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Abstract 20 

Effective biodiversity policy and spatial planning depend on species occurrence data. Yet 21 

data that informs conservation decisions typically originate from heterogeneous sources 22 

that potentially introduce systematic biases that shape downstream ecological inference 23 

and policy outcomes. To explore these potential biases, we analysed reptile location data 24 

from Bangladesh and India – a mega-diverse region encompassing multiple biodiversity 25 

hotspots as a case study. We quantified sampling bias in museum collections, social media, 26 

and citizen science platforms across species traits, habitat zonation, conservation status, 27 

and environmental gradients. Museum records were associated with higher values for 28 

crepuscular activity, aquatic habits, threatened status and small geographic ranges, but 29 

lower values for terrestrial substrates, diurnal activity, and an affinity to colder 30 

temperatures. Social media records were more associated with built-up environments, Not 31 

Evaluated taxa, terrestrial and saxicolous species, active foragers and smaller-ranged 32 

species. Citizen science records showed stronger associations with fossorial and semi-33 

aquatic substrates, mixed foraging, larger ranges, and higher human-footprint gradients. 34 

Our findings show that biodiversity datasets are not neutral windows to nature, but rather 35 

filtered representations shaped by how records are sought, generated, shared and 36 

preserved. Strategic integration of heterogeneous data sources can therefore improve the 37 

ecological representativeness of biodiversity evidence and reduce blind spots in 38 

conservation planning. 39 

 40 

Introduction 41 

Environmental changes are reshaping biodiversity status worldwide, driving shifts in species 42 

distributions, phenology, traits, and population declines, and causing extinctions (Pereira et 43 

al., 2010; Dirzo et al., 2014; Murali et al., 2023). In response, international conservation 44 

policies, such as the Kunming–Montreal Global Biodiversity Framework, have increasingly 45 

prioritised spatially explicit conservation planning, habitat protection, and restoration 46 

(Brooks et al., 2006; CBD, 2022). Central to this framework is a call for coordinated spatial 47 

planning to minimise biodiversity loss and restore degraded ecosystems (Targets 1 and 2). In 48 

particular, the framework emphasises the use of the best available scientific knowledge to 49 

guide decision-making (Target 21; CBD, 2022). Achieving these goals depends critically on 50 

biodiversity data that accurately represent where species occur and how they respond to 51 

environmental and anthropogenic pressures (Watson et al., 2023).  52 

Species occurrence data underpin conservation prioritisation, spatial planning, and 53 

assessments of biodiversity change. Ensuring that such data are robust, representative, and 54 

appropriate for spatial decision-making has become a central challenge for ecological 55 

science and conservation policy (Hughes et al., 2021). Distribution data can originate from 56 

multiple sources, including natural history collections, citizen science platforms, and 57 

automated recording systems (Heberling et al., 2021). The rapid expansion of open-access 58 

biodiversity infrastructure has dramatically increased data availability, enabling broad 59 

access to biodiversity observations through online portals. One such platform is the Global 60 

Biodiversity Information Facility (GBIF; https://www.gbif.org/), an intergovernmental 61 

research infrastructure that provides open access to biodiversity data and resources for data 62 

publication and use (Wüest et al., 2020; Heberling et al., 2021). GBIF currently hosts nearly 63 
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3.6 billion species occurrence records, and about 14,000 peer-reviewed studies have used 64 

these data.  65 

Most GBIF records are derived from citizen science applications, such as iNaturalist and 66 

eBird (Troudet et al., 2017; Mason et al., 2025). Citizen science enables widespread public 67 

participation in biodiversity recording and has transformed our understanding of species 68 

distributions at unprecedented spatial and temporal scales (Dickinson et al., 2010; Amano et 69 

al., 2016; Johnston et al., 2023; Hanson et al., 2026). However, the traditional source of 70 

biodiversity data are natural history collections, which contain an estimated 2–4 billion 71 

preserved specimens of animals, plants, and fungi globally, spanning over 200 years of 72 

collection effort (Johnson et al., 2023). Over the last three decades, thousands of digitisation 73 

projects have improved access to natural history collection observations, and many of the 74 

world’s natural history collections, including some of the largest and most comprehensive, 75 

contribute their data to GBIF. Nevertheless, there is still a long way to go as a vast number 76 

of museum specimens remain undigitised (Forbes et al., 2025). Furthermore, GBIF museum-77 

based data are heavily biased towards American, European and Australian museum 78 

collections (Hughes et al., 2021) whereas in other regions, notably including India and 79 

