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d Posgrado en Ciencias Biológicas, Universidad Nacional Autónoma de México, Ciudad de México, Mexico
e Departamento de Botánica, Instituto de Biología, Universidad Nacional Autónoma de México, Mexico, 04510 Mexico
f Instituto de Diversidad y Ecología Animal (IDEA-CONICET) and Centro de Zoología Aplicada, Universidad Nacional de Córdoba, Córdoba, Argentina

H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Citizen science and collections offer 
complementary strengths and distinct 
biases.

• Citizen science adds broad coverage and 
recent data, key for biodiversity 
research.

• Collections provide historical depth and 
taxonomic precision via voucher 
specimens.

• Both datasets are biased toward acces-
sible areas; remote regions remain 
under-sampled.

• Combining completeness and recency 
helps identify areas to update and 
monitor biodiversity.
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A B S T R A C T

Digitally accessible records are a vital source of primary biodiversity data, with citizen science now surpassing 
scientific collections in global repositories. Despite known biases in both sources, more work is needed to explore 
how citizen science can complement scientific collections. We compared these data sources to assess biases and 
evaluate the contribution of citizen science to scientific collections. Using Mexican bird data from GBIF, we 
compiled 17,018,068 georeferenced occurrence records, classified as either citizen science or scientific collec-
tions. We homogenized taxonomy and cleaned occurrence records using geographic filters and species range 
maps. Spatial bias was assessed using null models of accessibility. We then evaluated taxonomic patterns, 
temporal gaps, and survey completeness across multiple spatial resolutions using species accumulation curves 
and the age of the most recent records. Finally, we identified priority areas where citizen science can help 
strengthen and update scientific collections. Our results reveal complementary taxonomic and geographic pat-
terns across datasets. Citizen science offers broader spatial coverage and more recent records, whereas scientific 
collections provide historical depth and taxonomic reliability through voucher specimens. Together, these 
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strengths highlight the value of integrating both data sources to build more comprehensive biodiversity datasets 
and better inform conservation in a rapidly changing world.

Introduction

Understanding the spatial and temporal distribution of biodiversity 
is essential for informing conservation strategies and promoting sus-
tainable environmental management. Digitally accessible primary 
biodiversity data play a central role in ecological research, conservation 
planning, and policy-making (Soberón and Peterson, 2004). Historical-
ly, scientific collections have been the cornerstone of biodiversity doc-
umenting, providing verifiable specimen-based records accumulated 
over centuries. These collections are particularly valuable for assessing 
long-term biodiversity change and the impacts of global environmental 
change (Daru, 2025; Rocha et al., 2014). Over the past decade, 
large-digitization efforts have substantially expanded the accessibility 
and analytical potential of these collections, enabling the examination of 
biodiversity patterns across broader spatial, temporal, and taxonomic 
scales with unprecedented efficiency (Heberling et al., 2021).

Technological advances have fueled the rise of citizen science ini-
tiatives. Since the early 1990s, amateur observers have increasingly 
contributed to biodiversity observations through structured and un-
structured monitoring programs (Bonney et al., 2014; Sullivan et al., 
2014). Platforms such as eBird and iNaturalist provides continuous ob-
servations across broad spatial and recent temporal scales, potentially 
helping to fill key knowledge gaps in biodiversity monitoring (Callaghan 
et al., 2021; Peterson et al., 2015).

Despite their respective strengths, both data sources exhibit biases 
and limitations. Scientific collections often underrepresent contempo-
rary biodiversity patterns due to outdated sampling, limited geographic 
coverage of species occurence data (Wallacean shortfall), and declining 
institutional capacity associated with chronic underfunding (Meyer 
et al., 2016). Conversely, citizen science data tend to be geographically 
biased toward accessible or urban areas, and are influenced by varying 
observer effort, expertise, and species detectability. In addition, photo-
graphic records may lack sufficient diagnostic detail for reliable iden-
tification, particularly for cryptic species or those exhibiting seasonal 
plumage changes, sexual dimorphism or age-related variation. These 
factors compromise taxonomic accuracy and raise concerns about data 
reliability (Bonney et al., 2014; La Sorte and Somveille, 2020).

