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Summary 30 

● Natural history collections (NHCs) are essential for studying biodiversity. Although 31 

spatial, temporal, and taxonomic biases in NHCs affect analyses, the influence of 32 

collector practices on biases remains largely unexplored. 33 

● We utilized one million digitized specimens collected in the northeastern United States 34 

by ~10,000 collectors to investigate (a) how collector practices shape spatial, temporal, 35 

and taxonomic biases in NHCs and (b) similarities and differences between practices of 36 

more- and less-prolific collectors 37 

● We identified six common collector practices, or collection norms: collectors generally 38 

collected (a) different species, (b) from multiple locations, (c) from sites sampled by 39 

others, (d) during the principal growing season, (e) species identifiable outside peak 40 

collecting months, and (f) species from species-poor families and genera. Some norms 41 

changed over decades, with different taxa favored during different periods. Collection 42 

norms have increased taxonomic coverage in NHCs, however, collectors typically 43 

avoided large, taxonomically-complex groups, causing their underrepresentation in 44 

NHCs. Less-prolific collectors greatly enhanced coverage by collecting during more 45 

months and from less-sampled locations.  46 

● We assert that overall collection biases are shaped by shared predictable collection 47 

norms rather than random practices of individual collectors. Predictable biases offer an 48 

opportunity to more effectively address biases in future biodiversity models. 49 

 50 
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 54 

Introduction 55 

Discovering and describing global patterns of species diversity and distribution remains a 56 

fundamental priority for biodiversity scientists (CBD, 2022). Although recent advances in 57 

biodiversity modeling have greatly improved our understanding of these factors, the vouchered 58 

specimens and observational data underlying these models are know to exhibit significant 59 

spatial, temporal, and taxonomic biases that remain largely unaccounted for (Meyer et al., 2016; 60 

Daru et al., 2018). 61 

  62 
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Herbaria and other natural history collections (NHCs) are invaluable resources for 63 

understanding global biodiversity (Funk, 2003; Johnson et al., 2023; Davis, 2023, 2024; Marín‐64 

Rodulfo et al. 2024). The extensive sampling of NHCs over time, space, and taxa complement 65 

long-term monitoring programs such as the Atlas of the British Flora (Perring & Walters, 1962; 66 

Preston, 2013) and the USDA’s Forest Inventory and Analysis (Rudis, 2003; FIA, 2023), which 67 

have provided important insights into species distributions but are limited across these key axes 68 

in important ways. Although biodiversity is not randomly distributed, to best represent 69 

biodiversity NHCs would ideally provide a representative sample of global biodiversity across 70 

time, space, and taxa. Any deviations between a spatially, temporally, and taxonomically 71 

representative sample and the representation of biodiversity in NHCs are examples of collection 72 

bias. Understanding how NHCs diverge from this ideal coverage allows us to better account for 73 

biases in our biodiversity models and discern what questions we can address using these 74 

collections. Ultimately, understanding collection biases will help guide the application and 75 

development of statistical tools to correct for biases, develop better priorities for future collecting 76 

efforts, and help us achieve more comprehensive and accurate models of global biodiversity. 77 

 78 

Comprehensive digitization of natural history specimens from large geographic/floristic regions 79 

has revealed key spatial, temporal and taxonomic biases in NHCs (Meyer et al., 2016; Daru et 80 

al., 2018; Kozlov et al., 2021; Eckert et al., 2024). These overall biases in NHCs are a 81 

consequence of the spatial, temporal, and taxonomic collection practices of each collector—82 

what we call collector practices. Previous studies have highlighted the connection between 83 

collector practices and overall bias in collections, documenting that a small number of mega-84 

collectors have made disproportionately large contributions to species discovery (Bebber et al. 85 

2012) and to specimen collections in NHCs (Daru et al. 2018). The disproportionately large 86 

impact of these mega-collectors raises an important but unanswered question: have highly 87 

prolific collectors also contributed disproportionately to the biases documented in these 88 

collections? To date, there have been no efforts to investigate how the collector practices of all 89 

collectors in a region have contributed to overall bias in NHCs. Moreover, there have been no 90 

large-scale efforts to understand the impact that less-prolific collectors have had on the spatial, 91 

temporal, and taxonomic coverage in collections.  92 

 93 

Here, we expand the current framework for investigating biases in NHCs (sensu Daru et al., 94 

2018) by explicitly examining how collection biases are shaped by the practices of individual 95 

collectors which, to our knowledge, has not been broadly examined. . As a test case for our 96 
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investigation, we leverage the nearly completely digitized metaherbarium that extensively 97 

documents the flora of the northeastern United States (i.e., all digitally available specimens 98 

collected in the northeastern US and housed throughout the world; Schorn et al., 2016; 99 

Sweeney et al., 2018; Hedrick et al., 2020). Specifically, we use all digitized herbarium 100 

specimens of land plants (i.e., bryophytes and vascular plants) collected in the northeastern 101 

