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Abstract

Biodiversity monitoring programs and citizen science data remain heavily biased toward the
Global North. Especially in megadiverse countries with limited biodiversity records, incor-
porating social media data can help address existing data gaps. However, whether such data
can significantly improve our understanding of range-shifting species is still unknown. We
tested whether social media data improved our knowledge of the range dynamics of a rapid
range-shifting butterfly, the tawny coster (Acraea terpsicore). We collated locality data from
Flickr and Facebook and compared these with occurrence data from the Global Biodiver-
sity Information Facility (GBIF). We used species distribution models (SDMs) and niche
assessments, which we calibrated with data from GBIF alone and both sources combined
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(GBIF and social media data) to analyze range shift dynamics. Social media data increased
occurrence records by 35%, and the proportion of social media data was higher in coun-
tries poorly represented in GBIF. In addition, we obtained new distributional information
from well-represented countries (e.g., Australia and Malaysia). Over time, the SDMs cali-
brated with GBIF and social media data showed greater expansion rates than SDMs based
solely on GBIF data. The niche assessments revealed that GBIF-only data failed to capture
regions with relatively low maximum temperature, relatively low precipitation and high ele-
vation. Our results highlight the potential of harnessing social media data to track rapid
biodiversity redistribution in response to climate change.
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1 Introduction

The current era is marked by a pressing biodiversity crisis (Diaz
et al., 2019; Dirzo et al., 2014; Pimm et al., 2014), driven by
various biodiversity threats, such as agricultural intensification
and expansion, habitat loss and fragmentation, biological inva-
sions, and climate change (Butchart et al., 2010; Jaureguiberry
et al., 2022; Joppa et al., 2016; Maxwell et al., 2016; Wilson,
1989). In response to these combined pressures on the environ-
ment, many species have already shifted (and are still shifting)
their distributions (Chan et al., 2024; Chen et al., 2011; Di
Marco et al., 2021; Lenoir & Svenning, 2015; Lenoir et al.,
2020; Yackulic et al., 2011). Indeed, biodiversity redistribution
in response to the consequences of human activities is now a
global phenomenon (Lenoir & Svenning, 2015; Lenoir et al.,
2020).

However, our understanding of this phenomenon is biased
both geographically and taxonomically (Feeley et al., 2017;
Hortal et al., 2015; Lenoir & Svenning, 2015). For instance,
a systematic review of 258 peer-reviewed studies reporting
species range shifts revealed that nearly 40% of the identified
range shifts (12,415 species) were of flowering plants, and 22%,
12%, 4%, and 0.5% were of insects, birds, fishes, and mammals,
respectively (Lenoir et al., 2020). Even within insects, there is
a strong bias toward specific groups, such as orthoptera and
dragonflies (5% of total documented range shifts; Lenoir et al.,
2020). This taxonomic bias is compounded by a severe geo-
graphical bias; only a limited number of studies are from the
tropics and the Global South (Lawlor et al., 2024; Lenoir et al.,
2020; Parker et al., 2024; Chowdhury, 2023), including many
megadiverse countries (i.e., countries with multiple biodiver-
sity hotspots). Assessing species range shifts requires detailed
species distribution data, typically unavailable for species from
the Global South (Hortal et al., 2015; Hughes et al., 2021).
This, in turn, biases our global overview of species undergo-
ing climate-induced range shifts. To improve our understanding
of species redistribution at a truly global scale, it is thus essential
that we compile data from all sources to better test how species
are responding to global change.

