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SUMMARY 

Fundamental ecological and evolutionary theories such as community saturation and 

diversity-dependent diversification assume that biotic competition restricts resource use, and 

thence limits realized niche breadth and geographic range size [1-3]. This principle is called 

competitive exclusion. The corollary, ecological release, posits that after competitors disappear 

from a region, species that were previously excluded will invade. Hundreds of field experiments 

have demonstrated ecological release in living populations, but few of these studies were 

conducted in marine environments, and almost no work extended beyond 10 years and 1,000 km2 

[4, 5]. In limited investigation of marine taxa at larger spatio-temporal scales, macroecologists and 

paleobiologists have observed little evidence of competitive exclusion [6-9]. Here, we quantified 

spatial trends in the rich and densely-sampled fossil history of brachiopods and bivalves, while 

accounting for inconsistent sampling coverage through time using a new method of spatial 

standardization. The number of potential competitors in a region did not explain the geographic 
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distribution of constituent species or genera. Furthermore, although ecological release predicts 

species to expand after extinction events, survivors of intervals with net species loss expanded as 

rarely as species in other intervals. Regression model estimates indicated different spatial 

responses of brachiopods and bivalves, and of habitat specialists and generalists, but no effect 

from changes in number of potential competitors. Biotic competition may control the distribution 

of populations, but on larger spatio-temporal scales, non-competitive factors may have driven 

biogeographic patterns of brachiopods and bivalves.  

 

RESULTS AND DISCUSSION 

We performed three sets of analyses to test species’ geographic responses to inferred 

competitive pressure. The first approach tested the degree to which mean geographic range size 

of species in regional marine assemblages varied inversely with number of species in those 

regions. This analysis investigated trends across all taxa of bivalves and brachiopods that might 

have interacted in a given region, an “assemblage approach” that produced continuous time series 

of central tendencies. We also analyzed data in a “taxon-tracking approach:” each datum 

represented a single species that was traced through successive stages. We tested whether species 

that survived intervals of net species loss expanded in distribution compared to species from 

intervals of background extinction rates, and we modeled each species’ change in geographic 

distribution through time as a function of environmental affinity, clade membership, and change 

in the number of species in a region.  

All analyses focused on marine bivalves and brachiopods—diverse and well-sampled 

clades that have figured prominently in discussion of how competition influences 

macroevolution [e.g. 10]. Each of the three analyses was applied to rasterized occurrences of 
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brachiopod and bivalve species compiled from the global Paleobiology Database [1]. We 

repeated the assemblage-based time series analysis on an independent, finer-resolution dataset of 

bivalve species in the northwest Atlantic. Members of Bivalvia and Brachiopoda overlap in body 

size, trophic position, and preferences for substrates and habitats. Therefore, species from these 

groups are candidate competitors, especially for substrate availability, even though the clades 

differ physiologically and diverged before the Early Cambrian [11, 12]. Our study does not 

assume that all co-existing species competed simultaneously for space or other resources, or that 

competition was stronger between than within clades. Rather, because our global dataset includes 

species that occupied a variety of habitats, we expect that subsets of species competed in the 

living community, regardless of whether these competitors can be identified individually.  

We converted occurrences to presence or absence values for grid cells of standard area. 

Our novel subsampling procedure controlled both total sampling area and dispersion of sampling 

sites through time (Figures S1 and S2; Methods S1). Although spatial subsampling compresses 

the range of observed values in a similar way to classical rarefaction, power analysis indicated a 

low likelihood of type 2 error (Figure S3). We calculated geographic range size both as the 

number of equal-area grid cells in which a species was observed (“occupancy”), and as the 

length of the minimum spanning tree connecting occupied grid cell centroids [13]. Occupancy 

directly reflects area on a map, whereas tree length is a continuous variable that accounts for 

dispersion. 

We parameterized competitive pressure in terms of the number of species in an 

assemblage, to consider the cumulative pressure from many species on any focal species. Taxon 

count has been treated as a proxy of competitive pressure in recent theoretical work [14] and in 

previous empirical work on brachiopods and bivalves [10, 15] and other taxa [16]. Co-
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occurrence frequencies and temporal replacement, alternative metrics for competitive pressure 

often used for fossil data, have power only to detect extreme, pairwise cases of exclusion [6-8]. 

Common metrics used in modern ecology, such as changes in abundance or experimental 

removal of competitor populations (examples in [5]), are difficult or impossible to apply to the 

fossil record.  

The reliability of species count as a metric of competitive pressure could depend on the 

degree of niche overlap in a study ecosystem, a property that may have differed between 

Paleozoic and post-Paleozoic marine fauna [17]. However, analyses herein considered many 

time bins and spatial regions so as to determine dominant patterns across the Phanerozoic; we 

also replicated analysis on fine-scale spatio-temporal data in the short and ecologically complex 

interval of the Neogene–Quaternary. Ultimately, the particular biotic parameter to which species 

respond most strongly (e.g. abundance of the closest competitor versus total number of 

competitors) remains unknown. 

Time Series Analysis 

We calculated the correlation between replicate time series of species count and 

geographic range size in an assemblage drawn at random from each time bin. If ecological 

release occurred on the spatio-temporal scale of analysis, one would expect a negative 

correlation between time series of species count and geographic range size. Instead, the 

estimated relationship was too close to null to consider the signal to be either positive or negative 

(Figure 1; Table S3). We plotted cross-correlation functions at lags of one to five time bins to 

test for delayed ecological responses, but the patterns were congruent with the simultaneous 

comparisons (i.e. lag zero). Results from the finer-grain northwest Atlantic dataset also 

concurred (Figure 2; Table S3), as did results from sensitivity analyses—for instance where 
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global data were subsampled more dispersedly or within smaller regions, treated with classical or 

coverage-based richness rarefaction, or analyzed at the level of genera (Tables S2 and S3; 

Methods S1 section 2.3). 

Biotic Crises versus Background Intervals 

We tracked individual species across stage boundaries to test whether taxa expanded their 

distributions after biotic crises in comparison to periods of background extinction dynamics. 

Geographic behavior varied considerably both among species within each interval and in the 

mean species’ trend among intervals; however, the central tendency of species’ geographic range 

size changes was stasis (Table S4). Expansion and contraction in species’ geographic ranges 

were distributed evenly across intervals of increases and decreases in species count, regardless of 

geographic range metric (Figure 3). This result is incongruent with a hypothesis of ecological 

release, which would have predicted species that survived the extinction of competitors to 

expand into newly vacated geographic space. 

Mixed-Effects Models 

Change in species count did not predict change in geographic range size of species 

tracked through time. The three highest-ranking linear mixed-effects models for minimum 

spanning tree length change did not include species count as a predictor (Tables S5). In all 

models that did use species count as a predictor variable, including highly-ranked models for 

occupancy, the confidence interval estimate included zero (Figure 4, Tables S6 and S7). Thus, 

regression analysis agreed with the other two analyses in that it did not provide evidence for 

ecological release.  

In contrast to change in species count, a strongly influential predictor of species’ 

distribution dynamics was the point in time in a lineage (e.g. mid existence) at which geographic 
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ranges were measured. Evidence for the strength of this variable includes the fact that it was the 

only predictor to appear in every non-trivial model (Table S5). Species expanded after appearing 

in the fossil record and contracted prior to disappearing from the record (Figure 4, Tables S6 and 

S7). Hence, our results corroborate previous descriptions of waxing and waning through time 

[18-20]. Additionally, regression models suggested that brachiopod species expanded in 

geographic range more than did bivalves, provided suitable habitat; generalists for substrate type 

expanded more than did specialists; and, surprisingly, water depth specialists expanded more 

than did generalists. However, the clarity of these results varied with the metric of geographic 

range size (Figure 4, Tables S5–S7). 

Debate has raged for centuries [12] on whether bivalves displaced brachiopods 

competitively [15, 21] or diversified independently [10, 11, 22]. Our study did not intend to 

answer this question explicitly. However, results from the mixed-effects models provide 

information that bears on the issue tangentially. Unexpectedly, the model predicted brachiopods, 

not bivalves, to expand more in spatial distribution when suitable habitat is present. This result 

seems particularly anomalous with a hypothesis of competitive displacement. Moreover, many 

species of both clades were associated with specific habitats, and the mixed-effects model 

predicted differential expansion for each environmental affinity. Together, these results are 

consistent with hypotheses that abiotic environmental conditions mediated shifts in dominance 

among benthic macrofauna. For instance, water chemistry perturbations in offshore shelf settings 

during the Permo-Triassic transition might have preferentially extirpated brachiopod species and 

prompted different diversity dynamics in the two clades [10, 23]. Alternatively or additionally, 

brachiopods might have specialized on substrates during the post-Paleozoic more than did 
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bivalves. Siliciclastic habitat specialists (e.g. sandy-bottom dwellers) seem to have experienced a 

dampening of geographic range expansion (Figure 4) and origination rates [22], for instance. 

Conclusions 

Evolutionary theorists beginning with Darwin have assumed that biotic competition at the 

finest spatio-temporal scales could impose a stabilizing feedback on diversity at the largest scales 

[24]. Geographic range size has been a foremost candidate for facilitating this process [25]. 

Mechanistically, death of competitors during mass extinction could release surviving species 

from refugia [26, 27]. As large geographic ranges increase the probability of survival [20, 28], 

albeit to a lesser degree in the midst of a mass extinction event [29], species richness could 

rebound in the interval after an extinction pulse (assuming no reduction in origination rates). 

With many species in competition, geographic distributions might shrink. Since restricted spatial 

distributions come with a high risk of extinction, richness might drop back to an equilibrium 

level (assuming no increase in origination rates). The scale of our analysis is appropriate to 

search for such a stabilizing feedback between the number of species and the size of their 

geographic ranges, since the median temporal resolution of our datasets (2–5 million years) 

matches the timespan on which diversity has responded to certain mass extinction events [26, 30, 

31]. A mechanism for diversity-dependence based on ecological release, however, appears 

unfounded in marine bivalves and brachiopods. An alternative explanation for diversity-

dependence, if present, is that strong incumbency could reduce the persistence or spread of 

nascent species [2, 17, 32]. 

