2.2.2 Text mining and topic modelling

Word frequencies and bigrams were generated to visualise
the common terms and word pairings amongst both forums.

LDA is a probabilistic framework to model the topic
structures of the text, which calculates the probabilities of a
word relating to a unique topic. It approximates the posterior
distribution of the Bayesian probability model, which estab-
lishes the percentages of topic configurations in documents
and the word configurations of the topics. The denotation
of the topic can be calculated by the words with the largest
probabilities for that topic (Park et al. 2021).

The optimum number of topics was calculated through
the coherence score, which determines the similarities
amongst the words with high probabilities for each topic.
The ideal model has a low perplexity score, indicating bet-
ter predictive accuracy, and a high coherence score, reflect-
ing the semantic meaningfulness and logical consistency of
its output (Zvornicanin 2021). The model's confidence in
its predictions is reflected by low perplexity, whereas high

coherence implies that the generated topics are easily inter-
pretable and closely related.

2.2.3 Temporal analysis

2.2.3.1 Time-series topic modelling Subsequently, the
dataset was separated into time bins (e.g. semi-annually) to
facilitate a time-based analysis. LDA was employed within
each bin to find out topic probabilities. This generative prob-
abilistic model enabled identification of words with a statis-
tical association, indicating a common topic. The frequency
of these topics was examined across different time periods
to detect temporal patterns and changes. Capturing trends
and changes in discussions is crucial for understanding the
dynamics of the subject matter, and time-series topic model-
ling could be more insightful than static topic modelling as
it enables analysis of how topics evolve over time.

2.2.3.2 Anomaly detection The use of anomaly detection
allowed for the identification of unusual temporal patterns
in the time-series data. We applied an Isolation Forest algo-
rithm in order to identify anomalies, which has proven to be
effective in handling high-dimensional datasets by identify-
ing isolated data points (Lesouple et al. 2021). The iden-
tification of sudden changes or spikes in topic prevalence
can suggest important events or themes during specific time
periods.

2.3 Computational requirements

Data extraction and analysis in the methodology section
require computationally intensive tasks, such as web scrap-
ing, text processing, and topic modelling. Ensuring effi-
ciency and feasibility requires addressing computational
resource requirements and model run times. Each pig and
poultry forum required almost 3 h to extract data due to
time-out requests in the for loop. On an Intel Core 17 X 64
laptop, the modelling phase (calculating optimum topic
numbers and running the topic models combined) needed
approximately 20 min to complete.

Memory allocation and bandwidth are critical when
web scraping, as it involves processing thousands of URL
links and retrieving substantial amounts of data. For large
datasets, it is recommended to use a multi-core processor
to handle CPU-intensive tasks efficiently, such as text pre-
processing and analysis using packages such as TM, Tidy-
Text, and NLTK, in order to improve performance. LDA
topic modelling, as a probabilistic method, can be compu-
tationally intensive and may require substantial memory and
CPU resources, particularly when optimising model param-
eters like the number of topics. Optimal performance can
be achieved with a machine that has a powerful CPU and
abundant RAM. Employing a GPU can further increase the
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speed of LDA computations. Moreover, memory usage and
parallel processing may be necessary for optimum results
when integrating anomaly detection algorithms, such as Iso-
lation Forest, into temporal analysis. Lastly, Amazon Web
Services (AWS) or Azure are cloud computing services that
are ideal for efficient handling of computational demands
and scalability.

3 Results
3.1 Word frequencies—Pig

Using word frequencies and bigrams, we conducted an
exploratory analysis of pig and poultry forums to uncover
common topics and themes discussed in the forums.

The word cloud depicted in Fig. 3 illustrates the fre-
quency distribution of words in the pig forum, where the
size of a word in the image correlates to its frequency in the
corpus. Terms such as rare breed, slap mark, and electric
fence, which are easily identifiable, are further elaborated
in the bigram analysis.
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Fig.3 Pig word cloud
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Figure 4 represents the results from the bigram analysis,
with the top 5 word pairings being highlighted.