Rapid technological advances involving smartphones, digital
cameras, and fast Internet have revolutionized data collection

(Sheard et al., 2024; Van Klink et al., 2022). Moreover, any-
one from anywhere in the world now has the potential to
share their biodiversity observations on a variety of digital plat-
forms (e.g., apps, web pages, and social media; Caley & Cassey,
2023; Chandler et al., 2017; Pocock et al., 2018; Toivonen et al.,
2019). When appropriately harvested, such data can reduce
knowledge gaps in biodiversity distribution and monitoring and
help answer questions about how species respond to global
changes (Jarić et al., 2020; Soriano-Redondo et al., 2024). This
is especially relevant for countries where systematic biodiversity
monitoring programs are uncommon and that are poorly rep-
resented in global biodiversity repositories (Chowdhury, Aich,
et al., 2023; Marcenò et al., 2021; Mota et al., 2022). For exam-
ple, Global Biodiversity Information Facility (GBIF) data are
highly biased toward temperate countries, whereas very little is
known about the distribution of tropical species (Troudet et al.,
2017).

Recent studies have demonstrated that biodiversity data
posted on Facebook can be more representative than those
available from the GBIF (Chowdhury, Aich, et al., 2023). Using
a comprehensive set of biodiversity data in ecological research
is key to assessing species redistribution in the context of global
change. Combining social media data with GBIF data could
substantially improve conservation assessments (Chowdhury,
Fuller, et al., 2024), which can be useful to identify priority areas
for protection (Chowdhury, Ahmed, et al., 2024). Nevertheless,
biodiversity observation data from social media have rarely been
used in conservation assessments (Di Minin et al., 2015; Jensen
et al., 2019; Phakoago et al., 2024) or for tracking range-shifting
species (Chowdhury et al., 2026; Sbragaglia et al., 2024).

As a proof of concept, we aimed to address this important
knowledge gap by harvesting and harnessing social media data
to evaluate the distribution pattern of an ecologically important
butterfly that is currently undergoing a rapid range expansion
in response to global changes: the tawny coster (Acraea terpsi-

core). We chose the tawny coster as a model species first because
this species is currently experiencing a well-documented active
range expansion driven by global change, making it ecologi-
cally significant for understanding real-time shifts in distribution
(Chowdhury, Fuller et al., 2021). Second, as a highly visi-
ble and easily recognizable species, the tawny coster is often
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photographed and shared on public platforms, boosting its
detectability through social media. Although this method might
not be equally effective for more cryptic or less charismatic
species, our study helps identify the conditions where social
media data can be most valuable and highlights the opportunity
to focus similar efforts on other highly visible species.

We compiled occurrence records of the tawny coster from
social media (Facebook and Flickr) and combined these with
GBIF records. We anticipated that social media data would add
new locality information when combined with GBIF records,
covering otherwise unrepresented areas. We hypothesized that
the geographic range of this iconic species would differ from
the known range extent (Chowdhury, Braby, et al., 2021) and
that this would produce higher range expansion rates. Finally,
we predicted that the additional social media data would identify
novel combinations of the environmental niche space. Build-
ing on our findings, we provided recommendations on using
social media data to answer general ecological questions related
to species’ biogeography and macroecology that can affect real
change in conservation policies.

2 Methods

2.1 Tawny coster

The tawny coster butterfly has a well-documented geographic
range area (Chowdhury, Braby, et al., 2021), and its charisma, like
in many other butterfly species, attracts high public attention
on social media. This butterfly is native to the Indian subcon-
tinent (India, Bangladesh, and Sri Lanka) (Braby et al., 2014;
Chowdhury, Braby, et al., 2021), and since the 1980s, it has
rapidly expanded its range to other parts of South Asia (e.g.,
Bhutan, Nepal, and Pakistan) and Southeast Asia (e.g., Malaysia,
Singapore, and Thailand), eventually entering Australia in April
2012 (Braby et al., 2014). It was first recorded in Australia near
Darwin in the Northern Territory (Sanderson et al., 2012). In
subsequent years, the species spread toward Western Australia
(to Kimberly) and subsequently toward Queensland. Since its
arrival in Australia, the tawny coster has expanded its range
within the country at a rate of approximately 135 km/year, while
remaining within its native climatic niche (Chowdhury, Braby,
et al., 2021). The species can cover a wide range of habitats
and can migrate long distances (Chowdhury, Fuller, et al., 2021),
which has facilitated its expansion into new regions.

