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Digital data (internet queries, page
views, social media posts, images
are accumulating online at increas-
ing rates. Tools for compiling these
data and extracting their metadata
are now readily available. We high-
light the possibilities and limitations
of internet data to reveal patterns in
host–parasite interactions and en-
courage parasitologists to embrace
iParasitology.

The Rise of Online Digital Data
In recent years, internet searches have
become the primary source of information
for everyone, while various online reposito-
ries have amassed huge amounts of digita
data (i.e., text, photos, and videos) tha
are publicly available on platforms like
webpages and social media. Billions o
people are indirectly acting as recorders
of information about the natural world
sometimes unknowingly taking part in a
global citizen science programme. Ecolo-
gists [1,2] and public health scientists
[3,4] have recently begun to exploit these
data sources, which were often generated
for other purposes and represent a kind
of ‘passive crowdsourcing’. For example
photos uploaded to the internet by scuba
divers have served to better delimit the
geographical range of the black spo
syndrome caused by trematode infections
in Caribbean reef fishes [5]. Similarly, data
from internet search activity for ‘West Nile
virus’ reliably captured the seasonal peaks
observed in actual cases reported to
the US Centers for Disease Control and
Prevention [6].

Here, inspired from iEcology [1], we intro-
duce iParasitology, or internet parasitol-
ogy (Figure 1). We define iParasitology as
the study of patterns and processes in
parasitology using online data stored digi-
tally, publicly available, and often but no
always generated for other purposes. We
propose ways in which parasitologists
could make use of online data to tes
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off before they even begin. Smart African
women are leading research teams,
advising governments, and increasingly
assuming positions of power. Young
African female scientists can increasingly
find the role models they need. More
women need to step up to the call to
leadership, supported by their partners
and the broader society. Boards and expert
committees must insist on gender balance.
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Figure 1. Conceptual Flowchart of iParasitology. Data acquisition (blue) is compiled into different resources
(orange), depending on the source of information, that is, the public at large or the scientific community. Metadata can
be extracted using powerful digital algorithms or filtered manually (green). Comparative analyses between different
metadata can determine their correlation. Positive correlations between crowdsourced and scientific datasets not only
validate the use of iParasitology but may also provide novel parasitological insights and drive hypothesis testing.
Conversely, no correlation could focus research or crowdsourcing efforts where data are poor or lacking.

hypotheses regarding temporal dynamics
of infection, geographical distributions
of parasites, and the frequency of various
host–parasite associations. We discuss
some potential applications, identify some
powerful tools that can facilitate the use of
massive online data sources, and discuss
some of the limitations associated with
these data. Throughout, we emphasise
the need to ground-truth patterns gener-
ated by online data with traditional scientific
data. If and when the former are validated
by the latter, harnessing the full breadth of
online data would open up scales of study
currently out of reach to most parasitologi-
cal researchers.

Mining Data from Internet Search
Activity
People’s curiosity and their quest for
answers and knowledge on the internet
generate useful data. Internet search ac-
tivity and information uploaded and shared
in social media can be used to study
patterns in parasitology through passive
crowdsourcing. These data can be ob-
tained and compiled from various search
engines (e.g., Google, Bing, Baidu), online
encyclopaedias (e.g., Wikipedia and Ency-
clopaedia Britannica), and social media
(e.g., Twitter, Facebook). All of these are
in the top 15 most popular websites in
the worldi, with Google being at number
one. Google Trendsii is a free tool that
shows real-time global search activity,
with a user-friendly interface that allows
spatiotemporal data to be graphically
displayed. With metadata on where and
when each Google search was made,
the user can investigate patterns in parasi-
tology ranging from disease monitoring
[3,6,7] to predicting outbreaks [4]. For
example, Google Trends data have been
used to predict tick-borne encephalitis;
the authors found a significant correlation
between Google search trends and weekly
case numbers reported by clinicians [8].
As long as one corrects the absolute
number of searches on a topic for the
overall growth in internet search volume,
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Google Trends data hold much promise
for iParasitology. To date, this sponta-
neous citizen science has been mostly
ignored for its potential to inform research
in parasitology.

