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Do you believe your (social media) data? A
personal story on location data biases, errors,
and plausibility as well as their visualization

Tobias Isenberg , Zujany Salazar , Rafael Blanco , and Catherine Plaisant

Abstract—

— paper version for readers with color impairments that uses adjusted color maps in the visual representations —

We present a case study on a journey about a personal data collection of carnivorous plant species habitats, and the resulting
scientific exploration of location data biases, data errors, location hiding, and data plausibility. While initially driven by personal interest,
our work led to the analysis and development of various means for visualizing threats to insight from geo-tagged social media data. In the
course of this endeavor we analyzed local and global geographic distributions and their inaccuracies. We also contribute Motion
Plausibility Profiles—a new means for visualizing how believable a specific contributor’s location data is or if it was likely manipulated. We
then compared our own repurposed social media dataset with data from a dedicated citizen science project. Compared to biases and
errors in the literature on traditional citizen science data, with our visualizations we could also identify some new types or show new
aspects for known ones. Moreover, we demonstrate several types of errors and biases for repurposed social media data.

Index Terms—Social media data; Flickr; Panoramio; iNaturalist; data bias; data error; data plausibility; data obfuscation; citizen science.

✦

1 INTRODUCTION

SOCIAL media is one of today’s main forms for sharing
thoughts and messages among people in developed countries.

Its development has not only dramatically changed the way we
communicate and share information, it also has led to huge datasets
that may be useful for scientific research. Many citizen science
projects already benefit from such data sources, usually in the
form of dedicated projects for data collection by the public [63].
Scientific data, however, can also be extracted from social media
sites even though posters did not have a specific scientific question
in mind when posting (e. g., [4], [18], [19], [39]).

The geo-tagged and time-stamped pictures that many people
share on social media today provide the opportunity to study the lo-
cation of depicted items such as plants, in particular the distribution
of endangered species. While this status unfortunately applies to
many species today, personal interest led us to study specifically the
distribution of carnivorous plants. Past studies have quantified the
conservation threats of different genera and species [35], providing
information to prioritize certain areas of conservation. Yet accurate
geospatial distributions of the different species is difficult to obtain.
Traditionally, researchers use environment data and current habitat
sightings, to then apply species distribution modeling (SDM). SDM
uses statistical models to improve the data quality of distribution
estimates. The use of geo-tagged social media images has the
potential of improving or, at least, contributing to this process and
can also allow scientists to track specific populations over time.

A fundamental question is, however, to what degree the geo-
tagged data from social media is plausible. What are the inherent
data biases, identifiable data errors, and potential data hiding in
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such data collections? Based on a personal data collection we
identify and visualize the biases and errors relevant to carnivorous
plants, and present our exploration as a case study. We report our
work using a structure that is rather unusual in today’s scientific
literature, one that may be more in line of early forms of scientific
writing akin to those, e. g., by Darwin [20] and his contemporaries:
We follow our actual path of exploration, which was not initially
driven by a scientific question but by personal interest and the
resulting dataset (Sec. 3). From this resource came successes and
failures of locating habitats, which in turn led us to analyze the
biases in our data (Sec. 4) and attempt to verify entries (Sec. 5).
The specific verification attempt of one of a small set of entries
then led us to create a novel visual representation we call “Motion
Plausibility Profiles” (Sec. 6). These allowed us to analyze the
data from specific individual contributors. After developing this
representation, our team expanded and we became aware of the
data collected by the citizen science project iNaturalist, which
we then compared to our own and also analyzed with our motion
plausibility profiles (Sec. 7). Based on this process we contribute:
• a detailed analysis of a geographic data sample extracted from

image sharing sites; we describe many sources of bias and error
that affect the global and local distribution of observations as
extracted from social media posts, which can guide future social
media data extraction for citizen science,

• a demonstration that the data contains intentionally introduced
errors, likely due to people trying to protect the species’ habitats,

• Motion Plausibility Profiles as a new, integrated time+space
visual representation to analyze whether location data from
specific contributors is plausible, useful for both individual data
collations and citizen science projects such as iNaturalist, as it
allows users to identify intentionally introduced errors,

• a comparison of two datasets on the same topic—one whose
contributors intentionally contributed habitat data to citizen
science, the other based on “repurposed” social media data, and

• a comparison of the errors and biases we found with the citizen
science literature, highlighting new findings, in particular, for
our repurposed social media data.
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2 RELATED WORK

The analysis of social media data and, in particular, geo-located
posts has been a focus of visualization research in the past. Crandall
et al. [19], for instance, studied people’s visits of popular places
by means of the pictures they took there. Andrienko et al. [4]
and Kisilevich et al. [39] also used photos shared on social media
sites to support the spatio-temporal analysis of people’s points of
interest, behavioral patterns, and events. Later, Chen et al. [18] and
Krueger et al. [41] focused on tracking people’s movements over
time, while Wang et al. [72] extracted salient regions of people’s
interest. Anthony [5] recently developed Fireant, a tool for the
collection and analysis of social media data. In contrast to all these
approaches (and many more similar examples [17], [74]), we do
not treat a geo-tagged picture as evidence for a person being at a
location at a given time, but rather as evidence for the depicted
subject matter—a plant in our case—being present at the location,
thus as evidence for the plant’s habitat. While our data also contains
time stamps, we examine primarily the pictures’ locations, and
analyze potential geographic data biases, errors, and obfuscation.

We are also inspired by past discussions on the quality of social
media data. For instance, Preece [63] and Kosmala et al. [40] noted
that citizen science data in general—with dedicated data collection
for a given topic—is subject to various data quality threats, yet
they are not unlike those in professional data collection [40]. The
situation is different for social media data as in our case where
people did not intentionally contribute to the creation of a dataset
but where the data was extracted based on a given set of criteria.
Olteanu [54], e. g., demonstrated the inherent bias of social media
discussions on current events compared to reports in the news.
Later, Morstatter and Liu [51] studied Twitter data and showed
that bias arose due to the API limiting access to 1% of the data.
Olteanu et al. [55] defined several bias types: general data bias,
population biases, behavioral biases, content production biases,
linking biases, temporal biases, and redundancy. While we also
show some of these bias types in our work, we provide a more
in-depth description of the geographic data quality, in contrast to
previous work’s focus on the topic or contents of posts.

The issue of data quality is not new [24], [25], [29], [30],
[37]. Several authors (e. g., [15], [16], [48], [65]) mentioned, in
particular, the quality of geographic location data on observations
in citizen science projects. Zizka et al. [76], e. g., cite reasons
for incorrect geo-locations such as automated geo-referencing
based on vague descriptions, switching latitude and longitude, data
entry errors, records from cultivation (e. g., botanical gardens),
rasterized locations, and rounding. To address such problems, some
citizen science projects use volunteer training and testing as well
as standardized and calibrated equipment [40], [66]. Such methods
are not applicable, however, to geo-locations extracted from image
sharing sites. Yet, data errors can still automatically be analyzed.
Zizka et al.’s COORDINATE CLEANER [76], e. g., automatically
filters out observations for botanical gardens and in urban centers,
locations in the oceans, obvious coordinate entry errors (zeroed
coordinates as also shown by Fisher [27]), and more. In our initial
data acquisition we used some of these techniques, but we extend
the analysis to within- and between-contributor data comparison
as well as to our motion plausibility profiles, which allow us to
effectively analyze the data quality of active contributors. Later in
Sec. 8, after having discussed the data issues we found, we pick
up this topic again, categorize our classes of errors and biases, and
compare them to those discussed in the literature.

(a) (b) (c)

Fig. 1. Examples for images that we manually excluded from the
search results because they do not show plausible plant habitats: (a)
fake/artificial plants (Flickr image 9479368060 by Craig Moe; cbn CC
BY-NC 2.0), (b) botanical gardens or similar (Flickr image 5086658928
by Jane Nearing; cbn CC BY-NC 2.0), and (c) plants kept at home
(Flickr image 10753181585 by Mike Linksvayer; cz CC0 1.0).

Fig. 2. Screenshot of our initial data exploration interface, with markers
colored by genus and image thumbnails shown at the bottom.

Our work also relates to the topic of uncertainty visualization.
While numerous approaches have been described and surveyed in
this context [10], [31], [36], [57], [62], we are mostly interested
in geographic and geospatial uncertainty visualization [38], [45],
[46]. In contrast to this past work, however, we focus on the
analysis of the plausibility of citizen-contributed data [26] and
identifying biases and errors by means of visualization, rather
than the representation of this uncertainty in a final visualization.
Our work also relates to the notion of implicit error proposed by
McCurdy et al. [50] as we discuss in our conclusion.

3 INITIAL DATA ACQUISITION AND ANALYSIS

As we stated in Sec. 1, we did not begin our work with a scientific
question in mind but with the interest in the data itself, to plan
visits to carnivorous plant habitat locations during future travel. Our
work thus started with a data collection [56]. Originally unaware
that specialized citizen science projects (like iNaturalist, see Sec. 7
below) may include data on carnivorous plants, our initial analysis
(by the first three authors) focused on general online geolocation
collections. POI (points of interest) sites such as waymarking.com
contain categories about the subject, but largely focus on botanical
gardens or similar places. One of the main reasons for this lack of
habitat data is the protection status of many of the species, many
of which are endangered (e. g., see the IUCN Red List [33]).

We thus began by collecting a social media dataset on
carnivirous plants by searching Panoramio1 and Flickr for geo-
tagged images whose label or description included at least one
from a series of search terms.2 These search terms included Latin
genus and family names, the term “carnivorous plant(s),” as well
as common plant names for different species in Chinese, Danish,
Dutch, English, French, German, Italian, Japanese, Norwegian,
Polish, Portuguese, Russian, Spanish, and Swedish. This resulted
in more than 49,000 candidate images, most of which did not

http://www.flickr.com/photo.gne?id=9479368060
http://www.flickr.com/photo.gne?id=5086658928
http://www.flickr.com/photo.gne?id=10753181585
http://www.flickr.com/photo.gne?id=9479368060
https://www.flickr.com/people/60445767@N00/
https://creativecommons.org/licenses/by-nc/2.0/
https://creativecommons.org/licenses/by-nc/2.0/
http://www.flickr.com/photo.gne?id=5086658928
https://www.flickr.com/people/fringedbenefit/
https://creativecommons.org/licenses/by-nc/2.0/
http://www.flickr.com/photo.gne?id=10753181585
https://www.flickr.com/photos/mlinksva/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.waymarking.com/
https://www.waymarking.com/cat/details.aspx?f=1&guid=d46df201-c01a-4906-9968-14584ccff917
https://www.iucnredlist.org/
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(a) (b)

Fig. 3. Comparison of distribution maps for Sarracenia purpurea: (a) based on our social media data, (b) map from Wikipedia (p public domain).