2.2 Data

We collated occurrence records and locality data for tawny
coster’s sightings from 3 different sources: GBIF, Flickr, and
Facebook. For all 3 data sources, we selected data from Jan-
uary 2005 to May 2024 to maintain a comparable sampling
period. We used 2 approaches to remove potential duplicates
in occurrence records: exact duplicates (i.e., rows containing the
exact same values for all the columns) and a comparison of the
distribution of occurrence data and occurrence records in the
same 21.625-km2 (4.65 × 4.65 km2) grid cells (based only on

longitude and latitude coordinates), which we used for niche
modeling and the niche overlap analysis. When searching for
distribution data on Flickr and Facebook, we used only the sci-
entific name (Acraea terpsicore) and the English common name
(tawny coster) for consistency with GBIF. Therefore, we did
not use any local language names, which might have caused
some geographic bias in our social media data collection, but
this should only underestimate the power of social media data
over GBIF data.

We downloaded GBIF data manually from the website
(https://www.gbif.org/; GBIF, 2024). The GBIF portal is a
collection of hundreds of citizen science applications, including
iNaturalist (Heberling et al., 2021), so we did not look for
citizen science data from other potential sources. In particular,
95% of GBIF data for this species come from iNaturalist.
When downloading occurrence records from GBIF for the
tawny coster, we kept only the presence data with coordinate
uncertainty below 10 km. It should be noted that many GBIF
occurrence records lack information on coordinate uncertainty,
and our choice to ignore these records resulted in a reduced but
more reliable sample.

We used a Python script, which relies on Flickr’s appli-
cation programming interface (API) (https://www.flickr.com/
services/developer) and its keyword search, to collect all pub-
licly available Flickr posts related to the tawny coster. We then
removed duplicates and any posts not containing a geotag from
the data. Using the URLs of the posts, we manually confirmed
the identity of the tawny coster in the photographs.

For Facebook data, we followed the protocol developed by
Chowdhury, Ahmed, et al. (2024). Specifically, the data extrac-
tion process was divided into 3 steps. First, we searched for
butterfly groups through a combination of taxon and country
names (Appendix S1). We collected all the known distribu-
tions (17 country names used as keywords) of the tawny coster
from Chowdhury, Braby, et al. (2021). When searching for
Facebook groups, we included 10 more countries from the sur-
rounding area. With these 27 keywords corresponding to 27
countries, we identified 41 Facebook groups from 17 countries
(Appendix S1). We reviewed each photograph and validated
the species’ information. From each photograph, we extracted
date (day, month, year), location, and photographer’s informa-
tion. We excluded photographs if their quality was unsuitable
for identification of the species, if a specific date and loca-
tion were not provided, or if the location provided in the
photographs was unspecified (>10 km uncertainty). Finally,
using the locations obtained from Facebook posts, we searched
the locality’s name in Google Maps (https://www.google.com/
maps) to georeference it and retrieve its coordinates (longitude
and latitude).

During the initial data cleaning process, we removed all dupli-
cate records (same coordinates) and kept only records between
January 2005 and May 2024. Our compiled dataset included
6459 occurrence records (GBIF: 4206; Flickr: 325; Facebook:
1928). The Facebook and Flickr data are in Appendix S2, and
the GBIF data are publicly available (GBIF, 2024).