Citizen science has emerged as a widely used and often cost-effective 
tool for generating large volumes of biodiversity data (Dickinson et al., 
2010; Lisjak et al., 2017; Tulloch et al., 2013). Citizen science can be 
strategically designed and evaluated to minimize biases, maximize its 
scientific value, and effectively serve as a complement to institutional 
collections (La Sorte and Somveille, 2020, Szabo et al., 2012). Thus, 
citizen science can support efforts to update and expand the spatial and 
temporal coverage of scientific collections, while also contributing to 
research capacity-building and environmental education (Ballard et al., 
2017; Paradise and Bartkovich, 2021). Systematic comparisons of these 
data sources are therefore critical for advancing biodiversity knowledge 
and informing conservation decisions (Callaghan et al., 2021; Dickinson 
et al., 2010; Galván et al., 2022). Birds provide an ideal model system for 
such comparisons. Many species are diurnal, conspicuous, and relatively 
easy to identify, and avian datasets are among the most extensive and 
well-curated globally. As a result, birds have been widely used to eval-
uate taxonomic, spatial, and temporal biases across different biodiver-
sity data sources (Galván et al., 2022; La Sorte and Somveille, 2020).

In this study, we focus on Mexico’s avifauna to examine whether 
citizen science complements scientific collections or reproduces the 
same knowledge shortfalls. Specifically, we assess differences in taxo-
nomic representation, spatial distribution, and temporal coverage be-
tween these two data sources (Hortal et al., 2015; Ladle and Hortal, 
2013). We also evaluate whether amateur and professional 

ornithologists document the same threatened species, an essential 
consideration for aligning biodiversity data with conservation priorities 
(Daru and Rodriguez, 2023). In addition, we examine the contribution of 
each data source to reducing the Wallacean shortfall, often driven by 
uneven sampling effort (Lobo et al., 2018; Hortal et al., 2015).

Our analysis addresses two main questions: (1) Do citizen science 
and scientific collections differ in their taxonomic and geographic 
coverage patterns? and (2) What is the temporal distribution of records 
in each dataset, and how recent are the available observations? We 
hypothesize that citizen science provides more recent and extensive 
spatial coverage, whereas scientific collections offer greater historical 
depth and more robust taxonomic validation. By addressing these 
questions, we aim to clarify the complementary roles of both data 
sources and provide guidance on how citizen science can be strategically 
leveraged to enhance the completeness and representativeness of sci-
entific collections.

Methods

Occurrence data and taxonomic harmonization

Bird occurrence records for Mexico were obtained from the Global 
Biodiversity Information Facility (GBIF), including both scientific col-
lections and citizen science observations classified as “present.” We 
retained multiple record types (specimens and observations) and 
applied geographic filtering, allowing the full temporal extent of avail-
able data. Taxonomy was harmonized following HBW and BirdLife In-
ternational standards (2022), using accepted scientific names and 
resolving discrepancies through automated and manual validation. To 
focus on native biodiversity patterns, invasive and domestic species 
were excluded. Duplicate records were removed to ensure data integrity. 
Full details on data filtering, taxonomic validation, and exclusion 
criteria are provided in Appendix A.

Geographic validation

Geographic validation was conducted using the CoordinateCleaner 
package (Zizka et al., 2019) to identify and remove records with 
potentially erroneous or imprecise coordinates. We excluded occur-
rences associated with common spatial errors (e.g., zero coordinates, 
political centroids, capitals, institutions, and spatial outliers), as well as 
records with coordinate uncertainty greater than 100 km. To balance 
data quality and temporal coverage, we retained records collected be-
tween 1900 and 2024. In a second step, occurrences falling outside 
species’ known distribution ranges, based on BirdLife International 
maps with an additional 0.5 ◦ buffer, were excluded as likely spatial or 
taxonomic outliers. This conservative filtering prioritizes spatial reli-
ability while preserving broad historical coverage. Detailed procedures 
are provided in Appendix A.