(a) (b)

Fig. 4. Comparison of distribution maps for Drosera rotundifolia: (a) based on our social media data, (b) map from Wikipedia (p public domain).

actually show plants or habitats. To remove false positives (e. g.,
Fig. 1) we used methods that we later-on found to frequently be
used in citizen science projects [73]: For each of the found images,
we manually looked at both the image itself and its location on
the map using an online satellite map, to determine whether the
images showed a true habitat and whether the location data was
believable. For example, we removed image locations in the middle
of urban areas. Some people posted images of plants kept at home
or used locations that were not plausible, so we removed certain
user IDs and locations to speed-up the inspection process. The
remaining plausible images amounted to a list of more than 9,700
observations (images with location). For each plant location, we
recorded its scientific name,3 its geographic position on the map as
reported by the service (extracted from the photo itself or reported
by the contributor), its elevation (based on an elevation look-up
for the geographic position), the time the picture was taken (again
extracted from the photo or reported by the poster), the social
media service and the respective image ID, text description of the
geographic location such as area name and country, the name and
ID of the person who uploaded the images, and the image itself.

With this data we designed an initial map-based data exploration
tool (using Google’s Maps API, Flask for Python, HTML5, CSS3,
and JavaScript) that indicates the location of each observation
in the dataset [9]. With the tool we could explore the recorded
locations (e. g., Fig. 2) and filter for plant characteristics (genus,
species) and/or image data (location, date it was taken, social
network). Based on the data we also visualized the geographic
distribution of different species. For example, we can see that our
data supports the distribution of Sarracenia purpurea in North
America (Fig. 3)—with the exception of the less populated areas
of central and northern Canada. Yet we can also see populations
of the species in Europe—including well-known places where the
plant was introduced in Switzerland [60] or places in the UK,
Scandinavia, and the Netherlands [1]. Data like ours thus has the

1The Panoramio service has since been retired by Google.
2None of the authors has contributed to this dataset through image posts.
3We generally used the Latin names provided in the descriptions. If no

species name was provided or if it was wrong, we either classified the plant
ourselves if we knew the species well, or we only recorded the plant’s genus.

potential to close gaps in biodiversity databases [3]. In another
example, we find the distribution of Drosera rotundifolia in our
data also largely on Wikipedia’s distribution map (Fig. 4), yet again
it does not support the full established distribution.

4 SOURCES OF DATA BIASES AND ERRORS

While our initial data collection (approx. up to 2019, continued
later) was driven by personal interest (and served its initial purpose),
we were immediately intrigued by the data artifacts we saw in the
data. The distribution differences of Drosera rotundifolia, e. g., are
likely due to a strong bias in our data. We thus decided to further
investigate this data bias and other data errors more systematically,
which then became the focus of our work. We specifically targeted
the spatial data as extracted from the social media posts as we were
mainly interested in the geographic location and distribution of
specific species, genuses, and the plant group in general. We first
analyze sources for global and local location bias as well as sources
of non-geographic contributor bias that can affect the spatial data
distribution. We then discuss and extract geographic location errors,
before mentioning other relevant error sources.

4.1 Global location of contributors
We saw that our data is subject to population biases: posters are
not representative of the population at large. Most come from
a few countries and include only people with access to digital
cameras or camera phones as well to online social media. In our
data we also saw that, in addition, contributors are also not evenly
distributed over the globe. They concentrate in urban centers, and
favor traveling to popular places. To illustrate this global bias we
looked for a related but more general dataset. We thus used posts
in Flickr’s Encyclopedia of Life (EOL) group, which focuses on
pictures of any form of life. We used Page’s flickreolmap tool
[58] to create a global heatmap of all geo-tagged image posts of this
group (Fig. 5(a)). Fig. 5(c) provides the same heatmap generated for
our dataset. Because the number of entries for Flickr’s EOL group
is much larger than our data, in Fig. 5(b) we show Fig. 5(a) again
with the smallest class (< 10 images per spatial unit) transparent,
to allow us to better focus on the overall distribution.

https://en.wikipedia.org/wiki/File:Sarracenia_purpurea_range.png
https://en.wikipedia.org/wiki/File:Sarracenia_purpurea_range.png
https://creativecommons.org/share-your-work/public-domain/pdm/
https://en.wikipedia.org/wiki/File:Drosera_rotundifolia_Distribution_Map.png
https://en.wikipedia.org/wiki/File:Drosera_rotundifolia_Distribution_Map.png
https://creativecommons.org/share-your-work/public-domain/pdm/
https://en.wikipedia.org/wiki/File:Drosera_rotundifolia_Distribution_Map.png
https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
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(a) Heatmap of all 172,083 geo-located EOL group posts, up to March 2020.

(b) EOL group posts, with the smallest class (<10 images; yellow in (a)) shown
transparently to better emphasize the locations with multiple image posts.

(c) Heatmap for the 9,720 entries of our own dataset (also up to March 2020).

Fig. 5. Geographic distribution analysis based on posts in the Encyclo-
pedia of Life (EOL) Flickr group which collects images and videos of
organisms: Due to the similar subject matter (for all species in general)
we use the maps as an indication of Flickr’s geographic bias for habitat
pictures [59]. Generated with Page’s [58] tool, colors indicate image
count in a given region: yellow: 1–9; light orange: 10–99; medium orange:
100–999; dark orange: 1,000–9,999; red: ≥ 10,000. Regions where the
background map is visible do not have a single image. Note that the used
Mercator projection has limitations, in particular, close to the poles.

The heatmaps show that our data on carnivorous plants, on
a global level, roughly matches the distribution of all Flickr
contributors interested in habitat pictures (i. e., entries in the EOL
group, Fig. 5(a)), suggesing that they are subject to the same global
bias. For example, few if any images exists for large stretches
of Asia (e. g., Siberia), Africa, Southern America, inner parts of
Australia, and northern parts of North America. This fact then
also explains the lack of evidence of the distribution of Drosera
rotundifolia in, e. g., Siberia that we saw in Fig. 4, as well as the
lack of sites of Sarracenia purpurea in central Canada in Fig. 3.

Naturally, the maps in Fig. 5 cannot show the population bias
of the user base of Flickr in general. If we assume that, among
Flickr posters, those interested in images of living species are
evenly distributed, then a comparison of Fig. 5 with a map of the
world’s population density (Fig. 6) can indicate the population bias
in Flickr posters overall. We see, for example, that the population
centers in India and China are heavily under-represented, while
Europe and North America are heavily over-represented.

The first author of this article also personally visited several

Fig. 6. World population density in 2000. Image by Robert Simmon,
NASA Earth Observatory, based on data by the Socioeconomic Data and
Applications Center (SEDAC), Columbia University (p public domain).

Fig. 7. Illustration of a local geographic bias due to ease of access: many
sites are recorded near roads/paths, yet virtually none far from them.

habitat locations in Europe and North America and saw, for exam-
ple, Drosera and Pinguicula species that, despite these locations
generally being well visited by hikers, were not represented even
by a single entry in our dataset. This observation illustrates another
global aspect: Our dataset is relatively small (less than 10,000
observations for the whole planet). Even for regions with relatively
frequent observations such as in Europe and parts of North America
not all existing habitats are represented.

4.2 Local observation focus points
In addition to these global geographic biases, however, our dataset
also exhibits several local geographic biases. In particular, people
tend to only take pictures at locations that they can easily access
such as near roads or on hiking paths as illustrated in Fig. 7.
Moreover, some locations are well known and popular such as
natural parks and similar places. Such sites are places that many
people visit during vacations or trips. They thus have a high
motivation to post images from such visits compared to, e. g.,
their everyday environment. Fig. 8 illustrates this bias for two sites:
one well-known State Natural Site in the US where one can observe
Darlingtonia californica (Fig. 8(a)) and a national park in Sarawak,
Malaysia, where one can find several Nepenthes species (Fig. 8(b)).

4.3 Uneven observation counts
In addition to these geographic biases our dataset also has important
biases based on the people that contribute the observations. In
particular, the number of observations is heavily skewed as shown
in Fig. 9(a). For example, only 3.9% of people (i. e., 88 out of 2233
people) reported 50% of the images. Many people only report very
few images, i. e., 56.1% people only post a single image, 72.0%
post ≤ 2, 80.1% post ≤ 3, and 88.0% post ≤ 5. We fitted a discrete
power law distribution to the observation counts per person using
Python’s powerlaw package [2], which yielded a fit with parameter

https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
https://neo.sci.gsfc.nasa.gov/view.php?datasetId=SEDAC_POP&date=2000-01-01
https://neo.sci.gsfc.nasa.gov/view.php?datasetId=SEDAC_POP&date=2000-01-01
https://creativecommons.org/share-your-work/public-domain/pdm/
https://github.com/jeffalstott/powerlaw
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(a) (b)

Fig. 8. Local geographic bias due to the certain spots such as natural
parks being more popular for visitors than others: (a) Darlingtonia State
Natural Site in the United States and (b) Bako National Park in Malaysia.
In both cases observations are clustered at marked locations in the parks.

α = 2.07 and standard error σ = 0.043, for xmin = 3. The power
law distribution is also evident in the almost linear log-transformed
post count over rank plot in Fig. 9(a).

This power law distribution of people’s contributions further
amplifies the discussed geographic biases: The data locations in
the dataset are heavily biased by where the few major contributors
live or where they travel to. Moreover, it demonstrates the different
interest of people: Most of them do not care particularly about
carnivorous plants and thus only contribute “by accident,” while
a few have a core interest and contribute a lot of observations. In
fact, the non-linear “bulge” for the contributors of rank 4 and 5 in
Fig. 9(a) may be an artifact of the special interest: these 5 people
are likely enthusiasts and thus contributed more images than what
one would expect from a plain power law distribution.

4.4 Erroneous data locations
So far we only discussed biases that arise from population and
sample distribution. However, we also need to consider error
sources, in particular with respect to the reported geographic
locations. Errors in our case may arise, e. g., from the reporting of
cultivated plants (i. e., false positives for habitats). We manually
filtered these out in the data acquisition process and are confident
that only few, if any, of such cases remain in the data. Other errors,
however, cannot easily be filtered out as we discuss next.

One main source of location error arises due to the inaccuracy
of position tracking. GPS accuracy highly depends on the situation,
location, as well as used equipment and numerous ways exist to
measure its accuracy [64]. We can generally assume, however,
that most GPS-enabled smartphones are, on average, accurate
such that measured positions lie within a 4.9 m radius of the true
location, in open-sky conditions [70]. While this situation probably
matches many of those in which pictures in our dataset were taken,
there is no way to correct for this error as the ground truth is
not known. Nonetheless, this relatively small error is typically
irrelevant in our case. The location error can grow, however, in less
than ideal conditions. These include sky blockage such as from
trees or equipment conditions. Location errors for images taken
immediately after turning on a camera or phone, e. g., before a GPS
lock is fully acquired, can be a lot larger than the normal inaccuracy.
Also, modern phones do not always rely on GPS for positioning
but also use the cell network’s signal strength. The accuracy of this
form of geo-location is lower, in the order of 90 m or worse [42]
and there are techniques to analyze such errors (e. g., [43], [67]).

