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Abstract
The taxonomic, spatial and temporal biases in digital accessible knowledge (DAK) are

important considerations for macroecological research, effective biological conservation

and the sustainable use of biological resources. Here, for the first time, we quantify the

gaps in bird data in China and determine the effectiveness of national datasets in com-

plementing the large authoritative data portal at the national scale in terms of taxonomic,

geographical, temporal, zoogeographical and ecoregional coverage. In this study, we

integrated more than 2.5 million bird occurrence records in China from three main data

portals, the Global Biodiversity Information Facility (GBIF), the BirdReport (BR) and

three sub-platforms containing information on bird specimens in the National Specimen

Information Infrastructure (NSII) in China. The results demonstrated extremely low cov-

erage in the taxonomic, spatial and temporal dimensions in both the GBIF dataset and the

integrated dataset; moreover, the complementary effectiveness of additional datasets was

quite limited. Our results emphasize the importance of research to fill the data gaps at

national, regional and local scales. Effective strategies to improve the availability of DAK

not only in China but also throughout the world are proposed.
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Abbreviations
DAK Digital accessible knowledge

GBIF Global Biodiversity Information Facility

BR BirdReport

NSII National Specimen Information Infrastructure

TSS Taxidermy Specimens Sub-platform

SRSPE Specimen Resources Sharing Platform for Education

DSRSPNR Digital Specimen Resources Sharing Platform for Nature Reserve

CoLC The Catalogue of Life China: 2018 Annual Checklist

INTE The Integrated Dataset of DAK Regarding Birds in China

K–S test Kolmogorov–Smirnov goodness-of-fit test

Introduction

The veracity and objectivity of digital accessible knowledge (DAK) regarding biodiversity

(i.e., primary biodiversity data) (Sousa-Baena et al. 2014) are the most important foun-

dations for macroecological research, effective biological conservation and sustainable use

of biological resources (Amano and Sutherland 2013; Garcia-Rosello et al. 2015; Qian

et al. 2018; Sullivan et al. 2017). These data originate from a variety of sources, such as

digitized museum specimens, observational events, the scientific literature, and species

atlases (Ariño et al. 2016; Boakes et al. 2010; Pino-Del-Carpio et al. 2014). Among these

sources, digitized museum specimens and citizen-science records are relatively publicly

accessible, centralized and abundant (Ariño et al. 2016).

The museum specimen data originate from the digitalization of information from mil-

lions of museum collections (Page et al. 2015). Although the data are always too sparse to

represent the biodiversity pattern of a given region (Rocha et al. 2014), their excellent

performance in terms of traceability allow museum specimen data to serve as a verifiable

reference for clarifying the historical distribution and geographic dynamics of a given

species (Troudet et al. 2018).

Currently, with the rapid development of digital citizen science initiatives, increasing

amounts of occurrence data are generated every minute (Dickinson et al. 2010; Troudet

et al. 2018). As a result of this increase, the number of observation-based records has

already surpassed the number collection-based records, and this type of data has provided

the majority of the supporting evidence used to characterize species distributional patterns

(Troudet et al. 2018). One of the most representative citizen-based observation data-

sharing projects is eBird (Sullivan et al. 2009), which has been integrated into the Global

Biodiversity Information Facility (GBIF, https://www.gbif.org) and represents approxi-

mately two-fifths of all records in this data portal (accessed 27 February 2020).

The GBIF is the most globally prominent and utilized data portal of biodiversity DAK

(Amano et al. 2016; Amano and Sutherland 2013; Beck et al. 2014). Because of the

complete openness and sharing, an increasing number of researchers have accessed the

portal to obtain information for species distribution modelling, policy making and iden-

tifying priority areas for conservation (Bayraktarov et al. 2019; Biber et al. 2020; Moradi

et al. 2019).

Well-covered DAK can precisely represent the distributional patterns and dynamics of

species. However, large gaps in data regarding the taxonomic, spatial and temporal

dimensions, which may seriously impact the analyses and provide misleading results, have

123

3288 Biodiversity and Conservation (2020) 29:3287–3311

https://www.gbif.org/


also been commonly reported globally and locally (Gaiji et al. 2013; Meyer et al.

2015, 2016). For example, data gaps in taxonomic coverage affect the precise inference of

species richness and the determination of the relationships between multispecies assem-

blages within a certain range (Nieto-Lugilde et al. 2018). Uneven geographical coverage

may influence the performance of species distribution models based on the species

occurrence records, and possibly misestimate the actual or potential distribution patterns of

focal species (Beck et al. 2014; Feeley and Silman 2011). Insufficient temporal coverage of

data will make it difficult to correctly represent the changes in species distribution ranges

over time (Tingley and Beissinger 2009). Inadequate zoological region or ecoregion

coverage may negatively affect the inferences of species regional ranges, which will make

it difficult to accurately determine or revise the division of zoogeographical regions or

ecoregions (He et al. 2017). It may also influence the biogeographical research, biological

resource management and conservation based on the regionalization (Groves et al. 2002;

Liao and Chen 2017; Strubbe et al. 2013).

China is one of the most species-rich countries in the world (Squires 2014), and four

areas in China are included in the 34 global biodiversity hotspots (Mittermeier et al. 2011).