Our assessment of geographic occurrences across all oceans through 485 million years 

indicates that competitive exclusion and ecological release have not dominated as 

macroecological patterns in the marine benthos at the level of species. This result contrasts with 
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evidence from population-level studies [4, 5]. One explanation for these differing patterns is that 

fine-scale spatio-temporal heterogeneity might induce asynchronous dynamics among 

populations of a species. Populations at one edge of a geographic range might contract while 

those elsewhere expand, such that the cumulative evolutionary pressure over all populations 

would be null [33-35]. Environmental filtering and other abiotic processes could emerge as the 

dominant determinants of species’ distribution areas at coarse scales [6, 36-39]. Brachiopod and 

bivalve species interact with members of many other clades [15], and antagonistic interactions 

with predators or parasites also could affect macroevolution in our focal clades [40]. The scale-

dependent effect of within-guild biotic interactions investigated here could extend to these other 

negative interactions, as discussed elsewhere in relation to the Red Queen model [41, 42]. 

Studies at the meso-scale of 103–105 years, in regional habitat zones, are a clear next step to 

pinpoint the scale at which abiotic processes dominate species’ geographic patterns to the 

exclusion of biotic controls. 

Characteristics of species, communities, or environments could alter the effect size of 

competitive interactions. The conclusion that factors other than competition control most 

species’ geographic range sizes might be generalizable to other marine taxa [6, 8], for which 

geographic shifts are more predictably tied to environmental conditions such as temperature than 

are terrestrial taxa [43]. Terrestrial organisms that disperse long distances, such as many plants 

[39, 44], may share macroecological patterns with marine taxa. Meanwhile, in terrestrial 

organisms with limited dispersal capacity, such as many animals, competition might have 

controlled large-scale spatio-temporal distributions to a larger degree [16, 26, 27, 32, 44-46]. 

Biotic interactions also might exert more influence in communities with simple interaction 

networks, or in environments subject to widespread, homogenizing disturbances. 
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Figure 1. Regional Species Count Versus Geographic Range Size Through Time. 

Scatterplots indicate the relationship between species count and (A) mean number of occupied 

grid cells or (B) median square-root length of tree connecting occupied cells (MST length) from 

63 time bins (Table S1). Error bars mark the interquartile range. Correlation coefficients are 

corrected for autoregression in the predictor time series. The slight tendency toward negative 

values is attributable to the sampling bias of equal magnitude (Table S3; Methods S1). (C) Mean 

species count values among regional subsamples of global data are plotted across the 485-

million-year study interval. Geological periods: O, Ordovician; S, Silurian; D, Devonian; C, 

Carboniferous; P, Permian; Tr, Triassic; J, Jurassic; K, Cretaceous; Pg, Paleogene; N, Neogene. 
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Figure 2. Species Count and Geographic 

Range Size from the Neogene–Quaternary 

Atlantic 

(A) Northwest Atlantic bivalve specimen 

localities are plotted at modern-day 

coordinates. Scatterplots between species 

count and (B) mean number of occupied grid 

cells or (C) median square-root length of tree 

connecting occupied cells (MST length) are 

plotted as in Figure 1. Correlation 

coefficients for every pair of time series are 

listed in Table S3. Data ranged from the 

Burdigalian (Early Miocene) through the 

Pleistocene (Table S1). Geological epochs: 

Mio, Miocene; Pli, Pliocene; Ple, 

Pleistocene. 
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Figure 3. Occupancy Change Across 

Intervals of Net Species Loss or Gain  

Point size is proportional to the number of 

species sampled on both sides of a given 

boundary. Phanerozoic intervals were 

included only when successive bins 

contained ≥ 10 cells of the same habitat type 

inhabited by multiple surviving species 

(Table S4). (A) Species’ occurrences were 

similarly dispersed (weighted Wilcoxon p-

value = 0.79, t-value = -0.27, df = 19) 

between intervals when species count in a 

region decreased (n = 10) and increased (n = 

11). The unweighted means (solid horizontal 

lines) aligned closely with n-weighted means 

(dashed lines, expansion of 0.05 grid cells 

per species for intervals of species count 

decrease versus expansion of 0.02 grid cells 

per species for intervals of species count 

increase). (B) Results were congruent when 

geographic distributions were measured 

using minimum spanning tree length: geographic trends were equivalent (p-value = 0.31, t-value 

= 1.1, df = 15) between intervals of species count decrease (average reduction of 1.66 km per 

species, n = 8) and increase (average expansion of 1.65 km per species, n = 9). When newly-

originated and nearly-extinct species were evaluated along with mid-duration species, strong 

outliers appeared but the general trends were still consistent with those of mid-duration species 

alone (Table S4). 
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Figure 4. Predicted Change in Geographic Range Size for Boundary-Crossing Species 

A mixed-effects model estimated a null effect from change in species count, contrary to 

expectations of ecological release. Estimates were relative to mid-existence (versus early or late) 

brachiopod species (versus bivalve) with no preference for habitat (versus preference for 

substrate or water depth). Substrate preference (subst.) was either carbonate (e.g. reef) or 

siliciclastic (clastic, e.g. sand). Error bars = 95% confidence intervals from profiling. Data for 

each species was standardized within subsamples of grid cells that contained suitable substrate 

and water depth. Color indicates whether a model was based on occupancy (Occ, n = 708) or 

square-root minimum spanning tree length (MST, n = 239); coefficients for the two models were 

scaled for comparison. Unscaled estimates are given in Table S7. Models based on subsets of 

predictor variables are described in Tables S5 and S6. 
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STAR METHODS 

LEAD CONTACT AND MATERIALS AVAILABILITY 

Further information and requests for resources should be directed to and will be fulfilled by the 

Lead Contact, Gawain Antell (gawainantell@gmail.com). This study did not generate reagents. 

METHOD DETAILS 

Global Dataset 

Global bivalve and brachiopod occurrences across the Phanerozoic were downloaded 

from the Paleobiology Database (PBDB; paleobiodb.org) in July 2018, according to the 

following criteria: “taxa to include” as “Brachiopoda, Bivalvia”; “taxonomic resolution” as 

“genus”; “identification” as “latest”; “modifiers” as excluding the specific modifiers “aff.,” “cf.,” 

“sensu lato,” “informal,” “ex gr.,” “?” or empty from genus and species names; “interval” as 

Cambrian–Holocene, with “time rule” as “overlap”; and “environment” as excluding 

“terrestrial.” We chose not to restrict records to “accepted names only” in the download step, 

because this filter would have removed a large number of records that contained valid 

coordinates despite lacking minor fields associated with taxonomy (e.g. the year of species 

description). Furthermore, when this filter was applied in a sensitivity test, results were 

equivalent (Methods S1 section 2.3.1). We excluded records that (i) lacked paleocoordinates, (ii) 

contained metadata that indicated a geographic resolution greater than local area, (iii) were 

identified as “sp,” “spp.,” or a single letter, (iv) were flagged as “nomen dubium,” “nomen 

vanum,” “nomen nudum,” or “indet.,” (v) were identified at a rank above species level, or (vi) 

lacked taxonomic rank information above the genus level.  
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The frequency of synonyms could be high in the PBDB, because taxonomists have 

revised nomenclature after many of the names were entered. Therefore, we took precautions to 

validate taxonomic identifications. In particular, vetting included (i) cross-referencing entries 

against published lists [22, 47] and the World Register of Marine Species (marinespecies.org), 

(ii) hand-checking the original publication record for all species with durations longer than 50 

Ma, and (iii) searching for synonyms based on spelling errors (e.g. Saccostrea cuculata instead 

of S. cucullata) and suffix variants (e.g. -us instead of -um).  

We treated data at the level of species for the main text, because we were interested in the 

potential effects of inter- and intra-specific interactions [48]. Limitations of the fossil record 

include the potential to overlook cryptic species, because taxonomic definitions for fossils 

depend on morphology alone. This issue, however, likely affects both brachiopods and bivalves, 

from all time periods, and therefore is unlikely to result in directional bias. Nevertheless, we also 

repeated analyses at the level of genera (Table S3). To minimize the contributions of waste-bin 

taxa, only genera with species-level identifications were used; that is, we aggregated the species-

level records to their encompassing genera. 

We binned data at the finest temporal resolution (stages or clustered stages; Table S1) 

that retained sufficient occurrences in every time bin to calculate the variables of interest. 

Boundary dates followed the International Chronostratigraphic Chart from the International 

Commission on Stratigraphy [49] (stratigraphy.org). Spatial sampling in the Cambrian was too 

sparse to achieve sub-epoch resolution, so the Phanerozoic dataset was truncated to Ordovician–

Pleistocene records. Time bins were < 20 Ma in duration (Table S1); the median was 5.1 Ma 

(interquartile range 3.6–7.7 Ma). A specimen record was included in a time bin if the name or 

age of both its maximum and minimum occurrence estimate fell within the start and end dates for 
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the bin. Dates were inclusive of rounding error to the nearest 0.01 Ma for boundaries younger 

than 10 Ma, 0.1 Ma for boundaries 50–150 Ma, and 1 Ma for boundaries older than 150 Ma. 

Where age estimates did not constrain records to single time bins, we matched the “early 

interval” and “late interval” names to time bin names where possible. 

The PBDB internally derives paleo-latitude and -longitude under plate tectonic model 

described by Wright and others [50]. We used these coordinates to rasterize occurrences in each 

of 55,800 global grid cells. To ensure that all cells contained the same area, an initial 1° grid was 

transformed to Eckert VI projection, using the raster [51], rgdal [52], and sp [53] packages in 

R. The centroid coordinates of each of these equal-area cells were used for all subsequent 

calculations involving the spatial location of records (e.g. minimum spanning tree length). The 

transformation to ensure equal-area among cells meant that the shape of the cells was distorted 

(i.e. the sides differed in length), but average width of a cell was 1x102 km. This spatial grain of 

analysis was chosen to smooth differences between densely and sparsely sampled localities while 

still capturing interspecific differences in regional occupancy [13]. Finally, we eliminated 

occurrence records for any species observed in exactly one grid cell from a single time period 

(please read Methods S1 for sensitivity to space-time singletons); this step reduced the influence 

of Lagerstätten and the incidence of invalid species identifications. 