Assessing patterns and knowledge shortfalls

Data source classification
Records were classified using the Darwin Core field basisOfRecord. 

Following recent definitions of citizen science, we focused on unstruc-
tured species observations in which observers independently decide 
when, where, and how to record data (Johnston et al., 2023). Accord-
ingly, records classified as human_observation were assigned to Citizen 
Science, whereas machine_observation, material_sample, occurrence, 
and observation were grouped as Scientific Collections. We compared 
taxonomic coverage, IUCN Red List status, and species-level detection 
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ratios between data sources. Detection ratios were calculated as the 
number of scientific collection records divided by the number of citizen 
science records per species, with values >1 indicating stronger repre-
sentation in scientific collections and values <1 indicating stronger 
representation in citizen science.

Spatial framework
To assess geographic patterns, survey completeness, and temporal 

coverage, we divided the study area into grid cells (hereafter in-
ventories) at three spatial resolutions (60, 30, and 15 arc-minutes, 
WGS84). Main results are presented at the finest resolution (15 arc- 
minutes; ≈27.75 km at the equator), while broader patterns were 
consistent across resolutions (Appendix A, Fig. S3).

(a) Geographic patterns: Spatial sampling bias was quantified using a 
Bayesian framework that relates sampling density to accessibility vari-
ables (Zizka et al., 2021). We included four predictors relevant to both 
researchers and citizen scientists: federal roads, hydrographic networks, 
urban centers, and federally protected areas. Observed occurrences were 
compared against null models of random sampling, and bias intensity 
was quantified through correlations between sampling density and 
accessibility. Lower values indicate stronger spatial bias. Similarity be-
tween the geographic sampling patterns of citizen science and scientific 
collections was assessed using Spearman’s rank correlation.

(b) Survey completeness: Survey completeness, used as a proxy for the 
Wallacean shortfall, was assessed for each inventory using record 
counts, observed richness, and completeness estimates derived from 
species accumulation curves, using KnowBR package (Lobo et al., 2018). 
Following established thresholds, grid cells were classified as 
well-sampled (≥80% completeness and ≥10 records), moderately 
sampled (50–80%), or poorly sampled (<50%). Completeness was only 
estimated for inventories with at least 10 records.

(c) Temporal pattern: Temporal shortfalls were evaluated by calcu-
lating the age of the most recent record for each species within each grid 
cell, expressed as years relative to 2024. Median record age per cell was 
used as a spatially explicit indicator of data recency, with higher values 
indicating areas lacking recent documentation.

Addressing survey completeness and temporal pattern
To identify priorities for future sampling, we integrated survey 

completeness patterns with temporal shortfalls. For scientific collec-
tions, temporal information was binarized using a 50-year threshold to 
distinguish between recent and outdated records. This temporal layer 
was overlaid separately with citizen science and scientific collection 
completeness, yielding six categories that represent combinations of 
sampling intensity and record recency. These categories identify grid 
cells where species have not been documented in scientific collections 
for several decades, highlighting opportunities where citizen science 
data can complement and revitalize institutional collection efforts. 
Together, these spatial layers provide a decision-support framework to 
guide future sampling, reduce temporal knowledge gaps, and improve 
the overall completeness and quality of biodiversity data.

All analyses were conducted in R version 4.3.1 (R Core Team, 2023). 
Full details on how patterns and knowledge shortfalls were assessed are 
provided in Appendix A, along with a list of the specific R packages used 
in this study.

Results

After applying the cleaning process, 187,992 records were flagged 
due to proximity to capital cities, 1,756 were identified as centroids, 
34,320 as spatial outliers, and 79,433 as located near biodiversity in-
stitutions; the remaining records were removed during the IUCN range- 
validation step. After geographic cleaning and range filtering, the final 
dataset comprised 16,287,816 georeferenced records, representing 
1,084 accepted species across 96 families and 26 orders. Citizen science 
contributed 15,858,337 records, whereas 429,479 records originated 

from scientific collections. Occurrence density differed markedly be-
tween datasets, with citizen science observations concentrated in re-
gions distinct from those represented by scientific collections (Appendix 
A, Fig. S1).