However, the global open-sharing DAK regarding Chinese biodiversity is surprisingly

sparse and the data are not sufficient to represent the distribution and trends of biodiversity

in China; in other words, there are large data gaps (Qian et al. 2018). In addition, the

specific data coverage in terms of the taxonomic, spatial and temporal dimensions of DAK

in China is still unknown for each taxonomic group, even though Aves has an immense

number of records in the GBIF and other databases (Amano et al. 2016; Pino-Del-Carpio

et al. 2014; Troudet et al. 2018). Currently, 1,373 bird species have been observed in China

(The Biodiversity Committee of Chinese Academy of Sciences 2018), accounting for

approximately 13% of the bird species in the world (Gill and Donsker 2018). In addition,

national and provincial inventory and rough distribution range maps have been created

(Bird species distribution maps of the world, version 6.0 2016; Zheng 2017). However,

except for some local areas, the distributional patterns of birds at a more detailed level (at

the county level or below) are still not clear but can factually be revealed through detailed

and accurate occurrence data. Therefore, it is necessary to invoke an effective approach to

understand the present situation of DAK regarding birds in China and then systematically

fill the gaps in this knowledge.

The biodiversity data are more biased against Asia in most of the commonly used global

data-sharing portals, such as the GBIF (Beck et al. 2014; Boakes et al. 2010; Meyer et al.

2015, 2016; Pelayo-Villamil et al. 2018). However, rather few studies have focused on the

data gaps across Asia (Peterson et al. 2015; Yang et al. 2013). It is well known that the lack

of DAK regarding China is the principal cause for this observation (Meyer et al.

2015, 2016; Pelayo-Villamil et al. 2018). However, there is a large body of publicly

available data that have been assembled into several national data-sharing platforms (Ma

2014). For example, the National Specimen Information Infrastructure (NSII, http://www.

nsii.org.cn) is the largest online sharing infrastructure for digital information regarding

specimen resources in China. This data portal is the main source of existing specimen data

in China (Qian et al. 2018).

Furthermore, citizen science has also been developing over the past two decades in

China (Ma et al. 2013), providing timely and an unprecedented number of species

occurrence records (Dickinson et al. 2012). For instance, the BirdReport (BR, http://www.

birdreport.cn), which assembles the reports of many birdwatchers in China, is an important

source of data on Chinese bird distribution records. This expansive and continuously

collected information on Chinese birds has been used to monitor bird distribution dynamics
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and migration patterns (Li et al. 2013; Zeng et al. 2018), identify conservation gaps (Hu

et al. 2017), provide warnings regarding disease (Shi et al. 2018) and facilitate biodiversity

research (Cai et al. 2018). However, studies have noted the uneven distribution of the data

in time and space (Li et al. 2013). Although the volume of records increases each year, the

detailed taxonomic, spatial and temporal patterns of this dataset have not been reported.

Due to factors such as copyright and language concerns, these databases are not globally

available, and it is still unclear whether these data could effectively complement global

sharing databases such as the GBIF for birds in China.

In this paper, we collected and integrated DAK regarding birds in China from three

authoritative data portals, the GBIF, the BR and three sub-platforms of the NSII, and

addressed the following questions: (1) what are the taxonomic, spatial, temporal, zoo-

geographical and ecoregional coverages of the DAK for bird species in China and (2) do

the Chinese national bird data sources effectively fill the biodiversity data knowledge gaps

(Pino-Del-Carpio et al. 2014) in the mentioned dimensions?

Materials and methods

Data sources

We obtained bird occurrence records from three main representative sources (Table 1): (1)

the GBIF (https://www.gbif.org), with the majority of these records coming from eBird, (2)

the BR (http://www.birdreport.cn), and (3) three sub-platforms of the NSII containing

information on animal specimens. The data from these three sources represent the digital

accessible resources of information on birds in China.

Table 1 Summary of downloaded primary data for birds in China

Data sources Website No. of
records

Accessed
date

DOI

GBIF http://www.gbif.
org

1,934,384 10th Jan.
2018

China mainland: https://doi.org/10.
15468/dl.pqhkzp

Chinese Taipei: https://doi.org/10.
15468/dl.weniea

Hong Kong: https://doi.org/10.15468/
dl.weniea

Macao: https://doi.org/10.15468/dl.
xkmvcm

BR http://www.
birdreport.cn

1,130,629 1st May
2018

–

NSII sub-
platforms

TSS http://museum.ioz.
ac.cn

60,005 12th Jun.
2018

–

SRSPE http://mnh.scu.edu.
cn

36,198 31st May.
2018

–

DSRSPNR http://www.papc.
cn

18,993 29th May.
2018

–

BR BirdReport, TSS Taxidermy Specimens Sub-platform, SRSPE Specimen Resources Sharing Platform for
Education, DSRSPNR Digital Specimen Resources Sharing Platform for Nature Reserve
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Data integration

For various reasons, the occurrence data from the different data sources and periods used

different nomenclature systems, and it was difficult to directly use these data for further

analysis. Consequently, the nomenclature system first needed to be unified for each record.

In this study, the scientific names of all the records were taxonomically standardized and

validated using the Catalogue of Life China: 2018 Annual Checklist (CoLC), which is the

most authoritative checklist of Chinese species. The matching of scientific names pro-

ceeded through the workflow described in Appendix 1 in Electronic Supplementary

Material. We only retained records with matched verbatim accepted scientific names.

Some of the records from the BR and all the records from the NSII provided only the

addresses of the sampling locations without coordinates. Thus, the coordinates of these

records were verified according to the place names using Amap API (https://www.amap.

com). We only retained the records with place names at the county level or below.

Coverage and complement

We used the conceptual framework developed by Meyer et al. (2016) to determine the

coverage of DAK regarding birds in China. We estimated the taxonomic, geographical,

temporal, zoogeographical and ecoregional coverage in two datasets: (1) the GBIF, con-

taining 1,227,345 cleaned records and (2) the integrated dataset (INTE), containing

2,292,950 cleaned records from the three data sources: the GBIF, the BR and the NSII.

To evaluate taxonomic coverage, we compared the species recorded in the datasets and

the CoLC to quantify the number of species covered by each dataset. Then, we calculated

the difference between the two species lists, which represents the number of additional

species in the BR and NSII datasets.