Bangladesh, few museum datasets are digitised, and these are generally not shared via 80 

GBIF. 81 

While biodiversity recording and collections have been quite common in the developed 82 

world, it is less common in developing countries (Collen et al., 2008; Slade & Ong, 2023). 83 

With the recent dominance of smartphones and high-speed internet, members of the public 84 

are increasingly sharing biodiversity observations across online platforms, including social 85 

media and citizen science platforms (Hausmann et al., 2017; Chamberlain, 2018). If properly 86 

harvested, social media data have the potential to reduce data shortfall (Chowdhury et al., 87 

2023), better track range-shifting species (Chowdhury et al., 2026a) and invasive species 88 

(Chowdhury et al., 2026b), and even improve conservation assessments (Chowdhury et al., 89 

2024a). 90 

Despite rapid growth in volume, biodiversity data remain systematically biased (both 91 

taxonomically and geographically), and structured, standardised surveys remain 92 

concentrated in temperate regions (e.g., Europe and North America) (Navarro et al., 2017; 93 

Schmeller et al., 2017). Additionally, the democratisation of biodiversity recording means 94 

that observation effort is strongly shaped by human preferences, accessibility, and 95 

detectability, leading to uneven taxonomic and geographic coverage (Troudet et al., 2017; 96 

Petersen et al., 2021). For example, approximately 80% of species occurrence data on GBIF 97 

originate from North America and Europe, and 65% of all GBIF data are for birds (GBIF data 98 

accessed on 19 January 2026). Observations may also be disproportionately biased towards 99 

threatened species (Lin et al., 2022), larger-bodied taxa (Callaghan et al., 2021), and visually 100 

distinctive or easily identifiable species (Goldstein et al., 2024). To address these biases, it is 101 

critical that we urgently identify where and how existing datasets differ and how they can 102 

complement one another.  103 

Here we focused on potential data biases across different source types in reptile records 104 

from Bangladesh and India. This region is mega-diverse and encompasses multiple 105 

biodiversity hotspots. We further focused on reptiles as this is a highly diverse group that 106 

attracts considerable enthusiast and scientific interest – but is much less known than birds 107 

and mammals. We collated reptile occurrence records from GBIF, partitioned them into 108 
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citizen science and museum data. We further collected social media data from Facebook 109 

and quantified how sampling varies across these three data sources. Using a spatially 110 

explicit framework and trait-, habitat-, and environment-specific predictors, we tested how 111 

different data sources over- or under-represent distinct components of biodiversity. We 112 

highlight how integrating contemporary digital data streams can reduce sampling bias and 113 

improve the ecological representativeness of biodiversity datasets. 114 

 115 

Methods 116 

Species distribution data 117 

We obtained the list of reptile species distributed in Bangladesh and India from the Global 118 

Assessment of Reptile Distributions (GARD; http://www.gardinitiative.org/; Caetano et al., 119 

2022) database.  120 

We compiled species distribution data for India and Bangladesh using two sources 121 

(Facebook and GBIF). First, we harvested species distribution data from Facebook following 122 

Chowdhury et al. (2024b). Specifically, we searched for relevant Facebook groups using 123 

combinations of taxa and country names (‘Reptile and Bangladesh’ and ‘Reptile and India’). 124 

We identified 11 Facebook groups (Supplementary Table S1). For each group, we searched 125 

for species by common and scientific names to obtain a list of relevant posts. From each 126 

post, we extracted observation date (day, month, year) and location information (where the 127 

photograph was taken). Then, we georeferenced each location using Google Maps 128 

(https://www.google.com/maps; a random point within the location). We excluded 129 

observations if the photograph was unfit for species-level identification, if locality 130 

information was missing, or if the photograph was taken outside the study countries. 131 

We downloaded reptile distribution data from the Global Biodiversity Information Facility 132 

(GBIF; GBIF, 2026) using the rgbif R package (Chamberlain et al., 2025). GBIF contains 133 

species distribution data from thousands of citizen science applications, including iNaturalist 134 

and eBird (Heberling et al., 2021). We filtered the GBIF occurrence records to the study 135 

countries. The Facebook search ended in 2024, and the earliest data in this source were 136 

from 2013; therefore, we removed all GBIF data (for both museums and citizen science) 137 

before 2013 and after 2024. We removed all duplicate records and rows with missing 138 

species or location information from all datasets. From the GBIF data, we created two 139 

groups: citizen science (human observations) and museum (preserved specimens).  140 