"Kune kune" is a bigram that identifies a domestic pig
breed, characterised by small size and docility (Amalraj
et al. 2018). The bigram's high frequency of 442 occur-
rences suggests that smallholder pig farmers might pre-
fer these types of pigs due to their manageable size and
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temperament, which makes them ideal for small-scale
farming.

Furthermore, the term "slap mark" appears 348 times and
refers to the pig's tattoo for identification. A slap mark in pig
farming is composed of a distinctive blend of numbers and
letters. Identification and tracking of pigs may be crucial for
smallholder farmers, possibly for regulatory compliance or
management purposes, as indicated by the prominence of
this bigram (Agricultural and Rural Economy Directorate
2021).

With 339 instances, the bigram "months old" most likely
pertains to the age of pigs. Age, which affects breeding,
weaning, and market readiness, heavily influences pig farm-
ing (RSPCA 2022). The age of pigs is a frequent topic of
discussion amongst those who are trying to optimise growth,
ensure health, and decide when to sell or breed them.

The term "electric fence" is mentioned 320 times, high-
lighting the significance of containment in pig farming.
Electric fences are a common choice for smallholder pig
farmers as they are easy to install and effectively control
pig movements (EFSA Panel on Animal Health and Wel-
fare (AHAW) et al. 2021). Effective fencing solutions are
crucial in managing and containing pigs, as indicated by the
frequency of this bigram. This prevents losses and liability
issues that could result from escapes.

Finally, "Sow weaner" was mentioned 287 times and
signifies a young pig that has been weaned from a female
pig called a sow. Discussions about breeding and weaning
practices may be related to the term. Based on the frequency
of this bigram, it can be inferred that breeding and weaning
piglets are fundamental operational factors for smallholder
pig farmers, which may impact herd productivity and finan-
cial feasibility (Harlizius et al. 2020).

In summary, the bigrams and word cloud shed light on
the areas of concern and interest amongst smallholder pig
farmers, such as choice of breed, animal identification, age
management, containment strategies, and breeding and
weaning practices. These areas are likely to have significant
implications for the operational efficiency, productivity, and
sustainability of smallholder pig farming. This sets the foun-
dation for the terminology to be expected in the results of
the upcoming topic modelling analysis.

3.2 Word frequencies—Poultry

Figure 5's poultry word cloud displays that, like the pig
forum analysis, animal husbandry was the most prevalent
subject. Figure 6 delves deeper into this through bigram
analysis.

The bigram "free range" ranks first on the list with 1457
instances. Free range is a poultry farming method that allows
birds to roam freely outdoors instead of being confined to
enclosures. The rise in consumer interest in animal welfare

and the belief that free-range products are more natural have
made this practice more popular (Bray and Ankeny 2017).

A type of feed called layer pellets is likely what the
bigram "Layers-Pellets", appearing 687 times, refers to. To
ensure high-quality eggs, laying hens are given special feed
called layer pellets (Sakomura et al. 2019). The term "layers"
is commonly used to describe hens that are specifically bred
for egg-laying. The conversations about layers and pellets
are most likely to be focussed on the dietary requirements
of laying hens and effective feeding techniques to optimise
egg output.

"Red mite" is most likely used to describe the poultry red
mite, a prevalent parasite that invades chickens, with 659
recorded instances. Poultry infested with these mites can
experience irritation, anaemia, or death (Temple et al. 2020).
Preventing and treating red mite infestations is a common
topic in poultry farming discussions.

The term "Hatching eggs" is mentioned 441 times, indi-
cating that it refers to conversations about eggs that are
meant to be incubated and hatched into chicks. Some topics
related to hatching eggs are proper incubation techniques,
maintaining the optimal temperature and humidity, and car-
ing for the chicks once they hatch.