The rasterized occurrence records are available as Dataset S1. The dataset contains 

1.7x104 species (8.1x103 brachiopods and 8.9x103 bivalves) and 5.8x104 unique species-location-

time points (2.7x104 for brachiopods and 3.1x104 for bivalves). 

Northwest Atlantic Dataset 

The northwest Atlantic contains a dense record of fossil mollusks. This system is also of 

interest to test for ecological release because the Gulf Coast is the only region where taxa 
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“bloomed” after the end-Cretaceous mass extinction [54]. We downloaded occurrences from the 

Integrated Digitized Biocollections database in October 2018, according to the following criteria: 

“geopoint” entered; “specificepithet” entered; “basisofrecord” as “FossilSpecimen;” and “class” 

as “Bivalvia.” After download, we excluded records where the species epithet was entered as 

“sp.,” the taxon rank was entered as “doubtful,” or where the radius of uncertainty exceeded 50 

km. We cross-referenced the species list against the World Register of Marine Species database 

to identify freshwater species, which were removed. As in the PBDB dataset, we synonymized 

species names with spelling errors or suffix variants. We also checked that no set of coordinates 

fell exactly at the origin (i.e. 0° latitude and longitude), which could indicate a default entry for 

an unknown location. We removed records with an era assigned to the Mesozoic, Paleozoic, or 

Proterozoic. The iDigBio records were combined with the subset of global PBDB records from 

Miocene–Late Pleistocene mollusks and subset to the northwest Atlantic.  

The extent of the study area (6–42° North latitude, 50–100° West longitude; Figure 2D) 

corresponds to the Gulf of Mexico and the western part of the Central North Atlantic biozone 

defined by Sutton and others [55]. The northern limit of this area matches the meso-pelagic 

ecoregion boundary quantified elsewhere [56]. The southern limit is set by the Isthmus of 

Panama and coastline of South America. 

PBDB and iDigBio contain almost entirely different sets of specimens, because the 

PBDB draws primarily on published records, whereas iDigBio draws primarily on unpublished 

museum specimens. There are rare cases where specimens could have been entered into both 

databases (for instance, some digitized holotypes). This duplication in individual occurrence 

records would not affect analysis, however, because only unique space-time-taxa combinations 

are retained during rasterization. 
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Time bins for the northwest Atlantic dataset (Table S1) were shorter than those used in 

the global dataset. All bins were < 5 Ma in duration, with a median of 1.8 Ma (interquartile range 

1.0–4.4 Ma). Sampling in the Aquitanian was so sparse in comparison to the other intervals that 

the dataset was truncated to Burdigalian–Late Pleistocene records only. Many iDigBio records 

lacked precise age information, either as a numeric estimate or geologic stage name. We 

therefore researched the chronostratigraphy of sedimentary units in the northwest Atlantic to 

determine the minimum and maximum age estimates for 485 formations and members, 

expanding the correlation chart of Saupe and others [57]. The compilation (Dataset S2) includes 

referenced opinions of age estimates from isotopic dating, sequence stratigraphy matches with 

sea level curves, and stratigraphic correlations and relationships. Age estimates for each 

occurrence record that lacked sufficient temporal information were inferred from the geologic 

unit with which it was associated. We searched for geologic context in the “group,” “formation,” 

“member,” “verbatimLocality,” and “lithostratigraphicTerms” fields of iDigBio records; and the 

“stratgroup,” “formation,” “member,” “collection_name,” “collection_aka,” and “localsection” 

fields of PBDB records. We hand-checked any records that included mention of multiple 

geologic units in order to determine a unique assignment.  

The age range of deposition in many geologic units spanned multiple time bins. 

Therefore, we assigned a record to a time bin if more than two-thirds of its estimated range fell 

within the bin. Records that spanned more than 3 bins were excluded altogether. This two-thirds 

overlap rule assigned 70% of geologic units to time bins; a stricter binning rule would have 

failed to maintain a sufficient amount for analysis. Some records could not be assigned to a time 

bin using the methods above, but had been identified with a stage or North American Land 

Mammal Age (e.g. Hemingfordian). These temporal units were converted to numeric age ranges 
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based on the literature [49, 58, 59]. It is probable that the two-thirds overlap rule assigned some 

occurrences to incorrect time bins. We account for this error later, in time series analysis, which 

controlled for similarity between time bins that occurred close together regardless of the source 

of similarity (e.g. founder effects, environmental stasis, or methodological artifacts). 

The iDigBio platform provides coordinates at their modern-day positions. Therefore, we 

reconstructed the paleocoordinates for all records (iDigBio and PBDB) in the northwest Atlantic 

dataset. Modern coordinates were partitioned among plates and rotated according to PaleoAtlas 

models from EarthByte [60] (version 2, accessed October 2018) within the GPlates computing 

environment [61] (version 2.1.0, released August 2018). The coordinates of all records within a 

time bin were reconstructed at the median age of the bin. We rasterized occurrences into equal-

area grid cells at a resolution that was twice as fine as that of the global dataset: we used a 0.5° 

grid, resulting in equal-area cells of 5x10 km width on average, and removed species that 

occurred in a single cell in only one time bin. 

The rasterized occurrence records for the northwest Atlantic are available as Dataset S3. 

The dataset contains 1.9x103 species and 6.1x104 unique species-location-time points. 

Spatial Subsampling 

To account for the heterogeneity of preserved fossil occurrences, we devised a 

subsampling method that controls jointly the spatial extent and dispersion of sample localities. 

Each iteration picks a random occurrence point (a “seed cell”) as a center around which to 

circumscribe a buffer region with a predetermined radius; the procedure then draws a given 

number of equal-area grid cells within the circular buffer (Figure S1). Selected cells form a 

subsample, within which geographic range size and species count are calculated. We assessed 

the performance of the subsampling routine by calculating a proxy of spatial coverage, which we 
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call sampling aggregation; we evaluated the explanatory power of this variable in time series 

analysis. We constructed buffers with the raster package [51] and manipulated vector 

geometries with the sp package [53] in R. Spanning tree distances were then calculated with the 

vegan package [62].  

The spatial subsampling procedure is modified for the taxon-tracking approach (Figure 

S2 and Methods S1 section 2.2). Rather than select a seed cell at random, the taxon-tracking 

procedure selects a grid cell that is occupied by a focal taxon. Moreover, only cells with 

lithology and water depth suitable for a given taxon are considered when subsampling that 

species’ geographic range. For instance, focusing on a species with a documented preference for 

shallow-water settings but no preference for substrate, the set of cells available for subsampling 

would consist of all cells identified with shallow-water. Species were included in taxon-tracking 

analysis only if their environmental preferences could be determined. 

The spatial standardization procedure can be amended in many ways, for instance by 

selecting grid cells according to either unweighted or proximity-weighted probabilities. In the 

unweighted cell selection method, occupied cells were selected at random within each radius-

buffered area. In the proximity-weighted method, cells were selected with scaled probability 

inversely proportional to their squared distance from the center of the buffer. The proximity-

weighted sampling method is more computationally intensive since the weights must be 

calculated for every occupied cell in all iterations of the subsampling procedure. However, this 

method clusters subsampled cells more compactly (i.e. reduces spatial dispersion) while 

retaining a random component to subsampling. In cases where sampling is dense and more even 

across space and time, the proximity-weighted method might reduce the grain of study and hence 

lead to more precise estimates of assemblage-level characters, such as mean species’ occupancy. 



 

21 

 

We tested the sensitivity of analyses to each parameter of the subsampling routine, 

including the radius and number of cells selected (Methods S1 section 2.3). For the analysis 

presented in the main text, we set a 1,500 km radius to confine each subsample in the global 

data, which agrees well with previous quantitative thresholds [13] and the common approach of 

constraining the dispersion of a sample to one continent or ocean basin. Consequently, the circle 

that constrained a random sample covered 7x106 km2, an area approximately equivalent to the 

size of Australia. Within this region, each assemblage-based subsample iteration drew 12 cells 

without replacement; each taxon-tracking subsample iteration drew 10 cells of suitable habitat. 

These sample sizes fall within the range that others have set when sampling grid cells [31]. For 

the northwest Atlantic dataset, occurrences were restricted to a single ocean basin in extent so we 

did not use a radial constraint during subsampling. We did, however, still standardize spatial area 

with the cell selection step of subsampling. The high density of occurrences allowed us to 

include 15 cells in the subsamples from every time bin. Each subsample procedure was 

replicated 500 times in each time bin so that all available data contributed to analysis, even 

though any individual subsample may have captured only some of the fossil species present in 

the global record at the time. 

We did not rarefy PBDB “collection” or “reference” groups as done in earlier studies (for 

review, read [13]). This was because our spatial subsampling procedure already rarefied the 

number of grid cells in each sample, and it has been found that there is a 1:1 correlation between 

reference counts and grid cell counts in global PBDB datasets of marine invertebrates [1]. 

Indeed, the spatial standardization procedure rarefies species count as a consequence of rarefying 

sampling area. Additional rarefaction on species count would compress the distribution of 

observed values further and could cause type 2 error (Methods S1 section 2.3). 
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Methods S1 section 1 discusses further considerations of spatial standardization, such as 

discussion of proportional occupancy metrics. Methods S1 sections 2.1 and 2.2 give step-by-step 

descriptions of assemblage-based and taxon-tracking subsampling procedures. Figure S3 

provides power analysis of the data compression caused by the subsampling procedure. 

Environmental Preferences 

The position and extent of different habitat types (e.g. shallow water carbonate settings) 

have changed through time. Many species have specific habitat preferences, in which case 

individuals may be constrained in the areas where they can occur. Since environmental 

preferences are defined at the level of species, it was not straightforward to account for habitat 

within an assemblage framework. Therefore, we accounted for suitable habitat only in the taxon-

tracking framework. Environmental data were unavailable and unstandardized for most iDigBio 

specimen records, so we could determine environmental affinities for taxa in the global (PBDB) 

dataset but not in the northwest Atlantic dataset. 

We considered environmental preferences along two axes: substrate (carbonate, 

siliciclastic, or generalist for both) and bathymetry (deep water, shallow water, or generalist for 

both). We did not code preferences for latitude or sediment grain size. Carbonate substrates 

already reflect the extent of tropical biomes to a large degree, and perhaps more accurately than 

would latitudinal coordinates. Similarly, variation in substrate type and bathymetry also capture 

some of the differences between fine- and coarse-grained habitats. Determining grain size 

affinity would improve the quality of niche characterizations only moderately, while at the same 

time reducing sample size substantially—grain size was not recorded in many PBDB records. 