We estimated the taxonomic coverage across 55 9 55 km2 equal-area grid cells using

the following method. The area of the 55 9 55 km2-resolution grid was the closest to the

mean area of the counties in China. The expected species richness for each pixel was

calculated according to the Chao2 metric (SChao2) (Peterson et al. 2018; Peterson et al.

2016) using Eq. (1):

SChao2 ¼ Sobs þ
m� 1

m

� �
Q1 Q1 � 1ð Þ
2 Q2 þ 1ð Þ

� �
: ð1Þ

In Eq. (1), Sobs represents the number of species recorded in each cell; m indicates the

number of unique combinations of records (species 9 date) available for each cell; Q1 and

Q2 represent the number of species recorded on exactly one day and two days in each cell,

respectively. The metric was calculated for each dataset and visualized with ArcGIS 10.2

(ESRI, Redlands, California, USA) (Fig. 1).

Then, the bird inventory completeness (C) of each pixel could be calculated according

to Eq. (2):

C ¼ Sobs=SChao2 ð2Þ

The grid cells with more than 200 combinations of species and date (m C 200) and

C C 0.8 were labelled as well-inventoried (Peterson et al. 2016). Additionally, the grid

cells with fewer than 200 records were perceived as under-sampled and were removed
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from the analysis, as there were too few records to calculate a meaningful completeness

metric.

For geographical coverage, the count of unique coordinates per species and per grid cell

was calculated for both datasets. Then we calculated the difference between the GBIF

dataset and INTE dataset for each grid cell, which represents the additional location count

in the BR and NSII datasets. Moran’s I was used to measure the geographical bias of the

distribution of records, which is a quantitative indicator of spatial autocorrelation (Le-

gendre and Legendre 2012). A positive value of Moran’s I and significant spatial auto-

correlation indicate biased geographical coverage.

A time-related index, T, was defined to measure the temporal coverage of each species

or grid cell. In the datasets, the earliest available record was April 1840, and the latest was

April 2018, so the total number of months (M0) = 2137. Under ideal conditions, each

species or grid should have at least one record for every month. M was calculated as the

number of months for which data were recorded for each species or grid cell in each

dataset. The temporal coverage index (T) for each species or grid cell was then calculated

as:

T ¼ M

M0

� 100 ð3Þ

Moran’s I was also calculated to measure geographical bias in temporal coverage. A

positive value of Moran’s I and significant spatial autocorrelation indicate significantly

high aggregation of grid cells with high temporal coverage (Meyer et al. 2016).

The trend of the change in taxonomic and geographic coverage over time was analysed

for each and cumulatively up to 5-year period.

We also evaluated the zoogeographical and ecoregional coverage. The zoological

regionalization map of China was derived from Zhang (1999), which subdivided China

into 2 realms, 3 sub-realms, 7 regions and 19 subregions (Appendices 2a and 3a in

Electronic Supplementary Material). Furthermore, we also evaluated the ecoregional

coverage across the terrestrial ecoregions in China defined by the World Wildlife Fund

(Olson et al. 2001), which subdivided terrestrial China into 2 realms, 9 biomes and 68

ecoregions (Appendices 2b and 3b in Electronic Supplementary Material). The maps were

resampled to 55 9 55 km2 grid cells using ArcMap (ESRI, Redlands, CA, USA) to match

the resolution of the completeness analysis. The frequency distribution of all grid cells of

each subregion or ecoregion was used as the background distribution for the comparison.

The subregions were divided according to the distribution of representative fauna, which

were based on faunal investigation and expert opinions proposed by Zhang (1999). The

bird species checklists in each subregion were derived from Zheng (2011) for further

analysis.

In the taxonomic dimension, we compared the species recorded in the datasets and the

checklists to quantify the number of species covered in each subregion. In the geographical

dimension, we compared the frequency of well-surveyed cells in each subregion and the

uniform distribution. Kolmogorov–Smirnov (K–S) goodness-of-fit tests were used to test

Fig. 1 Summary of the numbers of species observed in the digital accessible knowledge for birds in China
for each dataset: a the GBIF and b the INTE, and the distribution of well-inventoried grid cells based on
those data. Well-inventoried (C C 0.8 and m C 200) grid cells are marked by bold black boxes. The colors
of the legend denote the number of recorded species in each grid cell, and the number represents the quantity
of species in each level. For example, the number ‘‘50’’ in the relevant color means that the quantity of
recorded species is between 1 and 50. Double circle symbols indicate the provincial capital cities in China.
Insets in the bottom right corner show the boundary and all the islands in the South China Sea

b
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the differences between the observed datasets (INTE and GBIF) and the background

distribution. A significant D value calculated by the K–S test could quantify the difference

between the data and the background distribution, that is, significant and high D values

indicate extensive data bias in zoogeographical or ecoregional coverage (Loiselle et al.

2008; Troia and McManamay 2016; Troia and McManamay 2017).

Results

Taxonomic coverage

The bird occurrence data in the GBIF for the entire country of China did not show dramatic

gaps in taxonomic coverage, with 1,157 recorded species, representing 84.27% of all birds

in China (1,373 species in the CoLC). In the INTE dataset, the species count reached

1,318, representing 95.99% of the total (Fig. 2). At the order level, in the GBIF dataset, the

taxonomic coverage varied from 33.3–100% (Table 2). However, the orders with coverage

of less than 50% were represented by only 27 species in total (i.e., Bucerotiformes: 5 spp.,

Gaviiformes: 4 spp., Procellariiformes: 15 spp. and Trogoniformes: 3 spp.). In the INTE

dataset, the taxonomic coverage of all orders except for 3 (29 species in total) reached

90%, ranging from 53.3 to 100% (Caprimulgiformes: 87.5% of 7 spp., Procellariiformes:

53.3% of 15 spp., and Psittaciformes: 77.8% of 7 spp.; other orders: 90.2–100%) (Table 2).