Finally, 398 instances of the bigram "nest boxes" which
are the designated places within a coop where laying hens
can lay their eggs. Topics regarding nest boxes may cover
their structure, ideal materials, quantity per hens, and sani-
tation techniques. Safe and comfortable nest boxes are
essential in ensuring that hens lay eggs in a conducive envi-
ronment, which ultimately affects the quality of the eggs
(Hartcher and Jones 2017).

The poultry community's areas of interest and focus are
highlighted through the bigrams. Various topics are covered
from ethical farming practices, nutrition, bird health, egg
production, and housing practicalities.

3.3 Topic modelling

The optimum number of topics was determined to be 4 from
the coherence score, and the results from the LDA model are
displayed in Table 1. The top terms were visualised, and a
manually ascribed topic name was given to each topic num-
ber based on what we deemed to be a feasible name, which
captures the essence of the top 10 terms.

Topic 0 was deemed to be related to containment and
care, based on the prevalence of terms such as “electric
fence”. Topic 1 pertained to feeding, as “feed, food, and
feeding” where prominent, topic 2 seemed to be focussed on
slaughter processes and housing considerations, and topic 3
centred around identification and processing.

Overlap between terms is possible as they may be relevant
to multiple aspects of pig and poultry farming. Both topic
0 (pig containment and care) and topic 1 (feeding) contain
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Fig.5 Word cloud—Poultry small
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the word "feed" as it is a crucial factor in pig care and feed-
ing practices. Abattoirs are a crucial element in both topic 2
and topic 3 since they are involved in pig identification and
processing as well as the slaughter process.

The poultry forum was deemed to have an optimum topic
number of 14, which may have been caused by the signifi-
cantly larger corpus, greater number of users, and generally
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a more diverse range of topics discussed pertaining to poul-
try keeping. In addition to the avian flu outbreak in 2021,
which significantly affected the housing measures enforced
upon poultry keepers within the UK, as the government
attempted to quell the spread of the disease.

Table 2 shows that poultry forums cover more topics,
including species-level discussions (i.e. waterfowl, chicks,
and goslings). Similar to Table 1, overlapping of terms in
poultry farming can occur due to their relevance to multi-
ple aspects of the topic. The importance of egg production
in various aspects of poultry farming, including breeding,
hatching, and selling, explains why the term "eggs" is pre-
sent in multiple topics. Likewise, because of their essential
role in poultry farming, the term "hens" appears in multiple
discussions on the subject.

3.4 Temporal topic modelling
A deeper dive into the dataset through temporal topic model-

ling can uncover fluctuations over time periods in relation
to topic weights.
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Table 1 Topic modelling results—Pigs

Topic number Top terms

Assigned topic name

0 Keep electric fence well back weaners water feed way know

Feed sow piglets food well weeks around boar feeding keep

Pig containment and care

Feeding

2 Straw back meat feed abattoir well butcher trailer ark used Slaughter processes and housing
considerations
3 Meat tag slaughter tags abattoir know weaners back people mark Pig identification and processing

Table 2 Topic modelling
results—Poultry

Topic number

Top terms

Assigned topic name

0 Birds hens eggs old meat laying keep around cockerel lay Egg-laying and breeding
1 Birds used hens well eggs feeder quote sand work old Equipment and maintenance
2 Geese bit may water see keep back run birds quote Waterfowl
3 Eggs hens broody chicks water ducks hen put used weeks Hatching and raising chicks
4 Hens birds eggs water keep hen days well run coop General poultry care
5 Eggs ducks hens old well house ones birds back water Housing and shelter
6 Rats run hens house keep around rat birds fox mite Pest and predator management
7 Hens feed hen well birds cockerel really quote see weeks  Nutrition and feed
8 Birds hens eggs breed last white well quote bit hen Poultry breeds
9 Hens ducks water hen food keep feed old bit days Ducks and waterfowl care
10 Birds eggs geese hens back ducks free anyone quote feed ~ Free-range management
11 Chicks well eggs old geese feed grass fine weeks water Raising chicks and goslings
12 Eggs hatch goose geese nest incubator hen days keep egg  Incubation and hatching
13 Eggs sell egg selling duck birds people hens around keep  Egg production and selling
Fig.7 Temporal topic model— Pig topic Weights Over Time
Pigs
0.025 1
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0010 1
0.005 1
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Figure 7 depicts changes in topic weights over time for
the pig forum. Starting from topic 0, weight shows a general
increase with minor fluctuations over time. At the beginning
of 2017, the weight was low, but it reached its peak in March
2022. This indicates that the relevance or frequency of dis-
cussions pertaining to containment and care has generally
increased over the given time frame. Conversely, topic 1
exhibited greater variation over time. It began at the lowest
point in March 2017 and experienced a considerable rise by