More important in our case, however, are situations when a
person manually specifies the coordinates. For example, an image’s
coordinates may have been rounded at some stage. Or a picture
file may not contain location data (e. g., older, scanned pictures), in
which case the poster on Flickr or Panoramio may have retroactively
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Fig. 9. Logarithmic plots of the number of (a) the contributors’ postings
over their rank and (b) the observations per species over the species’
rank, showing their power-law-like distribution (tailed for (b)).

Number of pictures per day
at identical coordinates
by the same person if they
posted >1 images per day

one
two
three
four or more
only one image/day

(small random offsets added
to markers for geo-privacy)

Fig. 10. Within-poster verification: Pictures taken in and close to Mount
Kinabalu National Park, Malaysia, color-coded by how many pictures by
the same person are at exactly the same geo-coordinates in a day.

(a) (b)

Fig. 11. Distribution of (a) Sarracenia purpurea and (b) Sarracenia rosea.
The cases of S. purpurea in the same area of S. rosea are likely, in fact,
S. rosea, which was only elevated to species status in 1999.

located the pictures when uploading them—with the best intentions.
Then data entry errors are possible such as those discussed by
Zizka et al. [76] and shown in Fig. 37, yet we found none of them
(Fig. 38). This process, however, may lead to several pictures by
the same person to be placed at exactly the same GPS coordinates
as illustrated in Fig. 10. The same effect, however, can also be
caused by people who are aware of and care deeply about the
plants’ protection status: They may actively enter false coordinates
to prevent others from using the posted locations for poaching.
For example, Flickr user biodivinf posted a habitat image of the
rare Cephalotus follicularis and stated “coordinates changed” in
the comments (https://www.flickr.com/photo.gne?id=3020563046).
Another reason may also “burst shots” of many images in a second
or two, but we saw none of those cases in our data.

4.5 Species popularity
The list of species, in general, is also not equally covered. Similar to
posts per person (Fig. 9(a)), we also see a heavily skewed post count
per species (Fig. 9(b)). A discrete power-law fit for the observation
counts per species (excluding the genus-only observations) yielded
the parameter α = 1.95 with a standard error of σ = 0.123, for
xmin = 24. The heavily tailed behavior likely arises from rare
species being much less well known to the general public.

https://oregonstateparks.org/index.cfm?do=parkPage.dsp_parkPage&parkId=81
https://oregonstateparks.org/index.cfm?do=parkPage.dsp_parkPage&parkId=81
https://www.flickr.com/photo.gne?id=3020563046
https://www.flickr.com/photo.gne?id=3020563046
https://www.flickr.com/photo.gne?id=3020563046
https://www.flickr.com/photo.gne?id=3020563046
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This popularity aspect also affected the classification. Naturally,
most Flickr or Panoramio contributors are not botanists and, thus,
are no nomenclature experts. In our data collection we only
included images on which we could clearly identify the plants’
genus, which is thus unlikely to contain errors. For the specific
species, however, we relied on people’s classification in the image
title, description, or tags. For a small subset of species (including,
e. g., Drosera rotundifolia and several Sarracenia species) that we
personally knew well we sometimes corrected the classification.
For images without species that we could not classify ourselves we
only used the genus name (11.3% of the observations). To avoid
spelling mistakes, we ensured the correctness of names using a
list of known species. Nonetheless, we expect our current species
classification to contain numerous errors.

In addition to “simple” incorrect classifications, incorrect
species names can also arise due to the introduction of new species
for plants that were previously considered part of another species.
Sarracenia purpurea subsp. venosa var. burkii, e. g., which is native
to a small area of the southern USA, was re-classified in 1999 to
Sarracenia rosea [53]. Some people may not know about this fact
and still classify these plants as S. purpurea. We see the effect in
Fig. 11—in the S. rosea range we still observe many observations
of S. purpurea, most or all of which are likely S. rosea.

4.6 Other sources for errors or biases
Other biases may arise from our search terms, despite using Latin
and common names as well as multiple languages. Also, some
posters do not label their images, so we likely missed some relevant
pictures. In addition, we noticed that Flickr’s API does not seem
to return all posts that would match a search term: On repeated
searches with exactly the same search terms we saw results within
a previously covered ID range that we did not get in the first search
(but this effect is small, see Fig. 28 in the additional material).

5 MEANS OF DATA VERIFICATION

In addition to the general discussion of biases and errors it is,
of course, desirable to identify data points that are likely to be
incorrect. Due to the nature of social media, posters who contributed
to our dataset did not intend to do so and thus largely did not
actively provide means to verify their data. Below we discuss ways
to infer plausibility measures to indicate how much we can rely on
the data. These measures are most relevant for a local data analysis,
but they also provide means to verify the data globally.

5.1 Within- and between-poster data point comparison
We had already hinted at a first measure in Sec. 4.4: verification by
within-poster comparison. As we show in Fig. 10, we can count
the observations for precisely the same location data from the same
poster, independent of the species they reported. Multiple posts at
exactly the same place can indicate some form of intentional data
hiding or at least manual entry, as we had discussed. So we can
use this measure to assign a data quality grade to each data point.

We can, however, derive another quality measure by comparing
data from different people, for the same species, genus, or any other
genus. We base this second measure on the assumption that plants
of the same species grow in the same habitats, plants from the
same genus also like similar habitats, and even most carnivorous
plants share the preference for a nutrient-poor environment. We
can thus search, within a given radius, for other observations of the

(a)

Confirmation by
a different poster
within a 1 km radius
same species
same genus
habitat
none (b)

Confirmation by
a different poster
within a 4 km radius
same species
same genus
habitat
none

Fig. 12. Between-poster verification with radii (a) 1 km and (b) 4 km.

Fig. 13. Observations in our dataset of Pinguicula lusitanica near Lisbon,
Portugal, that we visited but were unable to confirm.

Fig. 14. Observations in our dataset of Pinguicula vallisneriifolia in Spain.
We confirmed the central two sites, yet the top site (>5 km away) appears
manually moved: its Flickr picture shows the same site as the center
ones. The incorrect coordinates exhibit no rounding artifacts and differ to
a different degree in latitude and longitude (distance > 0.04 resp. 0.01).

same species, genus, or any other plant by different people in the
dataset, and color the observations accordingly. Fig. 12 shows this
visualization for a site for two radii, 1 km and 4 km, showing that
some of the observations are, indeed, confirmed by others.

Both measures are independent and can also be combined to
a single grade. They are not, however, absolute values but depend
on the number of analyzed observations. They may thus change as
more observations are added to a data collection.

5.2 Personal inspection
In addition to such verification methods that rely exclusively on the
collected data, we can naturally also compare the data with personal
observations that we did prior to or after the data collection. Due
to the personal interest of one of the co-authors in the subject we
could verify several sites, e. g., in the Netherlands (D. rotundifolia,
D. intermedia), in Canada (D. rotundifolia, D. linearis, S. purpurea,
Utricularia), in the USA (S. purpurea, Darl. californica), and
Spain (P. vallisneriifolia). We visited other sites (e. g., in the UK
and Germany) based on the collected data, yet were unable to find
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Fig. 15. Motion plausibility profile showing actively adjusted geo-locations.
Each row is one day worth of images, its date indicated by the x-po-
sition of the day’s first picture (each row’s left-most gray dot). Each
dot represents one image, the dots are spaced apart by the binary
logarithm of the distance of the consecutive picture locations, colored by
the apparent speeds from the previous location to the current one. Each
daily dot sequence thus uses a different time scale than the x-axis. Top-
left: histogram of entries; bottom-right: color scale of the speed classes.

any plants. Nonetheless, we still consider some of such sites as
plausible due to their habitat matching that preferred by the plants.

Yet, we also visited sites such as the one depicted in Fig. 13 in
which the local habitat did not match. All of the observations in this
case were from the same person, so we used within-poster analysis
(Sec. 5.1). Yet all of the depicted locations were single images, so
within-poster analysis cannot indicate any data adjustment.

In addition, we also noticed, for some sites that we personally
confirmed, that our data not only contained observations from
others within a few hundred meters but also some several kilometers
away. For one particular site in a national park in Spain (Fig. 14),
for instance, we noticed another observation more than 5 km away
whose Flickr image was depicting the exact same site as the
one we saw, and four pictures were posted at exactly the same
coordinates. Even more interestingly, this apparently manually
adjusted observation—whose inaccuracy was much greater than
typical GPS imprecision—was reported by the same person who
also had posted the previously mentioned locations in Portugal:
the second-most active person in our dataset. We thus asked us
whether it would be possible to analyze potential data adjustment
of, in particular, active people more holistically.

6 INDIVIDUAL MOTION PLAUSIBILITY PROFILES

To do so, we propose a new design to visualize an individual
poster’s behavior to reveal possible intentional errors. For this
purpose we analyze the whole sequence of a person’s observations
over the course of a day and for all of their observation days. We
then use this tool to analyze the frequent posters in our dataset.

We begin with each image’s location and the date and time
when it was taken (i. e., not when it was uploaded). We can thus
compute, for each image except the first in a sequence of a day’s
images, the minimum apparent speed at which the photographer
would have had to travel, using geodesic distances between the
locations. A speed of up to 5 km/h, e. g., is plausible for walking,
while a speed of over 200 km/h would imply flying an airplane.

To understand the behavior of a person based on a sequence of
images, we now arrange colored marks that represent the images

and their speeds sequentially (see Fig. 15 where each horizontal
line of marks represents a day of observation). We space the marks
apart depending on their geographic distance, log2-transformed so
that we can both accommodate and see small and large distances.
We assign colors based on meaningful speed intervals (no motion,
walking, speed walking, bicycles, cars, sports cars without a speed
limit, and airplanes) as shown in the color legend of Fig. 15. In the
visualization, however, we do not only want to see short time spans
such as a day but also the evolution of the posting behavior over the
whole time a person contributed (typically several years). We thus
anchor each day sequence with respect to the x-axis based on the
day’s date, and follow the sequence from that location horizontally
as just described. We use the y-axis to stack several days, and each
line’s y-coordinate simply reveals the number in the sequence of
days on which a person contributed to the dataset. Notice that in
this mapping the x-axis represents two notions of time. First, on
a time scale of years it shows the day on which pictures were
taken—whose date is indicated by each first gray box in a row.
Second, it visualizes a notion of sequence during a single day,
independent of a correct timestamp: the sequence of colored boxes
in a row whose date is marked by the first box in each row.

The resulting Motion Plausibility Profile allows us to gauge to
what degree a frequent poster’s geo-data is plausible. Looking at
the person who we hypothesized in Sec. 5.2 had adjusted their data
(Fig. 15), we can indeed confirm that they moved (or manually
specified) the geographic locations of their images. In their first
phase, in 2008, they recorded only one or two images per day (we
mark the first image of a day in gray as we cannot compute a speed
for it). Next, between 2010 and 2013, the locations of each image
was changed individually (e. g., with a random offset to the real
position), leading to a variety of apparent speeds—including some
that would imply multiple airplane trips a day. This period also
includes the sites we showed in Fig. 13 with pictures from May
2012. The EXIF data provided by Flickr reports the used camera
model, which provided GPS capture only as an optional accessory
so the poster may or may not have used automatic coordinate
capture. Finally, starting in late 2013, the poster located all their
pictures from a day at a single spot (including the site in Fig. 14),
as indicated by the blue markers (i. e., 0 km/h). Still, even at that
time this person continued to use the same camera model. Starting
in 2016, however, they used a different camera with integrated GPS
coordinate recording. Yet this new camera does not seem to have
changed how they treated picture locations according to Fig. 15.