With 14–16 billion page views per monthiii,
Wikipedia is one of the most frequently
visited websites on the interneti. One may
obtain data for when and where each
page was accessed, providing useful
data to examine infection patterns. For
example, data on the frequency ofWikipedia
page views have been used to study sea-
sonal trends in influenza [9] and other
human diseases [10]. These data capture
what people experience and might there-
fore reflect real-world patterns. Wikipedia
page views could thus be used to explore
temporal patterns in the incidence of
various parasites infecting animals, includ-
ing occurrences in host species or localities
previously not recorded in the scientific
literature.

Lastly, social media have become
hugely popular and also provide a
source of information to examine pat-
terns in parasitology. Twitter provides
an application programming interface
(API) allowing access to data on the fre-
quency of tweets on various topics,
which may be processed either manually
or through machine-learning algorithms.
For instance, tweets relating to corona-
virus disease 2019 (COVID-19) symp-
toms have been explored as an
approach to assess disease severity
[11]. Importantly, whether data are ex-
tracted from tweets or browser queries,
they must be validated by comparison
with data acquired by traditional and rig-
orous scientific means. For any given
question about host–parasite interac-
tions, demonstrating that large-scale
patterns derived from internet data are
congruent with those obtained by scien-
tific studies on smaller scales would go a
long way to establish the validity of
iParasitology as an alternative approach.

Parasites in Pictures: Internet
Photo Data
Image and video data are constantly being
uploaded worldwide, and researchers
can exploit these public data to answer
scientific questions. Since the photos
themselves only serve to generate infor-
mation but are not republished, copyright
issues do not apply. Photos and videos
can provide information regarding host
and parasite species identities, interac-
tions, behaviours, and overall ecosystem
health. Beyond the image itself, they can
hold large amounts of metadata, includ-
ing where and when they were taken.
These resources have already provided
some important contributions to species
conservation [12], health science [13],
and ecology [2].

Many different online platforms can provide
photo and video data, such as Google
Imagesiv and YouTubev, the largest search
engine of online images and the largest
repository of videosi, respectively. Flickrvi

and Instagramvii are also major photo
repositories and therefore important
data sources. In addition, there are more
specialised databases such as iNaturalistviii

which gathers scientific data collected
by citizens. To date, iNaturalist has more
than 53 million photo observations of
more than 30 000 species worldwide.
While sources such as YouTube and
Google Images have larger user bases
and associated data, they require more
data collation effort than specialised
sources such as iNaturalist, where pic-
tures are uploaded for the purpose of
species identification. For example, a sim-
ple search for ‘tick’ on iNaturalist yields
more than 18 000 observations, whereas
a Google Images search provides 8800
images, including many irrelevant obser-
vations. These platforms differ in their
popularity, purpose, accessibility, and
associated metadata, providing comple-
mentary sources of image data. As

for internet search activity, the data can

be easily gathered via manual searches,

whereas automated methods, based on
coding, may require more data curation.

While photo and video resources have
been adopted in several other fields
[1], they have rarely been used by par-
asitologists. Provided they are cross-
validated through comparison with data
obtained by traditional science, incor-
porating image data into parasitological
research could provide information per-
taining to the taxonomic identity of par-
asites and their hosts, stage and status
of infection, distribution, and seasonal-
ity. As mentioned earlier [5], Google
Images searches have been used to
characterise spatial and temporal infec-
tion patterns in reef fishes. These re-
sources are freely available worldwide
with no need to sample, handle, or
sacrifice animals. Information collated
from online image repositories can
validate existing scientific knowledge,
as well as expand it by providing new
host or locality records for certain para-
sites. A picture is worth a thousand
words, indeed.