We used the TerraClimate database (https://www.
climatologylab.org/terraclimate.html; Abatzoglou et al., 2018)

 15231739, 0, D
ow

nloaded from
 https://conbio.onlinelibrary.w

iley.com
/doi/10.1111/cobi.70234 by U

niversity of T
urku, W

iley O
nline L

ibrary on [18/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://www.gbif.org/
https://www.flickr.com/services/developer
https://www.flickr.com/services/developer
https://www.google.com/maps
https://www.google.com/maps
https://www.climatologylab.org/terraclimate.html
https://www.climatologylab.org/terraclimate.html


4 of 11 CHOWDHURY ET AL.

to obtain annual climatic predictor variables (from 2005–2023)
at a 21.625-km2 resolution. We used TerraClimate instead of
commonly used climate databases like WorldClim or CHELSA,
because it provided more recent variables that we used for tem-
poral matching. The climatic data for 2024 were not available
at the time we ran our analyses. We focused on 10 ecologically
relevant bioclimatic variables available in TerraClimate to model
the species’ distribution, encompassing environmental factors
that influence butterfly life cycles, particularly temperature,
water availability (evapotranspiration, precipitation, and soil
moisture), and environmental stress indicators, such as the
drought index and wind speed. These included 10 bioclimatic
variables: actual evapotranspiration, climate water deficit,
potential evapotranspiration, precipitation (monthly total), soil
moisture, maximum temperature, minimum temperature, wind
speed, runoff (monthly total), and the Palmer Drought Severity
Index. We further downloaded elevation data from the World-
Clim (https://www.worldclim.org/data/worldclim21.html)
database at the same spatial resolution of 21.625 km2.

2.3 Data preparation

We analyzed the range-shift dynamic of the tawny coster by
splitting the 2005–2024 period into 5 intervals of 4 years each
(2005–2008; 2009–2012; 2013–2016; 2017–2020; and 2021–
2024) and assigned the occurrence and climatic data, available
at a yearly resolution, according to each of those 5 periods.
For occurrence data, initially we held GBIF and social media
datasets separate. For each year interval and dataset, we kept a
single occurrence record per grid cell (21.625 km2). Finally, we
merged the GBIF and social media datasets to create the com-
bined dataset, so we had 2 datasets for the subsequent analyses:
the GBIF-only dataset versus the combined dataset.

For each of the 11 environmental variables, we cropped the
layers to the study extent (minimum longitude 60.875, maxi-
mum longitude 158.9583, minimum latitude −54.75, maximum
latitude 53.54167) and calculated the mean conditions for all
bioclimatic variables except elevation and for the 5 time inter-
vals. Given that the bioclimatic data for 2024 were not published
yet, for the last period (2021–2024) we computed mean cli-
matic conditions over 3 years instead of 4 years. We checked
for multicollinearity among the 9 bioclimatic variables and ele-
vation and removed highly correlated ones (|r| > 0.7) (Brun
et al., 2020). Consequently, we removed 4 bioclimatic variables
and kept the 7 remaining variables for the final analysis: climate
water deficit, precipitation (monthly total), soil moisture, max-
imum temperature, wind speed, the Palmer Drought Severity
Index, and elevation.

2.4 Habitat suitability maps

To obtain habitat suitability maps for the tawny coster, we fit-
ted MaxEnt species distribution models (SDMs) (Elith et al.,
2010; Phillips et al., 2017) in R (R Core Team, 2024) using the
ENMeval package (Kass et al., 2021). We ran the model twice

for each of the 5 time intervals, once for the GBIF-only dataset
and a second time with the combined dataset.

We fit SDMs with 7 predictor variables at a 21.625-km2 res-
olution (2.5 arc minutes). To control for potential biases in
the citizen science observations, for background points, we fol-
lowed the target-group pseudoabsences approach (Phillips et al.,
2009). Specifically, we used the occurrence records of a simi-
lar range-shifting butterfly species, Papilio demoleus (9834 points;
GBIF, 2025), as the pseudoabsence points. For all 5 intervals
and for both the model relying on GBIF-data only and the
model relying on the combined dataset, we used the same set of
pseudoabsences across the entire study extent (Appendix S3).
We did that to avoid the possibility that the background selec-
tion strategy will affect model outputs when comparing model
performances over time and between data sources (GBIF-only
vs. combined data). Before fitting the model, we removed dupli-
cate values in each raster cell and created a 500-km buffer
around the spatial records. We cropped the environmental vari-
ables to the buffered region to limit model overfitting. We
assigned the records to grid cells and then randomly assigned
grid cells to particular folds (validation and training bins; Kass
et al., 2021). We used the checkerboard2 evaluation method
(with the presence and background points), which can han-
dle overinflation of model performance, at least from biased
sampling. This evaluation method partitions geospatial records
and background points into evaluation bins to reduce spatial
autocorrelation between points in the testing and training bins.