Fig. 16 shows the motion plausibility profiles of several
additional active contributors (≥80 images each). The most active
poster in Fig. 16(a) with 669 images shows largely plausible speeds.
The black markers in this profile indicate images with an identical
time stamp, which is plausible for this person as they contributed
to both Panoramio and Flickr and we merged the profiles from both
services for those posters we could identify as identical people.
The profiles in Fig. 16(c) and (f) also seem largely plausible, while
Fig. 16(b) shows some adjustment and Fig. 16(d),(e) has a lot of
evidence for data changes. Notice that we use circular markers
for those observations that do not have a valid time stamp such
as in the example in Fig. 16(c). Some motion plausibility profiles
also show multiple entries with identical time stamps, such as
Fig. 16(e). These may arise from uploading multiple pictures for
which no time stamps were recorded, similar to several images
initially without coordinates being located at a single position.

The profile also shows different contribution rhythms. The
posters in Fig. 16(a),(c), e. g., contributed consistently throughout
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Fig. 16. Motion plausibility profiles of some of the other top contributors in the Panoramio/Flickr dataset. Same principle and color scale as in Fig. 15.

the years, while others (Fig. 15, Fig. 16(b)) mainly during quite
specific times (vacations?). Still others (Fig. 16(d),(e),(f)) only
contributed on a few days overall, but then many pictures per day.

A limitation of the motion plausibility profiles is that they
require a certain minimum number of observations per person, i. e.,
they are not useful for most contributors. Yet they allow us to review
the behavior of the most active posters and mark certain locations
reported by them as suspicious. This process could be combined
with the within-poster analysis (Sec. 5.1), which does not require
visual inspection and also works for a lot fewer observations
per person. Together with the positive confirmation from the
between-poster analysis we could derive a single plausibility factor,
parametrized to a given application case. We purposefully do not
specify specific weights here as any mapping has pros and cons.

A negative ranking from any of the measures, however, does not
mean that a specific data point would be useless. Even those social
media posters for whom we could demonstrate data adjustments
are not likely to move the locations of observations, e. g., to other
countries or continents. We believe (but cannot prove) that the
manually specified locations are within a few kilometers of the
actual site, such that the data can still be used for a general habitat
analysis as we did in Fig. 3 and 4. Evidence for this hypothesis is
that, to the best of our knowledge, the locations in the dataset
correspond to the natural habitats of the respective plants or
to places where the plants have been introduced (as previously
discussed for S. purpurea. The only exception we found were
several locations of Nepenthes plants in Central America, which
we excluded during data collection. As mentioned before, a main
reason for data hiding for our specific type of data is to protect the
plants. For example, the person examined in more detail in Fig. 15
works for a botanical garden, according to their Flickr profile.

7 CITIZEN SCIENCE DATA: INATURALIST

After our analysis of habitat locations extracted from social media
posts had progressed as we have described so far, we learned about
the existence of the citizen science biodiversity site iNaturalist—of
which we had previously been unaware. It allows users to post
their observations of any living species including pictures and geo-
locations. By design, the site thus works fundamentally different
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Fig. 17. Logarithmic plots, for the iNaturalist carnivorous plant data, of
the number of (a) the contributors’ postings over their rank and (b) the
observations per species over the species’ rank, showing their power-law-
like distribution—comparable to the Panoramio/Flickr dataset (Fig. 9).

from the ‘scraping’ of habitat information from social media such
as Panoramio or Flickr that we had analyzed so far: any contributor
is aware that their data is recorded and potentially used to track
down the species. Moreover, users are encouraged to confirm or
correct the observed species from posts of others, leading to less
classification errors. Advantageous for us, iNaturalist makes their
data easily accessible to interested parties and also contains data
about the subject matter of our interest. This fact thus provided us
with a unique opportunity to compare the two different approaches
to socially collected data, which we describe next.

7.1 Analysis of iNaturalist
iNaturalist consciously takes geo-privacy seriously and offers
controls to hide the true geolocation of data points [68, Box 10.1
on pp. 355–356] (also called “fuzzing” of locations [11]). For
each observation, the reporting person can choose to set a
geoprivacy tag to either obscure the precise location of a data
point4 or to completely hide it from public display. Moreover, the
geo-locations of some taxa are automatically obscured using a
taxon geoprivacy tag. The latter, however, is location-specific:
for instance, we found obscured entries for Drosera rotundifolia
only in North America, while un-obscured entries for the species

4The publicly shown geo-locations are random points within a 0.2° × 0.2°
area that contains the true coordinates (i. e., a 22 km × 22 km area at the equator).

https://www.inaturalist.org/
https://www.inaturalist.org/
https://www.inaturalist.org/
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Fig. 18. Geographic distribution of the iNaturalist carnivorous plant
dataset, created using the same means and mapping as in Fig. 5.

(a)

(b)

Fig. 19. Comparison of the geographic distibution of (a) the precise and
(b) the obscured observations in the iNaturalist carnivorous plant dataset.

exist in North America, Europe, and Asia. Overall, for our chosen
carnivorous plant subset, approx. 26.7% (8,035 out of 30,118) of
the observations are obscured (as of March 2020).5

In total we thus have about 3× as many data points compared
to those from Panoramio and Flickr. Nonetheless, we can observe
similar overall data properties. As before, we find a power-law-like
distribution for people’s participation (Fig. 17(a)): 6.3% of people
(533 out of 8,431 total people posting observations) have posted
half of the observations. We fitted a discrete power law distribution
fit with parameter α = 2.08 and standard error σ = 0.022, for
xmin = 3. We can also find a power-law-like distribution for species
(Fig. 17(b)); a discrete power law fit yielded the parameter α = 1.40
and a standard error of σ = 0.017, for xmin = 1. The lack of a
clear tail compared to the Panoramio/Flickr dataset may be due
to the increased emphasis on classification (we excluded the non-
classified genus-only entries in Fig. 9(b) and 17(b)).

The fundamental difference to our previous dataset, in fact,
is iNaturalist’s goal of “research-grade” data, which includes not
only precise positions but also reliable species classification. They
achieve this goal by encouraging all contributors to verify or
correct other poster’s classifications. In our data subset, 89.4% of
the entries were classified as research grade and it only included
5.3% genus-only entries, compared to 11.8% for our own dataset.

5Only a single observation in this dataset was independently contributed by
a co-author of this article, before becoming involved in the work.

Moreover, iNaturalist focuses on organisms in the wild, tagging
cultivated animals or plants (if included) specifically so that we did
not have to identify and filter them out.

Yet iNaturalist data is not without bias either. It focuses, in
particular, much more on North America and some regions of
South Africa, Australia, New Zealand, and the Alps in Europe
(Fig. 18), compared to the (also heavily biased, as we showed)
global distribution of our Flickr data (Fig. 5). This bias also
shows in the mentioned regional differences in the use of the
taxon geoprivacy tag, as well as in the posters’ use of iNatu-
ralist’s data obscuring (Fig. 19: entries are primarily obscured in
North America). As the site only started in 2008, this may thus be
an artifact of local interest/publicity and also a language barrier.

Particularly interesting, however, is the comparison through
our motion plausibility profiles. Here, we need to extend the
visualization to also take the precision of an observation into
account because it does not make sense to include imprecise
locations into distance and speed computations. We thus represent
those observations that we know are imprecise (either through
the taxon geoprivacy tag or through contributors themselves
marking the geoprivacy tag) as outlined shapes, and we exclude
them from the apparent speed computations. We show the result for
some of the top iNaturalist contributors in Fig. 20 (we show all top
12 Panoramio/Flickr and top 30 iNaturalist contributors’ profiles in
Fig. 66–72 in the additional material).

We can observe that many observations, in fact, have plausible
motion patterns. Overall, we still observed several cases where a
set of images was assigned to the exact same location, yet overall
this seems to be less frequent than in the Panoramio/Flickr dataset.
Moreover, it does not mean that the data is actively hidden, it could
be manually entered pictures without (or with erroneous) location
information. What is especially interesting is that we were able to
identify people who (based on matching names and descriptions
on the different services) contributed to both data sources. For
example, we matched the motion plausibility profile in Fig. 16(c)
(299 observations) to the one in Fig. 20(f) (192 observations).
This person (“J. Doe”) made active use of geoprivacy, with 50%
of locations obscured. While only three images with location
information were posted on Flickr after 2016, new observations
continue to be added in iNaturalist. We identified two more likely
matches for people with more than 70 contributions to the Panora-
mio/Flickr data, yet they had only few entries in the iNaturalist data
so far (5 and 41 observations, respectively) so creating a motion
plausibility profile for them does not yet make much sense.

7.2 Dataset combination
We merged both sources as shown in Fig. 21. The simple com-
bination seems unproblematic because, with only the mentioned
single exception, the top contributors do not seem to have been
active in both Panoramio/Flickr and iNaturalist. For the combined
visualization we treat precise and obscured data points as two
separate data sources, showing the latter ones in a different color to
visually indicate that their locations are only approximations. We
can thus now use the precise data from iNaturalist specifically as
references to validate social media points as done with between-
poster verification in Fig. 10. We can treat the precise iNaturalist
as validated (due to their verification within iNaturalist), while we
know that the obscured ones should not be used to verify locations
of others within any radius smaller than 25 km. Nonetheless, all
data points (including obscured ones as well as the ones in the
Panoramio/Flickr dataset we considered to have been adjusted) can
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Fig. 20. Selection of motion plausibility profiles from the top contributors in the iNaturalist dataset. Same principle and color scale as in Fig. 15, with
the addition of entries without full time stamp marked using circles. These date-only entries are also not included in the color scheme considerations.
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Fig. 21. Entries from both datasets shown via graduated [6] pie charts,
scaled by the logarithm (base 1.2) of the entry count in the respective
grid cell, for the example of Europe and parts of Asia (other examples in
Fig. 50–64). Interestingly, the iNaturalist data also extends into central
Russia, an area largely missing from the Panoramio/Flickr data.

be used for global habitat maps as we had explained. And as one
can see in Fig. 21, for some sectors the Panoramio/Flickr dataset
provides the majority or even the only set of observations.

It would certainly be useful to develop a form of joined scale
of plausibility for the observations we have in our data. Finding
a generally applicable measure, however, is difficult because it is
unclear how to weigh the different verification levels for individual
data points as well as data contributors. We thus leave this as an
open problem and only provide the individual measures.