United States from the earliest digitized record to the present (i.e., 1781–2024). We reconstruct 102 

the contributions of collectors to investigate how overall bias in NHCs are shaped by the 103 

similarities and differences in collection practices of different collectors. We assess the 104 

relationship between these collection practices and the number of collections by each collector 105 

on a continuous scale with more- and less-prolific collectors representing opposite ends of this 106 

continuum. Mega-collectors—who have contributed a disproportionately large amount of 107 

specimens (sensu Daru et al., 2018)—represent the uppermost extreme of this spectrum. We 108 

also investigate how what we term collection norms—the collector practices shared by all 109 

collectors—have influenced overall biases in NHCs. Such synthetic investigations further 110 

demonstrate the growing utility of digitized specimens within the framework of the extended 111 

specimen (Webster, 2017; Lendemer et al., 2020), facilitating proper attribution for the 112 

thousands of hidden heroes that have made meaningful but previously unrecognized 113 

contributions to NHCs (Groom et al., 2022) and enabling ongoing efforts to better model 114 

biodiversity in an era of rapid ecological change. 115 

 116 

Materials and Methods 117 

Data collection & data cleaning 118 

We downloaded 2,365,287 records representing all digitized herbarium specimens of land 119 

plants from the northeastern United States (i.e., Connecticut, Maine, Massachusetts, New 120 

Hampshire, New Jersey, New York, Pennsylvania, Rhode Island, and Vermont; hereafter the 121 

Northeast) from GBIF (GBIF.org, 2024). These specimens are housed in 237 herbaria around 122 

the world (Table S1). We then filtered this dataset to remove the 548,895 records without a 123 

transcribed date, collector, locality, or species-level identification. This filtering left us with 124 

1,816,392 analyzable records.  125 

 126 

Georeferencing 127 

About half of the cleaned records (920,633 records) contained transcribed coordinates. We 128 

batch-georeferenced an additional 401,450 specimens to municipal centroid points (i.e., the 129 

centroid points for local incorporated communities such as cities, towns, and townships; CT 130 
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DEEP, 2023; PennDOT, 2024) and removed all records that could not be georeferenced to a 131 

specific municipality (503,563 records removed). Although this method of georeferencing does 132 

not capture fine-scale differences in collection localities (Park & Davis, 2017), it is consistent 133 

with the precision for many herbarium georeferencing initiatives in the northeastern US (e.g., 134 

Mancini et al., 2019) and suitable for analyses on these large spatial scales. We removed 135 

records with coordinates outside of the northeastern US (United States Census Bureau, 2024) 136 

using the st_intersection() function from the sf package in R 4.4.1 (Pebesma 2018; 137 

Pebesma & Bivand 2023; 10,254 records removed). This resulted in a total of 1,311,829 138 

georeferenced records (see Fig. S1 for more information about the specimens removed at each 139 

step of data cleaning). 140 

 141 

Collector disambiguation 142 

Due to institutional differences in transcription practices, incorrect transcriptions, and 143 

orthographic variations in collector names, assigning different text strings (i.e., recordedBy 144 

strings in DarwinCore; hereafter “collector strings”) to a single collector can be difficult and time 145 

consuming for large datasets (Groom et al., 2022). Thanks to the large-scale availability of 146 

digitized historical and genealogical records (e.g., Ancestry.com, MyHeritage.com, and 147 

Newspapers.com) and recent initiatives by historians of science to identify and disambiguate the 148 

names of people who collected natural history specimens (e.g., Bionomia; Shorthouse, 2024; 149 

Weeks et al., 2024), we are for the first time able to identify and reconstruct what we call 150 

oeuvres—all of the specimens a person has collected—of all contributors to a regional flora.  151 

 152 

To disambiguate collector strings, we extracted the first collector in each collector string, 153 

separating what we consider the principal collector (henceforth referred to as the collector) from 154 

any associated collectors. Although associated collectors are crucial parts of any collection 155 

team and deserve proper credit for their efforts, we focused our analysis on principal collectors 156 

in this initial study. Our rationale is that the principal collector is usually responsible for recording 157 

field notes and is likely to take on the major role of depositing the specimens in an herbarium 158 

collection. We then separated the collector strings into words using the unnest_tokens() 159 

function from tidytext (Silge & Robinson, 2016) and concatenated these words in 160 

alphabetical order to standardize different transcriptions of the same text (e.g., “C. F. Parker”, “C 161 

F Parker”, and “Parker, C. F.” would all become “c,f,parker”). We then merged all records with 162 

identical concatenated strings and manually validated each cluster—merging records with 163 

different concatenated strings that represent the same collector—to ensure that each cluster 164 
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represented a single collector. We used biographical information from historical and 165 

genealogical databases (e.g., Ancestry.com and Newspapers.com) and databases of natural 166 

history collectors (i.e., Bionomia and Harvard Index of Botanists; Shorthouse, 2024; Harvard 167 

University Herbaria, 2024) to reconstruct the oeuvres of collectors that collected under multiple 168 

names, including their spouses’ names. For instance, we identified “Mrs. C. S. Phelps” as Ora 169 

Almira Phelps (née Parker) who collected under the names Mrs. Charles Sheppard Phelps, 170 

Orra A. Phelps, Mrs. O. P. Phelps, and Orra Parker Phelps.  171 

 172 

We excluded any collector strings that were ambiguous either because of obvious transcription 173 

errors that could not be verified with a digital image of the specimen or had limited information. 174 

