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27 Abstract

28 Taxonomic bias, resulting in some taxa receiving more attention than others, has been 

29 shown to persist throughout history. Such bias in primary biodiversity data needs to be 

30 addressed as the data is vital to environmental management. This study reviews taxonomic 

31 bias in South African primary biodiversity data obtained from the Global Biodiversity 

32 Information Facility (GBIF). The focus is specifically on animal classes, and regression 

33 analysis is used to assess the influence of scientific interest and cultural salience on 

34 taxonomic bias. A higher resolution analysis of the two explanatory variables’ influence on 

35 taxonomic bias is conducted using a Generalised Linear Model on a subset of herpetofaunal 

36 families from the focal classes. Furthermore, the potential effects of cultural salience and 

37 scientific interest on a taxon’s extinction risk are investigated. The findings show that 

38 taxonomic bias in South Africa’s primary biodiversity data has similarities with global scale 

39 taxonomic bias. Among animal classes, there is strong bias towards birds while classes such 

40 as Polychaeta and Maxillopoda are underrepresented. Cultural salience has a stronger 

41 influence on taxonomic bias than scientific interest. It is, however, unclear how these 

42 explanatory variables may influence the extinction risk of taxa. We recommend that 

43 taxonomic bias can be reduced if primary biodiversity data collection has a range of targets 

44 that guide (but do not limit) accumulation of species occurrence records per habitat. Within 

45 this range, a lower target of species occurrence records accommodates species that are 

46 difficult to detect. The upper target means occurrence records for any species are less 

47 urgent but nonetheless useful and thus data collection efforts can focus on species with 

48 fewer occurrence records.

49
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52 Background

53 Primary biodiversity data reflects knowledge and practices in the study of biodiversity 

54 (Troudet et al. 2017) and consists of species occurrence records (Soberón and Peterson 

55 2004). These occurrence records include details about taxonomic information, 

56 collection/observation date and location (Ball-Damerow et al. 2019). Accumulating primary 

57 biodiversity data is an important step towards biodiversity conservation policy (Flemons et 

58 al. 2007) and it is also vital to biodiversity research  2007). Making primary 

59 biodiversity data publicly available is an important requirement for biodiversity research 

60 and planning (Huang et al. 2013). An organisation called Global Biodiversity Information 

61 Facility (GBIF) facilitates the sharing of and access to accumulated primary biodiversity data 

62 (Edwards 2004) and in 2012 GBIF was said to host the largest open access biodiversity 

63 database in the world (Boyd and Crawford 2012). GBIF is rapidly growing and at the time of 

64 writing this article, the GBIF network consisted of 101 countries and international 

65 organisations dedicated to advancing open access primary biodiversity data (GBIF 2020b). 

66

67 The biodiversity data making up the GBIF (2020a) dataset consists of contributions from 

68 data publishers which include academic institutions, museums, herbaria, non-governmental 

69 organisations, and citizen science projects such as iNaturalist (www.inaturalist.org) and 

70 AntWeb (www.antweb.org). Georeferenced data from these data publishers is collected by 

71 individuals with varying levels of biodiversity knowledge including scientists and amateur 

72 biodiversity enthusiasts (GBIF 2020a). The GBIF dataset is highly cited in scientific articles 

73 (Ball-Damerow et al. 2019), thus suggesting that researchers consider GBIF to be a reliable 

74 biodiversity database. There are also many other biodiversity databases through which 

75 primary biodiversity data is published and accessed: these include Integrated Digitized 
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76 Biocollections and The Barcode of Life Data System (Ball-Damerow et al. 2019). Biodiversity 

77 databases are not exempt from bias. Large disparities in the number of occurrence records 

78 for one taxon, in comparison to other taxa in a biodiversity dataset, highlights a taxonomic 

79 bias. This taxonomic bias is a global phenomenon that has persisted for many years (Russell 

80 1984; Ponder 1992; Troudet et al. 2017; Gordon et al. 2020). Understanding taxonomic bias 

81 in primary biodiversity data assists with addressing knowledge gaps and informing policy 

82 (Donaldson et al. 2016) as these data are important for biodiversity research and 

83 management (Flemons et al. 2007;  2007; Huang et al. 2013). Taxonomic bias 

84 can lead to underestimation of the extinction risk and future threats for underrepresented 

85 taxa (McKinney 1999), may limit understanding of how natural systems are affected by 

86 anthropogenic disturbances (Feeley et al. 2016), and could also divert conservation 

87 resources away from taxa that urgently need them (Seddon et al. 2005). 

88

89 Biased representation of taxa in primary biodiversity data may result from intrinsic features, 

90 such as abundance, remoteness and behaviour, which can make it difficult to obtain the 

91 occurrence records of some species. More extinction resistant (common species) tend to be 

92 recorded first (McKinney 1999). Primary biodiversity data is generally biased towards 

93 species that are easy to identify (Boakes et al. 2016) or locally abundant (Royle and Nichols 

94 2003). Intrinsic features are, however, not solely responsible for taxonomic bias and the 

95 cause of this bias is not fully understood (Troudet et al. 2017). It has been hypothesized that 

96 taxonomic bias in primary biodiversity data is influenced by either scientific interest (Pawar 

97 2003) or societal interest (Wilson et al. 2007). Taxonomic bias exists in the interests of both 

98 science (Clark and May 2002; Di Marco et al. 2017) and society (Ducarme et al. 2013). 

99 Studies, such as this current one, aim to understand which of the biases, in the interests of 
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100 science and society, lead to taxonomic bias in primary biodiversity data accumulation. 

101 Scientific interest can be deduced from scientific articles (Troudet et al. 2017), as these 

102 articles provide an idea of which taxa the scientific community is dedicating its resources to. 