To improve MaxEnt’s modeling performance, we performed
a calibration procedure by fitting the model under different
combinations of parameters and hyperparameters. Specifically,
we fitted the model under 6 feature class combinations (L, LQ,
H, LQH, LQHP, and LQHPT, where L is linear, Q is quadratic,
H is hinge, P is product, and T is threshold) and 8 different
regularization multipliers (0.5–4 at 0.5 intervals). Although the
feature class allows MaxEnt to develop composite models to
ensure a good fit to the data, regularization multiplier values
control model overfitting (Kass et al., 2021).

Overall, there were 48 models (6 feature classes × 8 reg-
ularization multipliers) for each data group (GBIF-only vs.
combined data) for each time interval. We used the raster pack-
age in R (Hijmans, 2023) to choose the best model with the
lowest corrected Akaike information criterion (AICc) (model
evaluation metric) (Kass et al., 2021). We used the 10% omis-
sion rate threshold value (Pearson et al., 2007) and transformed
the suitability map into binary classes based on the threshold
value (1 for presence with suitability value ≥ threshold value and
0 for absence with suitability value < threshold value). We cal-
culated the centroid position of these binary maps and used the
geosphere (Hijmans, 2022) package in R to calculate the range
expansion rate.

2.5 Niche assessment

We used the ecospat R package (Broennimann et al., 2023) to
evaluate whether the use of additional data from social media led
to significant differences in the realized niche space occupied by
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the species. We quantified the niche overlap between the GBIF-
only and combined dataset, for each time interval separately. We
used the same 7 environmental variables that were used for fit-
ting SDMs. We extracted the environmental data corresponding
to the occurrence records and ran the principal component anal-
ysis (PCA) to reduce dimensionality. We transformed the first 2
components (PC1 and PC2) into density by kernel smoothers.
We quantified niche overlap with Schoener’s D. This metric
varies between 0%, if there is no overlap between niches esti-
mated from the 2 datasets, and 100%, if there is complete
overlap (Broennimann et al., 2012).

To test whether the niches of GBIF-only and combined data
were statistically equivalent, we conducted a niche equivalency
test by randomly permuting the identities of the occurrences
across datasets (n = 100 permutations). Afterward, we con-
ducted niche similarity tests (also with 100 permutations) in
both directions, comparing the observed overlap to a null dis-
tribution of overlaps generated by randomly shifting one niche
within the background environment of the other. We separately
ran both tests for each time interval and assessed the signifi-
cance by the proportion of simulated overlaps that were equal
to or greater than the observed value following Broennimann
et al. (2012).

3 Results

Our cleaned and compiled dataset included 6459 occurrence
records, of which 65% (4206) were from GBIF and 35%
(2253) were from social media (Flickr, 5%; Facebook, 30%).
We noticed marked differences between data sources when we
compared the number of occurrence records across countries
(Figure 1). For most countries (13 out of 17), the number of
occurrence records substantially increased (>25%) after includ-
ing social media data (e.g., data increased from 10 to 224 for
Bangladesh and from 262 to 468 for Malaysia) (Figure 1a,b).
The distribution of the tawny coster is known from 17 coun-
tries (Chowdhury, Braby, et al., 2021), and we obtained a higher
percentage of data than GBIF from social media for 5 of
these countries (Figure 1a,b; Appendix S2). For example, we
obtained 3096 occurrence records from India, of which 64%
(1968) were from GBIF and 36% (1128) were from social media
(Figure 1a). The percentages of species occurrence records from
social media were higher for countries with a lower number of
total occurrence records, but >10% in all cases (range 10–44%)
(Figure 1b).