March 2019. Its weight decreased by September 2022 after
some periods of decline and stabilisation. Feeding-related
discussions seemed to have peaked in the middle of the time-
line but have slightly decreased recently.

An interesting pattern emerged in topic 2, starting with
moderate weight in March 2017, peaking in September
2020, and steadying towards the end of the timeline. We
can infer from the results that there might have been a rise
in discussions or relevance related to slaughter processes
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around the 2020 peak. In March 2017, topic 3 started with
a moderate weight and experienced notable fluctuations
until it reached a significant peak in March 2021. This topic
seemed to be the most variable in terms of weight change for
discussions focused on identification and processing.

Figure 8 illustrates the changes in topic weights for the
poultry dataset. The largest peaks were witnessed by topic 1
in mid-2019 (equipment and maintenance), topic 2 in early
2018 (Waterfowl), and topic 3 in mid-2021 (hatching and
raising chicks). The majority of the topics all seem to be on
the rise towards the end of 2022, which is in line with the
extensive new poultry-keeping regulations enforced by the
APHA as a result of the avian flu outbreak.

There could be multiple factors behind the changes in
topic weights over this time period. These factors encompass
seasonal practices, market demands, new technologies, regu-
latory alterations, diseases or veterinary methods, commu-
nity engagement and education, external occurrences, and
the surge in social media and information-sharing platforms.

3.5 Anomaly detection

Figure 9's results uncovered numerous anomalies, revealing
dates with unusual pig livestock-related posts or discussions.
Multiple high peaks were observed in June and July 2017,
possibly indicating a seasonal trend or industry develop-
ments. In February 2020, there was another significant peak
with 30 posts during the initial stages of the COVID-19 out-
break, which might be linked to the indirect consequences
on pig farming. We also detected infrequent posts during
some periods of low activity, possibly because of holidays
or other events. These were more prevalent between 2017
and late 2019, with only a few low activity days occurring
after 2020. Regular spikes in activity, with over 20 posts on
various days across different years, may suggest a recurring
event that drives increased discussions.

Fig.8 Temporal topic model—

Similarly, Fig. 10 represents the results from the anom-
aly detection for the poultry dataset. This cohort witnessed
greater variations in trends and a larger number of anoma-
lies, than the pig cohort. The first quarter of 2017 witnessed
the greatest number of anomalies, with a high number of
posts possibly being explained due to the spring breeding
season. There was a substantial increase in posts from March
to May 2020, which could be attributed to the COVID-19
pandemic and an influx of newcomers seeking advice.
Anomalies between February and March 2021 could have
resulted from discussions on adapting or recovering from
the pandemic or early spring-related conversations. Sea-
sonal activities and new housing regulations in the poultry
industry may be responsible for anomalies between April
and June 2022.

Understanding these anomalies demands considering the
bigger picture, including events related to public health and
animal health. By comparing these anomalies with histori-
cal events, we can gain insights into the correlation between
discussions and real-world events.