103 Societal interest can be quantified from frequency of words in web pages (Wilson et al. 

104 2007). The frequency, or number of times, that words (e.g., taxon names) occur in a large 

105 body of text such as web pages can be used as a measure for cultural salience (Correia et al. 

106 2016; Davies et al. 2019). This cultural salience denotes the cultural visibility and profile of 

107 species (Correia et al. 2016; Davies et al. 2019), or the popularity of a species which reflects 

108 the interactions of cultural value-practice systems with that species’ traits (Ducarme et al. 

109 2013). According to Correia et al. (2017), inferring cultural salience from web pages as large 

110 bodies of text relies on the assumption that content on the World Wide Web is a reflection 

111 of the interests of the citizenry generating it.   There is evidence supporting this assumption 

112 that internet activity reflects societal interests (Funk and Rusowsky 2014; Schuetz et al. 

113 2015; Troumbis 2017; Kim et al. 2018) . When conducting web page searches, scientific and 

114 vernacular names of taxa can be used interchangeably as keywords  et al. 2016). There 

115 are high correlations between scientific and vernacular species name search results at both 

116 global and country level (e.g. in . Australia, Brazil, Indonesia, Spain, Tanzania and United 

117 States of America) regardless of lingual and cultural differences (Correia et al. 2017). High 

118 correlations are also found between the Google search engine results for scientific and 

119 English names of diurnal birds of prey, carnivores, and primates  et al. 2016).

120

121 Investigations of taxonomic bias generally focus on its causes and seldom discuss what 

122 would be considered an ideal representation of a taxon. This ideal representation of a taxon 

123 would provide guiding and non-limiting targets for primary biodiversity data collection. 
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124 Proposing target species occurrence records to guide primary biodiversity data collection 

125 would also be cognisant of the sample size requirements of biodiversity data applications. 

126 When using biodiversity data for regression analysis, at least ten subjects per variable are 

127 required for accurate models (Harrell 2001). High accuracy species distribution models can 

128 be created using samples of five, ten or 25 (Hernandez et al. 2006). For African taxa in 

129 particular, accurate species distribution models can be developed with at least 14 

130 occurrence records for species with a limited distribution range, and 25 records for widely 

131 distributed species (Van Proosdij et al. 2016). In biostatistics, a minimum sample size of 30 is 

132 considered sufficient for the design of field studies (Cohen and Cohen 1995). To 

133 accommodate these varied sample size requirements of biodiversity data applications 

134 would require the target occurrence records per species to be made up of a range of 

135 numbers. A range of target sample sizes that would be considered an ideal representation 

136 of a taxon in primary biodiversity data is also better suited to the varying levels of difficulty 

137 in collecting species occurrence records. The ease with which species occurrence records 

138 can be collected is often affected by species’ abundance, habits, habitat type and 

139 accessibility of habitats. 

140

141 Biodiversity research focus is misaligned with global biodiversity distribution (Griffiths and 

142 Dos Santos 2012; Di Marco et al. 2017). Considering that South Africa is a megadiverse 

143 country (Mittermeier, 1988; Mittermeier et al. 1997), it is important to understand the 

144 extent of biodiversity knowledge and also to investigate factors influencing primary 

145 biodiversity data accumulation in order to inform research and planning. This current study 

146 seeks to (1) quantify taxonomic bias in the primary biodiversity data of South African animal 

147 taxa and make suggestions of the ideal representation of a taxon required in order to lessen 
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148 bias. Based on hypotheses put forward in previous research (Pawar 2003; Wilson et al 

149 2007), we (2) test the likely influence of cultural salience and scientific interest on 

150 taxonomic bias in primary biodiversity data. We further (3) assess how cultural salience and 

151 scientific interest compare with a taxon’s  extinction risk. 

152 Review Approach

153 This assessment of taxonomic bias in South Africa focuses on the timespan from 1998, when 

154 the country’s National Environmental Management Act (107 of 1998) was promulgated, and 

155 the commencement of this study in 2020. The act sought to increase biodiversity monitoring 

156 and access. The highest yearly species occurrence records for South African species (ranging 

157 between 20,271 and 1,6 million) started being submitted to GBIF in the third year of this act 

158 being in effect. The dataset containing species occurrence records of South African animals 

159 was downloaded from the GBIF database on 21 February 2020, and the search parameters 

160 used to obtain this dataset are viewable on doi.org/10.15468/dl.5upuwl and in 

161 Supplementary Material 1. Not all taxon names used in GBIF datasets represent natural 

162 groupings, but those names are used here verbatim for the sake of consistency and 

163 comparability. Occurrence statistics are computed based on species occurrence records 

164 from the GBIF dataset and the number of known animal species distributed within South 

165 Africa. The numbers of known animal species are obtained from the South African Animal 

166 Checklist maintained by the South African GBIF node (SANBI Biodiversity Advisor 2020). A 

167 ratio of GBIF occurrence records (or species occurrence records submitted to GBIF) to 

168 number of known species is used to determine the average number of times each species 

169 had their occurrence records submitted to GBIF. Medians of GBIF occurrence records are 
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170 used for their robustness to outliers. Absolute deviation around the median (i.e., median 

171 absolute deviation) gives a measure of variability (Troudet et al. 2017). 

172

173 Since no guidelines exist for the ideal number of species occurrence records required for 

174 taxa to be considered sufficiently represented, we deem it necessary to suggest a range of 

175 guiding targets. Lower and upper targets of 10 and 30 occurrence records per species per 

176 habitat respectively can serve to guide biodiversity data collection. This range of targets is 

177 based on sample sizes that are suitable for various biodiversity data applications. The 

178 targets also consider the intrinsic traits of the various species, with the lower target being 

179 suitable for collecting data about species that are difficult to detect, and the upper target 

180 being more suitable for abundant species that are easier to detect. Should the upper target 

181 be reached for any species, then researchers can consider re-directing data collection 

182 resources to species with occurrence records that are lower than the suggested targets in a 

183 habitat. With such guiding targets, biodiversity data collection can be orientated towards 

184 lessening persisting taxonomic bias while ensuring there is sufficient primary biodiversity 

185 data for research and management. 