 141 

Trait data 142 

We used species-specific traits from the SquamBase (Meiri et al., 2024), ReptTraits (Oskyrko 143 

et al., 2024), and GARD databases. We obtained data on body mass (in g, log10), range size 144 

(km2, log10), habitat (aquatic, arboreal, cryptic, fossorial, saxicolous, semi-aquatic, 145 

terrestrial, arboreal and saxicolous, arboreal and terrestrial, fossorial and terrestrial, and 146 

arboreal, saxicolous, and terrestrial), activity pattern (cathemeral, crepuscular, diurnal, and 147 

nocturnal), foraging mode (active, mixed, and sit-and-wait), venom (venomous and non-148 

venomous), and IUCN Red List status (Not Evaluated, Data Deficient, Least Concern, Near 149 

Threatened, Vulnerable, Endangered, and Critically Endangered). For analytical purposes, 150 

http://www.gardinitiative.org/
https://www.google.com/maps
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we grouped the IUCN Red List categories into four categories: Not Evaluated, Data Deficient, 151 

non-threatened (Least Concern, Near Threatened), and threatened (Vulnerable, 152 

Endangered, and Critically Endangered). 153 

 154 

Spatial data 155 

We collected data on spatial predictor variables from different sources. Using the geodata R 156 

package (Version 0.6.2; Hijmans et al., 2024), we obtained the annual mean temperature, 157 

rainfall, and elevation from WorldClim (https://www.worldclim.org/). We downloaded the 158 

most recent human footprint index map (for 2020) from the Wildlife Conservation Society 159 

(WCS, 2005; https://wcshumanfootprint.org/data-access) and built areas from the Global 160 

Human Settlement Database (Pesaresi et al., 2024; https://human-161 

settlement.emergency.copernicus.eu/download.php). 162 

 163 

Data cleaning and preparation 164 

Using the terra package (Version 1.8.80; Hijmans, 2025) in R (Version 4.4.3; R Core Team, 165 

2025), we reprojected and cropped all environmental predictor layers to uniform 10 × 10 km 166 

cells, using the WGS84 datum reference system and the study region's geographic extent. 167 

We used the tidyverse R package (Version 2.0.0; Wickham et al., 2019) for all data 168 

processing and the ggplot2 R package (Version 4.0.1; Wickham, 2016) for all visualisations. 169 

To reduce the influence of uneven sampling intensity, we aggregated raw occurrence 170 

records onto a 10 × 10 km grid for all three data sources. A grid cell was considered to have 171 

reptile records from a given data source if at least one record from that source fell within 172 

the cell. Cells with no records from any source were excluded from the analyses. We 173 

removed records found outside the study region from the final datasets.  174 

We summarised sampling intensity for each grid cell and data source as the number of 175 

unique species recorded. We derived grid-level trait composition for each data source by 176 

counting each species once per occupied grid cell, regardless of the number of observations 177 

of that species in the cell. Then, for each grid cell × data source combination, we calculated 178 

(i) the mean of continuous traits across species (e.g., body mass, range size), and (ii) the 179 

proportion of species in each categorical trait category (e.g., activity period, habitat). We 180 

considered only grid cells with at least one species for the relevant data source. 181 

 182 

Statistical analysis of data-source differences 183 

We quantified data-source differences by comparing grid-level predictor values across 184 

citizen science, museum and social media records. For each predictor, we first transformed 185 

proportional variables using a logit transformation after bounding values to avoid zeros and 186 

ones. We then standardised each predictor to enable comparison across variables with 187 

different units and distributions. For each predictor and data source, we calculated the 188 

weighted mean standardised value, using the number of species recorded in each grid cell 189 

as weights. Approximate 95% confidence intervals were calculated around these weighted 190 

means. To assess whether predictor values differed among data sources, we fitted a 191 

https://www.worldclim.org/
https://wcshumanfootprint.org/data-access
https://human-settlement.emergency.copernicus.eu/download.php
https://human-settlement.emergency.copernicus.eu/download.php
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separate weighted linear model for each predictor, with data source as a categorical 192 

explanatory variable and grid-level predictor value as the response. Statistical significance 193 

was assessed from the overall effect of the data source, with p < 0.05 considered statistically 194 

significant. These analyses were designed to identify source-specific ecological profiles 195 