8 SUMMARY AND COMPARISON TO THE LITERATURE

To assess the contribution of our case study we can now ask to
what degree the discussed biases and errors have been documented
in the literature in the past. In fact, we can find that some have
been discussed previously, in particular with respect to citizen
science, as we also outlined in Sec. 2. For example, the problem of
inappropriate entries is well established in citizen science, which
can be addressed through participant training [40], [66] and data
cleaning [76]. Also the limitations of GPS-derived location data is

well known (e. g., [16], [42], [70]). Finally, the fact that the number
of contributions from people to social media follows a power law
distribution is also known. For example, it has previously been
shown for OpenStreetMap data [44].

To approach this comparison with past work more system-
atically, after our described data analysis we first collected all
errors and biases that we found, both for the Panoramio/Flickr and
for the iNaturalist dataset. We then subdivided categories, e. g.,
for population and popularity biases to account for the different
effects we found in our analysis, in particular to distinguish global
and local effects. We also took the above-mentioned literature
into account and systematically searched for references for each
of the identified bias or error class. In fact, the structure of our
description in Sec. 4 already reflects this systematic approach, in
that it discusses the different types in a structured way. Here we
now list the summary of the results of our analysis in Table 1,6

which describes each bias or error briefly, provides links to our
evidence throughout the paper and our additional material, and lists
past discussions in the literature. For example, we provide visual
evidence for identical GPS coordinates for multiple observations in
iNaturalist data and for cultural differences of the use of the geo-
privacy feature in iNaturalist. Furthermore, several of the biases or
errors are also typical problems in data analysis such as the power
laws we showed, yet we demonstrate them for citizen-contributed
habitat data. Finally, for some biases we show new aspects, such
as our visual demonstration of the influence of local site access to
observations of plant habitats.

More importantly, however, we provide evidence for many of
the data biases and errors for habitat data derived from social media,
i. e., data that was not collected in a citizen science context—we
had extracted our own species habitat data from online image

6In Table 1 we only list biases and errors we found, expected to find, or
discussed above, but others exist in citizen science as noted, e. g., by Kandel et al.
[37] and Waller [71]. There are also biases in general social media contribution
that we did not identify in our data. For example, gender participation disparities
exist in projects such as OpenStreetMap [21], [28], yet—while a similar bias
may exist in our data—it is unlikely, due to our focus on a quite specific subject
matter, that this would lead to “gender content disparities, in which content of
interest to men is better represented than content of interest to women” [21].
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TABLE 1
Biases and errors as discussed in Sec. 4–7: our evidence (visualizations, examples), and links past literature where these biases/errors have been
discussed before (incl. those newly demonstrated for either data source, known problems in data analysis but here demonstrated for species data

collected by citizen scientists, and known problems with new aspects shown). Figures beyond Fig. 21 can be found in the additional material.

name and description type shown for Pano-
ramio/Flickr

shown for
iNaturalist

past discussion for regular
citizen science data

past discussion for “repur-
posed” social media data

general population bias, people are not evenly distributed on Earth bias Fig. 6 Fig. 6 e. g., [13] e. g., [61]
poster-population bias, posters do not represent the overall population bias Fig. 5(a) vs. 6 Fig. 18 vs. 6 e. g., [12], [13], [40] e. g., [17], [18], [55]
cultural tool bias, social media posters adopt tools or services
differently based on their region of origin

bias comparison of both datsets:
Fig. 21, Fig. 49–64

typical problem of social media (e. g., [34])

global site popularity, popular regions where people live, travel to, or
spend vacations get more reports (e. g., national parks)

bias Fig. 5 Fig. 18 e. g., [22] none tbk.*

local site popularity, specifically marked places in natural/state/etc.
parks (e. g., walks, view points) get many reports in very small places

bias Fig. 8, 44 Fig. 45 none tbk.* none tbk.*

local site access, more reports near or close to roads or paths bias Fig. 7, 46 Fig. 46 abstract (“convenient loca-
tions”) [13], coarse (road/
path density) [8], [23],
[47]; not detailed as Fig. 7

none tbk.*

individual poster contribution skew, power law of number of
contributions by individual posters

bias Fig. 9(a), Fig. 31 Fig. 17(a),
Fig. 34

e. g., [44] (typical
problem; e. g., [52])

none tbk.* (typical problem;
e. g., [52])

inapplicable entries, some entries should not have been included; e. g.,
cultivated plants at home, in stores, or in botanical gardens

error Fig. 1, but data
is “involuntary”

no; rare due to
cultivation tag

participant training [40],
[66], data cleaning [76]

n/a but typical problem,
data cleaning [76] possible

inherent geographic location offset, natural limitations of GPS location
measurement

error inherent, Fig. 44 inherent,
Fig. 45

e. g., [16], [42], [70] only in passing: [18]

small offset through (well-intentioned) manual location entry w/o
GPS data from memory (e. g., prior to public GPS start in 1980s)

error inherent; e. g.,
F 7826985010

inherent; e. g.,
iN 48182055

none tbk.* none tbk.*

coordinate errors through (well-intentioned) manual location entry
w/o GPS data, coordinate flips, zeroed coordinates (i. e., major errors)

error none found,
Fig. 5(c) vs. 37

none found e. g., [71], [76] e. g., [27], [37]; strangely,
our data lacks such errors

species popularity, popular plants species get more reports, power law bias Fig. 9(b), 32 Fig. 17(b), 35 e. g., [13] typical problem (e. g., [13])
only genus classification, lack of poster expertise error e. g., F 35188184 rare e. g., [16] typical problem (e. g., [16])
species misclassification, lack of poster expertise error e. g., F 16332954669 rare e. g., [13], [15], [16] none tbk.*

species classification change, errors that appear over time because
recognized species classification has changed

error Fig. 11, 47 Fig. 48 e. g., [14] typical problem (e. g., [75])

lack of species classification, images are unlabeled so less likely to be
used because difficult to find

bias e. g.,
F 24857758530

n/a, actively
prevented

usually n/a none tbk.*

search tool limitations, search returns incomplete/inconsistent results or
encourages posters to remove their contributions

bias Fig. 27, Fig. 28 none found or
inherent

none tbk.,* also not found
by us, probably n/a

e. g., [51]; but specific
aspects (Fig. 27, 28) new

single item offset through intentionally false location entry, location
offset because posters do not want to reveal exact location

error Sec. 5, Fig. 15,
F 3020563046

none found
explicitly

usually n/a only in passing: [17]

multiple items on single, offset location through intentionally false
location entry, exact same location for multiple items, possibly to avoid
the extra effort for entry or due to deliberate location obfuscation

error Sec. 5, Fig. 10,
Fig. 15

Fig. 70(e),
71(a)

locations recorded at region
centroid or on a raster [76];
intentional obfuscation more
likely for posted images

none tbk.*

random offset for geo-privacy as supported by citizen science projects n/a n/a built-in e. g., iNaturalist n/a (coord. can be omitted)
cultural differences in use of geo privacy of citizen science projects n/a n/a Fig. 19, 41–43 none tbk.* n/a
duplicated entries when combining independent datasets bias Fig. 73(a) vs. 73(b) typical problem in data source merging

*tbk. = to the best of our knowledge

sharing sites. On these social media sites, posters are not aware
that we would use their data for analyzing habitats, and many of
them may not even be aware that this is possible. Table 1 lists
the respective past discussion, if we found any, in the last column.
In particular, we demonstrated geo-coordinate manipulation in
this data, likely with the intention of protecting the plant habitats
from poaching. Also, we clearly demonstrated several aspects of
popularity of certain regions, influenced by the population and
popularity biases we discussed. Moreover, it is also interesting that
we did explicitly fail to observe certain aspects such as coordinate
errors through (well-intentioned) manual location entry without
GPS data (e. g., coordinate flips, zeroed coordinates), which had
otherwise been documented for social media data [37]. Table 1
visually showcases those biases and errors we newly demonstrate
(green background), those that are due to known problems in data
analysis but for which we demonstrate evidence visually in the
context of citizen-contributed habitat data (light green), and those
ones for which we demonstrate new aspects (yellow).

9 CONCLUSION

With our case study we thus, first, contribute to a better under-
standing of data biases and errors in citizen-contributed scientific

datasets—yet not only with respect to traditional citizen science
efforts but also and, in particular, with respect to “repurposed” data
derived from social media posts. We showed that, in addition to
existing explicit citizen science projects being able to fill gaps of
biodiversity data [3], an additional “contribution model” exists in
which data can be extracted from sources not targeted at citizen
science. But in such cases the questions of data plausibility, data
biases, and active data hiding have to be specifically investigated.
In addition to providing new visual evidence for known biases
and errors, we demonstrated biases and errors that had not yet
been discussed. Moreover, we demonstrated and provided visual
evidence for most of these biases and errors in habitat data
derived from image-related data posted on social media. So, while
admittedly laborious, our approach can allow scientists to gain
insight to some dedicated sub-field of biodiversity if the need (or
interest) exists and outweighs the needed labor. Moreover, our
approach allows even a single person to collect data (because
pictures exist for many types of subject matter—also beyond the
field of biodiversity), as opposed to relying on a whole community
to actively participate in a project such as iNaturalist.

Second, we contribute a new space-time visualization—the
Motion Plausibility Profile—that allows us to show some of these
errors in more detail. This visual representation qualitatively shows

https://www.flickr.com/photo.gne?id=7826985010
https://www.inaturalist.org/observations/48182055
https://www.flickr.com/photo.gne?id=35188184
https://www.flickr.com/photo.gne?id=16332954669
https://www.flickr.com/photo.gne?id=24857758530
https://www.flickr.com/photo.gne?id=3020563046
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certain data manipulations, for those dataset contributors with a
high number of observations. Our representation is interesting from
a visualization point of view because it shows space not in three
or two dimensions but uses only one dimension (i. e., distance).
Moreover, it represents two aspects of time: observations from
several times in the day (shown implicitly as a representation
of speed classes in a day’s image sequence) and observation
sessions from different days over the years. Our representation
thus combines one-dimensional distance with speed (derived from
distance and detailed time) and a coarse time representation—
somewhat akin to train schedule maps (discussed, e. g., by Tufte
[69])—, in contrast to other space-time cube representations. It
also goes beyond “space flattening” [7] since we use the local
coordinate system to encode both distance traveled in a day and
precise time (the latter implicitly via color-coded speed).

Together with within- and between-poster validation, the motion
plausibility profiles allow us to visually represent certain notions of
trust into, in particular, the geographic locations of the observations.
A neutral quantification of the errors and biases, however, is
likely not possible and also probably not desirable because the
visual representations depend on observation counts and viewer
contributions, which themselves are biased as we have shown.
So, in terms of whether a particular location report is plausible
or not, our visual aids are instead more related to the notion of
(qualitative) implicit error proposed by McCurdy et al. [50]. For
example, while the insights on the plausibility of a particular
contributor’s data highlighted by our motion plausibility profiles
can lead to disregarding the data if one looks to track down specific
populations, they could still be valid for larger-scale distribution
maps or for the yearly growth patterns of the plants due to the
introduced error likely being small and geographic in nature and
thus acceptable for some tasks and analyses. Moreover, evidence
for data manipulation does not necessarily imply that the respective
data is incorrect. Instead, the conclusions to be drawn from such
evidence will always depend on the specific application case.