186

187 Cultural salience and scientific interest are investigated as explanatory variables for 

188 taxonomic bias in primary biodiversity data. Regression analysis is used to understand the 

189 relative influence of the two explanatory variables and their interactions on GBIF occurrence 

190 records. We use scatterplots and Pearson’s correlation to investigate correlations between 

191 the dependent variable (GBIF occurrence records) and the two explanatory variables. 

192 Cultural salience, in the South African context is determined by the frequency of focal taxa 

193 names in the South African web corpus (or body of text contained in web pages). The 
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194 advanced search option on the Google search engine, 

195 (https://www.google.com/advanced_search?), was used to search for the exact scientific 

196 names of each class (e.g. "Amphibia") and the search was narrowed by region to South 

197 Africa (Supplementary Material 1). Google search results include a numeric value which 

198 represents cultural salience or the approximate number of times a search term appears in 

199 the South African web corpus. Based on previous studies (Funk and Rusowsky 2014; Schuetz 

200 et al. 2015; Troumbis 2017; Kim et al. 2018) we assume that the South African web corpus is 

201 a general reflection of the interests of South Africans that are generating it. We say ‘general 

202 reflection’ as acknowledgement that South Africa is a diverse country with varied access to 

203 the internet. Thus, interests of people that voluntarily avoid using the internet and those in 

204 remote areas without internet access, will not be reflected in the South African web corpus. 

205 A more representative measure of South African public interest would require an extensive 

206 survey of the country’s citizenry. Scientific interest is quantified by the number of scientific 

207 articles published within this study’s focal timeframe with their topic being South African 

208 animal taxa. This scientific interest data was obtained from Web of Science (WoS) 

209 (http://apps.webofknowledge.com/). The WoS search query (Supplementary Material 1) 

210 was as follows “Class” OR “Family” AND “South Africa*”; e.g. TS=(“Amphibia” OR 

211 “Arthroleptidae” OR “Brevicipitidae” OR “Bufonidae” OR “Heleophrynidae” OR 

212 “Hemisotidae” OR  “Hyperoliidae” OR “Microhylidae” OR “Phrynobatrachidae” OR “Pipidae” 

213 OR “Ptychadenidae” OR “Pyxicephalidae” OR “Rhacophoridae” ) AND TS=(“South Africa*”). 

214 The result of this search includes a numeric value which represents scientific interest or the 

215 number of scientific articles with a South African animal taxon as their topic (specifically 

216 from journals indexed by WoS). 

217
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218 For a higher resolution investigation into the effects of explanatory variables on taxonomic 

219 bias, we additionally analysed a subsample consisting of herpetofauna (amphibians and 

220 reptiles). We chose herpetofauna for the subsample as they are generally underrepresented 

221 in wildlife research and management literature (Christoffel and Lepczyk 2012), are 

222 negatively perceived by the general public (Reimer et al. 2013; Tarrant et al. 2016) and their 

223 populations are experiencing global declines (McCallum 2007). A Generalized Linear Model 

224 (GLM) fitted using a negative binomial distribution is employed to analyse influence of the 

225 two explanatory variables on the number of GBIF occurrence records for each family within 

226 the subsample. The validity of the models is checked by testing homogeneity of residuals 

227 when plotting the values of residuals against predicted values. Outliers were excluded as 

228 they negatively impacted the model’s resolution.  Identification of outliers was achieved 

229 using the Interquartile rule; Q1 – 1.5 x Interquartile Range or above Q3 +1.5 × Interquartile 

230 Range. Similar to the methods for the main sample mentioned above, cultural salience for 

231 the subsample was obtained through a search of exact family names (e.g. “Arthroleptidae”) 

232 on Google’s advanced search page with results narrowed by region to South Africa only 

233 (Supplementary Material 1). The subsample’s scientific interest was retrieved from WoS 

234 using the following query (Supplementary Material 1) “Family” OR “Genus” AND “South 

235 Africa*”: e.g. TS=(“Arthroleptidae” OR “Leptopelis” OR “Arthroleptis”) AND TS=(“South 

236 Africa*”). For increased accuracy of the subsample’s regression analysis, families with less 

237 than ten GBIF occurrence records were excluded from the analysis as a minimum of ten 

238 subjects per variable is necessary for greater accuracy of regression modelling (Harrell 

239 2001).

240
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241 This study’s analysis is extended to the likely influence of the two explanatory variables on 

242 conservation status by comparing cultural salience and scientific interest with threat status 

243 of South African animals that are on the IUCN Red List of threatened species (IUCN 2020). 

244 This IUCN (2020) Red List has the total number species in all threatened categories per 

245 country organised by taxonomic groupings (i.e. birds, mammals, molluscs, fishes, reptiles, 

246 amphibians). The seventh IUCN (2020) grouping of animal taxa, labelled “other 

247 invertebrates”, was excluded from analysis due to uncertainty about which taxa are 

248 included in the grouping.