Taxonomic patterns

Citizen science documented 1,068 species from 95 families, while 
scientific collections recorded 1,015 species from 92 families. Several 
families (e.g., Muscicapidae, Oceanitidae, Phylloscopidae) were repre-
sented exclusively in citizen science data after geographic validation 
against IUCN range maps.

Most species in both datasets were classified as Least Concern by the 
IUCN, although citizen science included 10 additional Near Threatened 
species (Table 1). Detection ratios indicated that most shared species 
were better represented in citizen science (Appendix A, Fig. S2). How-
ever, 42 species exhibited detection ratios >1, indicating substantially 
greater representation in scientific collections, likely reflecting rarity, 
restricted distributions or low detectability by amateur observers.

Citizen science recorded 69 species absent from scientific collections, 
although only 4% had more than 100 records; Laterallus exilis was the 
most frequently recorded among them (1,846 records; Appendix B, 
Table S1). Conversely, 16 species were exclusive to scientific collections, 
with only 3% exceeding 20 records; Turdus confinis was the most rep-
resented (Appendix B, Table S2). Threatened species were unevenly 
represented. Scientific collections included six threatened species (three 
Endangered, two Vulnerable, one Near Threatened), all with fewer than 
five records. Citizen science documented 19 threatened species, 
including one Critically Endangered (Gymnogyps californianus) and six 
Vulnerable, although some (e.g., Ardenna bulleri) were represented by 
single observations.

The ten most frequently recorded species differed markedly between 
datasets (Appendix B, Tables S3–S4). Haemorhous mexicanus dominated 
scientific collections (4,467 records), whereas Quiscalus mexicanus 
(334,983 records) overwhelmingly dominated citizen science 
observations.

Geographic bias

Sampling intensity in scientific collections was most strongly asso-
ciated with proximity to roads (0.039), cities (0.043), and protected 
areas (0.010), whereas rivers had minimal influence (Fig. 1a). Citizen 
science was more strongly influenced by cities (0.062) and roads 
(0.052), with weaker effects of protected areas and rivers (Fig. 1b). 
Despite differences in the relative strength of individual predictors, 
geographic sampling patterns were highly similar between data sources 
(Spearman’s ρ = 0.98).

Cumulative accessibility effects revealed broadly similar spatial bias 
patterns, with stronger biases (values closer to zero) concentrated in 
Central Mexico. However, the relative influence of individual predictors 
differed, indicating partially distinct accessibility dynamics. For 
example, scientific collections clustered along highways in Guerrero and 
around Mérida in Yucatán, while citizen science provided broader 

Table 1 
IUCN Red List category distribution for species documented in citizen science 
and scientific collections. Values represent the number of species and the cor-
responding percentage of species within each IUCN category for both data 
sources.

Citizen science (%) Scientific collections (%)
Critically Endangered 6 (0.59) 5 (0.49)
Endangered 16 (1.50) 17 (1.67)
Data Deficient 1 (0.09) 1 (0.10)
Vulnerable 36 (3.37) 32 (3.15)
Near Threatened 60 (5.62) 50 (4.93)
Least Concern 949 (88.86) 32 (89.66)
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spatial coverage in these regions. In highly biodiverse states such as 
Oaxaca and Chiapas, both datasets showed limited coverage outside 
accessible areas. Northern states (e.g., Coahuila, Chihuahua, Sonora, 
Durango) and southern Campeche remained largely under sampled in 
both datasets (Fig. 1f).

Survey completeness and temporal patterns

Citizen science provided more recent and spatially extensive 
coverage of bird richness, whereas scientific collections exhibited pro-
nounced spatial and temporal gaps, particularly in Northern and 
Southwestern Mexico. Species richness peaked along mountain ranges, 
reaching maxima of 388 species in citizen science and 337 species in 
scientific collections. Despite high record numbers, survey completeness 
could not be estimated for all spatial units (Fig. 2).