Finally, we demonstrated the role that visualization can play in
this process of identifying and demonstrating errors and biases. We
were able to find, observe, and showcase the many biases and errors
as listed in Table 1, without much background in citizen science
as we showed through the personal report of our scientific journey.
Moreover, our specific observations and investigations of anecdotal
evidence even led to a new generalizable visual representation that
can be employed in future citizen science research and beyond.
With it we were able to show and visualize intentional location
data adjustment for geo-located social media posts, which, in our
data, is often due to (well-intentioned) data adjustment. Citizen
science projects like iNaturalist are more systematic about the
data collection and can reduce location adjustment with geo-
privacy mechanisms. They also reduce nomenclature errors through
community corrections. While iNaturalist thus produces better data
from more people interested in species habitats overall, the social
media data repurposing approach still has merit: it “reaches” a
different audience. Many plant amateurs are simply not aware of
the specialized citizen science apps like iNaturalist (including some
of us at the start of the project), or are interested to reach a different
audience with their images (e. g., people on popular platforms).

Our specific motion plausibility profile representation design
is also interesting in the context of space-time visualizations. It is
an example where specific geographic coordinates are not needed
for gaining insights into a person’s activity—the one-dimensional
traveled distance is sufficient. Moreover, we include two notions

of passing time along a single axis: the time during a day in form
of a sequence and speed, coupled with the covered distance, and
a second notion of coarser time granularity to represent different
days with pictures, which could be explored for extending existing
notions of space-time representation generalizations [7].

Of course, many more ways exist to wrangle, compare, and
analyze our data. In particular, it would be interesting to investigate
the differences in distribution of selected (well-covered species) in
our dataset and the iNaturalist data, potentially using the process
of species distribution modeling mentioned in the introduction.
Potentially this may lead to a better understanding of the habitat
of certain species. We also specifically did not recommend any
specific mechanism to compute a single measure of data plausibility
because this plausibility varies depending on the application and
data characteristics. So it would be interesting to investigate how
such visual representations can be integrated into data tools used
in different fields, in biodiversity research and beyond. It would
specifically be interesting to see our motion plausibility profiles
integrated into a citizen science tool such as iNaturalist, and
investigate if it helps researchers to better understand the data
or the project itself to understand the community’s use of their
geo-privacy feature. Finally, and relying on a hopefully growing
Flickr/Panoramio dataset, it would be interesting to also attempt a
quantitative analysis of some of the errors and biases.
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Do you believe your (social media) data? A personal story on location
data biases, errors, and plausibility as well as their visualization

Additional material

In this additional material we provide further examples. In Fig. 22–30 we show plots of some abstract data properties in the Flickr/
Panoramio data. Next, in Fig. 31–36 we provide further plots of the number of entries by contributors and by species for both datasets.
Further, in Fig. 37–43 we show more plots about the global distribution of both datasets, while in Fig. 44–48 larger versions and
additional plots for local distributions. Then in Fig. 49–64 we explicitly compare the two datasets for several world regions. Fig. 65
shows a graphical explanation of the construction of our motion plausibility profiles, followed by the motion plausibility profiles for
all top 12 contributors in the Flickr/Panoramio dataset (Fig. 66–67) and all top 30 contributors of the iNaturalist dataset (Fig. 68–72).
Finally, Fig. 73 compares contributions of the same person (who we dubbed “J. Doe” elsewhere in the paper) in either dataset.
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Fig. 22. Date histogram by year and service, complete Panoramio/Flickr dataset. Interestingly, the number of posts per year declines after 2014,
possibly to due the fact that people post their pictures only after some time and not directly when taking them and/or due to Flickr’s changed
upload policies, which apparently have let quite a number people to delete their images from the service (see Fig. 27 for a graph that supports this
hypothesis). Another reason may be the increased popularity of sites such as iNaturalist.
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Fig. 23. Date histogram by month and service, complete Panoramio/Flickr dataset, ignoring pictures from before 2003.

http://www.flickr.com/photo.gne?id=6855169886
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Fig. 24. Aggregated date histogram by month, complete Panoramio/
Flickr dataset.
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Fig. 25. Elevation histogram, complete Panoramio/Flickr dataset.

0^
8

5^
8

10^
8

15^
8

20^
8

25^
8

30^
8

35^
8

40^
8

45^
8

50^
8

55^
8

60^
8

65^
8

70^
8

75^
8

80^
8

85^
8

90^
8

95^
8

100^
8

105^
8

110^
8

115^
8

120^
8

125^
8

130^
8

135^
8

140^
8

145^
8

150^
8

155^
8

160^
8

165^
8

170^
8

175^
8

180^
8

185^
8

190^
8

195^
8

200^
8

205^
8

210^
8

215^
8

220^
8

225^
8

230^
8

235^
8

240^
8

245^
8

250^
8

255^
8

260^
8

265^
8

270^
8

275^
8

280^
8

285^
8

290^
8

295^
8

300^
8

305^
8

310^
8

315^
8

320^
8

325^
8

330^
8

335^
8

340^
8

345^
8

350^
8

355^
8

360^
8

365^
8

370^
8

375^
8

380^
8

385^
8

390^
8

395^
8

400^
8

405^
8

410^
8

415^
8

420^
8

425^
8

430^
8

435^
8

440^
8

445^
8

450^
8

455^
8

460^
8

465^
8

470^
8

475^
8

480^
8

485^
8

490^
8

495^
8

0

20

40

60

80

100

120

140

160

Fig. 26. Histogram of Flickr ID bins for the identified plausible habitat images, complete Flickr dataset. Each bin contains 108 Flickr IDs. This plot
shows some interesting patterns: We are not clear about the reason for the drop at around 120 ·108 and why fewer entries exist in the more recent
bins since all bins are of equal size. These effects may be caused by the employed search strategies for the images using our set of keywords, or
potentially it is caused by when we conducted the searches for potential picture IDs on Flickr (which we then cached for later manual inspection).



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 17

Fig. 27. Flickr’s changed upload policies from January 2019 apparently have let quite a number people to delete their images from the service. This
fact may have let us to “lose” some images in the process (see Fig. 22) since we do not continuously scrape the Flickr database but instead query it
only in irregular intervals. Flickr image 6855169886 by Franck Michel (cb CC BY 2.0).
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Fig. 28. Histogram of Flickr IDs of unclassified pictures returned by a search a few days after a previous search, both with the identical keyword set.
The long peak on the right are newly uploaded images, but the small peaks represent older uploaded images that were not found by the first search.
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https://creativecommons.org/licenses/by/2.0/
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Fig. 29. Example for analyzing the elevation distribution in the dataset for different species: Comparison of three elevation histograms with different
characteristics for (a) Drosera rotundifolia, (b) Dionaea muscipula, and (c) Pinguicula aplina.
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Fig. 30. Example for analyzing the temporal distribution in a year in the dataset for different species: Comparison of the monthly sightings of two
sundew species: (a) Drosera rotundifolia which occurs on the Northern Hemisphere and (b) Drosera arcturi from the Southern Hemisphere. The two
plots clearly show the different growth periods in the Northern and Southern Hemispheres, respectively, but could also be influenced by when people
travel to visit the respective habitats.
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Fig. 31. Observation count by person in the complete database Panoramio/Flickr, sorted by rank.
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Fig. 32. Species count in the complete Panoramio/Flickr database of all species that we found, sorted by rank.
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Fig. 33. Species count in the complete Panoramio/Flickr database of all species that we found, sorted by species name.
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Fig. 34. Observation count by person in the complete database iNaturalist, sorted by rank.
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Fig. 35. Species count in the complete iNaturalist database of all species that we found, sorted by rank.
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Utricularia chiribiquetensis
Utricularia capilliflora

Utricularia caerulea
Utricularia breviscapa

Utricularia brachiata
Utricularia bisquamata

Utricularia biloba
Utricularia bifida

Utricularia biceps
Utricularia benthamii

Utricularia benjaminiana
Utricularia beaugleholei

Utricularia barkeri
Utricularia babui

Utricularia australis
Utricularia aurea

Utricularia asplundii
Utricularia arnhemica

Utricularia arenaria
Utricularia arcuata

Utricularia appendiculata
Utricularia amethystina

Utricularia ameliae
Utricularia alpina

Utricularia albocaerulea
Utricularia adpressa

Utricularia (unclassified)
Sarracenia × wrigleyana

Sarracenia × naczii
Sarracenia × moorei

Sarracenia × mitchelliana
Sarracenia × harperi

Sarracenia × catesbaei
Sarracenia × areolata

Sarracenia rubra rubra
Sarracenia rubra gulfensis

Sarracenia rubra
Sarracenia rosea

Sarracenia purpurea venosa
Sarracenia purpurea purpurea
Sarracenia purpurea montana

Sarracenia purpurea
Sarracenia psittacina

Sarracenia minor okefenokeensis
Sarracenia minor minor

Sarracenia minor
Sarracenia leucophylla

Sarracenia jonesii
Sarracenia flava rugelii

Sarracenia flava rubricorpora
Sarracenia flava
Sarracenia alata

Sarracenia alabamensis wherryi
Sarracenia alabamensis

Sarracenia (unclassified)
Roridula gorgonias

Roridula dentata
Pinguicula vulgaris vulgaris

Pinguicula vulgaris
Pinguicula villosa

Pinguicula vallisneriifolia
Pinguicula vallis-regiae

Pinguicula takakii
Pinguicula spathulata

Pinguicula sharpii
Pinguicula rotundiflora
Pinguicula robertiana
Pinguicula reticulata

Pinguicula reichenbachiana
Pinguicula pumila

Pinguicula primuliflora
Pinguicula potosiensis

Pinguicula poldinii
Pinguicula planifolia
Pinguicula parvifolia

Pinguicula orchidioides
Pinguicula oblongiloba
Pinguicula nevadensis

Pinguicula nahuelbutensis
Pinguicula mundi

Pinguicula moranensis neovolcanica
Pinguicula moranensis moranensis

Pinguicula moranensis
Pinguicula mirandae

Pinguicula mesophytica
Pinguicula martinezii

Pinguicula macrophylla
Pinguicula macroceras

Pinguicula lutea
Pinguicula lusitanica
Pinguicula longifolia

Pinguicula lilacina
Pinguicula leptoceras

Pinguicula laueana
Pinguicula kondoi

Pinguicula jaumavensis
Pinguicula ionantha

Pinguicula immaculata
Pinguicula hirtiflora

Pinguicula heterophylla
Pinguicula hemiepiphytica

Pinguicula gypsicola
Pinguicula grandiflora grandiflora

Pinguicula grandiflora
Pinguicula gracilis

Pinguicula fiorii
Pinguicula esseriana

Pinguicula emarginata
Pinguicula elongata
Pinguicula ehlersiae

Pinguicula dertosensis
Pinguicula debbertiana

Pinguicula cyclosecta
Pinguicula crenatiloba
Pinguicula crassifolia

Pinguicula corsica
Pinguicula chilensis

Pinguicula casabitoana
Pinguicula calyptrata

Pinguicula calderoniae
Pinguicula caerulea

Pinguicula balcanica
Pinguicula arvetii

Pinguicula antarctica
Pinguicula alpina
Pinguicula algida

Pinguicula agnata
Pinguicula acuminata

Pinguicula (unclassified)
Nepenthes × kinabaluensis

Nepenthes weda
Nepenthes vogelii
Nepenthes villosa

Nepenthes vieillardii
Nepenthes ventricosa

Nepenthes veitchii
Nepenthes undulatifolia

Nepenthes truncata
Nepenthes tomoriana

Nepenthes tobaica
Nepenthes tentaculata

Nepenthes tenax
Nepenthes suratensis

Nepenthes stenophylla × veitchii
Nepenthes stenophylla
Nepenthes spectabilis
Nepenthes spathulata