4 Discussion

This study provides new understanding of the concerns and
priorities of small-scale farmers in the UK, through the anal-
ysis of forum data. Key themes in pig farming discussions
were identified through bigram and topic modelling analysis.
These themes include breed selection, animal identification,
age management, containment strategies, and breeding and
weaning practices. The frequent occurrence of the word
pairing "Kune Kune" suggests that smallholders favour this
breed of domestic pig, possibly because of its small size and
gentle disposition. The importance of identification and con-
tainment in pig farming is reflected in terms like "slap mark"
for pig identification tattoos and "electric fence".

Poultry topic Weights Over Time

Poultry
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Fig. 10 Anomaly detection—

Forecast and Anomaly Detection in Number of Poultry forum posts Over Time
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The poultry community talks focused on free-range meth-
ods, layer pellet nutrition, red mite infections, egg hatching,
and nest boxes. The prevalence of the term "free range" as
a bigram implies that poultry farming is highly focused on
animal welfare and ethical farming practices. Discussions
about layer pellets and red mites underscore the crucial role
that nutrition, health, and parasite prevention play in opti-
mising poultry production.

Whilst the application of topic modelling and temporal
topic modelling within the veterinary domain still remains
scarce, LDA applications, combined with outbreak detection
methods, have been applied to identify disease in the UK
dogs, and proven to be an accurate predictive tool (Noble
et al. 2021). However, data on companion animals are far
greater (200,000 + records) and more accurate than small-
holding livestock; therefore, direct comparisons are difficult
to make with our research in this context.

The results from our anomaly detection analysis need to
be further built upon in order to create a feasible outbreak
detection surveillance system, which can capture spikes in
posting activity around certain topics. Early warning sys-
tems are made possible through detecting anomalies in
user activity within a given time period, as witnessed in
the significant increase in research during the COVID-19
pandemic (Botz et al. 2022). Spikes in posting frequency
may provide opportunities to respond to disease outbreaks
sooner, as highlighted by research conducted in endemic
disease surveillance (Eze et al. 2023). Outlier detection
using thresholds can be an effective instrument for epide-
miological disease surveillance; however, a more dynamic
source of information, such as Twitter, may be the ideal data
imputation platform as it has a larger user base and is able to
generate greater online traffic.

@ Springer
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A differentiation needs to be made between publicly avail-
able data, such as this forum, and the more refined/granular
information only available to the government. This includes
precise farm locations, demographics, and personal informa-
tion. For the general public, APHA regularly updates their
surveillance dashboards with information related to livestock
disease incidence (APHA 2023). In the case of avian live-
stock, this dashboard incorporates veterinary diagnoses from
non-commercial, hobby, and small-scale flocks of chickens.
This is updated on a monthly basis, with the main clinical
signs being displayed in a frequency chart corresponding
to the confirmed diagnoses during that time period. Data
can be further filtered by the age of the species, in addition
to county level of location. The government will have fur-
ther information regarding these dashboards, including the
addresses of registered pig and poultry holdings.

4.1 Implications of findings and further research

The insights gained from forum data analysis can benefit
various stakeholders. Firstly, policymakers and regula-
tors can use these insights to craft policies that are more
aligned with the needs of smallholder communities, such
as simplifying compliance requirements. Secondly, APHA
and DEFRA can provide knowledge and support to these
communities in developing effective containment strategies
by customising their services to their needs and interests.
Finally, with these insights, farmers can now grasp the trends
within their community and modify their practices accord-
ingly, including the exploration of free-range poultry farm-
ing as a viable alternative.

The role of the government in this instance is to use this
confirmed data, along with any passive data they collect, and
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implement disease interventions and biosecurity measures
if they deem the threat level to be a cause for concern. As
previously mentioned, the validity of passive data collection
through internet-based medium is still in question, however
simply having this information as a supplementary tool can
be used to bolster the surveillance tools currently in place.
The literature clearly highlights the shift in the methods of
which smallholders obtain their livestock information (Cor-
reia-Gomes and Sparks 2020), therefore augmenting the cur-
rent dashboards to also include social media insights allows
us to build a stronger intelligence repertoire.