Toolbox for Compiling and
Analysing Internet Data
The past few years have seen a massive
increase in the use of technological tools
to acquire open-access data. Compared
with traditional methods of data gathering
that are often time consuming and require
great effort (e.g., manual compiling) to gen-
erate adequate datasets, open-source
software such as R provides end-users
with a structured environment in which
to extract, visualize, and analyse large
volumes of data. For example, accurate
measurement of landscape heterogene-
ity using MODIS satellite imagingix,x and
other climatic variables can now be easily
extracted for any geographic location
around the globe at the click of a mouse. In
turn, these variables can be modelled using
species-occurrence probability models,
allowing the end-user to extract complex
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Figure 2. Flowchart for the Analysis of Crowdsourced Image Data. In this example of one possible type of iParasitology study, photographic data are collected
from passive crowdsourcing (e.g., Google Images search) using 'ticks' as keyword. In turn, the end user creates a training dataset based on distinctive criteria, for
example, body size, number of legs, etc., with associated labels for each image using a deep-learning framework. After the model is validated to the satisfaction of the
end-user, it is then applied to the prediction dataset, which classifies the images as meeting the conditions of the trained dataset or not. Afterward, for each image
meeting the conditions set by the user, useful R packages (see main text) can be used to extract metadata from large numbers of images or videos, allowing analysis
of geographical occurrence patterns or seasonal trends in tick abundance. Going further, predictive modelling packages such as Maxlikexvii can then be used to create
species-occurrence probabilities based on climatic conditions at any given set of coordinates.

Image of Figure 2


Box 1. Tips for iParasitology

(i) Before proceeding further, clearly define the goals and scope of the research, and ascertain that these
can be achieved in principle through iParasitology.

(ii) Focusing on a smaller, more regional scale will help to standardise data, by minimising variation in socio-
economic and educational levels, access to technology and internet, and languages used.

(iii) Conduct searches in a language appropriate for the target region or country, and not strictly in English.
(iv) Widen search terms, and where possible include all common names for the focal parasite, not just its

scientific name.
(v) To correct for variable data quality, assign a reliability or validity score to each record. For instance, when

using machine learning to recognise relevant images, a reliability score could be assigned to each image
retained based on its resolution (number of pixels) or size.

(vi) Get all records (or a representative subset) validated by an expert. For instance, ask a taxonomist to
confirm the identity of parasites seen in images retained by an automated search.

(vii) To reduce temporal and spatial autocorrelations and data nonindependence (e.g., same person
uploading multiple photos of the same phenomenon over multiple days), integrate the data over a longer
period of time, and/or use appropriate statistical methods.

(viii) Reduce error and bias in data from passive crowdsourcing (nonrandom sampling, false records, etc.)

interactions between parasite distribution
patterns and their surrounding ecoscape.
This is one of many situations where a
novel approach to big parasitological data
allows extrapolation of complex patterns
that a traditional method would not easily
achieve.

Additionally, the increase in computational
power now allows automated data collec-
tion and analysis. For instance, deep-
learning algorithms (a type of machine
learning) are now becoming more user-
friendly and proving to be powerful tools
with applications in many fields of research
[14], with an error rate close to human
visual error [15]. Computer vision (e.g.,
deep-learning algorithms using features
of images for classification) can be trained
to recognise subsets of images of interest
(i.e., those showing a particular species)
out of a huge number of images, and
rapidly categorise large amounts of digital
material (Figure 2). Useful R packages
such a gtrendsRxi, pageviewsxii, rtweetxiii,
photosearcherxiv, ggmapxv, or tuberxvi

can extract metadata fromGoogle Trends,
Wikipedia, Twitter, or from large numbers
of images or videos, and easily generate
datasets on either geographical occur-
rences or seasonal trends in parasite
abundance. This allows researchers to
work with massive amounts of data that

would otherwise be very difficult to analyse
[15]. With technological tools equipped
with a user-friendly interface becoming
increasingly available, we encourage par-
asitologists to consider such approaches
for mass data gathering and analysis
from online sources.