To ensure that we were not conflating multiple collectors, we excluded records with only initials 175 

(e.g., C.A.B.), only a surname (e.g., Boice), or only the initial of the first name and the surname 176 

(e.g., C. Boice; 233,321 records removed,1,078,508 records remaining). We then removed 177 

duplicate specimens (i.e., specimens collected by the same collector with the same specimen 178 

number in DarwinCore’s recordNumber field) so that each collection event is represented by a 179 

single specimen (89,251 records removed). We did not remove any specimens without a 180 

transcribed specimen number (i.e., those with “s.n.”, “sn”, or a blank recordNumber field) since 181 

we could not confirm that that these specimens were duplicate collections. This resulted in our 182 

final dataset of 989,257 specimens (Table S2). 183 

 184 

Temporal Bias 185 

To investigate temporal trends in botanical collections, we calculated the number of specimens, 186 

distinct species, sampling localities, and active collectors for each year during 1781–2024. We 187 

then evaluated the relationship between these metrics and the oeuvre size of each collector on 188 

a continuous scale from less-prolific (small oeuvres) to more-prolific collectors (large oeuvres). 189 

We investigated seasonal variations in collection intensity by comparing the number of 190 

specimens collected in each month and analyzed how this distribution changed with respect to 191 

the oeuvre size of the collector who gathered the specimen.  192 

 193 

Spatial Bias 194 

We quantified spatial bias by gridding the georeferenced specimens into 10-km grid squares 195 

(hereafter localities) to help mitigate the effects of batch georeferencing and create equal-area 196 

polygons for comparison (Franklin & Miller, 2009; Schmidt et al., 2023). We calculated the 197 

revisitation proportion for each collector as the number of specimens per unique collecting 198 
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locality. We also calculated the average oeuvre size of collectors active in each locality, 199 

weighted by the number of collections of each collector (higher values indicate more activity by 200 

highly prolific collectors) to investigate the geographical bias of more- versus less-prolific 201 

collectors. 202 

 203 

To understand how collectors of different sizes contributed to overall spatial sampling, we found 204 

the number of unique grids sampled for different subsets of the data. To determine if more- or 205 

less-prolific collectors expand overall spatial coverage, we arranged specimens by decreasing 206 

and increasing oeuvre size, respectively and found the number of unique grids sampled for 207 

increasingly larger subsets of the data in 10,000 specimen increments (i.e., after arranging by 208 

oeuvre size, we extracted the first 10,000 specimens, first 20,000 specimens, 30,000 209 

specimens, etc.). We assessed how spatial bias from collectors with different oeuvre sizes 210 

differs from two different null models: we randomly ordered specimens from our dataset to 211 

determine if collections by more- or less-prolific collectors are more spatially clustered than the 212 

overall specimens (randomized specimens); and simulated a new dataset by randomly sampling 213 

from all localities in the northeastern US to determine how collections differ from spatially 214 

random collections (simulated random sampling). 215 

 216 

Taxonomic Bias 217 

To determine the relative representation of different taxa in herbarium collections, we calculated 218 

collection depth as the average number of specimens per species in a given taxon in the 219 

northeastern US (i.e., total specimens/unique species for each genus and family based on the 220 

acceptedScientificName field from GBIF). We evaluate taxon size on a continuous scale, 221 

whereby taxa with fewer species in the northeastern US are considered smaller and those with 222 

more species are considered larger. Taxa with higher collection depths were considered better 223 

represented in herbaria.  224 

 225 

To assess how frequently collectors collect a species that they have already collected, we 226 

calculated the proportion of species re-collected by each collector (i.e., total specimens/unique 227 

species for each collector). Collectors who collected many specimens of the same species 228 

would have a high re-collection proportion while those that collected only one specimen of each 229 

species would have a re-collection proportion of one.  230 

 231 
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To investigate whether some taxa (i.e., species, genera, and families) were favored by 232 

collectors over other taxa, we plotted the number of collections per taxon against the number of 233 

collectors who collected each taxon. We fit a generalized additive model (GAM) to these points 234 

to estimate how many collectors we expected to have collected each taxon based on the total 235 

number of specimens of that taxon. Taxa that fell above this GAM curve were collected by more 236 

people than expected (hereafter, favored taxa) and taxa that fell below the curve were collected 237 

by fewer people than expected (hereafter, commonly avoided taxa). 238 

 239 

Results 240 

Collectors 241 

We identified 9247 collectors who collected plant specimens in the northeastern US (Fig. 1a; 242 

Table S3). This is no doubt an underestimate of the total number of people who have 243 

contributed to collections in the region since many collectors were excluded from our analysis 244 

due to incomplete or ambiguous collector names and insufficient locality information (45% of 245 

analyzable specimens removed) and those whose specimens have yet to be digitized. There 246 

was a large variation in the number of specimens that each collector collected. We do not define 247 

a threshold between more- and less-prolific collectors for any of our temporal, spatial, or 248 

taxonomic analyses and instead evaluate variation in collector practices along a continuum of 249 

oeuvre sizes with more- and less-prolific representing opposite ends of this range. However, we 250 

briefly present results for some subsets of collectors below to demonstrate the overall variation 251 

in the contributions of collectors with different oeuvre sizes. The vast majority (more than 90%; 252 