In both datasets, the taxonomic coverage of Procellariiformes was lower than that of other

orders (Table 2).

However, taxonomic coverage was geographically biased. In the GBIF dataset, the

number of unique combinations of records, m, varied from 0 to 95,682, with 2415 grids

GBIF
IN

TE
CoLC

1000

1100
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1300

1400
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N
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sp
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s

Fig. 2 Taxonomic coverages of
information on birds in China in
the GBIF and INTE datasets. The
histograms represent the total
number of recorded species in the
GBIF and INTE datasets and in
the Catalog of Life in China,
2018 (CoLC). The dark grey
parts of the histogram represent
the additional recorded birds in
the INTE dataset in comparison
to the GBIF dataset
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(70.0%) with m = 0, 843 grids (24.4%) with 0\m\ 200, and 192 grids (5.6%) with

m C 200. There were only 71 well-inventoried grids at the level of C (the bird inventory

completeness) C 0.8, accounting for 2.1% of the total grids nationwide. Most well-in-

ventoried grids (21 grids) were found to be distributed in Taiwan. The rest were scattered

in other regions and distributed mainly near Beijing and Shanghai (Appendix 4a in

Electronic Supplementary Material). On the other hand, the data indicated that 966 bird

species were recorded in these grids, with 83.5% of the recorded species in the GBIF

dataset. Furthermore, 13 grids were found to be well-sampled at the level of C C 0.9,

accounting for 0.4% of the total grids. In these grids, 595 species were recorded, repre-

senting 51.4% of the total (Fig. 1a).

In the INTE dataset, m varied from 0 to 99,376, with 1500 grids (43.5%) with m = 0,

1359 grids (39.4%) with 0\m\ 200, and 591 grids (17.1%) with m C 200. The data

conditions somewhat improved, mainly indicated by (1) an increase in well-inventoried

grids and (2) an increase in grids with m C 200 (allowing a meaningful C value to be

calculated). However, the gap in taxonomic coverage was persistent and also reflected in

Table 2 Taxonomic coverage of DAK of birds in China at the order level

Order No. of
species

GBIF INTE

Covered
species

Taxonomic
coverage (%)

Covered
species

Taxonomic
coverage (%)

Anseriformes 51 43 84.31 46 90.20

Apodiformes 11 8 72.73 10 90.91

Bucerotiformes 5 2 40.00 5 100.00

Caprimulgiformes 8 6 75.00 7 87.50

Charadriiformes 129 105 81.40 117 90.70

Ciconiiformes 37 31 83.78 34 91.89

Columbiformes 31 28 90.32 31 100.00

Coraciiformes 21 19 90.48 20 95.24

Cuculiformes 20 19 95.00 20 100.00

Falconiformes 64 54 84.38 60 93.75

Galliformes 63 51 80.95 61 96.83

Gaviiformes 4 2 50.00 4 100.00

Gruiformes 34 23 67.65 32 94.12

Passeriformes 767 673 87.74 758 98.83

Pelecaniformes 17 12 70.59 16 94.12

Phoenicopteriformes 1 1 100.00 1 100.00

Piciformes 42 35 83.33 40 95.24

Podicipediformes 5 5 100.00 5 100.00

Procellariiformes 15 5 33.33 8 53.33

Psittaciformes 9 6 66.67 7 77.78

Pterocliformes 3 3 100.00 3 100.00

Strigiformes 32 24 75.00 29 90.63

Trogoniformes 3 1 33.33 3 100.00

Upupiformes 1 1 100.00 1 100.00
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two aspects: (1) the well-inventoried grids were mainly distributed near those in the GBIF

dataset, and (2) this was also the case for grids with m C 200. In addition to the above

regions, newly identified well-inventoried regions were mostly distributed around

provincial capital cities, such as Chengdu (Sichuan Province), Wuhan (Hubei Province),

Changsha (Hunan Province), and Xi’an (Shaanxi Province). Among the grids, 194 were

well inventoried at the level of C C 0.8, representing 5.6% of the total, and 1256 species

were recorded, representing 95.3% of all recorded species; 19 grids were well inventoried

at the level of C C 0.9, representing 0.6% of the total grids, and the data from those grids

provided records for 858 species, accounting for 65.0% of the total number of recorded

species (Fig. 1b).

Geographical coverage

Both the GBIF and INTE datasets showed significant taxonomic and geographical gaps in

geographical coverage. The number of different sampling locations in the GBIF dataset

was 38,668, but half of the recorded species were recorded at fewer than 42 different

sampling locations (median: 42; mean: 426) (Fig. 3a, c). The geographical coverage

showed a significantly distorted pattern (Moran’s I = 0.40, P\ 0.001) (Fig. 3d). High

geographical coverage occurred in Taiwan and Hong Kong. Moreover, the well-recorded

regions in the GBIF dataset were Beijing, Dalian, Xiamen and Shenzhen (more than 10,000

records in a grid), followed by Shanghai and nearby areas, central Sichuan Province, and

western Yunnan; the third most well-recorded regions were surrounding provincial capital

cities, such as Changsha, Nanchang, Guangzhou, Fuzhou, Hefei, and Kunming (Fig. 3d).

For the INTE dataset, there were 52,993 different sampling locations, but half of the

species were recorded at fewer than 108.5 different sampling locations (median: 108.5;

mean: 665) (Fig. 3b, c). The geographical coverage also showed high geographical bias

(Moran’s I = 0.35, P\ 0.001) (Fig. 3e). Newly identified well-recorded regions were

found in the area surrounding Shanghai; Chengdu and the surrounding area in central

Sichuan Province; Yingjiang, Tengchong and Ruili in western Yunnan Province; Wuhan;

Hefei; Nanjing; and Hangzhou; followed by the regions surrounding the above cities. In

general, the records formed a pattern in which the number of records gradually decreased

around the provincial capital cities (Fig. 3e). The pattern of the difference in records

between the GBIF and INTE datasets for each grid was remarkably similar to that of record

number, showing a highly biased pattern (Moran’s I = 0.13, P\ 0.001) (Fig. 3f).