249

250 Twelve classes, from eight phyla, with occurrence records submitted to GBIF during this 

251 study’s timeframe were not listed on the South African Animal Checklist (SANBI Biodiversity 

252 Advisor 2020), making it impossible to compute their ratios for occurrence records to known 

253 species (Table 1). Six classes, from five phyla, listed on the South African Animal Checklist 

254 (SANBI Biodiversity Advisor 2020) do not have occurrence records submitted to GBIF during 

255 the focal timeframe (Table 1), thus it was not possible to compute any statistics for them 

256 either. All statistical analyses were performed using R statistical software (R Core Team 

257 2019) with the following packages: base (Becker et al. 1988), MASS (Venables and Ripley 

258 2002), stats (R Core Team 2019), regclass (Petrie 2020), and ggplot2 (Wickham 2016).
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259 Findings

260 Taxonomic bias in the primary biodiversity data of South African animal taxa 

261 More than 15 million occurrence records encompassing 49 South African animal classes 

262 were submitted to the GBIF database from 1998 to 21 February 2020 (Table 1). These 

263 occurrence records are from 88 datasets which are viewable on 

264 doi.org/10.15468/dl.5upuwl. Among these datasets, the largest (with over 13 million 

265 occurrence records) is from a volunteer/citizen science project called Southern African Bird 

266 Atlas Project 2 which is published to GBIF by the Animal Demography Unit of the University 

267 of Cape Town. The second largest dataset (with more than 1 million occurrence records) is 

268 from historical bird ringing records (2005-2009) published by the South African National 

269 Biodiversity Institute. 

270

271 The number of GBIF occurrence records per class show strong bias towards Aves, while 

272 some classes (e.g. Polychaeta and Branchiopoda) have comparatively fewer records (Table 

273 1). A graphic representation of the ratio of GBIF occurrence records to the number of known 

274 species per South African animal class (Fig. 1) illustrates the differences between most and 

275 least represented classes, along with all other classes in between the two extremes. The 

276 ratio of GBIF occurrence records to number of known species of birds is 18,584 while 

277 Polychaeta has an average 0.01 occurrences submitted for each species (i.e. ratio of GBIF 

278 occurrence records to number of known species = 0.01). The study sample has 23 

279 underrepresented classes (with ratios lower than 1) and Polychaeta is the least represented 

280 among those classes. Only 14 of the 49 classes submitted to GBIF have their ratio of 

281 occurrence records to number of known species greater than one.  The dashed section on 

282 Fig. 1 represents the suggested lower target of 10 and upper target of 30 occurrence 
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283 records per species which would be ideal for various applications in biodiversity planning 

284 and research, bearing in mind the difficulty of collecting occurrence data differs according to 

285 species.

286

287 Insecta, the most species-rich South African animal class (SANBI Biodiversity Advisor 2020) 

288 in the sample, accounts for 0.34% of the GBIF occurrence records under review here. The 

289 second most species-rich class, Arachnida, accounts for 0.02% of the occurrence records in 

290 the review sample. Aves accounts for 99.49% of occurrence records in the study sample yet 

291 it is over 51 and six times less speciose than South African Insect and Arachnid species 

292 respectively (SANBI Biodiversity Advisor 2020). The remaining 46 South African animal 

293 classes jointly account for 0.15% of the total occurrence records submitted to GBIF between 

294 1998 and 21 February 2020. Aves has the highest median number of occurrences per 

295 species (419), while the rest of the classes in this sample have a median of 17 occurrence 

296 records per species or less (Table 1).

297

298 Cultural salience and scientific interest as explanatory variables of taxonomic bias

299 The class with highest ratio of GBIF occurrence records to number of known species, Aves, 

300 also has the highest cultural salience (Supplementary Material 2). Scientific interest is highest 

301 for Insecta which has a lower ratio of occurrence records to known species in comparison to 

302 Aves (1.25 vs 18,584). The least represented class in this study sample, Polychaeta, has 

303 cultural salience and scientific interest in the mid-low ranges. Scaphopoda and Entognatha 

304 have the lowest scientific interest and cultural salience respectively. Both classes are 

305 underrepresented in GBIF occurrence records.

306
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307 The correlation coefficient for GBIF occurrence records and cultural salience (r = 0.799) 

308 indicates a strong positive linear relationship; the number of species occurrence records for 

309 South African animals tend to increase with their cultural salience (Fig. 2) and this 

310 relationship is statistically significant (p < 0.05). Scientific interest and GBIF occurrence 

311 records show a weak linear relationship (r = 0.011) which is statistically non-significant (p = 

312 0.95). Six outliers on each of the two plots were identified using the interquartile rule (Fig. 

313 2). When these outliers are removed to achieve more evenly distributed data points, 

314 cultural salience and GBIF occurrence records have a moderate positive relationship that is 

315 statistically significant (r = 0.599, p < 0.05), while GBIF occurrence records and scientific 

316 interest have a weak positive correlation that is also statistically significant (r = 0.396, p < 

317 0.05).

318  

319 Higher resolution investigation of taxonomic bias using a subsample 

320 The subsample used for higher resolution analysis of taxonomic bias consists of 4,329 

321 occurrence records of South African herpetofauna submitted to GBIF between 1998 and 21 

322 February 2020 (Table 2). The amphibian occurrence records are from nine datasets 

323 (viewable on doi.org/10.15468/dl.vletu9) and the largest of these datasets (with 660 

324 occurrence records) is published by the South African Institute for Aquatic Biodiversity. 

325 Occurrence records of reptile species are from nine datasets (viewable on 

326 doi.org/10.15468/dl.insbbc) and the largest among these had 946 occurrence records and is 

327 published by the South African National Biodiversity Institute. The GBIF occurrence records 

328 of South African herpetofauna span 31 families, with Pipidae, Agamidae and Lamprophiidae 

329 being the most represented. The ratio of GBIF occurrence records to number of known 
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330 species is greater than one for 30 of the 31 reviewed families, and Amphisbaenidae is the 

331 least represented.