We coded binary environmental conditions based on associated data fields in the PBDB 

records (prior to rasterization), according to the definitions provided by Nürnberg and Aberhan 



 

23 

 

[63]. In particular, “carbonate” included any instance of “carbonate,” “limestone,” “reef rocks,” 

“bafflestone,” “bindstone,” “dolomite,” “framestone,” “grainstone,” “lime mudstone,” 

“packstone,” “rudstone,” “floatstone,” or “wackestone” in the PBDB primary lithology field. In 

contrast, “siliciclastic” included any instance of “shale,” “siliciclastic,” “volcaniclastic,” 

“claystone,” “conglomerate,” “mudstone,” “phyllite,” “quartzite,” “sandstone,” “siltstone,” 

“slate,” or “schist” in primary lithology. For water depth, “deep” was assigned for any 

environment field in the set of “basinal (carbonate),” “basinal (siliceous),” “basinal 

(siliciclastic),” “deep-water indet.,” “deep subtidal indet.,” “deep subtidal ramp,” “deep subtidal 

shelf,” “offshore,” “offshore indet.,” “offshore shelf,” “slope,” “submarine fan,” “offshore 

ramp,” “basin reef,” and “slope/ramp reef.” Otherwise, “shallow” was assigned for “coastal 

indet.,” “delta front,” “delta plain,” “deltaic indet.,” “estuary/bay,” “foreshore,” “interdistributary 

bay,” “lagoonal,” “lagoonal/restricted shallow subtidal,” “marginal marine indet.,” “open 

shallow subtidal,” “fluvial-deltaic indet.,” “paralic indet.,” “peritidal,” “prodelta,” “sand shoal,” 

“shallow subtidal indet.,” “shoreface,” “transition zone/lower shoreface,” 

“intrashelf/intraplatform reef,” “reef, buildup or bioherm,” “perireef or subreef,” or 

“platform/shelf-margin reef” in the environment field. 

The environment in a grid cell was classified as a single condition if ≥ 80% of the 

paleoenvironmental records in that cell were indicative of that condition; otherwise, the cell was 

inferred to contain both conditions (e.g. mixed carbonate and siliciclastic substrate). Where both 

conditions occurred in the reference raster cell, however, we made no inference from that cell 

about the species’ habitat preferences.  

Some occupied grid cells lacked sufficient information to assign an environmental 

condition. We referenced these cells against an environmental raster derived from an 
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independent PBDB download of all brachiopod and bivalve occurrences (not restricted to 

species-level identification, but excluding fossils from terrestrial environments). If the grid cell 

in question was characterized by a single environmental condition in the reference raster, we 

assigned that condition to the species’ occurrence records from the corresponding cell in the 

vetted dataset. Cells where environmental conditions still could not be inferred along one or both 

axes were not considered: occurrences that fell in these cells were excluded. 

After grading the environmental state for every occurrence record, we inferred the 

environmental preferences of each species. For each axis, a species with ≥ 80% of occurrence 

records classed as only one category was considered a specialist for that environmental 

condition. A species with > 20% of occurrence records in both categories was treated as a 

generalist along that axis. 

 

QUANTIFICATION AND STATISTICAL ANALYSIS 

Time Series Analysis 

The time series analysis aimed to establish the relationship between species’ distributions 

and species count, and to evaluate the success of spatial sampling standardization. The 

hypothesis of ecological release predicts an inverse correlation. For each subsampled dataset, we 

calculated the correlations between predictor time series (species count or sampling aggregation) 

and response time series (occupancy or MST). We used Kendall’s tau to estimate correlation 

strength because this non-parametric metric can be modified to account for ties, which occurred 

in time series of median occupancy.  

Counts were similar in adjacent time bins, and so we corrected the time series analysis for 

this autocorrelation. We inspected autocorrelation and partial autocorrelation plots for a 
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representative iteration of each variable’s time series and tested the assumption of stationarity 

with an augmented Dickey-Fuller test from the fUnitRoots package [64] in R. Based on these 

explorations, we chose an autoregressive (AR) error structure of order 1 to model the predictor 

time series (either species count or sampling aggregation) in each iteration, using the “arima” 

function from the base stats package in R [65]. The first-order coefficient estimated for species 

count was 0.33 and for sampling aggregation was 0.38. We calculated tau based on the predictor 

time series’ AR(1) model residuals instead of the original series to prevent induced correlation 

[66]. The mean and 95% confidence interval of Kendall’s tau coefficient are reported for each 

pair-wise correlation. The bounds of the confidence interval are the 2.5% and 97.5% quantiles of 

values obtained across bootstrap iterations. We used the “prewhiten” function in the TSA 

package [67] to check for correlations at positive time lags of 1–5 steps. 

Range-Size Shifts 

For every species that was observed in two or more consecutive time bins, we quantified 

the change in the survivor’s range size between the earlier and later time bin. Some species were 

observed in three or more consecutive bins; in these cases, we calculated the changes associated 

with each of the stage boundaries that the species crossed. We compared mean change in range 

size among survivors (“range-size shift”) of two sets of time intervals: intervals when species 

count increased and intervals when species count decreased.  

Unbalanced numbers of newly-originated and nearly-extinct species between extinction 

intervals and background intervals [27, 31] could bias our analysis, because taxa at these times 

often experience predictable changes in geographic range size unrelated to potential effects of 

ecological release [18, 19]. The typical trajectory of geographic distribution over the duration of 

a lineage is arched like a rainbow (mathematically, a convolution of two top hat functions). That 
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is to say, lineages tend to expand after appearing in the fossil record and contract prior to 

disappearing from the record. Moreover, species in the middle of their existence, at peak 

occupancy, are hypothesized to experience the most competitive pressure [68]. We therefore 

calculated range-size shift (i) on all species, and (ii) only for species in the middle interval of 

their temporal durations. In the latter case, if a species was sampled across three consecutive 

boundaries (i.e. occurred in four consecutive time bins), the change in range size over the middle 

interval (but not either end interval) would contribute to the calculation of range-size shifts. 

Survivors of exactly one interval behaved equivalently to those that were in the middle of their 

duration, so these temporal doubletons were included in all range-size shift measurements. 

Phanerozoic intervals were included only when successive bins contained ≥ 10 raster 

cells of the same habitat type inhabited by multiple surviving species. Species from the 

Pleistocene were not assessed because no modern occurrence data were included. To classify 

each interval as associated with either a net gain or loss in species number, we calculated 

whether the median change in species count experienced by survivors across a given boundary 

was positive or negative (Table S4). More species crossed certain stage boundaries than others 

(Table S4), which resulted in unequal variances among intervals. We therefore weighted each 

range-size shift by the number of survivors that contributed to that shift and compared the 

difference in the two groups with a two-sided Mann-Whitney (Wilcoxon rank-sum) test. 

Mixed-Effects Models 

We explored the nature of the relationship (i.e. estimated degrees of freedom) between 

change in species count and change in range size with a generalized additive mixed-effects 

model (GAMM). The additive component of the model fit a penalized thin plate regression 

spline on species count, implemented with the mgcv [69] and gamm4 [70] packages in R. We 
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inspected this spline to determine whether the smoothing term was justified, relative to a linear 

model. In addition, the identity of the time interval associated with each survivor was included as 

a random effect in the GAMM. We included this random effect because species from the same 

time bin were expected to pseudoreplicate each other due to shared environmental conditions and 

spatial sampling structure. Moreover, this random effect obviated the need to correct for multiple 

testing, because a single coefficient was calculated for each fixed effect over the entire time 

series, instead of for every time bin as in Finnegan and others [71]. 

The estimates for the spline in the GAMM (degrees of freedom = 0.23) gave no 

justification to parameterize species count with a higher-order polynomial than a linear 

regression. Therefore, we performed model selection on linear mixed-effects models (LMM) 

rather than a more complicated regression structure. As in the GAMM, time interval was 

included as a random effect in the LMM. We considered the influence of the following six fixed 

effects: change in species count (integer), clade (categorical: Brachiopoda or Bivalvia), point in 

lineage duration (categorical: Early, Middle, or Late), time bin age (continuous and positive), 

bathymetric preference (categorical: carbonate, siliciclastic, or both), and lithological preference 

(categorical: shallow, deep, or both). We then built a global linear mixed-effects model (all 

predictor variables included; Figure 4 and Table S7) and compared the 64 possible models, 

including the model with no fixed effects added (that is, a horizontal line). We implemented 

mixed-effects models with functions in the lme4 package [72, 73]. Following default settings, we 

fit models based on restricted maximum likelihood for estimation purposes and based on 

maximum likelihood for testing purposes.  

We estimated Akaike’s Information Criterion (AIC) instead of corrected AIC, given the 

large number of species in the dataset, to determine the subset of models that received non-trivial 
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weight (Delta AIC < 10; for derivation and discussion of weights, see Burnham and Anderson 

[74]. Models are listed in order of relative performance in Table S5. For fixed effects of these 

supported models, we recorded point estimates and the 95% confidence interval bounds from the 

likelihood profile (Table S6). Log-likelihood estimates can be interpreted on the original scale of 

the variable. We chose to report log-likelihood instead of marginal likelihood estimates because 

(i) interpretation of coefficients is more straightforward and (ii) statistical theory to calculate 

marginal likelihood of parameters over the random effect(s) in mixed-effects models is poorly 

developed.  

DATA AND CODE AVAILABILITY 

All generated data and custom software developed for this project are archived at 

https://doi.org/10.5281/zenodo.3491853 and maintained at 

https://github.com/GawainAntell/EcoRelease. 
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A   Rasterized occurrences B   Regional restriction

C   Unweighted equal-area sampling
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Figure S1. Simplified Diagram of Assemblage Subsampling. Related to STAR
Methods and Methods S1. (A) Occurrence coordinates were rasterized. Each silhouette
represents a species’ presence in a grid cell. Every occupied cell (shaded) is a potential “seed
cell”. (B) A circular buffer of given radius is circumscribed around the centroid of a seed cell.
Occupied cells with centroids lying inside the buffer (shaded) comprise the “subsampling
pool”. (C) A given number of cells (here, 5) are drawn from the pool to form a subsample
(shaded). (D) For each species, range size is measured as occupancy and summed length of
the minimum spanning tree that connects the centroids of occupied cells (MST). The lower
table in D reports all assemblage-based variables used in subsequent analysis: species count,
mean occupancy, median MST length, and subsample aggregation.