In scientific collections, 33.7% of spatial units were covered with a 
median survey completeness of 76.9% (± 8.9). Only these, 35.5% were 

well-sampled, 63.8% moderately sampled, and 0.7% poorly sampled. 
These areas were patchily distributed, often aligning with mountain 
ranges and urban centers, including urban Yucatán. Citizen science 
covered 55% of spatial units with a higher median completeness of 
88.1% (± 9.4). Of these, 71% were well-sampled, 28.6% moderately 
sampled, and 0.1% poorly sampled. Well-surveyed spatial units 
extended across Baja California, the Pacific coast, and Central Mexico, 
with additional coverage near the west coast and Yucatán (Fig. 2).

Scientific collections provided more historical depth but declined 
after 1960 (Fig. 3S), with a median record age of 65 years (± 23.6) 
(Fig. 3). In 71.9% of spatial units, species with the most recent records 
had not been recorded for over 50 years. Recent records (<50 years) 
were concentrated in Central Mexico. In contrast, citizen science data 
had a much younger median record age of 3 years (± 9.5), with 95.4% of 
grid cells containing data from 2004 or later (Fig. 3). Isolated cells with 
unusually old citizen science records were detected in eastern mountain 
ranges, coastal zones, and Gulf of California islands (Fig. S5).

Fig. 1. Sampling bias in bird data: (a) scientific collections, and (b) citizen science observations. Error bars represent 95% credible intervals from the Bayesian 
model. The middle panel shows the sampling rate as a function of distance to the nearest instance of each bias factor based on the inferred model for scientific 
collections (c) and citizen science observations (d). (f) Spatial representation of the geographic bias for scientific collections and citizen science. Lighter colors 
represent higher sampling bias for roads, cities, natural protected areas and rivers. Maps are at a spatial resolution of 0.0083 arc-seconds.
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Integration of survey completeness and temporal recency patterns

Combining completeness and collection recency revealed that 50% 
of cells were well-sampled by citizen science but associated with 
outdated scientific records, identifying high-priority areas for updating 
institutional collections. An additional 24% were well-sampled with 
recent scientific records, while 19% showed moderate completeness and 
outdated collections, suggesting areas where representativeness could 
be improved. The remaining 7% included cells with either moderate or 
low completeness but recent scientific records.

We combined scientific collection completeness with a binarized 
map of record recency. As expected, many of the resulting cells over-
lapped with those identified as well-sampled by citizen science, but this 
comparison also highlights additional spatial units where citizen science 
lacks sufficient data to calculate completeness (Fig. 4). In this analysis, 
44% of cells had medium completeness and outdated records, 24% had 
high completeness with recent records, and 12% had high completeness 
but with outdated records. This last group of cells are high-priority 
targets for resampling field campaigns, as it includes areas with solid 
baseline data that have not been updated in decades.

Finally, 11% of grid cells were well-sampled and up-to-date in both 
datasets, making these ideal candidates for establishing long-term bird 

monitoring programs. These cells are scattered across the country, with 
notable concentrations in Central and Southern Mexico, as well as on 
some Pacific islands (Fig. S6).

Discussion

Our analyses revealed clear differences in taxonomic, geographic, 
and temporal coverage between scientific collections and citizen science 
datasets, highlighting their complementary strengths and limitations. 
Citizen science contributed broader and more recent geographic 
coverage, while scientific collections provided historical depth and 
greater taxonomic reliability through voucher specimens—crucial for 
monitoring biodiversity responses to global change (Daru, 2025). 
However, both datasets remain clustered within accessible areas and fail 
to adequately cover biodiversity hotspots and remote regions. Despite 
some geographic overlap, the datasets differ in temporal scope and data 
structure, offering complementary perspectives. Aligning citizen science 
with institutional priorities could help reduce spatial and taxonomic 
biases and strengthen its role in conservation monitoring.