Temporal coverage

All the species had quite low temporal coverage in both datasets. In the GBIF dataset, the

species with the highest temporal coverage was Passer montanus, reaching 17.08 (Fig. 4a),
and the median and mean temporal coverage were only 1.5 and 3.09 (Fig. 4c), respectively.

The species with the highest temporal coverage in the INTE dataset was Motacilla alba, at
25.92 (Fig. 4b), and the median and mean coverage were 4.02 and 5.31, respectively

(Fig. 4c). The temporal coverages of 190 recorded species (16.42%) were lower than 0.56

(12 months) in the GBIF dataset (Fig. 4a), and this was also the case for 344 species

(26.1%) in the INTE dataset (Fig. 4b).
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The temporal coverage of grids was also low and biased, with the temporal coverage

being significantly geographically biased in the GBIF (Moran’s I = 0.48, P\ 0.001)

(Fig. 4d). Taiwan, Hong Kong, Beijing and Shanghai had high temporal coverage (tem-

poral coverage higher than 5), and the grid with the best temporal coverage was in Hong
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Fig. 3 a–c Geographical coverage of the species in each dataset: a the GBIF, b the INTE, and c the
statistical results for each dataset. The bars indicate the maximum and minimum numbers of sampling
locations. The lower and upper ends of the boxes represent the 25 and 75% percentiles, respectively. ‘?’
represents the mean value. d–f Geographical coverage of grids for each dataset: d the GBIF, e the INTE and
f the difference in the number of records between these two datasets. The colors of the legend denote the
number of records in each grid cell, and the number represents the quantity of records in each level. For
example, the number ‘‘25’’ in the relevant color means that the quantity of records is between 1 and 25.
Double circle symbols indicate the provincial capital cities in China. Insets in the bottom right corner show
the boundary and all the islands in the South China Sea
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Fig. 4 a–c Temporal coverage of the species in each dataset between 1840 and 2018: a the GBIF, b the
INTE, and c the statistical results for each dataset. The bars indicate the maximum and minimum numbers
of sampling locations. The lower and upper ends of the boxes represent the 25 and 75% percentiles,
respectively. ‘?’ represents the mean value. ‘‘T’’ is the newly defined index to measure the temporal
coverage of each species or grid cell (see text). d–f Temporal coverage of the grids in each dataset: d the
GBIF, e the INTE and f the difference in the temporal coverage indices between the two datasets. The colors
of the legend denote the temporal coverage index in each grid cell, and the number represents the temporal
coverage index in each level. For example, the number ‘‘0.5’’ in the relevant color means that the temporal
coverage index is between 0 to 0.5. Double circle symbols indicate the provincial capital cities in China.
Insets in the bottom right corner show the boundary and all the islands in the South China Sea
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Kong, reaching 15.9. However, the median and mean temporal coverage were only 0.23

and 0.77 (Fig. 4d). The temporal coverage was also geographically biased in the INTE

dataset (Moran’s I = 0.36, P\ 0.001) (Fig. 4e). In addition to the above four regions, the

grids with the highest temporal coverage (greater than 5) were mostly distributed in areas

associated with provincial capital cities, such as Wuhan, Chengdu, Guangzhou, Nanjing,

Hangzhou, Lanzhou and Fuzhou (Fig. 4e). The pattern of the difference in temporal

coverage between the GBIF and INTE datasets in each grid was remarkably similar to that

of temporal coverage and highly biased (Moran’s I = 0.28, P\ 0.001) (Fig. 4f).

Temporal variation in coverage

Nationally, the taxonomic coverage and geographic coverage increased over time but

fluctuated markedly in both datasets.

In terms of the timeline of taxonomic coverage, the GBIF showed two waves of growth.

The first wave occurred in 1910–1930, and coverage thereafter remained below 100 spe-

cies for many subsequent five-year periods for a long time. After 1980, the number of

species recorded grew every five years, except for slight declines in 1995 and 2015

(Fig. 5a).

The trend in the INTE dataset was slightly different, with the first increase also

occurring in the 1910–1940 period, when the number of species recorded every 5 years was

below 400. Since then, there were two peaks in the 1960s and 1980s, with more than 700

species recorded each time. After that, except for a slight decline in 1995, a substantial

upward trend was observed. The ability of the data in the INTE dataset to supplement the

GBIF was obvious in the 1940s, 1960s, 1980s and after 2000, with more than 200 species

added, among which the number of species recorded in approximately 1960 was almost the

same as that recorded in the INTE dataset that year (Fig. 5a).

The fluctuation in the geographical coverage over time is not as drastic as that for

taxonomic groups. The geographical coverage of the GBIF data set has been very low for a

long time, with the coverage increasing only after 1985, which continues to this day.

However, the highest coverage rate is only slightly over 20%, and the cumulative coverage

is only less than 30% (Fig. 5b). For the INTE dataset, two peaks occurred in the 1960s and

1980s, with coverage of approximately 10%, and a significant increase until 2000. The

final cumulative coverage reached 50%. The supplemental extent of geographic coverage

was basically the same as that for INTE coverage before 2000, while the rate of supple-

mental coverage after 2000 was roughly the same as the geographical coverage of the

GBIF dataset (Fig. 5b).