8385 people) collected fewer than 100 specimens. Only 1.8% of collectors (171 people) 253 

collected more than 1000 specimens (contributing 71% of the total number of collections). The 254 

most prolific collector in our dataset was Robert L. Schaeffer, Jr., who collected 50,287 255 

specimens (Fig. 1b). Half of all specimens from the northeastern US were collected by only 57 256 

collectors (0.6% of collectors). Most collectors (70%; 6,549 people) collected fewer than ten 257 

specimens (contributing 1.5% of collections). 258 

 259 

People who collected less than 1000 specimens tended to collect only one specimen of each 260 

species (Fig. 1b) and about ten specimens per locality (Fig. 1c). For collectors who collected 261 

more than 1000 specimens, they tended to collect only one specimen for each species for the 262 

first 1000 specimens they collected. After collecting about 1000 specimens, they collected 263 

multiple specimens of the same species, and the number of species they collect plateaus near 264 

2000 species. E. H. Eames collected the most plant species of any collector in our dataset 265 
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(2574 species, both vascular and nonvascular; Whelan, 1948). Most people collected either 266 

vascular plants (85%) or non-vascular plants (7%), with only 8% collecting both types.  267 

 268 

269 
Figure 1. We identified 9247 people who collected herbarium specimens in the 270 

northeastern US. The bar plot shows (a) the total number of unique specimens for each 271 

plant collector in the northeastern US. The scatter plots show the relationship between 272 

the number of specimens each person collected and (b) the number of species they 273 

collected and (c) the number of localities in which they collected. 274 

 275 

Temporal Bias 276 

The number of collectors active in a given year has varied substantially through time with peaks 277 

during 1880–1916 and again during 1932–1941 (Fig. 2a–d). The number of active collectors is 278 

strongly correlated with the number of specimens collected in a given year (cross-correlation 279 

value of 0.90, p<0.001), species (0.94, p<0.001), and localities (0.90, p<0.001). The number of 280 

specimens collected (Fig. 2a), species collected (Fig. 2b), and collectors active in a given year 281 

(Fig. 2c) also peaked during 1880–1916 and 1935–1941 whereas the number of sampling 282 

localities peaked only from 1935–1941 (Fig. 2d). All metrics have declined since 1950.  283 

 284 
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About 90% of specimens from the northeastern US were collected during spring and summer 285 

(i.e., May to September)—the main growing season in northern temperate zones—with 286 

relatively few specimens collected during off-peak months (i.e., from October through April; Fig. 287 

3). The highest proportion of collections by less-prolific collectors were also during May–288 

September. However, collections by more-prolific collectors had a much narrower temporal 289 

distribution with collections almost exclusively from June, July, and August. 290 

 291 
Figure 2. The line plots show the annual variation in (a) the number of specimens 292 

collected, (b) the number of species collected, (c) the number of active collectors, and 293 

(d) the number of localities in which specimens were collected from 1781–2024. The 294 

yellow bars indicate the years when the US was involved in World Wars I and II (1917–295 

1920 and 1941–1946, respectively) and the pink bars represent the duration of 296 

environmental projects sponsored by the US federal government during the Great 297 

Depression (1929–1939). 298 

 299 

 300 
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 301 
Figure 3. This graph shows the percentage of specimens collected in each month for all 302 

specimens (total specimens) and divided into quartiles based on oeuvre size (i.e., going 303 

from the first quartile of specimens collected by the least prolific collectors at the bottom 304 

to the fourth quartile of specimens collected by the most prolific collectors at the top). 305 

 306 

Spatial Bias 307 

The specimens collected by more-prolific collectors were more spatially clustered and had lower 308 

geographic coverage than those collected by less-prolific collectors (Fig. 4). Additionally, 309 

collections by less-prolific collectors included areas not represented by more-prolific collectors, 310 

but more-prolific collectors did not capture areas not represented by less-prolific collectors. 311 

 312 

Certain spatial clusters that dominate overall specimen clustering in the northeastern US are 313 

driven almost exclusively by collections from more-prolific collectors (Fig. 5). Some of the areas 314 

with the highest collection density are driven by a few, prolific collectors (e.g., the hotspot in 315 

near Allentown, PA is driven primarily by R. L. Shaeffer, Jr.), whereas other areas with high 316 

collection density are driven by many less-prolific collectors (e.g., many of the hotspots in 317 

upstate NY). The overall density of collections and the different drivers of collection intensity 318 

change quickly over some state borders. For example, there are dense collections in PA and 319 

very sparse collections in adjacent NY. 320 
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 321 
Figure 4. Accumulation curves for the cumulative spatial coverage of gridded herbarium 322 

specimens based on the oeuvre size for collectors. Each curve contains all 989,257 323 

specimens in our dataset with specimens added in different orders to demonstrate 324 

differences in the spatial coverage of specimens collected by more- and less-prolific 325 

collectors. Specimens were added by decreasing oeuvre size for the red curve (more-326 

prolific collectors added first); increasing oeuvre size for the blue curve (less-prolific 327 