Over time, there were substantial differences in the tempo-
ral distribution of occurrence records (Figure 1c). Although the
initial period, from 2005 to 2007, had a larger percentage of
occurrence records from GBIF, subsequent years (2008–2018)
were characterized by a higher percentage of occurrence records
from social media, except for 2013. Following a substantial
decline during 2017–2022, the proportion of social media data
stabilized recently (Figure 1c).

The addition of social media data in our SDMs contributed
substantially to the identification of potentially new suitable
areas for the tawny coster. Although the mean model perfor-

mance, based on the area under the curve (AUC) statistic, was
higher when using combined data, the AUC value was very
similar across time intervals (Appendix S4). The total surface
area predicted to be suitable for the tawny coster was always
larger (0.9–4.6 million km2) when combining social media
data with GBIF data than when relying on only GBIF data
(Figure 2). New suitable areas identified with the addition of
social media data were mostly distributed in South Asia (espe-
cially toward higher elevations in the Indo-Himalaya region)
during 2005–2008, whereas new suitable areas identified with
the addition of social media data during 2017–2020 were dis-
tributed throughout the entire region and especially toward
higher latitudes (Figure 2; Appendix S5). When we combined
all the suitability maps over the 5 intervals, we found that pre-
dictions from the models relying on GBIF-only data missed
many areas at higher latitudes and at mid to high elevations
(Figure 2g). In terms of range expansion, the combined data
captured a larger expansion area, except in the third interval
(2013–2016). However, it increased by 201–513 km in the other
intervals (Figure 2h).

Across all 5 consecutive time intervals, the model combin-
ing GBIF data with social media data captured a broader niche
space than the model relying on GBIF-only data (Figure 3).
Although the niche overlap between the model relying on
GBIF-only data and the model combining social media data
with GBIF data was fairly large, reaching 70%, 74%, and 62% in
2005–2008, 2009–2012, and 2021–2024, respectively, the over-
lap was much smaller during the other 2 periods (37% and 29%
for 2013–2016 and 2017–2020, respectively) (calculated using
Schoener’s D).

The niche equivalency tests revealed that the observed over-
lap was not significantly different from randomized overlaps
(p > 0.05) during 2005–2008, 2013–2016, 2017–2020, and
2021–2024. However, during 2009–2012, the equivalency test
was marginally significant (p = 0.04), suggesting a potential
deviation from strict niche equivalency. In contrast, niche simi-
larity tests identified consistent niche conservatism across years.
In every time interval, the observed overlap was significantly
greater than expected by chance (p ≤ 0.01 in at least one direc-
tion for each time interval; Appendix S6), suggesting that niches
were more similar than expected under a null model of random
overlap, even when equivalency was not supported.

The PC1 and PC2 explained 59–63% of the total variance.
The PCA identified precipitation (monthly total), maximum
temperature, and elevation to be the most important environ-
mental variables determining the differences in the covered
environmental niche space between the model relying on GBIF-
only data and the model combining both GBIF and social media
data. Across time intervals, the GBIF-only data failed to capture
regions with lower maximum temperature, lower precipitation
(monthly total), and higher elevation.

4 Discussion

Social media data can help reduce the global biodiversity data
shortfall (Chowdhury, Aich, et al., 2023; Chowdhury, Fuller et
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FIGURE 1 Distribution of occurrence records of tawny coster (Acraea terpsicore) by source (records from the Global Biodiversity Information Facility [GBIF]
and Facebook and Flickr): (a) entire known distribution (each point is one occurrence record), (b) association between the total number of occurrence records and
the percentages of occurrence records obtained from social media, and (c) temporal trends in occurrence records by data source (GBIF vs. social media).