A   First iteration B   Second iteration

C   Third iteration D   Focal species data 

Iteration Occupancy
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Figure S2. Simplified Diagram of Taxon-Tracking Subsampling. Related to
STAR Methods and Methods S1. (A–C) Three different realizations of the subsampling
procedure illustrated for identical occurrence grids of a focal species (black pectinid). Shading
indicates cells selected in a given subsample (for simplicity, each subsample in this diagram
contained 8 cells). (D) Two metrics of range area were calculated for each iteration: occupancy
and summed length of the minimum spanning tree that connects the centroids of occupied
cells (MST). The range size of the species, as used in subsequent analysis, was defined as the
median metric value among iterations.
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Figure S3. Power Analysis from Simulated Geographic Expansion. Related to
STAR Methods and Methods S1. Our spatial standardization procedure truncates
geographic distributions, and this compression raises the possibility of type 2 error in our
analyses. Therefore, we simulated ecological release at a range of magnitudes and frequencies
to calculate the probability of observing release in a subsample of the simulated data. We
modeled range expansion based on the Middle–Late Pleistocene record of bivalves in the
northwest Atlantic, where we expect that the compression from the subsampling procedure
would be particularly severe. To control other biases on fossil range size, such as outcrop
area, we used the same Pleistocene area before and after simulated release as the setting in
which to calculate occupancy. We replicated each simulation 10 times, since measured range
sizes for a given species in a given time interval vary from one iteration to the next. There
were two experimental parameters in the simulation framework: the percentage of species
that experience ecological release, and the percentage expansion of geographic range size
that occurred for released species. In the first set of simulation experiments, no subsampling
procedure was applied to occurrences. Species expanded as a linear function of the frequency
and magnitude of ecological release, as intended (A–C). In a second set of experiments,
species’ occupancy was subsampled (by selecting 15 cells from the study area) before and
after ecological release. When subsampled, a signal of ecological release was still recovered,
although mean occupancy was lower and varied more among iterations (D–F). In A and D,
the amount of release was constant at 50% expansion while the frequency of release varied
from 0–100%. In B and E, the frequency of release was constant at 50% of species while the
amount of release varied from 0–100%. The blue lines mark mean occupancy prior to range
expansion: 4.8 grid cells without subsampling (A, B), and 2.1 grid cells with subsampling
(D, E; 95% interval among subsamples in light blue shading, 1.7–2.5 grid cells). Any point
that falls above the blue line represents successful detection of release. In C and F, we
simulated occupancy increases while varying the frequency and magnitude of release at the
same time. In G, the probability of observing release in subsampled data is plotted jointly as
a function of the frequency and magnitude of range expansion. Detection is calculated as the
percentage of iterations (n = 10) in which mean occupancy after simulated release exceeded
the initial value (2.1 grid cells) for a given frequency and magnitude of release. For further
discussion of the power analysis, please read Methods S1 section 3.



Name Onset Terminus Duration Occurrences

A. Global Phanerozoic

Tremadocian, Floian 485.4 470.0 15.4 196

Dapingian, Darriwilian 470.0 458.4 11.6 347

Sandbian, Katian 458.4 445.2 13.2 1226

Hirnantian 445.2 443.8 1.4 394

Rhuddanian, Aeronian 443.8 438.5 5.3 411

Telychian 438.5 433.4 5.1 337

Sheinwoodian, Homerian 433.4 427.4 6.0 1072

Gorstian, Ludfordian 427.4 423.0 4.4 924

Pridoli 423.0 419.2 3.8 313

Lochkovian, Pragian 419.2 407.6 11.6 1141

Emsian, Eifelian 407.6 387.7 19.9 914

Givetian 387.7 382.7 5.0 1293

Frasnian 382.7 372.2 10.5 937

Famennian 372.2 358.9 13.3 371

Tournaisian 358.9 346.7 12.2 641

Visean 346.7 330.9 15.8 607

Serpukhovian, Bashkirian 330.9 315.2 15.7 344

Moscovian, Kasimovian 315.2 303.7 11.5 561

Gzhelian 303.7 298.9 4.8 613

Asselian, Sakmarian 298.9 290.1 8.8 1716

Artinskian, Kungurian 290.1 272.9 17.2 2937

Roadian 272.9 268.8 4.1 1596

Wordian 268.8 265.1 3.7 1621

Capitanian 265.1 259.1 6.0 1342

Wuchiapingian 259.1 254.1 5.0 2451

Changhsingian 254.1 251.9 2.2 2411

Induan, Olenekian 251.9 247.2 4.7 430



Anisian 247.2 242.0 5.2 782

Ladinian 242.0 237.0 5.0 284

Carnian 237.0 227.0 10.0 503

Norian 227.0 208.5 18.5 689

Rhaetian 208.5 201.3 7.2 481

Hettangian, Sinemurian 201.3 190.8 10.5 581

Pliensbachian 190.8 182.7 8.1 1296

Toarcian 182.7 174.1 8.6 866

Aalenian, Bajocian 174.1 168.3 5.8 588

Bathonian 168.3 166.1 2.2 659

Callovian 166.1 163.5 2.6 719

Oxfordian 163.5 157.3 6.2 437

Kimmeridgian 157.3 152.1 5.2 304

Tithonian 152.1 145.0 7.1 486

Berriasian 145.0 139.8 5.2 317

Valanginian, Hauterivian, 139.8 125.0 14.8 656

Barremian

Aptian 125.0 113.0 12.0 509

Albian 113.0 100.5 12.5 522

Cenomanian 100.5 93.9 6.6 590

Turonian 93.9 89.8 4.1 187

Coniacian, Santonian 89.8 83.6 6.2 709

Campanian 83.6 72.1 11.5 422

Maastrichtian 72.1 66.0 6.1 3197

Danian 66.0 61.6 4.4 363

Selandian, Thanetian 61.6 56.0 5.6 272

Ypresian 56.0 47.8 8.2 661

Lutetian, Bartonian 47.8 37.8 10.0 1893

Priabonian 37.8 33.9 3.9 993

Rupelian 33.9 27.8 6.1 773



Chattian, Aquitanian 27.8 20.4 7.4 632

Burdigalian 20.4 16.0 4.5 817

Langhian, Serravallian 16.0 11.6 4.3 2056

Tortonian, Messinian 11.6 5.3 6.3 1760

Zanclean 5.3 3.6 1.7 934

Piacenzian 3.6 2.6 1.0 1333

Pleistocene 2.6 0.0 2.6 2204

B. Northwest Atlantic

Burdigalian 20.44 15.97 4.47 1019

Middle Miocene 15.97 11.63 4.34 639

Tortonian 11.63 7.25 4.38 968

Messinian 7.25 5.33 1.91 923

Zanclean 5.33 3.60 1.73 1447

Piacenzian 3.60 2.58 1.02 2557

Gelasian 2.58 1.80 0.78 1423

Calabrian 1.80 0.78 1.02 1039

Middle–Late Pleistocene 0.78 0.01 0.77 2020

Table S1. Global Phanerozoic and Neogene–Quaternary Time Bins. Related to
Figures 1 and 2. (A) The global Phanerozoic dataset was divided into 63 time bins. A
species’ occurrence record was included in a time bin if the name or age of both its maximum
and minimum occurrence estimates fell within the onset and terminus ages (in Ma) for the
bin. During binning, ages were rounded to the nearest 0.01 Ma for boundaries younger than
10 Ma, 0.1 Ma for boundaries 50–150 Ma, or 1 Ma for boundaries older than 150 Ma. The
number of unique occurrences for each species is tallied for each time bin. (B) The northwest
Atlantic dataset was divided into 9 time bins. We determined minimum and maximum age
estimates for 485 geologic units in the northwest Atlantic to infer the age of fossils with
no temporal metadata. We assigned a record to a time bin if more than two-thirds of its
estimated range fell within the bin. Records that spanned more than 3 bins were excluded
altogether.



Methods S1
Section

Table Cells
Radius
(km)

Iterations
Cell

selection
Rarefaction

Assemblage
singletons

Taxonomic
rank

Other

2.3.1 None 10 1500 500 Even None Yes Species “Accepted names” only

2.3.2 None 10 1500 500 Even None Yes Species No space-time singletons

2.3.3 S3.a 12 1500 500 Even None Yes Species Baseline method

2.3.3 None 6 1500 500 Even None Yes Species

2.3.4 S3.b 6 750 500 Even None Yes Species

2.3.5 None 12 1500 1000 Even None Yes Species

2.3.6 S3.c 12 1500 500 Weighted None Yes Species Main text results

2.3.7 S3.d 12 1500 500 Even Coverage = 0.4 Yes Species

2.3.7 S3.e 12 1500 500 Even Coverage = 0.7 Yes Species

2.3.7 S3.f 12 1500 500 Even Coverage = 0.7 No Species

2.3.7 None 12 1500 500 Even Count = 50 Yes Species

2.3.8 S3.g 12 1500 500 Even None Yes Genus

- S3.h 15 Atlantic 500 Even None Yes Species Main text results

Table S2. Parameter Combinations Used in Each Sensitivity Analysis of the Assemblage Subsampling Method.
Related to STAR Methods and Methods S1. Boldface indicates values that differ from those of the baseline method. All results
are described in the Methods S1 text, although only key results are listed in Table S3.