Fig. 2. Survey completeness in scientific collections (left panel) and citizen science (right panel). Darker colors indicate higher documented species richness (top 
row) and greater inventory completeness (bottom row). The top row maps show spatial units where species richness could be measured. The bottom row shows 
inventory completeness, with polygons outlining well-sampled grid cells (completeness ≥80%). Bar charts within each map summarize the proportion of grid cells by 
species richness and completeness categories for each dataset.
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Taxonomic and geographic patterns in scientific collections and citizen 
science

Neither dataset includes all 1,094 bird species reported for Mexico by 
BirdLife International (2024). Citizen science lacked ~30 species, and 
scientific collections lacked geographically useful records for 79 species. 
These absences likely reflect data limitations—such as filtering criteria, 
incomplete digitization or lack of open-access sharing—rather than true 
species absence (Hortal et al., 2015; Meyer et al., 2016). Citizen science 

data disproportionately represent species that are conspicuous, 
large-bodied, common, and/or of least concern (Callaghan et al., 2021). 
This bias reduces their utility for comprehensive biodiversity assess-
ments, especially for rare or cryptic species that are harder for amateur 
observers to detect or identify (Daru and Rodriguez, 2023; Fontaine 
et al., 2022). Additionally, the absence of voucher specimens limits 
opportunities for taxonomic verification and reduces their value for 
long-term research or confirmation of key ecological patterns (Bonney 
et al., 2014; Lang et al., 2019).

Regarding geographic biases, both datasets show strong spatial 
clustering around cities and roads, consistent with previous findings 
(Boakes et al., 2010; Callaghan et al., 2021). Citizen science efforts 
generally rely on accessible areas with adequate infrastructure to facil-
itate observer participation, including transportation, safety, and 
communication networks (Echeverri et al., 2022; Ocampo-Peñuela 
et al., 2025). Thus, citizen science records tend to concentrate near 
urban and recreational areas, reflecting the influence of accessibility and 
leisure-related motivations (Geldmann et al., 2016; Moerman and 
Estabrook, 2006). In contrast, scientific collections exhibit relatively 
greater representation in remote locations, particularly within protected 
areas and along riparian corridors, where professional collectors often 
work under institutional mandates.

Riparian zones appear underrepresented in citizen science data, 
likely due to limited physical access, safety concerns or lack of recrea-
tional appeal. These areas may also be bypassed when observers focus 
on more visible or charismatic species typically found in open or urban 
habitats (Echeverri et al., 2022; Ocampo-Peñuela et al., 2025). There-
fore, initiatives such as birdwatching tourism could be designed to 
promote the exploration of riparian ecosystems and help bridge this gap 
and improve spatial coverage (Ocampo-Peñuela et al., 2025).

Despite differences, both datasets are heavily concentrated in Central 
Mexico, while northern regions and biodiverse southern states like 
Oaxaca and Chiapas remain under-sampled, likely due to accessibility 
challenges (Boakes et al., 2010; Geldmann et al., 2016). As a result, 
neither dataset fully compensates for the other in these key but poorly 
documented regions (Daru and Rodriguez, 2023; Geldmann et al., 
2016).

Temporal scope of each dataset

Scientific collections offer long-term historical records (median 

Fig. 3. Temporal bias for scientific collections and citizen science. Darker colors indicate younger inventories. Inset histograms show the distribution of the pro-
portion of grid cells within each bin, with the dotted line marking the median value. Grid cell resolution: 15 arc-minutes.