al., 2023; Di Minin et al., 2015; Pollock et al., 2025) and improve
understanding of biodiversity (re)distribution for conservation
purposes (Chowdhury, Fuller, et al., 2024). Yet, such data have
rarely been used in large-scale studies (Di Minin et al., 2015).
Using standardized protocols to scrape data from social media,
we harvested more occurrence data for modeling the potential
redistribution of a rapidly expanding species than would typi-
cally be used in traditional SDM studies that rely on GBIF data
only. We demonstrated that social media data can help identify
new portions of a species range: occurrence records increased
by 35% (4206 to 6459). In recent years, the percentages of social
media data decreased slightly, which could be explained by the
COVID pandemic and lockdowns (Chowdhury, Ahmed, et al.,
2024). During this period, people were often limited in their
movement and travels, resulting in less biodiversity records from
the field posted on social media. When we combined occur-
rence records from social media with those from GBIF and
after fitting SDMs to project habitat suitability maps, the suit-
able area of potential occupancy increased in all 5 studied time
intervals, and the total amount of additional areas increased over
time compared with a model relying on GBIF data only.

Systematic biodiversity monitoring programs and (semistruc-
tured) citizen science provide important biodiversity data
sources for scientists, conservation biologists, legislators, and
managers (Mesaglio & Callaghan, 2021). We identified the
potential key role social media data can have in improving
basic understanding of species’ redistribution and spread, even

in well-surveyed (e.g., developed) countries. For example, bio-
diversity data from Australia are well represented in global
biodiversity repositories like GBIF, compared with other coun-
tries, but we still obtained many new localities from social media
that represented uncharted conditions, from a GBIF perspec-
tive, in the climatic space of the tawny coster butterfly. The total
number of occurrence records increased by 12% (440 to 493)
and the suitable area of potential occupancy increased by 9%
(1.64 million km2 to 1.79 million km2). Such gains were much
more pronounced for megadiverse countries of the Global
South, such as Bangladesh, where the total number of occur-
rence records retrieved from social media was 22.4 times higher
than GBIF. By harnessing social media data, we managed to
identify many new localities, representing areas otherwise over-
looked. These localities are mostly distributed at higher latitudes
and at higher elevations, chiefly representing climate conditions
from colder environments with lower maximum temperature
and lower precipitation. We also showed that social media data
helped to capture a broader niche space exploited by the tawny
coster.

We used 2 social media channels—Facebook and Flickr—to
harvest more occurrence data for the tawny coster. We demon-
strate the utility of social media data for range-shifting, highly
visible, and easily detectable species. This approach may not
be suitable for cryptic, small, or taxonomically challenging taxa
(e.g., many moths, beetles, or fungi), which are far less likely to
appear on public platforms and would require disproportion-
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CONSERVATION BIOLOGY 7 of 11

FIGURE 2 Range shift dynamics of tawny coster (Acraea terpsicore) from 2005 to 2024: (a–e) habitat suitability in 5-year intervals (purple, areas where model
predictions changed after adding social media data to the Global Biodiversity Information Facility data), (f) differences in the surface area obtained from binarized
model predictions, (g) latitudinal and elevational distribution of the suitable areas (for all year intervals), and (h) differences in estimated range expansion.

ate effort to detect. Although the additional data substantially
improved our understanding of the range dynamics, we faced
several obstacles. First, we used an automated procedure to
scrape data from Flickr (following Hausmann et al. [2018]),
but we had to manually extract data from Facebook (following
Chowdhury, Ahmed, et al. [2024]), which was time-consuming
compared with an approach that relies solely on artificial intel-
ligence (AI). In the future, it should be possible to develop
an automated approach to extract species’ occurrences from
Facebook, which would save a substantial amount of time
(Chowdhury, Ahmed, et al., 2024; Correia et al., 2021; Jarić et al.,
2020). For example, Castro et al. (2024) showed that the success
rate of AI models in extracting information from unstructured

text is quite high, making them valuable tools for managing
ecological data efficiently.