collectors added first); and in a random order independent of oeuvre size for the gray 328 

curve (randomized specimens, median of 99 permutations). The black curve shows 329 

randomly simulated specimens to represent our null model of random spatial sampling in 330 

the region (simulated random sampling). 331 

 332 

 333 
Figure 5. The maps show (a) the density of collections in the northeastern US and (b) 334 

the relationship between collection density and areas where collections have been 335 

driven primarily by less-prolific collectors (blue; localities in the lowest tercile based on 336 
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mean oeuvre size), more-prolific collectors (red; localities in the middle tercile based on 337 

mean oeuvre size ), or a mix of collector types (gray; localities in the top tercile based on  338 

mean oeuvre size).  339 

 340 

Taxonomic Bias 341 

Smaller genera are more likely to have a greater collection depth than larger genera; the same 342 

is the case for smaller families (Fig. 6). Despite the overrepresentation of smaller genera, 343 

several of the most frequently collected species are from large genera (e.g., three species of 344 

Carex; for a list of the hundred most frequently collected species, see Table S4). Ferns are 345 

dramatically overrepresented among the most frequently collected species (11 of the top 20 346 

collected species were ferns). Within each year, 90% of specimens were collected during May–347 

September but only 46% of species were collected only during these five months. Species that 348 

have been collected outside of the peak collection window (i.e., with at least one collection 349 

during October–April) are far more likely to be overrepresented in herbaria compared with 350 

species that have not been collected outside of peak collection months (Fig. S2). These non-351 

peak species include all but 18 of the 1000 most commonly collected species in the Northeast; 352 

11 of these 18 are species of Carex. Despite also being collected in off-peak months, the top 353 

species have been preferentially collected throughout the year, including during peak months; 354 

96% of the top 1000 most collected species remain in the top 1000 when only collections from 355 

peak months are considered.  356 

 357 

Some species are overrepresented in collections because they were collected by many people 358 

(e.g., Arisaema triphyllum (L.) Schott, Onoclea sensibilis L., and Polystichum acrostichoides 359 

(Michx.) Schott; see Table S5 for information about the number of people who collected each  360 

taxa mentioned in this section), whereas others are overrepresented because they were 361 

collected intensively by a few people (e.g., Sceptridium dissectum (Spreng.) Lyon, Scirpus 362 

cyperinus (L.) Kunth, and Viola sororia Willd.).  363 

 364 

Some species were collected by far more people than expected from our GAM model (e.g., 365 

Cypripedium acaule Aiton and Solanum dulcamara L.) whereas Dichanthelium acuminatum 366 

(Sw.) Gould & C.A.Clark was collected by far fewer people than expected. Similarly, some 367 

genera were collected by more people than expected from our GAM model (e.g., Lobelia, 368 

Lysimachia, and Trifolium), whereas others by fewer people than expected (e.g., Crataegus, 369 

Dichanthelium, Potamogeton, Salix, Sphagnum). Some families were also collected by more 370 
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people than expected from our model (e.g., Apocynaceae, Asteraceae, Ericaceae, Fabaceae, 371 

and Orchidaceae) and others by fewer than expected (e.g., Cyperaceae, Poaceae, Juncaceae, 372 

Salicaceae, and Violaceae). Commonly favored families—collected by more people than 373 

expected—typically had peaks in annual collections in the 1910s and 1930s, mirroring overall 374 

trends in collections through time (Fig. 7). Commonly avoided families—collected by fewer 375 

people than expected—typically had only a single peak during the 1910s. Some commonly 376 

avoided families (e.g., Potamogetonaceae and Sphagnaceae), had relatively low collections 377 

through time and its peaks correspond to specialist collectors rather than overall trends in 378 

collections.  379 

 380 

 381 
Figure 6. The plots show the collection depth (average number of specimens per 382 

species) for each (a) genus and (b) family. The scatter plots in the right pane (panels c & 383 

d) show the relationship between the number of specimens per species and the number 384 

of collectors who collected these species of each (c) species and (d) genus. 385 

 386 
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 387 

 388 
Figure 7. The annual variation in collection intensity for a subset of families collected by 389 

(a) more people than expected (favored families) and (b) less people than expected 390 

(avoided families). The vertical axes are adjusted to show variation in collection intensity 391 

for each family on the same scale where 1 represents the maximum number of 392 

specimens collected in a given year for each family. 393 

 394 

Summary of Results 395 

We identified nearly 10,000 collectors who have made important contributions to our 396 

understanding of plant biodiversity in the northeastern United States. We confirmed that a few 397 

mega-collectors contributed a disproportionately large share of these collections. Our analysis 398 

reveals many novel ways in which the collection efforts by thousands of less-prolific collectors 399 

have greatly expanded the temporal, spatial, and taxonomic dimensions of NHCs.  400 