332

333 Three families listed on the South African Animal Checklist (SANBI Biodiversity Advisor 2020) 

334 do not have occurrence records submitted to GBIF during this study’s timeframe (Table 2), 

335 and are thus excluded from analysis. The most species-rich families (Pyxicephalidae, 

336 Colubridae, Cordylidae, Gekkonidae, Scincidae) have median occurrence records per species 

337 of five or lower. Pipidae and Pythonidae, which are among the least speciose of South 

338 Africa’s herpetofaunal families, have the highest median occurrence records per species 

339 (Table 2). The GLM results (Table 3) show a positive and significant correlation between 

340 GBIF occurrence records and cultural salience of the subsample. Correlations between the 

341 subsample’s GBIF occurrence records and scientific interest are non-significant (Table 3). 

342 The GLM further shows that the interactions between cultural salience and scientific 

343 interest have statistically significant and mostly negative influence on GBIF occurrence 

344 records. 

345

346 Conservation status, cultural salience and scientific interest

347 No clear patterns emerge on the relationship between extinction risk of taxa, their cultural 

348 salience and scientific interest (Table 4). Of the six IUCN taxonomic groupings of threatened 

349 animals, mammals have the second highest cultural salience and scientific interest. They 

350 also have the second highest number of threatened species relative to the total number of 

351 known species. Amphibians have the lowest cultural salience and scientific interest, and also 

352 have the highest number of threatened species relative to the number of known species. 

353 Molluscs (which includes to Gastropoda, Bivalvia, and Cephalopoda as per IUCN taxonomic 
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354 grouping) have the third highest cultural salience and scientific interest, and the least 

355 threatened species relative to the total number of known species in South Africa.

356 Interpretation and policy implications of findings

357 Taxonomic bias in the primary biodiversity data of South African animal taxa 

358 This current study found biases in the primary biodiversity data of South African animal 

359 taxa. There is a strong bias towards Aves in the South African context, and also at a global 

360 scale (Troudet et al. 2017). Classes such as Polychaeta, Bivalvia and Arachnida are 

361 underrepresented in both global (Troudet et al. 2017) and South African primary 

362 biodiversity data (Fig. 1). Intrinsic factors may be contributing to the bias towards taxa such 

363 as Aves and Mammalia since some are large (Zapponi et al. 2017), abundant (Royle and 

364 Nichols 2003) and easily recognizable (Boakes et al. 2016). Arachnida and Insecta are both 

365 abundant and yet these two taxa are not as well represented as Aves and Mammalia. 

366 Arachnid and Insect species are however smaller in size and thus more difficult to identify in 

367 comparison to Aves and Mammalia. Herpetofauna are generally secretive with some cryptic 

368 species which makes them difficult to identify, yet they are among the overrepresented taxa 

369 within this study sample (Fig. 1). This reiterates an assertion made by Troudet et al. (2017) 

370 that intrinsic features cannot solely account for the existing taxonomic bias. Approaches to 

371 lessening taxonomic bias should take into consideration that extrinsic features also 

372 contribute to underrepresentation of taxa in primary biodiversity data. 

373

374 In addition to taxonomic bias, this review noted differences in class names and records 

375 among the biodiversity data sources consulted (Table 1). These discrepancies necessitate 
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376 standardisation across sources of biodiversity data (in this case GBIF and the South African 

377 Animal Checklist) in order to maximise their value for biodiversity data applications. 

378 Assessment of the taxonomic bias of 18 classes could not be completed as some of the data 

379 required to compute the ratio of GBIF occurrence records to number of known species was 

380 not available; 12 classes from the GBIF dataset did not have corresponding records on the 

381 South African Animal Checklist (SANBI Biodiversity Advisor 2020), thus pointing out a need 

382 for improved synchronisation as the institution producing this checklist also hosts the South 

383 African node of GBIF. The remaining six of the unanalysed 18 classes do not have records 

384 submitted to GBIF during the 22 year timeframe of this study. The lack of primary 

385 biodiversity data records of six classes for this duration suggests lax monitoring of species 

386 within those classes or the custodians of that data are not publishing it to GBIF.

387

388 The suggested lower and upper targets of species occurrence records do not seek to 

389 introduce limits for what should constitute taxonomic bias. Hard limits are impractical since 

390 species differ in population dynamics and primary biodiversity data requirements vary 

391 according to application. Suggesting targets introduces a dimension that is often missing 

392 from taxonomic bias research; the steps that follow confirmation of disparities in attention 

393 received by taxa. If the disproportionate representation of taxa in biodiversity databases is 

394 to be lessened, then guidelines of the target number of occurrence records per species 

395 should be available. These guidelines should be cognisant of the multiple uses of primary 

396 biodiversity data and intrinsic features that determine the ease with which species’ 

397 occurrences can be recorded. This lower target of 10 occurrence records per species 

398 accommodates the secretive and less abundant taxa, and would serve to decrease under-

399 representation of species. The upper target of 30 occurrence records per species would 
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400 guide data collection for all species and also serve to avoid perpetuating existing biases. If 

401 the upper target per habitat was reached, then data collection resources could be used for 

402 other species with lower occurrence records. Collecting biodiversity data beyond the upper 

403 target would then be less urgent but still necessary as increased data are beneficial to the 

404 accuracy of statistical models. The cumulative impacts of a minimum 10 occurrence records 

405 per species per habitat is that average species occurrence records for each South African 

406 animal class would end up being at least 10. In such a scenario, species that are easy to 

407 detect would still have higher representation, but even the least represented species would 

408 still have enough occurrence records to sufficiently inform research and planning. 