Second, we faced 2 major data problems when using Flickr:
photographs with no location data and photographs erro-
neously flagged as the tawny coster. Because of that, we could
use only 5% of the data we initially scraped from Flickr. It
is important to improve the Flickr data extraction process by
checking individual photographs and validating whether or not
they represent the target species. Finally, photographs shared on
social media might not be the species the photographers assume
they are (Gorleri et al., 2023). To address this problem, having
someone with taxonomic expertise to validate the content of
photographs is essential.
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8 of 11 CHOWDHURY ET AL.

FIGURE 3 Differences in identified niche space of the tawny coster (Acraea terpsicore) after adding occurrence records from social media at different year
intervals. Inset correlation plots show the importance and direction of impact of each predictor variable (def, climate water deficit; ppt, precipitation monthly total;
soil, soil moisture; tmax, maximum temperature; ws, wind speed; PDSI, Palmer Drought Severity Index; elev, elevation).

It is important to think strategically to get the maximum value
from social media data. We used Facebook and Flickr as social
media platforms, as these are generally popular in countries
where our target species occur. Including other popular plat-
forms for particular countries (e.g., Weibo in China or possibly
Instagram in other countries) could provide many more new
records. We recommend that future studies assess data quality
performance across several social media channels. We also did
not compare how the results might vary by individually compar-
ing Facebook and Flickr with GBIF, which will also be a good
avenue for future research. Furthermore, we had to remove
many Facebook records due to data quality problems (e.g., the
locations were unspecified and photographs were unclear). To
solve these problems, group moderators are needed and should
maintain strict rules about sharing biodiversity observations.

The Kunming–Montreal Global Biodiversity Framework
(CBD, 2022) aims to ensure that the best data are available
for conservation assessments (Target 21) and to protect 30%
of Earth by 2030 (Target 3). By comparing data distribution
between the most comprehensive global biodiversity repository
(GBIF) and social media, we showed that species occurrence
data shared on social media can improve scientific knowledge
on species distributions, even in countries well represented in

global biodiversity repositories like GBIF or iNaturalist. Due to
environmental changes, range-shifting species (including inva-
sive species) are expanding rapidly, and social media data can be
especially powerful in such situations as they allow for almost
real-time monitoring. Moreover, social media occurrence data
are often available across large geographic scales and interna-
tional borders, which is not always possible when relying on
GBIF data solely. This makes social media data especially use-
ful to set up early warning systems of species colonization
(Soriano-Redondo et al., 2024).

Although our study focuses on the tawny coster butterfly,
these findings are transferable to other visible taxa with high
recognition and photographic potential. By improving the tem-
poral and spatial resolution of occurrence data, our approach
contributes directly to real-time conservation assessment, such
as early detection of invasive species, identifying climate refugia,
or refining species threat assessments. To translate this approach
into conservation practice, researchers and practitioners can use
image recognition tools to mine social media platforms for real-
time sightings, engage with nature photography communities to
crowdsource occurrence data, and feed validated records into
biodiversity databases like GBIF or iNaturalist for monitoring
range shifts and informing rapid response actions.
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In addition to other platforms that are currently difficult to
access (e.g., Instagram), there is also incidental (or secondary)
biodiversity data (e.g., posted photographs of flowers that, by
chance, have a butterfly on them; Pernat et al., 2024). These data
might come into play with improvements in automated species
recognition tools. Such approaches can help better understand
and track ongoing species’ movements, novel biotic interactions,
and future biological invasions (Capinha et al., 2024; Cardoso
et al., 2024). The current conservation literature is highly biased,
chiefly stemming from North America and western Europe
(Dawson et al., 2024; Di Marco et al., 2017), because of signif-
icant and long-standing human capacity limitations (e.g., due to
limited resources) in the tropics. Our findings suggest that com-
bining data from multiple sources can contribute to answering
key ecological questions, especially for countries with limited
biodiversity observation records currently registered in global
biodiversity repositories.
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