Nepenthes smilesii
Nepenthes sibuyanensis

Nepenthes sanguinea
Nepenthes rowanae
Nepenthes rigidifolia

Nepenthes rhombicaulis
Nepenthes reinwardtiana samarindaensis

Nepenthes reinwardtiana
Nepenthes ramos

Nepenthes ramispina
Nepenthes rajah

Nepenthes rafflesiana hookeriana
Nepenthes rafflesiana

Nepenthes pulchra
Nepenthes platychila
Nepenthes pitopangii

Nepenthes philippinensis
Nepenthes pervillei
Nepenthes peltata

Nepenthes pectinata
Nepenthes papuana

Nepenthes northiana
Nepenthes nigra

Nepenthes neoguineensis
Nepenthes murudensis

Nepenthes muluensis
Nepenthes monticola
Nepenthes mirabilis

Nepenthes mira
Nepenthes minima

Nepenthes mindanaoensis
Nepenthes mikei

Nepenthes micramphora
Nepenthes merrilliana

Nepenthes maxima
Nepenthes masoalensis
Nepenthes mapuluensis

Nepenthes madagascariensis
Nepenthes macrovulgaris

Nepenthes macrophylla
Nepenthes macfarlanei

Nepenthes lowii
Nepenthes leonardoi

Nepenthes lavicola
Nepenthes lamii

Nepenthes klossii
Nepenthes kitanglad
Nepenthes khasiana

Nepenthes kampotiana
Nepenthes jamban

Nepenthes jacquelineae
Nepenthes izumiae
Nepenthes insignis
Nepenthes inermis
Nepenthes holdenii
Nepenthes hispida
Nepenthes hirsuta

Nepenthes hemsleyana
Nepenthes hamata

Nepenthes halmahera
Nepenthes gymnamphora

Nepenthes gracillima
Nepenthes gracilis

Nepenthes graciliflora
Nepenthes glabrata

Nepenthes gantungensis
Nepenthes fusca
Nepenthes flava

Nepenthes faizaliana
Nepenthes eymae

Nepenthes eustachya
Nepenthes ephippiata

Nepenthes edwardsiana
Nepenthes dubia

Nepenthes distillatoria
Nepenthes densiflora
Nepenthes deaniana

Nepenthes danseri
Nepenthes clipeata

Nepenthes chaniana
Nepenthes campanulata

Nepenthes burkei
Nepenthes burbidgeae
Nepenthes boschiana

Nepenthes bokorensis
Nepenthes bicalcarata

Nepenthes biak
Nepenthes bellii

Nepenthes attenboroughii
Nepenthes aristolochioides

Nepenthes argentii
Nepenthes appendiculata

Nepenthes andamana
Nepenthes ampullaria

Nepenthes albomarginata
Nepenthes alata

Nepenthes adnata
Nepenthes (unclassified)

Nepenthaceae (unclassified)
Heliamphora nutans

Heliamphora heterodoxa
Genlisea repens

Genlisea metallica
Genlisea margaretae

Genlisea hispidula
Genlisea guianensis

Genlisea flexuosa
Genlisea aurea

Drosophyllum lusitanicum
Drosera × woodii

Drosera × sidjamesii
Drosera × obovata
Drosera × hybrida

Drosera × glabripes
Drosera × corinthiaca

Drosera × californica arenaria
Drosera zonaria
Drosera zeyheri

Drosera xerophila
Drosera whittakeri

Drosera viridis
Drosera venusta

Drosera variegata
Drosera uniflora

Drosera ultramafica
Drosera tubaestylis

Drosera trinervia × cistiflora
Drosera trinervia

Drosera tracyi
Drosera tomentosa glabrata

Drosera tomentosa
Drosera thysanosepala

Drosera tentaculata
Drosera sulphurea
Drosera subhirtella

Drosera stricticaulis
Drosera stolonifera

Drosera stenopetala
Drosera stelliflora

Drosera squamosa
Drosera spirocalyx

Drosera spiralis
Drosera spilos

Drosera spatulata spatulata
Drosera spatulata gympiensis

Drosera spatulata
Drosera slackii

Drosera sewelliae
Drosera sessilifolia

Drosera serpens
Drosera schwackei
Drosera schmutzii

Drosera schizandra
Drosera rupicola

Drosera rubrifolia
Drosera rotundifolia

Drosera rosulata
Drosera roseana

Drosera roraimae
Drosera riparia

Drosera regia
Drosera rechingeri

Drosera ramentacea
Drosera ramellosa
Drosera pygmaea

Drosera purpurascens
Drosera pulchella
Drosera praefolia
Drosera porrecta

Drosera platystigma
Drosera platypoda
Drosera planchonii

Drosera pilosa
Drosera petiolaris

Drosera peltata
Drosera pauciflora

Drosera patens
Drosera paradoxa

Drosera pallida
Drosera ordensis

Drosera oblanceolata
Drosera nitidula

Drosera nidiformis × natalensis
Drosera nidiformis

Drosera neocaledonica
Drosera neesii

Drosera natalensis
Drosera nana

Drosera murfetii
Drosera monticola
Drosera montana
Drosera modesta
Drosera miniata

Drosera micrantha
Drosera menziesii

Drosera marchantii
Drosera mannii
Drosera magna

Drosera madagascariensis
Drosera macrophylla

Drosera macrantha
Drosera lunata
Drosera lowriei

Drosera linearis × rotundifolia
Drosera linearis
Drosera latifolia
Drosera lanata

Drosera kaieteurensis
Drosera intermedia × rotundifolia

Drosera intermedia
Drosera indica

Drosera hyperostigma
Drosera humilis

Drosera humbertii
Drosera huegelii
Drosera hookeri

Drosera hirticalyx
Drosera hirtella
Drosera hirsuta
Drosera hilaris

Drosera heterophylla
Drosera gunniana

Drosera graomogolensis
Drosera grantsaui

Drosera gracilis
Drosera glanduligera

Drosera glabripes
Drosera gigantea

Drosera fulva
Drosera fragrans

Drosera finlaysoniana
Drosera filiformis floridana
Drosera filiformis filiformis

Drosera filiformis
Drosera esterhuyseniae

Drosera esmeraldae
Drosera erythrorhiza
Drosera erythrogyne

Drosera ericgreenii
Drosera eneabba

Drosera drummondii
Drosera dilatatopetiolaris

Drosera dielsiana
Drosera darwinensis

Drosera curvipes
Drosera cuneifolia

Drosera communis
Drosera collinsiae

Drosera collina
Drosera coccipetala

Drosera cistiflora
Drosera chrysolepis

Drosera chimaera
Drosera cayennensis

Drosera capillaris
Drosera capensis

Drosera camporupestris
Drosera burmanni
Drosera burkeana

Drosera bulbosa
Drosera brevifolia

Drosera brevicornis
Drosera binata

Drosera banksii
Drosera auriculata

Drosera arcturi
Drosera aquatica

Drosera anglica
Drosera amazonica

Drosera aliciae
Drosera albonotata

Drosera alba
Drosera admirabilis

Drosera adelae
Drosera acaulis

Drosera aberrans
Drosera (unclassified)

Dionaea muscipula
Dionaea (unclassified)

Darlingtonia californica
Darlingtonia (unclassified)

Cephalotus follicularis
Byblis liniflora

Byblis gigantea
Byblis aquatica

Aldrovanda vesiculosa
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Fig. 36. Species count in the complete iNaturalist database of all species that we found, sorted by species name.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 25

Fig. 37. Records flagged as likely incorrect by Zizka et al.’s COORDINATECLEANER tool [76] applied to records for flowering plants from GBIF [49]
(image from [76, Fig. 1(a)]; cbn CC BY-NC 4.0). In our analysis we excluded many occurrences in botanical gardens similar to Zizka et al. but also
automatically rejected locations in cities and towns that obvisously showed windowsills or gardens, once we saw a first evidence of such records.
Moreover, we did not observe cases of zeroed coordinates as shown in this visualization (compare to Fig. 38 and Fig. 39). We also did not see many
cases of locations in the oceans; the few that we saw we manually filtered out based on our manual data inspection process described in Sec. 3.

Fig. 38. Heatmap of the 38,169 images from Flickr returned by our search that we visually inspected but which we classified as not showing valid
habitats. Note that this set also includes many locations with name/term/tag collisions with subject matter that has nothing to do with carnivorous
plants (e. g., due to the many languages we used for the search). Image generated with Page’s tool [58], colors indicate image count in a given
region: yellow: 1–9; light orange: 10–99; medium orange: 100–999; dark orange: 1,000–9,999; red: ≥ 10,000. In regions where the background map
is visible not a single image was recorded as ignored. Interestingly, as one can see in the heatmap we did not find patterns of zeroed coordinates,
coordinates with identical longitude and latitude, or many locations in the oceans compared to the analysis by Zizka et al. [76] shown in Fig. 37.

https://doi.org/10.1111/2041-210X.13152
https://creativecommons.org/licenses/by-nc/4.0/
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https://www.flickr.com/groups/806927@N20/
https://www.flickr.com/groups/806927@N20/
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(a) Geographic distribution of all observations in the iNaturalist carnivorous plant dataset (34,207 geo-located entries as of March 2020).

(b) Geographic distribution of the 22,513 precise observations in the iNaturalist carnivorous plant dataset (as of March 2020).

(c) Geographic distribution of the 11,694 obscured observations in the iNaturalist carnivorous plant dataset (as of March 2020).

Fig. 40. Larger version of the images in Fig. 18 and Fig. 19 of the global distribution of entries in the iNaturalist carnivorous plant dataset.
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(a) Entries for which taxon geoprivacy is empty. Likely the same meaning as “open.”

(b) Entries for which taxon geoprivacy is “open.”

(c) Entries for which taxon geoprivacy is “obscured.”

Fig. 41. Comparison of entries in the iNaturalist carnivorous plant dataset on the use of the taxon geoprivacy tag. It seems that the
taxon geoprivacy tag is used much more frequently in North America.
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(a) Entries for Drosera rotundifolia for which taxon geoprivacy is empty. Likely the same meaning as “open.”

(b) Entries for Drosera rotundifolia for which taxon geoprivacy is “open.”

(c) Entries for Drosera rotundifolia for which taxon geoprivacy is “obscured.”