409

410 Cultural salience and scientific interest as explanatory variables of taxonomic bias

411 Globally there is a mostly positive influence of public interests on representation of 

412 taxonomic classes in primary biodiversity data and a few instances of positive correlation 

413 between scientific interests and taxon representation (Troudet et al. 2017). A possible 

414 contributor is the ease with which societal interest can be translated  into primary 

415 biodiversity data through citizen science platforms such as iNaturalist. The current study 

416 found statistically significant and positive correlation between cultural salience and primary 

417 biodiversity data of South African animal classes, while the correlation between scientific 

418 interest and South African animal taxa representation is not statistically significant. The 

419 regression results after removal of outliers with either high GBIF occurrence records, 

420 cultural salience, or scientific interest (Fig. 2), suggest increased influence of scientific 

421 interest on species occurrence records when there is less biased focus on taxa. 

422
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423 Higher resolution investigation of taxonomic bias using a subsample 

424 A higher resolution analysis of taxonomic bias found positive and statistically significant 

425 correlation between cultural salience and GBIF occurrence records of a subsample of 

426 herpetofaunal families. No statistically significant correlation was found between GBIF 

427 occurrence records and scientific interest in this subsample. Scientific interest’s effect on 

428 primary biodiversity data accumulation appears negligible but should not be overlooked as 

429 its interaction with cultural salience has a statistically significant influence on GBIF 

430 occurrence records (Table 3). Statistically significant interaction effects indicate that there is 

431 possibly an interaction between cultural salience and scientific interest that is affecting the 

432 number of GBIF occurrence records per South African animal taxon. Thus, the influence of 

433 cultural salience on GBIF occurrence per species may depend on the scientific interest a 

434 species has (and vice versa). Consequently, it may not be possible to solely attribute 

435 taxonomic bias in GBIF occurrence records to cultural salience as these primary biodiversity 

436 data are collected by both scientists and non-scientists. There is also evidence that societal 

437 and scientific interests in biodiversity matters are not mutually exclusive (Eisner et al. 1995; 

438 Wilson et al. 2007; Martín-López, et al 2009).

439

440 Herpetofauna being generally well represented in GBIF occurrence records at both national 

441 and international scales is good for herpetofaunal research and conservation as it means 

442 there are generally sufficient amounts of primary biodiversity data to work with. 

443 Furthermore, increased representation of herpetofauna in primary biodiversity data is an 

444 encouraging result considering that they are generally understudied (Christoffel and Lepczyk 

445 2012), the public mostly has negative perceptions about them (Reimer et al. 2013; Tarrant 

446 et al. 2016), and their global populations are declining (McCallum 2007).
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447

448 Conservation status, cultural salience and scientific interest

449 This study’s inferences about the relationship between extinction risk, cultural salience and 

450 scientific interest are based on data with a small scale of focus and further investigation at a 

451 higher resolution (i.e. species level) is required to better understand the relationship. 

452 Published literature shows mixed results with regard to the correlation of extinction risk 

453 with cultural salience and scientific interest. Higher resolution investigations from previous 

454 research found that some taxa with high societal preference also have a high extinction risk 

455 (Courchamp et al. 2018). Society’s taxonomic preferences result from various reasons 

456 (including species abundance and charisma) and are not necessarily motivated by concern 

457 for a taxon’s welfare (Davies et al. 2019). For endangered taxa that receive increased 

458 attention, the focus is biased towards taxa that fit certain criteria. Threatened vertebrates 

459 receive greater scientific interest than threatened invertebrates (Donaldson et al. 2016). 

460 Furthermore, the number of IUCN threat status assessments for invertebrates is much lower 

461 than vertebrate assessments (Eisenhauer et al. 2019). Threatened vertebrates have higher 

462 cultural salience if they are birds or mammals (Davies et al. 2019). Species that are 

463 threatened generally obtain higher scientific interest than non-threatened species and this 

464 is due to conservation efforts being based on IUCN’s threatened species categories (Martín-

465 López et al. 2011).  

466

467 Previous research has shown that high cultural salience alone does not correlate with 

468 increased species protection (Courchamp et al. 2018), however, higher cultural salience 

469 alone can drive funds towards species protection (Simberloff 1998). These funds can in turn 

470 be used to increase scientific focus on underfunded biodiversity research necessary to 
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471 inform conservation policy. Cultural salience influences scientific interest (Wilson et al. 

472 2007) and society plays a role in biodiversity research and planning (Martín-López et al 

473 2009). There are also suggestions that biodiversity protection is most effective when based 

474 on scientific knowledge and has societal approval (Eisner et al. 1995). Biodiversity 

475 researchers and managers often direct scientific interest and cultural salience towards 

476 certain species for the benefit of many other species. This surrogate species concept 

477 chooses species to be proxies for ecosystems (Favreau et al. 2006) or conservation problems 

478 (Dietz et al. 1994). By updating the surrogate species framework to incorporate the 

479 suggested targets of 10 - 30 occurrence records per species, its scope of benefits can be 

480 broadened to include lessening of persisting taxonomic bias. In this way the outcomes of 

481 dedicating resources towards surrogates would include 10 - 30 occurrence records per 

482 surrogate species and the species meant to benefit from protection of the surrogate. 
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483 Concluding Remarks and Recommendations

484 This study quantifies taxonomic bias in the primary biodiversity data of animal taxa in a 

485 megadiverse country and shows there is a severe bias towards birds while some classes are 

486 underrepresented. Statistical analysis suggests that cultural salience has greater influence 

487 on the noted taxonomic bias than scientific interest. A high resolution analysis of taxonomic 

488 bias with a subsample, also shows cultural salience to have stronger influence and 

489 additionally suggests there is statistical interaction between the two explanatory variables. 

490 No clear correlation was found in the relationship between a taxon’s extinction risk, cultural 

491 salience and scientific interest. 

492

493 The intrinsic traits of species along with the limitations of ecological research make it 

494 difficult to completely avoid taxonomic bias. It is more feasible to investigate extrinsic 

495 factors (such as cultural salience and scientific interest) and use the findings to avoid the 

496 current situation where taxonomic bias in primary biodiversity data has prevailed for 

497 decades and the majority of animal taxa of a megadiverse country are underrepresented. 