Zoogeographical and ecoregional coverage

In the INTE dataset, the percentage of species recorded was relatively high for most

zoogeographical subregions (mean: 80.46%, median: 87.86%), except for IA (60.50%),

IVA (64.63%), VB (52.22%) and VIIE (18.75%) (Fig. 6). As for the GBIF dataset, the

percentage was lower for each subregion (mean: 60.67%, median: 69.91%), ranging from 0

to 82.28%, and these values were lower than those for the INTE dataset (Fig. 6). However,

for most zoogeographical regions, the geographical coverage was quite low in both

datasets in all regions except for the Taiwan Subregion (62.5% in both datasets) (Figs. 7a,

b, 9a, b). The K-S tests results showed that the zoogeographical coverage exhibited
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significant biases for both datasets (INTE: D = 0.8421, P\ 0.0001, GBIF: D = 0.9474,

P\ 0.0001) (Fig. 7a).
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Fig. 5 a Trends in the number of species covered for each (solid line) 5-year period and the cumulative
(dashed line) value in the GBIF (blue line) and INTE (black line) datasets between 1840 and 2018;
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2018
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For ecoregional coverage, the geographical coverage was also quite low in both data-

sets. Exceptions occurred in some ecoregions in the IndoMalay realm, Tropical and

Subtropical Moist Broadleaf Forests Biome: IM0131 (INTE: 100%; GBIF: 50.00%),

IM0171 (INTE: 66.67%; GBIF: 83.33%), and IM0172 (INTE: 90.48%; GBIF: 85.71%);

and the Palearctic realm, Flooded Grasslands and Savannas Biome: PA0908 (INTE:

50.00%; GBIF: 30.00%) (Figs. 8a, b, 9c, d). On the other hand, there were 28 ecoregions

with no well-surveyed grids in the INTE dataset, and 44 ecoregions in the GBIF dataset

(Fig. 8a). The K–S test results showed that the ecoregional coverage exhibited significant

biases for both datasets (INTE: D = 0.75, P\ 0.0001, GBIF: D = 0.8235, P\ 0.0001)

(Fig. 8a).

Discussion

Our study indicated that the digital accessible knowledge of birds in China had large gaps

in taxonomic, geographical, temporal, zoogeographical and ecoregional coverage, which

were not filled effectively after the integration of local datasets. Large gaps in GBIF data

for many taxonomic groups have been reported in many global-scale studies (Boakes et al.

2010; Gaiji et al. 2013; Meyer et al. 2015, 2016; Pelayo-Villamil et al. 2018). However, to

the best of our knowledge, very few studies have focused on this gap at the national scale

for specific groups in Asian countries, particularly animals. This study may be the first to

discuss the incompleteness of DAK in China for the data-rich Aves group.

What is the status of the coverage of DAK for birds in China?

Taxonomic coverage

Surprisingly, the DAK covered a high percentage of birds in China, although this country

has sparse data density. The results indicate that although the availability of specimen data
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is quite low, the data include a high proportion of data on birds in China. In China, the

rapid development of birdwatching and record production occurred in the 1990s (Ma et al.

2013). Before that time, the data regarding bird distributions in China were mainly

extracted from specimens. One of the major aims of specimen collection was to investigate

species diversity (Knapp 2015), i.e., biodiversity inventories (Waeber et al. 2017).

The taxonomic coverage of the order Procellariiformes was lower than that for other

orders. This mainly occurred because the species of this order are mostly sea birds, which

fly and hunt in pelagic areas and were therefore observed and recorded less often (Mancini

et al. 2016). It is noticeable that occurrence data specifically targeting this order were

relatively rare but could be obtained from the literature and survey reports (Chown et al.

1998). The literature and reports aimed at the investigation of the biodiversity of particular
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details) in the INTE and GBIF datasets
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groups could be considerable resources for species distribution data (Li et al. 2013; Pino-

Del-Carpio et al. 2014).

However, the well-inventoried regions were only distributed around economically

prosperous cities with a large population. Birds have mostly been recorded in these

regions, but these data clearly do not objectively represent the ranges and richness of bird

species in China (Jetz et al. 2012), and do not represent the high biodiversity in nature

reserves and biodiversity hotspots (Mittermeier et al. 2011; Appendix 4b in Electronic

Supplementary Material). If the data are not representative, their use may require caution.

0

50

100

0

10

20

30

40

50

60

100
200
300
400

Ecoregions

B
ac

kg
ro

un
d

ce
lls

W
ell-surveyed

cells
Background
well-surveyed in INTE

citcraelaPyalaModnI
01 040501 04 05 06 08 09 10 13

Rock
an

d Ice

well-surveyed in GBIF

0
10
20
30
40
50
60
70
80
90
100

%
coverage

%coverage in INTE
%coverage in GBIF

Ecoregions

citcraelaPyalaModnI
01 040501 04 05 06 08 09 10 13

Rock
an

d Ice

(a)

(b)
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b percentages of well-surveyed grid cells compared with the background distributions in each ecoregion in
China (order by ID, see Appendix 2 in Electronic Supplementary Material for details) in the INTE and GBIF
datasets
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For example, the study showed that bird-watching data failed to detect the actual declines

of birds in Denmark, as compared to robust monitoring programs (Kamp et al. 2016).

Because the sample size is usually small or the observation location may not be the actual

occurrences of the species, the results of species modelling using such data may be

unreliable (Hu et al. 2017). In addition, there is insufficient evidence that unrepresentative

data can be used for purposes such as compiling lists of threatened species and biodiversity

conservation (Bayraktarov et al. 2019).