Correlation with predictor time series

Species count Sampling aggregation

Response series Mean 95% Mean 95%

A. Baseline

occ with singletons, min -0.15 (-0.18, -0.10) -0.15 (-0.18, -0.06)

occ with singletons, med -0.05 (-0.23, 0.14) -0.18 (-0.36, 0.02)

occ with singletons, max 0.06 (-0.07, 0.19) -0.19 (-0.32, -0.02)

occ with singletons, mean -0.09 (-0.23, 0.06) -0.23 (-0.35, -0.08)

occ no singletons, min -0.15 (-0.21, -0.04) 0.01 (-0.16, 0.17)

occ no singletons, med -0.15 (-0.33, 0.03) -0.16 (-0.32, 0.03)

occ no singletons, max 0.06 (-0.07, 0.19) -0.19 (-0.32, -0.02)

occ no singletons, mean -0.12 (-0.25, 0.02) -0.18 (-0.33, -0.03)

MST, min -0.21 (-0.39, -0.03) 0.13 (-0.05, 0.30)

MST, med -0.05 (-0.18, 0.11) 0.06 (-0.08, 0.21)

MST, max 0.15 (0.01, 0.29) 0.23 (0.11, 0.37)

MST, mean -0.04 (-0.17, 0.11) 0.13 (-0.01, 0.26)

species count 1.00 (1.00, 1.00) 0.04 (-0.09, 0.18)

B. 6 cells, 750 km radius

occ no singletons, mean -0.08 (-0.23, 0.10) -0.18 (-0.33, -0.03)

MST, median -0.05 (-0.20, 0.11) 0.17 (0.01, 0.33)

species count 1.00 (1.00, 1.00) 0.04 (-0.12, 0.19)

C. Weighted cell selection

occ no singletons, mean -0.11 (-0.25, 0.01) -0.17 (-0.32, -0.03)

MST, median -0.06 (-0.19, 0.08) 0.09 (-0.07, 0.24)

species count 1.00 (1.00, 1.00) -0.01 (-0.14, 0.12)



D. SQS, coverage of 0.4

occ no singletons, mean -0.12 (-0.26, 0.02) -0.19 (-0.34, -0.04)

MST, median -0.06 (-0.20, 0.08) 0.07 (-0.09, 0.21)

species count 1.00 (1.00, 1.00) 0.04 (-0.09, 0.18)

E. SQS, coverage of 0.7

occ no singletons, mean -0.11 (-0.25, 0.01) -0.19 (-0.34, -0.04)

MST, median -0.05 (-0.20, 0.09) 0.06 (-0.09, 0.21)

species count 1.00 (1.00, 1.00) 0.02 (-0.12, 0.15)

F. SQS, coverage of 0.7, no assemblage singletons

occ no singletons, mean 0.11 (-0.03, 0.25) -0.18 (-0.33, -0.05)

MST, median -0.08 (-0.23, 0.05) 0.07 (-0.09, 0.21)

species count 1.00 (1.00, 1.00) -0.09 (-0.23, 0.05)

G. Genus-level

occ no singletons, mean -0.10 (-0.25, 0.03) -0.18 (-0.31, -0.04)

MST, median -0.05 (-0.19, 0.10) 0.04 (-0.11, 0.19)

species count 1.00 (1.00, 1.00) 0.03 (-0.12, 0.17)

H. Northwest Atlantic

occ no singletons, mean 0.18 (-0.17, 0.53) -0.51 (-0.67, -0.33)

MST, median -0.13 (-0.59, 0.31) 0.06 (-0.33, 0.50)

species count 1.00 (1.00, 1.00) -0.18 (-0.56, 0.21)

Table S3. Time Series Corrected Correlation Coefficients. Related to Figures 1
and 2 and Methods S1. Kendall’s τ correlation for every pair of predictor and response
time series, for parameter combinations listed in Table S2. The metrics of range size were
grid cell occupancy (oc) and summed length of minimum spanning tree (MST).



Early bin Species count Range shift Shift SD Survivor n

A. Occupied grid cells, mid-existence species

Rhuddanian Rise 0.50 0.58 4

Telychian Rise 1.00 1.46 18

Emsian Rise 1.36 1.57 11

Moscovian Rise 0.89 2.62 9

Gzhelian Rise -0.92 2.06 13

Asselian Rise -0.60 1.34 45

Artinskian Fall 1.33 2.31 3

Wordian Fall 0.31 0.95 13

Wuchiapingian Rise 0.21 0.73 56

Changhsingian Fall -0.57 1.81 7

Anisian Fall -1.43 1.79 14

Hettangian Fall -0.40 2.12 10

Pliensbachian Fall -0.15 0.84 39

Toarcian Fall 0.25 1.50 4

Aalenian Rise 2.00 2.83 2

Bathonian Fall 0.75 0.96 4

Callovian Rise -0.50 1.87 6

Coniacian Rise -1.00 0.89 11

Ypresian Rise -0.11 1.88 18

Langhian Fall -0.08 1.08 12

Piacenzian Fall 0.70 1.85 43

B. Minimum spanning tree length, mid-existence species

Rhuddanian Rise 0.00 0.00 2

Telychian Rise 7.19 8.18 8

Emsian Rise 8.06 3.89 4

Moscovian Rise 3.98 11.43 5

Gzhelian Rise -9.32 15.26 8



Asselian Fall -8.98 6.24 3

Wordian Fall 1.64 4.03 4

Wuchiapingian Rise 3.85 8.98 11

Changhsingian Fall -4.13 3.24 3

Anisian Fall -7.22 6.33 6

Pliensbachian Rise -6.81 7.64 5

Bathonian Fall 3.95 7.85 3

Callovian Rise -3.90 13.39 4

Coniacian Fall -10.12 14.29 7

Ypresian Rise 6.19 11.54 11

Langhian Fall 9.13 20.72 2

Piacenzian Fall 5.36 17.18 10

C. Occupied grid cells, all species

Sandbian Fall 4.50 0.71 2

Rhuddanian Rise 0.82 1.33 11

Telychian Rise 0.71 1.46 28

Lochkovian Rise 2.50 0.71 2

Emsian Rise 1.55 1.84 22

Tournaisian Rise 1.00 0.00 2

Moscovian Rise 2.12 2.40 24

Gzhelian Rise -1.09 2.01 35

Asselian Rise -0.47 1.39 109

Artinskian Fall 1.00 1.55 6

Wordian Fall 0.28 1.56 36

Wuchiapingian Rise -0.10 0.89 143

Changhsingian Fall -0.60 1.58 10

Induan Rise -0.50 0.71 2

Anisian Fall -1.12 1.86 16

Rhaetian Rise -1.00 2.83 2

Hettangian Fall -0.06 1.89 18



Pliensbachian Rise -0.29 0.95 56

Toarcian Fall 0.40 1.34 5

Aalenian Rise 1.40 1.67 5

Bathonian Fall 0.38 0.92 8

Callovian Rise -1.09 1.51 11

Coniacian Rise -0.67 0.84 18

Ypresian Rise -0.12 1.74 25

Langhian Fall 0.00 1.04 14

Piacenzian Fall 0.70 2.15 98

D. Minimum spanning tree length, all species

Rhuddanian Rise 10.01 12.65 4

Telychian Rise 0.01 15.64 13

Emsian Rise 10.10 4.35 12

Moscovian Rise 7.45 9.72 17

Gzhelian Rise -10.50 12.89 21

Asselian Rise -2.81 12.04 12

Artinskian Fall 5.65 1.33 2

Wordian Fall -0.78 11.16 14

Wuchiapingian Rise -1.13 10.05 36

Changhsingian Fall -5.09 3.28 4

Anisian Fall -7.22 6.33 6

Hettangian Fall 14.46 7.68 5

Pliensbachian Rise -9.11 5.77 11

Bathonian Fall 2.24 5.98 6

Callovian Fall -7.61 12.91 6

Coniacian Fall -9.39 12.04 12

Ypresian Rise 5.54 12.16 15

Langhian Fall 9.13 20.72 2

Piacenzian Rise 4.44 12.82 37



Table S4. Range Size Shifts for Each Phanerozoic Interval. Related to Figure 3.
Species count dynamic and geographic range size shift as measured in occupancy (A, C)
or minimum spanning tree length (square-root km) (B, D). In A and B, newly originated
and nearly extinct species are excluded. To calculate geographic range size trends for an
interval, multiple species had to occur in successive time bins that contained at least 10 cells
of suitable habitat. For minimum spanning tree calculations, a species had to occur more
than once in each bin. The shift is the average and standard deviation (SD) of change in
number of grid cells among survivors. Each time interval was characterized by either a rise
or fall in the number of species, depending on the median change in species count associated
with survivors. Each interval is referenced by the oldest geologic stage included. Weighted
Wilcoxon test results for mid-existence species (A and B) are reported in Figure 3. When
species in the first and last intervals of appearance were included (C and D), two taxa
that originated in the Sandbian (Upper Ordovician) were strong outliers, expanding by 4.5
grid cells on average. These points contributed to an n-weighted occupancy change of 0.35
and -0.04 grid cells in periods of species count decrease (n = 10) and increase (n = 16),
respectively (p-value = 0.06, t-value= −1.9, df = 24). For measurements in MST length, less
than two species were sampled in at least 10 grid cells both before and after the Sandbian,
so range shift in this interval could not be assessed. The weighted mean change between
sampled periods of species count decrease (n = 9) and increase (n = 10) was -2.06 and 0.79
km, respectively (p-value = 0.42, t-value = 0.83, df = 17).