498 Approaches that will, at the least, increase representation of severely underrepresented 

499 taxa in order to lessen persistent taxonomic bias are required. Once taxonomic bias has 

500 been quantified, additional research time should be dedicated to finding ways to address 

501 persisting biases. Our recommendation to introduce soft targets of between 10 and 30 

502 species occurrence records per habitat seeks to increase representation of 

503 underrepresented taxa in primary biodiversity data. The species occurrence targets can also 

504 be incorporated into surrogate species frameworks for their  benefits to be extended to 

505 include the lessening of persisting taxonomic bias. Investigations of extrinsic factors should 

506 also consider how interactions between the explanatory variables may influence taxonomic 
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507 bias. Given the possibility of interaction effects between societal and scientific preferences, 

508 it will be worth researching the extent of this interaction between explanatory variables and 

509 how it can be used to lessen taxonomic bias. 
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728 Tables 

729 Table 1: Occurrence data statistics for South African animal taxa arranged alphabetically by 

730 class name. The occurrence records obtained from GBIF (2020) are for the period from 1998 

731 to 21 February 2020, and exclude fossil records and occurrences designated as unknown. 

732 Total number of known species is obtained from the South African Animal Checklist (SANBI 

733 Biodiversity Advisor 2020). 

Class* GBIF 

occurrence 

records

Total 

known 

species

Median: GBIF 

occurrence 

records

Median 

absolute 

deviation

Occurrence 

records to 

known species 

ratio

Actinopterygii 14,240 2,200 3 2 6.47

Adenophoreaa 5  2 2  

Amphibia 1,148 123 4 2 9.33

Anthozoa 534 174 4 3 3.07

Aplacophorab  2    

Appendiculariab  80    

Arachnida 2,925 6,630 2 1 0.44

Ascidiacea 559 176 17 13 3.18

Asteroidea 54 91 1 0 0.59

Aves 15,870,476 854 419 418 18,584

Bivalvia 127 650 1 0 0.20

Branchiopoda 9 120 1 0 0.08

Cephalochordatab  1    
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Cephalopoda 18 195 2 0 0.09

Cestoda 32 83 1 0 0.39

Chilopoda 147 141 2 1 1.04

Chondrichthyesc 549 188 2 1 2.92

Clitellata 78 102 2 1 0.76

Crinoidea 30 19 11 6 1.58

Cubozoa 1 2 1 0 0.50

Demospongiaea 409  10 6  

Diplopoda 209 462 8 6 0.45

Echinoidea 18 59 2 0 0.31

Entognatha 10 195 2 2 0.05

Eoacanthocephalaa 1  1 0  

Eurotatoriaa 1  1 0  

Gastropoda 553 2,262 1 0 0.24

Gordioidaa 2  2 0  

Gymnolaemataa 440  4 4  

Hexanaupliaa 3   1 0  

Holothuroidea 30 122 1 0 0.25

Hydrozoa 203 457 4 3 0.44

Insecta 54,681 43,893 3 2 1.25

Malacostraca 202 1,763 2 2 0.11

Mammalia 617 307 2 1 2.01

Maxillopoda 12 511 1 0 0.02
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Monogenea 9 49 2 0 0.18

Myxini 7 4 2 1 1.75

Ophiuroidea 128 119 2 1 1.08

Ostracoda 18 165 1 0 0.11

Pauropodab  2    

Phylactolaemataa 17  2 1  

Polychaeta 9 760 1 0 0.01

Polyplacophora 7 29 1 0 0.24

Pycnogonida 5 101 5 0 0.05

Reptilia 3,181 381 4 3 8.35

Rhynchonellataa 30  15 14  

Sarcopterygii 17 3 17 0 5.67

Scaphopoda 2 16 1 0 0.13

Scyphozoab  10    

Secernenteaa 166  1 0  

Stenolaemataa 55  1 0  

Symphylaa 1  1 0  

Trematoda 58 72 2 1 0.81

Turbellariab  42    

Unassignedd 770 - - - -

Total 15,952,803 63,615 578 497 18,638.15
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* Taxon names copied verbatim from GBIF (2020) and South African Animal 

Checklist  (SANBI Biodiversity Advisor 2020), some classes on this list are 

paraphyletic.

a Taxa not listed on South African Animal Checklist  (SANBI Biodiversity Advisor 

2020).

b No records submitted to GBIF during this study’s period of interest.

c Listed as two separate classes on GBIF, namely Elasmobranchii and Holocephali.

d Animal occurrence records that were not assigned to any class or lower taxonomic 

level 
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734 Table 2: Occurrence data statistics for South Africa’s herpetofaunal taxa. The table is 

735 arranged alphabetically by class, then family. These occurrence records are obtained from 

736 GBIF (2020) for the period from 1998 to 21 February 2020, and exclude fossil records and 

737 occurrences designated as unknown. The total number of known species is obtained from 

738 the South African Animal Checklist (SANBI Biodiversity Advisor 2020).