Geographical coverage

The DAK regarding birds in China revealed extremely high taxonomic bias in geo-

graphical coverage. The number of sampling locations of each species covered five orders

of magnitude. Most species were sampled in only a few sampling locations, which greatly

reduced the credibility of the studies on species distributions and other related studies using

these data (Feeley and Silman 2011) and fails to effectively represent the distributional

range of species (Meyer et al. 2017). If the data are biased, more records are needed to

accurately describe the range of species, which means that biased data may understate the

range of most species (Feeley and Silman 2011). In addition, biased data leads to

(a)

(b)

(c)

(d)

0 500 km 0 500 km

0 500 km 0 500 km

Fig. 9 Geographical distribution of well-surveyed grid cells in each zoogeographical region or ecoregion in
China in the INTE or GBIF dataset: a zoogeographical region, INTE; b zoogeographical region, GBIF;
c ecoregion, INTE; d ecoregion, GBIF. Well-surveyed grid cells are marked by bold black boxes (see
Appendices 2 and 3 in Electronic Supplementary Material for the information on zoogeographical regions
and ecoregions in China)
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uncertainty in the species distribution range estimation, which increases the uncertainty of

species richness estimation within a certain range (Meyer et al. 2017).

The distribution of the data also showed extensive geographical bias. A sufficient

number of records are required to support the determination of complete sampling (m

C 200 in this paper) (Colwell and Hurtt 1994). Records in most grids did not reach the

threshold, and some satisfactorily sampled grids had a large number of records. The data

used in this paper were composed of a very high proportion of birdwatching records

(mainly from eBird and the BR). However, the history of the development of birdwatching

activities in China is very short, and few organizations and individuals have produced data,

so the number of records is relatively small. The numbers of records in China were

considerably smaller than those in many European countries that are only a fraction of the

area of China (e.g., in GBIF, there are over 60 m occurrences of 771 bird spp. in Sweden,

https://www.gbif.org/occurrence/taxonomy?country=SE&taxon_key=212; over 23 m

occurrence of 648 spp. in Denmark, https://www.gbif.org/occurrence/taxonomy?country=

DK&taxon_key=212; and over 17.4 m observations of 642 bird spp. in Finland in FinBIF,

https://laji.fi/en/observation/list?informalTaxonGroupId=MVL.1&countryId=ML.206,

accessed 1st March 2020). Moreover, the data were mostly distributed around cities with

relatively high populations and GDPs (Ma et al. 2013). This bias was mentioned in a report

using data from the BR in 2003–2007 (Li et al. 2013). However, according to our results,

there is no tendency towards a solution to this problem. This phenomenon is not unique to

China, and the bird occurrence data from India and Mexico show similar distributional

patterns (Peterson et al. 2018; Peterson et al. 2016).

Temporal coverage

The results demonstrate that all the recorded species showed tremendously low temporal

coverage between 1840 and 2018. Therefore, it was difficult to show the distributional

dynamics of each species, and high temporal coverage is essential for biodiversity mon-

itoring (Boakes et al. 2010). However, the data still showed a taxonomic bias, with only a

few species having a temporal coverage of more than 18.16, and the birds with that

temporal coverage were regarded as ‘‘outliers’’ (Fig. 4b, c).

Moreover, the temporal coverage was geographically biased. In the geographical

dimension, the temporal coverage in mainland China is significantly worse than in Taiwan

and Hong Kong. Birdwatching activities began and started to generate data early in Taiwan

and Hong Kong (Keck 2015). Admittedly, the gap in historical information may be dif-

ficult to fill (Boakes et al. 2010). However, the earlier historical data mobilization can

partly help to improve the temporal coverage (Peterson et al. 2018; Escribano et al. 2019).

This complementary effect was reflected in this study. For instance, the Taiwan e-Learning

and Digital Archives Program (TELDAP) focuses on digitizing and sharing historical

distribution records in Taiwan (Shao et al. 2010) and is the main source of occurrence data

source for Taiwan in the GBIF.

The newly defined indices better reflect the pattern and variation in the time gaps for

each species or grid cell in this study. Ideally, the persistence of records of species or

regions over a given period would indicate that the biodiversity of those species or regions

is of ongoing concern (Flesch 2019). In most realistic cases, there are several possible

scenarios (Appendix 5 in Electronic Supplementary Material). Regardless of the recorded

status of a species or region, this information is instructive for monitoring biodiversity and

for identifying ways to fill the data gaps in the future. The first case is the most common;
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the gaps can be filled on the basis of the above methods or through the use of interpolation

methods (Monsarrat et al. 2019), which is another new research direction for further

investigation and not the purpose of this paper. In the second case, it should be considered

whether a species has disappeared from the country, or whether the distribution area should

be investigated again. The third case is similar to the first; the acquisition of historical data

from specimens, the literature or other data sources should be strengthened, to determine

whether the data gaps can be effectively filled.

Zoogeographical and ecoregional coverage

The results from this study showed that the DAK for birds in China were deficient and

geographically biased in zoogeographical and ecoregional coverage. Traditionally, the

zoogeographical regions and ecoregions were divided according to the species range maps

based on expert opinions. The quantitative and re-confirming zoogeographical division

studies that have recently gained popularity have relied on full coverage of species

occurrence records (He et al. 2017). However, our results showed that the taxonomic

completeness based on zoogeographical regions was not consistent with the geographical

completeness. That is, the DAK of birds in China is only valid for estimating zoogeo-

graphical-scale species richness, while it is not reliable for inferring species ranges. The

use of these data for biogeographic research, such as the revision of zoogeographical

regionalization maps, also merits caution.

This study also showed that full investigation area is concentrated in the subtropical

broad-leaved forests in the southeast of China. However, northeast and north China have

bird diversities that are comparable to that in the southeast coastal areas, and the infor-

mation in these areas could be enhanced or filled in by compiling existing data from other

sources (Zhang et al. 2018). In addition, the results identified some not well-surveyed

biodiversity hotspots. Other research results that combine environmental factors and

species distribution ranges will become more reliable and explanatory only when the full

species distribution range is investigated, such as studies on systematic occurrence and

breeding biology (Xiao et al. 2017).