Rank Predictors N predictors ∆AIC Weight (%)

A. Occupied grid cells
1 delta + point + time 7 0.00 23.64
2 point + delta 6 0.96 14.63
3 delta + point + clade + time 8 2.00 8.70
4 delta + point + lith + time 9 2.15 8.07
5 delta + point + lith 8 2.20 7.87
6 delta + point + clade 7 2.74 6.01
7 delta + point + bath + time 9 3.43 4.25
8 delta + point + clade + lith + time 10 4.08 3.07
9 delta + point + clade + lith 9 4.18 2.92

10 delta + point + bath 8 4.33 2.71
11 time + point 6 4.49 2.50
12 point + lith + time 8 5.13 1.82
13 delta + point + clade + bath + time 10 5.42 1.57
14 lith + point 7 5.50 1.51
15 delta + point + lith + bath + time 11 5.54 1.48
16 delta + point + lith + bath 10 5.56 1.47
17 delta + point + clade + bath 9 6.17 1.08
18 point 5 6.18 1.08
19 point + clade + time 7 6.47 0.93
20 point + clade + lith + time 9 7.04 0.70
21 delta + point + clade + lith + bath + time 12 7.44 0.57
22 point + clade + lith 8 7.49 0.56
23 delta + point + clade + lith + bath 11 7.55 0.54
24 clade + point 6 7.73 0.50
25 point + bath + time 8 7.83 0.47
26 point + lith + bath + time 10 8.47 0.34
27 point + lith + bath 9 8.85 0.28
28 bath + point 7 9.52 0.20
29 point + clade + bath + time 9 9.83 0.17



B. Minimum spanning tree length
1 point + delta 6 0.00 13.03
2 delta + point + bath 8 0.50 10.15
3 delta + point + time 7 1.10 7.52
4 delta + point + clade + time 8 1.21 7.12
5 delta + point + clade 7 1.37 6.57
6 delta + point + lith + bath 10 1.62 5.80
7 delta + point + clade + bath 9 1.75 5.43
8 delta + point + clade + lith + bath + time 12 1.78 5.35
9 delta + point + lith + bath + time 11 1.86 5.14

10 delta + point + bath + time 9 1.94 4.94
11 delta + point + clade + bath + time 10 2.12 4.52
12 delta + point + clade + lith + time 10 2.16 4.43
13 delta + point + lith + time 9 2.27 4.19
14 delta + point + lith 8 2.38 3.97
15 delta + point + clade + lith + bath 11 3.12 2.74
16 delta + point + clade + lith 9 3.96 1.80
17 point + lith + bath 9 5.61 0.79
18 bath + point 7 5.82 0.71
19 point + clade + bath 8 6.05 0.63
20 point + clade + lith + bath + time 11 6.14 0.61
21 point + clade + lith + bath 10 6.60 0.48
22 point + lith + bath + time 10 6.66 0.47
23 point 5 6.92 0.41
24 point + clade + bath + time 9 7.08 0.38
25 clade + point 6 7.27 0.34
26 point + bath + time 8 7.75 0.27
27 point + clade + time 7 7.88 0.25
28 lith + point 7 8.37 0.20
29 point + clade + lith + time 9 8.60 0.18
30 time + point 6 8.71 0.17



31 point + lith + time 8 9.22 0.13
32 point + clade + lith 8 9.41 0.12
33 delta 4 9.90 0.09
34 delta + lith + bath 8 9.95 0.09

Table S5. Relative Performance of Non-trivial Linear Mixed-effects Models. Re-
lated to Figure 4 and STAR Methods. The response variable was (A) the change in
number of occupied grid cells, including singletons, or (B) minimum spanning tree length
(MST; square-root km). For A, models were built on 708 changes in range size recorded for
survivors from 26 Phanerozoic boundaries. For B, models were built on 239 changes in range
size recorded for survivors from the 23 intervals for which tree length could be calculated.
Abbreviations: delta, change in species count; time, age of boundary (Ma); point, categorical
variable with the values first, middle, and last to indicate newly originated, mid duration, or
nearly extinct; clade, membership in Brachiopoda or Mollusca; bath, bathymetric preference
for deep, shallow, or both water depths; lith, lithological preference for carbonate, siliciclastic,
or both lithologies. When geographic range size was measured in terms of number of grid cells
occupied, lithological preferences appeared more important than did bathymetric preferences
(A). However, when range size was measured in terms of MST length, preference for water
depth replaced preference for lithology as an important predictor in the best-supported
models (B). Weights are the ratio of ∆AIC from a given model to the sum of ∆AIC values
across all candidate models, and are interpreted as the probability that a given model is the
“best” (minimizes the Kullback–Leibler discrepancy) of the candidate models, given the data
[S1].



Rank Predictor Estimate 95%

A. Occupied grid cells
1 (Intercept) -0.489 (-1.278, 0.276)

delta 0.002 (0.001, 0.004)
point First 0.732 (0.362, 1.110)
point Last -0.355 (-0.624, -0.082)
time 0.002 (-0.000, 0.005)

2 (Intercept) 0.099 (-0.275, 0.492)
point First 0.757 (0.385, 1.135)
point Last -0.331 (-0.600, -0.061)
delta 0.002 (0.001, 0.004)

3 (Intercept) -0.498 (-1.363, 0.351)
delta 0.002 (0.001, 0.004)
point First 0.731 (0.359, 1.111)
point Last -0.355 (-0.624, -0.082)
clade Mollusca 0.007 (-0.332, 0.343)
time 0.003 (-0.000, 0.006)

4 (Intercept) -0.361 (-1.208, 0.470)
delta 0.002 (0.000, 0.004)
point First 0.742 (0.370, 1.121)
point Last -0.349 (-0.618, -0.077)
lith Carbonate -0.017 (-0.399, 0.345)
lith Clastic -0.338 (-0.793, 0.142)
time 0.002 (-0.001, 0.005)

5 (Intercept) 0.174 (-0.227, 0.588)
delta 0.002 (0.000, 0.004)
point First 0.765 (0.394, 1.144)
point Last -0.327 (-0.596, -0.058)
lith Carbonate -0.046 (-0.424, 0.320)
lith Clastic -0.394 (-0.847, 0.069)



B. Minimum spanning tree length
1 (Intercept) 0.156 (-3.034, 3.441)

point First 3.904 (-0.546, 8.440)
point Last -5.336 (-8.808, -1.816)
delta 0.038 (0.013, 0.062)

2 (Intercept) -0.828 (-4.114, 2.522)
delta 0.034 (0.009, 0.058)
point First 3.259 (-1.188, 7.838)
point Last -5.690 (-9.166, -2.193)
bath Deep 4.007 (-3.224, 11.229)
bath Shallow 3.247 (-0.636, 7.205)

3 (Intercept) 2.725 (-3.535, 9.124)
delta 0.039 (0.015, 0.064)
point First 4.040 (-0.365, 8.660)
point Last -5.375 (-8.831, -1.859)
time -0.011 (-0.034, 0.012)

4 (Intercept) 6.079 (-1.760, 13.928)
delta 0.037 (0.013, 0.062)
point First 4.123 (-0.262, 8.721)
point Last -5.190 (-8.646, -1.689)
clade Mollusca -3.120 (-7.595, 1.341)
time -0.019 (-0.044, 0.007)

5 (Intercept) 0.979 (-2.784, 4.817)
delta 0.036 (0.011, 0.061)
point First 3.856 (-0.581, 8.387)
point Last -5.238 (-8.713, -1.715)
clade Mollusca -1.686 (-5.713, 2.391)



Table S6. Coefficient Estimates and Confidence Intervals. Related to Figure 4
and STAR Methods. The log-likelihood estimates and 95% confidence intervals were
extracted for each predictor in the 5 models with largest weights (Table S5), with change
in geographic range size as response, measured either as (A) number of occupied grid
cells (including singletons) or (B) minimum spanning tree length (MST; square-root km).
Abbreviations and sample sizes as in Table S5. The cumulative weight of the top 5 occupancy
models was 62%, and for MST models was 44% (Table S5). The clarity of regression predictions
varied depending on whether geographic range size was measured in terms of occupied grid
cells or MST length. When range size was measured in terms of grid cells, expansion of
newly-originated species was approximately twice as large as contraction of nearly-extinct
species (A), an asymmetry found previously [S2, S3]. In contrast, the magnitude of MST
expansion early in a species’ duration was smaller than the magnitude of later contraction
(Table S6). Additionally, specialists in either of the two categories of substrate lithology
(carbonate or siliciclastic) tended to shrink in grid cell area compared to generalists when
range size was measured in terms of grid cells (A). Surprisingly, specialists in either shallow
or deep water tended to expand in MST length compared to bathymetric generalists (B).
The confidence intervals related to water depth preferences are wide, however, since there
were few specialists for which the number of grid cells with suitable habitat was large enough
to perform subsampling (89 shallow-water species but only 18 deep-water species, compared
to 131 generalists).



Response Predictor Estimate 2.5 % 97.5 %

Occ Phase: Early 0.733 0.359 1.117

Occ Phase: Late -0.354 -0.623 -0.081

Occ N spp. change 0.002 0.000 0.004

Occ Time 0.002 -0.001 0.006

Occ Clade: Bivalve 0.065 -0.298 0.413

Occ Subst: Carbonate -0.020 -0.420 0.353

Occ Subst: Clastic -0.358 -0.819 0.133

Occ Depth: Deep 0.239 -0.368 0.8ine 52

Occ Depth: Shallow 0.032 -0.273 0.344

Occ (Intercept) -0.448 -1.385 0.480

MST Phase: Early 3.317 -1.065 8.121

MST Phase: Late -5.145 -8.621 -1.705

MST N spp. change 0.032 0.007 0.057

MST Time -0.027 -0.056 0.002

MST Clade: Bivalve -3.297 -8.124 1.248

MST Subst: Carbonate -2.138 -7.729 2.871

MST Subst: Clastic -7.405 -13.653 0.147

MST Depth: Deep 3.891 -3.446 11.223

MST Depth: Shallow 3.992 -0.118 8.015

MST (Intercept) 8.785 -0.633 18.047

Table S7. Log-likelihood Estimates and Confidence Intervals for Each Predictor
in the Linear Mixed-effects Model with All Regressor Variables Included. Re-
lated to Figure 4. Scaled estimates are plotted in Figure 4. The 95% confidence intervals
were derived from profiling. Estimates are relative to mid-existence (vs. early or late) brachio-
pod species (vs. bivalve) with no preference for habitat (vs. preference for substrate or water
depth). Substrate preference (subst.) is either carbonate (e.g. reef) or siliciclastic (clastic,
e.g. sand). Separate models were built for geographic distributions measured in occupancy
(Occ, n = 708) or square-root minimum spanning tree length (MST, n = 239).
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Methods S1 

Theoretical background for, and practical development of, a procedure to standardize 

spatial sampling coverage. Related to STAR Methods, Figures 1 and S1–3, and Table S2–3. 