 401 

We assert that overall bias in collections across space, time, and taxa, is strongly impacted by 402 

predictable collection norms that are the result of the shared collector practices of many 403 

collectors rather than by stochastic biases of individual collectors (Fig. 8). The predictability of 404 

these biases provides an opportunity to address them more thoughtfully in biodiversity models 405 

that depend on these data. Specifically, we identified five collection norms common to the 406 
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practices of all collectors: they tend to collect a.) more species rather than multiple specimens of 407 

the same species; b.) about 10 specimens per locality during their lifetime; c.) from localities 408 

sampled by other collectors; d.) during the peak growing season in spring and summer when 409 

climates are more favorable and photosynthetic rates and reproduction are generally higher; e.) 410 

species from smaller genera and families; and f.) particular species that are available outside of 411 

peak collecting months (i.e., when climates are less favorable for plant growth. We also 412 

identified that some collections norms have changed through time with collectors avoiding 413 

several taxonomically complex taxa during some decades.  414 

 415 

In contrast to the collections norms detailed above, we also identified several divergences 416 

between the collector practices of more- versus less-prolific collectors. Specifically, more-prolific 417 

collectors i.) collected largely during fewer months; ii.) had stronger affinities to certain localities; 418 

and iii.) were not active in several large regions sampled by less-prolific collectors (e.g., the 419 

state of New York, USA).  420 

 421 

A summary of our findings is presented in Fig. 8, where we outline the collector practices and 422 

resulting collection biases we have identified in the context of three key dimensions of bias: 423 

taxon, time, and space. We include two previously identified temporal collection biases, the 424 

decline in overall collections that was first presented by Prather et al. (2004) and the decline in 425 

collections during World Wars I and II identified by Daru et al. (2018). We also include the 426 

overall spatial clustering of collections, which was first defined by Myers et al. (2016). 427 

 428 
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 429 
Figure 8. This graphic describes the collector practices that have shaped overall the 430 

overall coverage and collection bias in natural history collections along three 431 

dimensions: taxon, time, and space. 432 

 433 

Discussion 434 

Taxonomic bias: prioritizing greater species diversity and the underrepresentation of 435 

large, complex taxa 436 

We found that botanists in the northeastern US prioritized collecting more species versus 437 

collecting multiple specimens of the same species. Although this tendency has been viewed as 438 

problematic in biology (Lewin, 1982; May, 2004), we assert that such collecting has contributed 439 

considerably to expanding taxonomic coverage represented in NHCs and improving our 440 

understanding of species diversity and distributions (Alba et al., 2021). Despite this tendency, 441 

however, collectors do not sample species randomly: many collect the same taxa while avoiding 442 

others (Fig. 6). For instance, the brightly colored pink lady’s slipper orchid (Cypripedium acaule 443 

Aiton) was collected by many people (444 people) whereas hairy panicgrasses (Dichanthelium 444 

acuminatum (Sw.) Gould & C.A.Clark) was collected by relatively few (153 people). This 445 

collection norm affects our attempts to model biodiversity owing to the gap between taxon 446 

diversity and abundance information recorded in NHCs versus their actual diversities and 447 

abundances in nature (Elith & Leathwick, 2007; Gomes et al., 2018). This pattern mirrors the 448 

collection norm whereby collectors tend to collect ten specimens per locality and suggests that 449 
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collectors travelled to different localities to collect new species rather than comprehensively 450 

collecting at a single locality.  451 

 452 

Taxonomic collection norms have likely contributed to the overrepresentation of less species-453 

rich taxa with distinctive morphologies (e.g., Lobelia, Polystichum, and Dryopteris) in herbaria 454 

relative to larger taxa that are often taxonomically challenging (e.g., Carex, Crataegus, and 455 

Salix). Specimens from many large taxa were collected by fewer people than expected, 456 

suggesting these were mainly collected by botanists with specialized taxonomic interests. In the 457 

northeastern US, such specialist-prone taxa include genera like Sphagnum (peat mosses), 458 

Dichanthelium (rosette grasses), Salix (willows), and Crataegus (hawthorns), and families like 459 

Poaceae, Cyperaceae, and Juncaceae (collectively, the graminoids). These groups often 460 

require microscopic examination to distinguish subtle differences necessary for accurate 461 

species identification and often can only be identified with reproductive features at specific 462 

maturation stages (FNA Editorial Committee, eds., 1993+). Further complicating species 463 

identification and delimitation are their complex evolutionary histories, including infrageneric 464 

hybridization (Ennos et al., 2005). We hypothesize that this taxonomic bias in collections is often 465 

driven by the perceived taxonomic complexity and difficulty to identify species within such 466 

groups (for discussions of taxonomic complexity, see Ennos et al., 2005; Karbstein et al., 2024). 467 

This collection norm suggests that the most diverse groups, which are likely in greatest need of 468 

study, are woefully underrepresented in NHCs. 469 

  470 

We also identified clear trends in shifting taxonomic collection norms through time, a pattern that 471 

has received little attention. We observed that taxonomic biases have apparently shifted, with 472 

certain taxa being favored and others apparently avoided across different generations of 473 

botanists. For example, in the northeastern US, many collectors in the 1930s avoided families 474 

like Poaceae, Cyperaceae, Juncaceae, and Sphagnaceae. We hypothesize that collectors from 475 

the Citizens Conservation Corps, many of whom lacked formal botanical training, may have 476 

avoided families they perceived as more complex. In other words, we hypothesize that 477 

collectors are less prone to collect what they don’t know. This has significant implications for 478 

comparing temporal trends between taxa; variations in historical collection intensity may affect 479 

apparent changes in characteristics such as species distribution modeling (Franklin & Miller, 480 