Can regional and local DAK sources serve as effective complements to the GBIF?

Large authoritative databases are not always unbiased; in contrast, due to the integration of

data sources from all over the world, it was easy to find that integrated data sources

represent only part of the data from a region and should be integrated at the local level,

which inevitably reflects a biased data distributional pattern (Pino-Del-Carpio et al. 2014;

You et al. 2018). The species scarcity shown in some areas is actually caused by a lack of

data (Meyer et al. 2016). For example, in this study, bird occurrence data obtained from the

southwest mountains in China, which were considered to be biodiversity hotspots, were

quite rare. Large, authoritative data sources may have defects, which may mislead the

research results and cause results to be obtained that wildly differ from the actual situation

(You et al. 2018). For instance, according to the analysis of the WDPA database, mountain

ranges in Asia had an insufficient protection level (Elsen et al. 2018). In practice, however,

the core mountain region of Asia, the Qinghai-Tibetan Plateau in China, has a high pro-

tected area coverage. The reason for this difference is that the WDPA database did not

adequately integrate the data of China’s nature reserve (You et al. 2018). The integrity and
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openness of biodiversity information is very important for institutions and researchers to

analyse relevant issues (Peterson et al. 2016).

In the GBIF, there were very little occurrence data for the species distributed in China,

and one of the important reasons for this lack of data is that large amounts of local data

have not been mobilized to internationally shared datasets. Integrating different regional

and local data portals is the main method that can be used to expand the amount of data in

publicly accessible global databases, such as the GBIF (Meyer et al. 2015). However, few

investigations have addressed the effectiveness of such integration. If the data from these

databases are complementary, that is, they fill the data gap, then integrating data from

different public databases might be an effective way to reduce the distorted data pattern.

For instance, in the study of vascular plant data in China, it was found that although the

data in the NSII showed an extensive gap (Yang et al. 2013, 2014), integrating the data

from the GBIF and NSII could greatly improve the completeness of the plant inventory in

China (Qian et al. 2018).

On the other hand, if these data are similarly biased in the taxonomic, geographical and

temporal dimensions, we will only observe a more biased pattern in the final database,

which may not help to fill the data gap without noticing this fact. This phenomenon was

exemplified in this study. The results indicated that the DAK regarding birds in China in

the GBIF dataset showed an extremely wide gap in terms of taxonomic, spatial and

temporal coverage, and that the biases were slightly eased after integrating the BR and

NSII datasets. However, the data pattern after data integration is very similar to the original

pattern shown by the GBIF, because the data in the added datasets contain gaps that are

similar to those in the GBIF dataset. In other words, the main data generation pattern of the

two datasets is similar. A great proportion of the data used in this study were birdwatching

data. Birdwatching activities have a ‘‘pioneer’’ effect; that is, birdwatchers tend to make

observations in places where some birds have been previously observed, and seldom go to

places where birds have not been indicated to occur. Over the long term, the accumulated

data will inevitably show an obvious aggregation pattern; that is, data for the cells or

species with sufficient data will be produced faster, while the data for the cells or species

with insufficient data will always be insufficient.

How can the coverage of DAK regarding birds in China be effectively improved?

There are many studies involving global and broad-scale biodiversity data gap analysis,

and the importance of such studies is self-evident. However, these studies often did not

reflect more detailed regional and local data gaps because of their resolution or the

macroscopic nature of their questions. Indeed, the distribution data were always produced

at the local scale, so effective solutions will be only proposed after data gap analysis at the

national, regional and local scales. It is currently the time to effectively improve and share

biodiversity data, which is a point raised by the Aichi target (Aichi target 19), and

determining how to effectively fill the data gap at the regional or local level is the most

urgent task. Here, we present some strategies to improve the quantity and quality of bird

DAK in China.

(1) Although their supplementary effect was limited, the birdwatching records that have

accumulated over the past two decades still obviously provide a large amount of direct

information regarding the distribution of birds in China, and it can be predicted that

birdwatching activities will be one of the main ways to generate bird distribution data in

the future (Troudet et al. 2018). However, the data should be supplemented in areas with
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weak data coverage under the guidance of researchers. The specific approach is to conduct

a general survey in those areas (county-based units) through a series of scientific research

projects to conduct bird inventories below the county level, and a large amount of bird

occurrence data will simultaneously be generated, which could answer two of the core

problems in biodiversity informatics: ‘‘What’’ and ‘‘Where’’ (Ma et al. 2018), and address

the Linnaean and Wallacean shortfalls (Hortal et al. 2015).

(2) In the future, the acquisition of data can be conducted through the application of

more modern technologies, such as unmanned aerial vehicles, remote sensing, infrared

cameras and other methods (Hodgson et al. 2016; Vihervaara et al. 2017; Zhang et al.

2018) in areas that are difficult to access by humans, mainly the western regions of China.

It is also important to make full use of species identification tools to lower the participation

threshold of investigation (e.g., NoL app, Notes of Life, http://nol.especies.cn/).

(3) The acquisition, production and digitalization of specimens are also important

means of preserving species distribution data. Although it is not recommended to capture

individuals directly, it is possible to use indirect information, such as images, tissues, and

DNA, to obtain key information on species while also preserving their distribution

information (Knapp 2015; Troudet et al. 2018). This information will be more valuable

than observational records as a result of its traceability and modifiability.

(4) In the case of insufficient specimen data, the literature is an important source of

historical bird distribution data. Bird distributional data can be extracted from the large

number of scientific studies related to birds. Although such work requires a large amount of

effort, existing studies have shown that it has a good effect on filling gaps in the historical

distribution data for birds (Narwade et al. 2011).
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