Fig. 42. Similar comparison of entries in the iNaturalist carnivorous plant dataset on the use of the taxon geoprivacy tag (as in Fig. 41), but only for
Drosera rotundifolia (the species with the second-most entries in the dataset that grows more or less in the entrire northern hemisphere, see Fig. 4).
It seems that the taxon geoprivacy tag is used in a location-specific way because there are literally no obscured entries in Europe and Asia.
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(a) Entries for which geoprivacy is empty, which means “open.”

(b) Entries for which geoprivacy is “obscured.”

Fig. 43. Comparison of entries in the iNaturalist carnivorous plant dataset on the use of the geoprivacy tag which allows contributors to obscure the
locations of their observations (shown as a random point within a 0.2 by 0.2 degree area that contains the true coordinates) or make them completely
private (not shown at all). We do not show the latter here because the respective entries do not include latitude and longitude data (1.2% of the
non-cultivated entries). It seems that the “obscured” option is used more by people in North America than in the rest of the world.
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(a) (b)

(c) (d)

(e)

Fig. 44. Larger version of Fig. 8 (and comparison with a heatmap representation, all for the Panoramio/Flickr data): Local geographic bias due to the
certain spots such as natural parks being more popular for visitors than others: (a),(c) Darlingtonia State Natural Site in the United States and (b),(d)
Bako National Park in Malaysia. Interestingly, the case of Darlingtonia State Natural Site in (a),(c) also illustrates the GPS precision of our data: the
plants are located in only a very small region such that the spread of the observations’ geo-locations gives an indication of the expected precision of
the GPS data, despite the presence of trees in the area as shown in (e).

https://oregonstateparks.org/index.cfm?do=parkPage.dsp_parkPage&parkId=81
https://oregonstateparks.org/index.cfm?do=parkPage.dsp_parkPage&parkId=81
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(a) (b)

(c) (d)

Fig. 45. Same visualization as in Fig. 44, but for the iNaturalist data (only observations without geo-privacy applied): Local geographic bias due to the
certain spots such as natural parks being more popular for visitors than others: (a),(c) Darlingtonia State Natural Site in the United States and (b),(d)
Bako National Park in Malaysia. Similar to Fig. 44, also in this figure (a),(c) illustrate the GPS precision of the iNaturalist data: the plants are located
in only a very small region such that the spread of the observations’ geo-locations gives an indication of the expected precision of the GPS data,
despite the presence of trees in the area as shown in Fig. 44(e).

https://oregonstateparks.org/index.cfm?do=parkPage.dsp_parkPage&parkId=81
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(a) Panoramio/Flickr data; larger version of Fig. 7.

(b) iNaturalist data (only observations without geo-privacy applied).

Fig. 46. Local access bias due to streets and paths. Notice that for the iNaturalist data many observations are not shown in (b) because they have a
geo-privacy tag applied (because they would be randomly displaced and thus not show the local access bias of being close to roads and paths).
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(a) (b)

Fig. 47. Larger version of Fig. 11: Distribution of (a) Sarracenia purpurea and (b) Sarracenia rosea, according to the Panoramio/Flickr data. The
cases of S. purpurea in the same area of S. rosea are likely, in fact, S. rosea, which was only elevated to species status in 1999.

(a) (b)

Fig. 48. Same visualization as in Fig. 47, but according to the iNaturalist data (including all observations, both with and without geo-privacy applied; in
this large map section the random offset from geo-privacy is negligible): Distribution of (a) Sarracenia purpurea and (b) Sarracenia rosea. The cases
of S. purpurea in the same area of S. rosea are likely, in fact, S. rosea, which was only elevated to species status in 1999. Figure (a) shows that the
problem is not as bad as for the Panoramio/Flickr data (Fig. 48(a)), but it is still present.
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Flickr
Panoramio
iNaturalist
iNat. obsucred

Fig. 49. Enlarged version of Fig. 21: Entries from both datasets shown via graduated [6] pie charts, scaled by the logarithm (base 1.2) of the entry
count in the respective grid cell. Interestingly, the iNaturalist data also extends into central Russia, an area largely missing from the Panoramio/Flickr
data. A heatmap version of this data is shown in Fig. 50–52.

Fig. 50. Discrete heatmap of the number of entries of both datasets (same data as in Fig. 49). Separate plots in Fig. 51 and 52.
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Fig. 51. Discrete heatmap of the number of entries of the Flickr/Panoramio data (part of the data from Fig. 49 and 50).

Fig. 52. Discrete heatmap of the number of entries of the iNaturalist data (part of the data from Fig. 49 and 50).
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Fig. 53. Dataset contributions by the different services in our datasets: Entries from both datasets shown via graduated [6] pie charts, scaled by the
logarithm (base 1.2) of the entry count in the respective grid cell. Legend as in Fig. 49. A heatmap version of this data is shown in Fig. 54–56.

Fig. 54. Discrete heatmap of the number of entries of both datasets (same data as in Fig. 53). Separate plots in Fig. 55 and 56.
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Fig. 55. Discrete heatmap of the number of entries of the Flickr/Panoramio data (part of the data from Fig. 53 and 54).

Fig. 56. Discrete heatmap of the number of entries of the iNaturalist data (part of the data from Fig. 53 and 54).
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Fig. 57. Dataset contributions by the different services in our datasets: Entries from both datasets shown via graduated [6] pie charts, scaled by the
logarithm (base 1.2) of the entry count in the respective grid cell. Legend as in Fig. 49. A heatmap version of this data is shown in Fig. 58–60.

Fig. 58. Discrete heatmap of the number of entries of both datasets (same data as in Fig. 57). Separate plots in Fig. 59 and 60.
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Fig. 59. Discrete heatmap of the number of entries of the Flickr/Panoramio data (part of the data from Fig. 57 and 58).

Fig. 60. Discrete heatmap of the number of entries of the iNaturalist data (part of the data from Fig. 57 and 58).
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Fig. 61. Dataset contributions by the different services in our datasets: Entries from both datasets shown via graduated [6] pie charts, scaled by the
logarithm (base 1.2) of the entry count in the respective grid cell. Legend as in Fig. 49. A heatmap version of this data is shown in Fig. 62–64.

Fig. 62. Discrete heatmap of the number of entries of both datasets (same data as in Fig. 61). Separate plots in Fig. 63 and 64.
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Fig. 63. Discrete heatmap of the number of entries of the Flickr/Panoramio data (part of the data from Fig. 61 and 62).

Fig. 64. Discrete heatmap of the number of entries of the iNaturalist data (part of the data from Fig. 61 and 62).
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time

log2(Δs)

time & distance

(a) Two successive markers in a line indicate two pictures, one taken after the other. The distance between them is the log-transformed geodesic distance between
the places at which the pictures were taken, according to the meta data. While this log-transformation may be somewhat unusual, it ensures that we can show both
small and large distances within a reasonably compact plot and are still able to make out differences between them. In a linear mapping already the visit of two
habitat locations within the same day would have led to the large distance between the two sites fully dominating the small ones within each site. In an interactive
software tool such mappings could be chosen interactively, also including linear mappings. Several markers in a row indicate several pictures taken on the same
day, shown in sequence, with their respective distances. The first marker in a row, by its x-position, also marks the date of the series of pictures of that day.

time

log2(∆s)
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= 0 km/h ∆t = 0s

time & distance
(b) The color of each marker shows the apparent speed (using discretized speed ranges as explained in Sec. 6) that the photographer had to travel at least, if they
traveled at constant speed and on the geodesic path. The real maximum speed is thus always higher because the photographer likely cannot take the direct way
and also does not travel at constant speeds. The marked speeds are thus lower bounds for the average speed. In this version for readers with color impairments, we
transition from yellow (believable) to dark red (beyond unbelievable). The mapping for normal-sighted people uses an extended traffic light metaphor (green,
yellow, red, purple). The blue and black hues indicate conditions clearly different from the previous ramp (no motion or no time), so are outside of this metaphor.

timetime & distance

days
with

pictures

(c) Several days worth of images of a given contributor are shown with several rows. We stack the rows directly on top of each other to save space, as continued
periods without pictures can be read from the distances of the respective first markers of the rows on the x-axis.

< 5 km/h
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< 25 km/h

< 80 km/h

< 200 km/h

≥ 200 km/h

= 0 km/h

∆t = 0s

(d) The motion plausibility profile of the example contributor discussed in Sec. 5.2 and 6 (i. e., Fig. 15), connected with the example observations from Fig. 13
and 14. The arrows point to the rows of the days of the respective sets of observation.

Fig. 65. Schematic depiction of how to read motion plausibility profiles and the link between Fig. 13, 14, and 15.
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Fig. 66. The motion plausibility profiles of the top 1–6 contributors in the Panoramio/Flickr dataset, in decreasing order of number of observations.
Same principle and color scale as in Fig. 15/16. The plot of (b) is a scaled version of Fig. 15. The plots of (a), (c), and (d) were already contained in
Fig. 16 as Fig. 16(a)–(c), respectively.
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Fig. 67. The motion plausibility profiles of the top 7–12 contributors in the Panoramio/Flickr dataset, in decreasing order of number of observations.
Same principle and color scale as in Fig. 15/16. The plots of (a), (b), and (c) were already contained in Fig. 16 as Fig. 16(d)–(f), respectively.
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Fig. 68. The motion plausibility profiles of the top 1–6 contributors in the iNaturalist dataset, in decreasing order of number of observations. Same
principle and color scale as in Fig. 20. Circles are observations without a valid time stamp, outlined shapes are obscured observations. The plots of
(a), (b), (c), and (f) were already contained in Fig. 20 as Fig. 20(a)–(d), respectively.
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Fig. 69. The motion plausibility profiles of the top 7–12 contributors in the iNaturalist dataset, in decreasing order of number of observations. Same
principle and color scale as in Fig. 20. Circles are observations without a valid time stamp, outlined shapes are obscured observations. The plots of
(a) and (b) were already contained in Fig. 20 as Fig. 20(e) and (f), respectively.
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Fig. 70. The motion plausibility profiles of the top 13–18 contributors in the iNaturalist dataset, in decreasing order of number of observations. Same
principle and color scale as in Fig. 20. Circles are observations without a valid time stamp, outlined shapes are obscured observations.
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Fig. 71. The motion plausibility profiles of the top 19–24 contributors in the iNaturalist dataset, in decreasing order of number of observations. Same
principle and color scale as in Fig. 20. Circles are observations without a valid time stamp, outlined shapes are obscured observations.
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Fig. 72. The motion plausibility profiles of the top 25–30 contributors in the iNaturalist dataset, in decreasing order of number of observations. Same
principle and color scale as in Fig. 20. Circles are observations without a valid time stamp, outlined shapes are obscured observations.
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Fig. 73. Direct comparison of the motion plausibility profiles of the same person (“J. Doe”) based on (a) their Panoramio/Flickr data (same motion
plausibility profile as in Fig. 16(c) and in Fig. 66(d)) and (b) their iNaturalist data (same motion plausibility profile as in Fig. 20(f) and in Fig. 69(b)).
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