2009) and phenology (Miller‐Rushing et al., 2008). Therefore, understanding the overall 481 

temporal distribution of collections is crucial for appreciating how record availability—and the 482 

uncertainty in these data—changes over time.  483 
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 484 

Spatial bias: less-prolific collectors contribute unique spatial coverage with more-485 

random spatial sampling 486 

We identified an important divergent collection practice between more- and less-prolific 487 

collectors whereby less-prolific collectors contribute unique spatial coverage versus collections 488 

by more-prolific collectors (see Fig. 4). These less-prolific collectors enhance sampling near 489 

commonly collected localities (Fig. 4) and act as the backbone for entire regions where more-490 

prolific collectors have not collected (Fig. 5b). For example, less-prolific collectors greatly 491 

improve spatial coverage in large portions of New York State, western Massachusetts, and near 492 

major universities (e.g., Rutgers University and Cornell University), likely highlighting the impact 493 

of student collectors on overall spatial sampling in the Northeast (see Fig. 5b). Thus, the 494 

cumulative spatial coverage by more-prolific collectors is considerably lower than that of less-495 

prolific collectors, indicating that the collections made by the latter more accurately reflect plant 496 

diversity across different regions. It is important to note, however, that although there has been 497 

extensive herbarium digitization in the northeastern US, digitization is still ongoing and some of 498 

the spatial patterns apparent in currently available GBIF data will inevitably change as more 499 

data becomes available. In particular, several large collections in the region (e.g., the New York 500 

State Museum and the Pennsylvania State University Herbarium) do not publish their specimen 501 

data to major biodiversity aggregators like GBIF, potentially contributing to the comparably low 502 

specimen density in areas like upstate New York (Fig. 5a). Continued efforts to digitize ‘silent’ 503 

herbaria (Zhigila, Schmidt et al., 2025) and make their data digitally accessible are necessary 504 

for understanding how data from NHCs can be leveraged for studying global biodiversity.   505 

Interestingly, the spatial bias of less-prolific collectors does not differ significantly from the 506 

overall spatial bias in herbaria. However, these collections are still biased with respect to 507 

random sampling. This suggests that while less-prolific collectors do not exhibit the same 508 

preference for specific collection sites as more-prolific collectors, they also tend to revisit 509 

locations where collections have previously been made. Despite this spatial collection norm, the 510 

increased spatial coverage provided by less-prolific collectors has greatly improved the overall 511 

spatial sampling in herbaria. This increased spatial coverage has helped facilitate the recent 512 

application of herbarium data to disciplines that rely on extensive sampling; for example, 513 

ecology (Meineke et al., 2019a; Heberling, 2022); invasion biology (Crawford & Hoagland 2009; 514 

Schmidt et al., 2023), species distribution modeling (Daru et al., 2021), environmental science 515 

(Carbone et al., 2023; Jakovljević et al., 2024), and conservation biology (Schatz, 2002). 516 

  517 
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Finally, the broad spatial sampling by numerous less-prolific collectors that we identified reflects 518 

patterns also observed with contemporary iNaturalist data, where contributions by millions of 519 

community scientists greatly extend spatial sampling beyond what is captured in herbaria 520 

(Eckert et al., 2024; also see Daru & Rodriguez, 2023). This similarity indicates that the spatial 521 

biases of community scientists align more closely with those of less-prolific collectors than with 522 

the more-prolific collectors who contributed heavily to overall spatial biases in collections. 523 

Similarly, several studies have demonstrated that small, regional collections provide unique 524 

temporal and spatial coverage not represented in larger collections (Glon et al., 2017; Monfils et 525 

al., 2020; Marsico et al., 2020). We hypothesize that the expanded coverage of smaller herbaria 526 

is driven by the efforts of less-prolific collectors who also provide unique temporal and spatial 527 

coverage not captured by more-prolific collectors. 528 

  529 

Temporal bias: variability driven by collector activity 530 

The substantial declines in collections over the past 75 years is consistent with trends observed 531 

in other regional floras (Prather et al., 2004; Daru et al., 2018) and is strongly correlated with 532 

declines in the number of active collectors. This suggests that while more-prolific collectors may 533 

heavily influence the interannual intensity of collections at certain times (Bebber et al., 2012; 534 

Daru et al., 2018), the overall trends are primarily driven by fluctuations in the number of all 535 

active collectors. 536 

  537 

Notably, the reduction in annual collections coincided with the years when the US was involved 538 

in World Wars I (1917–1920) and II (1941–1946). During the two world wars, millions of men 539 

were conscripted for military service and at the same time millions of women, students, and 540 

older Americans entered the workforce (Witt, 1942; Wilcock, 1957) and would have been largely 541 

unable to collect plants.. Following decreased collections during World War I, the spike in 542 

collections and active collectors from 1932 through 1941 corresponds with US government 543 

efforts to reduce unemployment and support environmental projects during the Great 544 

Depression (1929–1939; Salmond, 1967). During this period, the government employed 545 

thousands of citizens—primarily young men aged 18 to 25—for projects focusing on 546 

environmental improvements (e.g., in the Civilian Conservation Corps; Salmond, 1967). A key 547 

objective of these initiatives was to produce local species inventories, documented through 548 