Extensions of this analyses can be conducted on other
sub-forums, including equine, cattle, and sheep. Supple-
mentary work can be conducted examining the relationships
between the users themselves, through the application of
social network analysis. Additionally, similar to the work
conducted by researchers regarding peak detection and sen-
timent analysis, these methods can also be incorporated as
an extension of the work conducted in this study, to further
bolster our findings (Comito et al. 2017).

4.2 Limitations

The limitations of conducting any form of web scraping
and infoveillance from internet data are apparent in both
selection bias and small sample sizes. The ability for a few
influential users to control the narrative of these forums is
something which is often overlooked, and the only method to
mitigate these effects is through conducting network analy-
sis. Forum data also may only represent a fraction of the
community, as many may not participate online. In addi-
tion, despite topic modelling being an insightful technique,
it may not represent the true essence of the discussions, and
therefore, human expertise within the field of veterinary epi-
demiology is required for efficacy and quality checking of
the results.

Furthermore, animal health information discussed in
the fora relate to clinical signs as observed by their own-
ers. Whilst this is valuable information, the veterinary input
is missing. Moreover, many conditions require laboratory
testing to be confirmed. In contrast, diagnoses published on
APHA surveillance dashboards for a range of livestock have
been generated following stringent diagnostic criteria.

5 Conclusion

This study intended to demonstrate the application of topic
modelling algorithms on veterinary forum data, with the
aims of being a gateway for further studies in the efficacy of
combining data science techniques in the veterinary domain.
Through the innovative use of temporal topic modelling, it
captures the dynamic nature of discussions over time. Topic

modelling results and the high frequency of bigrams suggest
that smallholders are most concerned with regulatory com-
pliance and day-to-day management, particularly in relation
to specific breeds, animal identification, containment, and
feeding practices. Another noteworthy point for considera-
tion is the rise in discussions about free-range practices in
poultry farming reflects a broader social trend towards ethi-
cal and sustainable farming practices.

The findings have implications for policy-making, exten-
sion services, and smallholder practices and highlight the
potential of forum data as a valuable resource for under-
standing and supporting smallholder communities.

This paper has highlighted the implementation of one of
the many methods available within the topic modelling field.
LDA is amongst the most common applications within this
field and has proven to be a successful tool when applied to
public health data (Egger and Yu 2022). Contemporary mod-
els, namely Top2Vec and BERTopic, have shown to perform
effectively with sparse, unstructured social media data, with
the need of further research being crucial to compare per-
formance amongst these various models. A full comparison
of all these models applied to this data is beyond the scope
of this study.

By reproducing the techniques used in public health and
epidemiological studies for human health surveillance, this
study creates a foundation for more in-depth research within
livestock animals, as parallel studies within companion ani-
mal surveillance have proven to be effective (Noble et al.
2021). As the world continues to face challenges such as
climate change, food security, and shifts in consumer pref-
erences, understanding the dynamics within smallholding
communities becomes increasingly vital. This research
shows that harnessing the wealth of information available
in online forums and employing sophisticated analytical
techniques can provide meaningful insights that can con-
tribute to the development of more sustainable and resilient
farming systems.

Appendix

Custom stopwords list
Pigs —

'pigs','need’, much’,'like’,'could’,'thanks','also','think’, first','on
e','two’,'time','re’,'pig','hi', 'hello’, 'want', 'obtain’, 'look’, 'hii'
Jive','got','use’,'number’,'get','would','day",'one','good', 'year'
,'thought','year’

Poultry —

'poultry','chicken’,'need',' much’,'like’,'could','thanks','also','th
ink','first','one’,'two’,'time','re','chickens','hi', 'hello’, 'want',
'obtain’, 'look’, 'hii',"ive','got','use’,'number’,'get','would','day"
,'one','good','year’, thought','year"
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