Family* GBIF 

occurrence 

records

Total 

known 

species

Median: 

GBIF 

occurrence 

records

Median 

absolute 

deviation

Occurrence 

records to 

known 

species ratio

Amphibians

Arthroleptidae 7 5 3 0 1.40

Brevicipitidae 62 15 2 1 4.13

Bufonidae 168 17 5 3 9.88

Heleophrynidae 13 7 2 1 1.86

Hemisotidae 3 3 2 0 1.00

Hyperoliidae 63 18 4 1 3.50

Microhylidae 15 2 8 2 7.50

Phrynobatrachidae 15 3 6 4 3.00

Pipidae 221 3 11 9 73.67

Ptychadenidae 15 10 2 2 1.50

Pyxicephalidae 559 39 4 3 14.33

Rhacophoridae 7 1 7 0 7.00

Total 1,148 123 56 26 128.16
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Reptiles

Agamidae 182 7 7 2 26.00

Amphisbaenidae 9 10 2 1 0.90

Chamaeleonidae 103 21 8 7 4.90

Cheloniidaea 0 4 0   

Colubridae 179 68 2 2 2.63

Cordylidae 184 44 2 2 4.18

Crocodylidae 1 1 1 0 1.00

Dermochelyidaea 0 1    

Elapidae 70 15 2 2 4.67

Gekkonidae 856 71 5 4 12.06

Gerrhosauridae 80 13 3 2 6.15

Hydrophiidaea 0 1    

Lacertidae 157 25 5 3 6.28

Lamprophiidae 407 12 5 3 33.92

Leptotyphlopidae 46 8 10 8 5.75

Pelomedusidae 18 5 9 2 3.60

Pythonidae 11 1 11 0 11.00

Scincidae 556 65 5 4 8.55

Testudinidae 159 15 2 1 10.60

Typhlopidae 45 9 1 0 5.00

Varanidae 24 2 10 3 12.00

Viperidae 94 13 8 6 7.23
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Total 3,181 411 98 52 166.42

* Family names copied verbatim from GBIF (2020) and South African Animal 

Checklist (SANBI Biodiversity Advisor 2020).

a No records submitted to GBIF for this study’s focal timespan.
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739 Table 3: Generalised Linear Model results for assessing correlations between the dependent 

740 variable (GBIF occurrence records of herpetofaunal families) and two explanatory variables 

741 (cultural salience and scientific interest) and their combined influence. (*) indicates a 

742 significant p-value at 5% threshold. (+) and (-) respectively indicate positive and negative 

743 correlation of explanatory variable with number of GBIF occurrence records.

Herpetofaunal familya Cultural salience 

influence p-value

Scientific interest 

influence p-value

Interaction 

influence p-value

Brevicipitidae (+) 0.002* (+) 1.356 (-) 0.004*

Bufonidae (+) 0.003* (+) 0.093 (-) 0.000*

Colubridae (+) 0.002* (-) 0.549 (-) 0.000*

Cordylidae (+) 0.004* (+) 0.298 (-) 0.000*

Elapidae (+) 0.001* (+) 0.245 (-) 0.000*

Gekkonidae (+) 0.001* (+) 0.463 (+) 0.000*

Lacertidae (+) 0.003* (+) 0.537 (-) 0.001*

Lamprophiidae (+) 0.001* (+) 1.122 (-) 0.001*

Pyxicephalidae (+) 0.002* (+) 0.834 (-) 0.001*

Scincidae (+) 0.001* (-) 0.165 (-) 0.001*

Testudinidae (+) 0.002* (+) 0.079 (-) 0.000*

a Family names copied verbatim from GBIF (2020) and South African Animal 

Checklist  (SANBI Biodiversity Advisor 2020).
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744 Table 4: Comparison of extinction risk with cultural salience and scientific interest of South 

745 African animal taxa. Columns arranged by ascending order of the magnitude of cultural 

746 salience and scientific interest out of the 49 classes under review here.

Cultural salience 

ranking*

IUCN 

Taxonomic 

grouping

Threatened 

Species

Known species+

1 Birds 54 854

2 Mammals 30 307

3 Molluscsa 22 3107

4 Fishesb,c 128 2395

6 Reptilesb 19 381

8 Amphibians 16 132

Scientific interest

ranking*

IUCN 

Taxonomic 

grouping

Threatened 

Species

Known species+

2 Fishesb,c 128 2395

4 Mammals 30 307

5 Molluscsa 22 3107

8 Reptilesb 19 381

11 Birds 54 854

12 Amphibians 16 132

* Ranking out of the 49 classes in this study’s sample.



46

+ Number of known species obtained from the South African Animal 

Checklist (SANBI Biodiversity Advisor 2020).

a Molluscs collectively refers to Gastropoda, Bivalvia, Cephalopoda.

b The conservation status of these taxonomic groupings has not 

been fully assessed. Numbers of threatened species should be 

interpreted as the number of species known to be threatened 

within those species that have been assessed, and not as the overall 

number of threatened species within a grouping (IUCN 2020). 

c Fishes collectively refers to Actinopterygii, Chondrichthyes, Myxini, 

and Sarcopterygii. 
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747 Figure Captions

748 Fig. 1: Taxonomic bias in South African animal classes. The number ‘1’ on the horizontal axis 

749 represents the point where occurrence records are equal to total number of species per 

750 class. Ordering is by decreasing ratio of representation where, value >1 denotes over-

751 representation and value <1 denotes underrepresentation of a class in GBIF occurrence 

752 records. Log transformation is used on the horizontal axis due to disparities between least 

753 and most represented species. The dashed section suggests a 10-30 occurrence per species 

754 threshold that would be ideal for various biodiversity data uses. Taxa with no records 

755 submitted to GBIF (2020) for this study’s timespan or not listed on the South African Animal 

756 Checklist (SANBI Biodiversity Advisor 2020)  are omitted from this graph as it was not 

757 possible to calculate their occurrence records to known species ratio. 

758

759 Fig. 2: Correlations of GBIF occurrence records with cultural salience and scientific interest 

760 of South African Animal taxa. The occurrence records of South African taxa obtained from 

761 GBIF (2020) are plotted on the vertical axis. Cultural salience is represented by frequency of 

762 taxon names in web pages, and scientific interest is represented by number of scientific 

763 articles focused on a taxon are plotted on the horizontal axis. Axes are Log transformed due 

764 to disparities among the plotted variables. Circled points represent outliers. 
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