rather than to test deviations from a single reference data source. 196 

 197 

Results 198 

Our final dataset contained species occurrence data from 4,539 10x10 km grid cells (citizen 199 

science: 4,125; museum: 46; and social media: 794). Citizen science data dominated the 200 

dataset and covered 91% of the grid cells, whereas only 10% overlapped with at least one of 201 

the other two data sources. Approximately 9% of grid cells were identified only after 202 

incorporating social media data, meaning these cells contained no GBIF human-observation 203 

or preserved-specimen records, and 18 of the 46 museum grids were unique to museum 204 

records (Figure 1). 205 

While museum records were concentrated in a few locations, citizen science and social 206 

media data were distributed widely across the study region (Figure 1). Social media records 207 

were particularly concentrated in densely populated, accessible regions, especially around 208 

major cities, whereas museum records were sparse or absent in several heavily modified 209 

areas (Figure 1a). The occurrence grids of citizen science data were widely distributed across 210 

the study region. While citizen science data were widely distributed, museum and social 211 

media data were generally absent from western and, especially, southern India, but more 212 

common in northeast India and Bangladesh. 213 

We revealed source-specific differences in reptile occurrence data when we modelled them 214 

across multiple traits, habitat, conservation, and environmental predictors (Figure 2). 215 

Museum records showed the strongest positive associations with crepuscular species, 216 

aquatic taxa, threatened species and active foragers, and were also associated with smaller-217 

ranged species. Conversely, museum records were proportionally less representative for 218 

terrestrial taxa, diurnal species, and non-threatened species and were concentrated in 219 

colder regions. However, museum estimates generally had wider confidence intervals than 220 

the other sources. 221 

Social media records showed a different ecological profile. They were proportionally more 222 

associated with built-up areas, Not Evaluated taxa, active foragers, terrestrial and saxicolous 223 

taxa, and smaller geographic range sizes. Social media records were less representative for 224 

reptiles that are sit-and-wait foragers, semi-aquatic taxa, non-threatened species, and high 225 

temperature. These patterns suggest that social media data capture a distinct subset of 226 

reptile occurrence space, particularly records from human-modified environments and 227 

visually or socially salient taxa. In contrast, citizen science records showed higher values for 228 

fossorial and semi-aquatic taxa, mixed foraging modes, venomous species, broader range 229 

sizes, and high human footprint.  230 

 231 

Discussion 232 
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The quantity, composition and geographic coverage of species occurrence data largely 233 

determine outcomes of ecological and conservation assessments. It is therefore essential to 234 

understand the potential biases of data sources and how they can complement one another 235 

to counter such shortcomings and to better inform management and conservation (Troudet 236 

et al., 2017; Hughes et al., 2021; Johnston et al., 2023). We demonstrate that sampling bias 237 

in species occurrence data, and the attributes of species more likely to be represented in 238 

different dataset types, are fundamentally shaped by the data source. Comparing citizen-239 

science, museum, and social media records, we show that each data source captures a 240 

distinct, non-random subset of ecological space, with biases structured by species traits, 241 

habitat associations, and environmental and anthropogenic gradients. These biases indicate 242 

that no single dataset provides a comprehensive or representative picture of species 243 

distributions in isolation. 244 

Museum records appear to reflect both historical collecting practices and targeted sampling 245 

of particular taxa. Their stronger associations with aquatic, crepuscular and threatened 246 

species may suggest that collections may disproportionately capture taxa that are 247 

conservation-relevant, taxonomically important, or historically more likely to be collected. 248 

However, museum records were geographically sparse, and estimates of standardised trait 249 

and environmental values had wider confidence intervals, highlighting the limitations of 250 

relying on digitised museum data alone, especially in regions such as India and Bangladesh 251 

where collections remain few, incompletely digitised, or unevenly shared through global 252 

biodiversity platforms. 253 

Social media records capture a contrasting component of ecological space. Their stronger 254 

association with built-up areas, terrestrial and saxicolous taxa, Not Evaluated species and 255 

smaller-ranged species suggests that social media can provide valuable information from 256 

human-dominated environments and for species that may otherwise be poorly represented 257 

in formal biodiversity repositories. However, these records are also shaped by observer 258 

behaviour, accessibility, detectability and social interest, and seemingly represent species 259 

that are easier to observe. These patterns likely reflect observer behaviour, accessibility, 260 