Limitations of Internet Data
Despite its potential, there are several limi-
tations and biases associated with the use
of internet-based data for iParasitology.
They depend on the question asked
(e.g., occurrence or seasonality of a
given parasite), and on the data source
explored, whether photos, text analysis,
website statistics (number of visits, search
trends, etc.), media coverage, or a combi-
nation. Often, these limitations make it
impossible to achieve worldwide coverage.

First, the availability of information is
highly unequal amongst countries, a
digital divide that causes massive data
gaps in some regions of the world.
These are due to many variables, including:
spatiotemporal variation in population
density, in socioeconomic or education
levels; accessibility to technology or the
internet; universality of smartphone usage.
Additionally, social media use can
vary among countries, some having pre-
ferred platforms while others experience

heavy restrictions on social media usage.
Second, beyond these differences among
countries, language is the second main
source of bias. Limiting search terms to a
single language like English is highly
restrictive, missing out on potentially rele-
vant data tagged or written in other lan-
guages. Third, not all data found on the
internet can be trusted. Incorrect captions,
poor descriptions, and false entries can all
generate unreliable search results. Fourth,
heterogeneous photo quality can affect
image searches made using machine-
learning approaches. Low-quality images,
or images that have been heavily altered
or compressed, might not be picked up
by the algorithm. Fifth, from a statistical
perspective, the data may suffer from non-
independence, if multiple entries for a
particular parasite were made by the
same user, or if a photo or text has been
uploaded (copied) in more than one repos-
itory. Sixth, access to some data, such as
the number of views of specific webpages,
is not always available directly; one might
need to obtain access from the webmaster
or perhaps even pay a fee.

Furthermore, whereas the above limita-
tions are broadly applicable to citizen
science in general, some apply specifically
to iParasitology. Lay people will likely only
encounter, notice, and report the most
visible parasite species or life stages; for
instance, online data will probably accrue
more readily on ectoparasites than endo-
parasites. The lack of clear distinguishing
morphological features complicates the
identification of many parasites, even at a
coarse taxonomic level. Finally, people
are generally more interested in what hap-
pens to them and their pets, thus biasing
parasite reporting online toward infections
in humans and domestic animals like
cats and dogs, rather than infections of
wildlife. Nevertheless, some of the limita-
tions associated with internet data can
be overcome (Box 1), allowing parasitolo-
gists to fully harness this massive data
source.
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Concluding Remarks
Online data, unknowingly contributed by
anyone with access to the internet, are
recorded on a scale that exceeds what
any funded science project could achieve
through traditional data collection methods.
Some early studies provide a proof of
concept that these data are potentially use-
ful resources for parasitologists [5]. Often,
iParasitology data are likely to be of a quali-
tative rather than quantitative nature; for
instance, they may document the presence
of a parasite in an area, rather than its
numerical abundance. Nevertheless, occur-
rence records from iParasitology sources
may complement, rather than duplicate,
those obtained using traditional scientific
approaches. Many highly visible and intrigu-
ing parasites have generated much public
interest, leading to internet searches and
image uploads; these would be great
candidates for hypothesis-testing based
on online data. They include parasites of
wildlife (e.g., isopod and copepod ectopar-
asites of fish; mermithid nematodes and
nematomorphs in insects; etc.), domestic
animals (e.g., ticks or Toxocara nematodes
in cats and dogs), and even humans
(e.g., headlice in schoolchildren). In addi-
tion, online data could be used to monitor
changes in host distribution or abundance,
or in human activities and societal behav-
iour, that may contribute to infection risk
and the spread of parasites. The necessary
tools to implement iParasitology are now
freely available, and we hope this forum
article will stimulate parasitologists to make
full use of the treasure trove of data that is
the internet.
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