"complete herbaria," to aid in land planning and protection (Department of the Interior, 1936). 549 

Since these projects often targeted similar habitats—primarily forested areas—many inventories 550 

likely covered areas with similar species composition in the northeastern US. Consequently, 551 
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despite the spikes in collections, active collectors, and collection locations during this time, the 552 

number of species collected during this period did not increase substantially. Once World War II 553 

began and people from the same demographic were heavily drafted into WWII, all metrics once 554 

again quickly declined. This highlights how major socio-political events affecting significant 555 

population segments can directly impact NHCs by reducing the pool of available collectors. 556 

Similar impacts of socio-political events on NHCs were recently documented in collection 557 

requests for multiomic sampling, which plummeted during the global COVID pandemic (Davis et 558 

al., 2024). 559 

  560 

We identified that less-prolific collectors increased overall sampling at the start and end of the 561 

primary growing season (late spring and early autumn), which diverges from collections by 562 

more-prolific collectors whose activity during these periods markedly decreases. The intensity of 563 

sampling during these off-peak periods is crucial for improving the accuracy of phenological 564 

estimates (Miller‐Rushing et al., 2008) and understanding the impact of anthropogenic climate 565 

change on early- and late-season species (Kudo & Ida, 2013; Park et al., 2023). We 566 

hypothesize that the increased sampling by less-prolific collectors at the beginning and end of 567 

the growing season (i.e., April–May and Septemer–October) might be related to student 568 

collections in university botany classes during the academic year (typically September–May).  569 

  570 

Surprisingly, although 90% of specimens are collected in the northeastern US between May and 571 

September, species collected outside the peak months are disproportionately represented 572 

among the most abundant species in herbaria. These include many evergreen (e.g., 573 

Polystichum acrostichoides (Michx.) Schott and Dryopteris marginalis (L.) A.Gray), woody (e.g., 574 

Vaccinium corymbosum L. and Acer rubrum L.), and early-flowering species (e.g., Viola sororia 575 

Willd. and Arisaema triphyllum (L.) Schott), as well as species with winter-available flowers or 576 

fruits (e.g., Ilex verticillata (L.) A.Gray and Hamamelis virginiana L.). We hypothesize this 577 

overrepresentation is driven by collectors' familiarity with these species, which are more 578 

accessible and—in some cases—more identifiable outside of peak collection months when 579 

fewer species are available. 580 

 581 

Exceptions to the norms: unique collector practices contribute overall bias  582 

Despite the similar collector practices we identified, we emphasize that understanding how 583 

some collectors diverged from these norms is important for understanding overall collection bias 584 

in NHCs. For example, the most prolific collector in our dataset, R. L. Schaeffer, Jr., collected 585 
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50,287 specimens from only 195 localities—far fewer than expected based on our model. He 586 

collected, almost exclusively, in the vicinity of Allentown, PA where Schaeffer taught botany at 587 

Muhlenberg College from 1954-1983 (‘R. L. Schaeffer Obituary’, 2001). His singular efforts had 588 

an outsized impact on overall spatial bias in the northeastern US with his collections being the 589 

main driver of the high collection density in eastern PA, one of the most collection-dense areas 590 

in the northeastern US. Furthermore, the expansive taxonomic coverage and high collection 591 

depth of Schaeffer’s specimens provides a rich documentation of the flora of eastern 592 

Pennsylvania over nearly a half century that can be leveraged for a diversity of collections-593 

based investigations (e.g., Meineke et al., 2019b). This highlights how integrating historical 594 

information about collectors (especially mega-collectors like Schaeffer) can help explain the 595 

more stochastic processes in biodiversity data and can illuminate important datasets better 596 

characterizing species and ecosystem responses to anthropogenic pressures. 597 

 598 

Conclusion 599 

Our findings reveal how our understanding of biodiversity is founded on the cumulative effort of 600 

thousands of people, many of whom have made small but impactful contributions to natural 601 

history collections (NHCs). The cumulative spatial, temporal, and taxonomic practices of all 602 

collectors give rise to the overall biases in collections. It is crucial that we identify and categorize 603 

these collector practices to better understand the drivers of overall collection bias in NHCs and 604 

begin developing tools to address them. We have identified numerous predictable collection 605 

norms that appear to have shaped overall bias in NHCs. The predictability of these biases 606 

provides an exciting and promising opportunity to begin incorporating statistical tools to address 607 

collection biases in biodiversity models. These results can also be leveraged to guide future 608 

collection efforts that can minimize gaps in collections and reduce bias in NHCs moving forward. 609 

We highlight that collector practices—even by those who collected only a small number of 610 

specimens—have vastly expanded the coverage of NHCs and we assert that continued 611 

collections of all sizes are crucial for continuing to expand the coverage of NHCs and further 612 

increasing their utility for understanding biodiversity in the face of global change. 613 
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Fig. S2 A boxplot showing the difference in number of specimens of each species related to 821 

whether the species has been collected only during peak collection months (May, June, July, 822 

August, and September) or also collected in non-peak months. 823 
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