detectability and social interest rather than true ecological abundance. Similar processes 261 

also shape citizen-science datasets, reinforcing that all opportunistic biodiversity records are 262 

filtered by human perception and opportunity (Bird et al., 2014).  263 

Citizen science records were the most geographically extensive, yet they were also shaped 264 

by source-specific biases. The stronger associations of reptile citizen science records with 265 

fossorial and semi-aquatic substrates, venomousness, mixed-foraging taxa, broader-ranged 266 

species and human-footprint gradients indicate that citizen science data are not neutral 267 

baselines. Rather, they reflect the interplay of species detectability, observer behaviour, 268 

platform use and spatial accessibility. This reinforces the need to treat all biodiversity data 269 

streams as filtered representations of ecological reality.  270 

While we identify a distinct pattern in species distribution data across three data sources, 271 

our results should be interpreted with caution. First, our study focused solely on reptiles, 272 

and bias structures may differ across taxa, observer communities, and regions. Our findings 273 

align with recent work from Bangladesh showing that social media records are concentrated 274 

in built-up areas (Chowdhury et al., 2026b), although relationships with other human-275 

pressure and topographic metrics (e.g., human footprint and elevation) may not generalise 276 

across taxa, regions, or methodological choices. Second, we focused on presence-only data 277 
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and therefore cannot distinguish between true ecological absence and absences driven by 278 

observer behaviour, low detectability, and low accessibility. This limitation is common to 279 

most large-scale biodiversity datasets (Goldstein et al., 2024). Third, museum data in the 280 

regions are few, and heavily geographically biased – by the existence of collections in 281 

different regions, by their degree of digitisation, and by whether they do, or do not, share 282 

their data via the GBIF platform. In India, the collections of one of the two major natural 283 

history museums, the Bombay Natural History Society, are not digitised. Those of the 284 

Zoological Society of India are only partially digitised, and these data are available on GBIF 285 

(Chaitanya R., pers. comm.). The major natural history collections in Bangladesh, those of 286 

the Bangladesh National Museum, are not digitised and not shared on GBIF. Hence, the 287 

region we study is likely to have lower GBIF coverage than in other regions (most notably, 288 

but not only, in Europe and North America). Finally, because our analysis did not use an 289 

independent, fully representative benchmark, it quantifies relative differences among data 290 

sources rather than absolute bias. Accordingly, none of the three sources should be treated 291 

as an unbiased baseline. Despite these limitations, the mechanisms underlying the observed 292 

biases are pervasive across biodiversity data systems. As such, the qualitative patterns and 293 

implications identified here are likely to be broadly relevant beyond the focal region and 294 

taxon. 295 

 296 

Conclusion 297 

Our findings show that biodiversity data biases are source-dependent, reflecting the 298 

mechanisms of data generation, observer behaviour, and historical legacy. Crucially, 299 

integrating citizen science, museum, and social media records can reshape the ecological 300 

space represented in occurrence datasets by offsetting source-specific extremes and 301 

substantially reducing trait- and environment-driven biases. As biodiversity monitoring 302 

increasingly relies on diverse digital data streams, recognising and harnessing these 303 

complementary strengths offers a practical pathway to more ecologically representative 304 

occurrence datasets, strengthening macroecological analyses, species distribution 305 

modelling, and conservation planning, and ultimately supporting robust inference and 306 

effective conservation action in a rapidly changing world. 307 

 308 

Data and code availability 309 

GBIF data (from citizen science and museum specimens) are publicly available (GBIF, 2026). 310 

We have provided the Facebook data in the supplementary data file (Supplementary Table 311 

S2).  312 

All the R scripts are available in the following GitHub repository: 313 

https://github.com/ShawanChowdhury/sm_museum_cs_bias.  314 
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List of Figures 448 

Figure 1. Spatial coverage and geographic distribution of species occurrence records from 449 

citizen science, social media, and museum data sources. (a) Map of occupied 10 × 10 km grid 450 

cells across the study region, coloured by data source. (b) Latitudinal distribution of 451 

occupied grid cells by data source, showing broadly overlapping ranges and similar medians. 452 

(c) Longitudinal distribution of occupied grid cells by data source, revealing marked 453 

differences among datasets.    454 

Figure 2. Trait-, habitat-, and environment-specific sampling biases across biodiversity data 455 

sources. Points represent standardised coefficients; positive values indicate over-456 

representation, and negative values indicate under-representation.   457 
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