Fig. 4. Integration of survey completeness and temporal recency patterns. 
Temporal recency is derived from scientific collections. Grid cells are classified 
into six categories based on the combination of survey completeness (well-, 
moderately-, or poorly-sampled) and record recency (recent vs. outdated). 
Categories correspond to: (1) well-sampled with outdated records, (2) well- 
sampled with recent records, (3) moderately-sampled with outdated records, 
(4) moderately-sampled with recent records, (5) poorly-sampled with outdated 
records, and (6) poorly-sampled with recent records. Hashed and outlined cells 
represent scientific collection completeness × scientific collection recency, 
whereas colored cells represent citizen science completeness integrated with 
scientific collection recency, allowing direct comparison between data sources. 
Grid cell resolution is 15 arc-minutes.
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record age: 65 years), but 71.9% of grid cells include records over 50 
years old. While this limits their ability to reflect present-day biodiver-
sity patterns (Lang et al., 2019), the issue stems more from chronic 
underfunding and reduced institutional capacity than from the collec-
tions themselves (Ladle and Hortal, 2013). In contrast, citizen science 
contributes recent data (median record age: 3 years), addressing the 
temporal shortfall and enabling near real-time biodiversity monitoring 
(Boakes et al., 2010). Integrating both datasets is therefore crucial for 
assessing biodiversity dynamics over time. For instance, combining 
historical specimens with recent observations has proven valuable for 
tracking environmental change in Mexican endemic birds (Peterson 
et al., 2015).

Citizen science initiatives to enhance fieldwork efforts

Citizen science can significantly contribute to biodiversity research 
by providing recent, large-scale observations that complement formal 
inventories (Callaghan et al., 2019; Lau et al., 2019). Although both 
citizen and institutional efforts are typically clustered within accessible 
regions, citizen observations can help fill geographic and taxonomic 
gaps when aligned with research and conservation objectives (Wetzel 
et al., 2018). The main complementarity of both datasets lies in the 
temporal dimension: citizen science supplies recent records with broad 
participation, while scientific collections provide historical depth and 
taxonomic rigor. Continued institutional fieldwork remains essential for 
building complete and accurate biodiversity inventories, especially in 
under sampled areas.

While citizen science has not yet significantly expanded coverage 
into remote regions, it holds strong potential if guided by targeted 
protocols, environmental education, and institutional coordination 
(Callaghan et al., 2019; Rowley et al., 2019; Fontaine et al., 2022). In 
this study, we provide a spatial framework to help prioritize areas for 
bird sampling—whether to document local diversity, update inventories 
or launch new monitoring efforts. Species-focused citizen science pro-
jects, especially when paired with educational outreach, can boost 
participant skills and promote broader engagement in biodiversity 
conservation (Fontaine et al., 2022; Lau et al., 2019; Steven et al., 2019).

Taxonomic considerations and their influence on data integration

We followed the HBW taxonomy (BirdLife International, 2020) that 
aligns with IUCN distribution polygons. Although other global taxon-
omies such as eBird (Clements et al., 2021) and BirdTree (Jetz et al., 
2012) differ, these deviations remain within ~20% and generally yield 
comparable ecological outputs (Tobias et al., 2022).

Regional taxonomies introduce additional inconsistencies. Many 
Mexican birdwatchers rely on the American Ornithologists’ Society 
(AOS) taxonomy (Chesser et al., 2024), which tends to be more con-
servative in species splits compared to HBW. For example, HBW treats 
Turdus confinis (San Lucas Robin) as distinct from T. migratorius, whereas 
AOS merges them. This taxonomic discrepancy likely contributes to the 
underreporting of T. confinis in citizen science datasets from Baja Cali-
fornia. Moreover, species appearing only in citizen science are some-
times absent from scientific collections due to differences in taxonomic 
standards. Using more conservative systems may lump endemic taxa 
under broader names, reducing their visibility in integrated databases. 
These inconsistencies highlight the importance of harmonizing taxon-
omy across datasets to ensure the inclusion of endemic and 
range-restricted species.

Conclusions

Our findings align with global patterns of biodiversity knowledge 
shortfalls, particularly the Wallacean and temporal shortfalls (Daru and 
Rodriguez, 2023; Hortal et al., 2015). Despite the large volume of 
occurrence data now available through global platforms like GBIF, 

significant gaps persist in species distribution documentation and 
monitoring timelines, especially in remote or understudied regions. By 
identifying spatial units with outdated or incomplete records, our 
framework offers a practical tool to reduce both Wallacean and temporal 
shortfalls. Strengthening scientific collections is essential not only for 
documenting species diversity, but also for improving biodiversity 
monitoring and informing adaptive conservation responses to ongoing 
environmental change.
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