 



1 Theoretical concerns around spatial coverage

Statistical comparisons of spatio-temporal occurrences assume that sampling universes are
equivalent across space and through time. Fossil data violate this assumption consistently,
because preservation potential, field sampling intensity, and amount of preserved rock area
structure the record of species’ distributions and diversity [S4–S10]. Furthermore, biogeo-
graphic responses vary by geographic region [S11, S12], and diversity patterns vary with the
spatial scale of analysis, from local sites (α diversity) to a whole study region or biosphere (γ
diversity). Turnover, the factor by which γ exceeds mean α, is termed β [S13]. β diversity
increases as either the total area of sampling or the dispersion of sampling locations increases
[S14]. This biological link between diversity and spatial coverage, referred to as the species-
area effect, pervades all spatial grains throughout the Phanerozoic [S15, S16]. Because our
question concerns the relationship between range size and diversity through time, spatial
coverage standardization in terms of both total sampling area and dispersion of sampling
sites was exigent to our analysis.

Variable      Time 1    Time 2

Sample area       large      medium

Species count       12      6

Mean species’ area       large      large

Mean proportional      tiny      medium

species’ area

Time 2Time 1

species’
area

sample area

A simple way to account for unequal sample area is to divide a species’ distribution area
by the total sample area (e.g. [S3, S17, S18]). This standardized measure, sometimes called
proportional occupancy, could account adequately for unequal sampling area if species’ ranges
were compared contemporaneously, or if species composition were homogeneous among sites



(no turnover). In practice, paleontologists often track geographic ranges through time, and
species turn over among sites. A proportional measure of occupancy may not be desirable
in these cases [S19]. In the context of our biological hypothesis, converting range area to a
proportion of total sampling area could induce a negative correlation between time series of
range size and species count as an artifact of sampling. A large sampling area will tend to
contain more species than a small area. Meanwhile, if the frequency distribution of species’
geographic range sizes is identical between the two regions, but these sizes are converted
to proportions of the total sampling area, then the large study area will appear to contain
species with small geographic ranges. Furthermore, in the following section we prove the
statement that a difference in proportional occupancy of widespread species will be greater
than that of restricted species when a study area increases beyond the extent of a species’
geographic range.

Even with constant sample area through time, variation in spatial dispersion of sampling
locations could cause a negative correlation between range area and sampling amount [S20].
When localities are rarefied, each site could reflect a distinct ecological community, resulting
in estimates of small distribution areas and large counts of species. In contrast, when localities
are aggregated, species’ distributions might be sampled more completely, but many more
species would be shared among sample sites. In this latter scenario, one would observe
large distribution areas and small counts of species. As with proportional occupancy, the
negative relationship between geographic range size and species count that could result from
variation in the aggregation of sampling locations might inflate the type 1 error rate of our
analysis.

1.1 Quantitative notes on proportional occupancy

The previous section reviews proportional occupancy as a common approach to address
variation in spatial sampling through time. Problems arise, however, when the metric is used
to compare range sizes across time intervals, rather than within an interval. We explore
these problems mathematically in this section. To begin, we specify two criteria that a range
size metric must meet in order to be suitable for analysis that is simultaneously spatial and
temporal: (i) the metric should be equal among all species that do not change in distribution,
regardless of the size of the species’ range, and (ii) the effect of sampling area should be
minimal.

When total sampling area increases, the difference in proportional occupancy of widespread
species will be greater than that of restricted species, a violation of the first criterion for a fair
metric. Calculating changes in values as a relative difference (rather than absolute difference)
avoids this situation. However, calculation of a relative change in proportions exaggerates
the influence of sampling area, which violates the second criterion. The proof follows.

Statement. Let species X and Y have distributions with area x and y, respectively, such
that x < y. Let both species occur exclusively within the preserved rock area in each of two
time periods. Let the outcrop areas be c1 and c2, such that c1 < c2.



x

y

c2c1

x

y

Then:

1. The difference in species’ proportional occupancy of areas c1 and c2 will be smaller for
species X than for species Y. We call this difference ∆Ai for a species’ area i.

2. The relative change in species’ proportional occupancy of areas c1 and c2 will be equal
for species X and Y. We call this difference δAi.

3. The magnitude of the change in proportional occupancy of areas c1 and c2 for either
species will be larger when this change is calculated as a proportion than as a difference.

Proof.

Proof. We prove each of the 3 parts of the above statement.

1. For any species with area i, the proportional occupancy of area c is i/c. Using the
definition of ∆Ai above, the difference in proportional occupancy of species X and Y in
areas c1 and c2 can be written

∆Ai = i

c1
− i

c2
= ic2 − ic1

c1c2
= i(c2 − c1)

c1c2
∀i ∈ [x, y].

Let k be a constant defined as k = (c2 − c1)/(c1c2). We can write ∆Ax = xk and
∆Ay = ay. It is given that 0 < c1 < c2, so k > 0. It is also given that 0 < x < y. Thus,
∆Ax < ∆Ay.

2. The relative change in proportional occupancy of species X and Y in areas c1 and c2
can be written

δAi = i

c1
÷ i

c2
= ic2

ic1
= c2

c1
∀i ∈ [x, y].

This is equivalent to stating that δAx = δAy.



3. Using the expressions for ∆Ai and δAi in parts 1 and 2 above,

∆Ai = i(c2 − c1)
c1c2

and δAi = c2

c1

It is given that 0 < i < c1 < c2 ∀i ∈ [x, y]. Therefore,

c1c2(∆Ai) = i(c2 − c1) = ic2 − ic1 < ic2 < c2c2 = c1c2(δAi)

It follows that δAi > ∆Ai for any species with distribution area i smaller than c1.

Any study that aims to quantify spatial patterns through time fairly must standardize
the area of sampling. We prove in this section that transforming geographic distributions
to a proportion of sampling area is not a fair way to mitigate the heterogeneity of fossil
occurrences. Therefore, we developed a randomized subsampling routine that standardizes
for spatial coverage without invoking proportions. The procedure draws subsamples within
the confinement of a single region; the size of species’ distributions in a subsample does not
depend on the size of the sampling universe outside this region (Figure S1). As a result of the
subsampling approach, a species’ distribution that does not change from one time to another
will be captured as stable, satisfying the first criterion above. Furthermore, the procedure
ensures that subsamples are equal in area, which is equivalent to forcing the denominator
of a proportion to be a constant through time. This satisfies the second criterion. The
subsampling routine is a type of count-based rarefaction, and therefore its fairness comes
with the trade-off of compression (i.e. lessened effect size). Nevertheless, we demonstrate that
analysis can detect the direction of a signal accurately (section 3 below).

2 Development of a spatial subsampling method

Theoretical problems related to variable spatial sampling are considered above. To analyze
the empirical data presented in the main text, we needed to develop a practical means
of standardizing spatial sampling coverage. The final approach is described in the STAR
Methods and illustrated in Figures S1 and S2. In brief, we standardized the dispersion of
sampling by restricting analysis to a single region at a time, and then standardized the
area of sampling by selecting a given number of equal-area grid cells within the region. In
the next two sections, we list step-by-step instructions to spatially subsample data in the
assemblage and taxon-tracking frameworks, respectively. Then, we justify the choice of values
for each parameter in the subsampling method (section 2.3), e.g. the number of grid cells
selected.



2.1 Assemblage subsampling routine

1. Regional restriction (Figure S1 A and B). Select one grid cell populated with a
fossil (i.e. an “occupied cell”). Draw a circular buffer with a radius of 1500 km from
the centroid of this “seed cell”. Define the subsampling pool as the contemporaneous
occupied cells (including seed cell) that have centroids within the buffered area. If the
sample size of the pool meets or exceeds 12 cells, save the position of the seed cell.
Repeat this step for all occupied cells in each time bin.

2. a. Unweighted equal-area sampling (Figure S1 C). Randomly select one seed cell
saved from step 1. Draw randomly 12 cells without replacement from the subsampling
pool associated with the seed cell. Repeat this step once in every time bin.

b. Proximity-weighted equal-area sampling. Randomly select one seed cell saved
from step 1. Compute the great-circle distance matrix between the centroid of each
pool cell and the centroid of the seed cell. Define the probability of sampling a pool
cell as the inverse of its squared distance from the seed cell. Include the seed cell in
the subsample in addition to 11 pool cells drawn with weighted probabilities (without
replacement).

3. Assemblage-level data (Figure S1 D). For each subsample, calculate the square-root
of the length of the MST connecting all subsampled cells (“sampling aggregation”).
For each species that occurs more than once, count the number of occupied cells and
calculate the square-root of the length of the MST connecting occupied cell centroids.
Save the sampling aggregation, species count, mean occupancy among species, and
median MST length among species.

4. Iterate. Repeat steps 2–3 for a total of 500 replicates. Each time series of subsamples
represents one subsampling iteration.

Due to the stochastic nature of the subsampling procedure, it is possible that an assemblage
could consist entirely of species represented by a single occurrence. In such a case it would
not be possible to calculate any MST lengths. Therefore, we excluded any replicate time
series that included this type of assemblage. There were only two such series in the realized
subsampling runs for the analysis presented in the main text.

Note also that if rarefaction methods are used to calculate species count (section 2.3.7
below), additional components exist for steps 2 and 3. In step 2 (A or B), check that the
subsample contains the minimum number of records for classical rarefaction or the coverage
level required for shareholder quorum subsampling. If the subsample is not large enough,
take a new subsample. In step 3, use the distribution of presences (occupancy counts) to
subsample the number of species to a desired coverage level or count.

2.2 Taxon-tracking subsampling routine

The below procedure applies to a focal species in a time bin. We iterated the procedure
across species and time bins to generate a taxon-tracking dataset.



1. Suitable habitat. Cull the raster of occupied cells in the time bin such that only cells
with habitat suitable for the focal species are included (if the species is a generalist
along both axes, no action is necessary).

2. Regional restriction. This step is the same as in the assemblage-based procedure
(Figure S1 A and B). Select one occupied cell. Draw a circular buffer with a radius
of 1500 km from the centroid of this “seed cell”. Define the subsampling pool as the
contemporaneous occupied cells (including seed cell) that have centroids within the
buffer area. If the sample size of the pool meets or exceeds 10 cells, save the position of
the seed cell. Repeat this step for all occupied cells in the time bin.

3. Unweighted equal-area sampling (Figure S1 C). Randomly select one seed cell
saved from step 1, and then randomly draw 9 additional cells without replacement from
the pool cells associated with the seed cell. Repeat this step 500 times in every time
bin.

4. Species-level data (Figure S2). In each time bin, find the subsamples where the focal
species occurs. In each of those subsamples, calculate:

• the number of cells occupied by the focal species (once by including and once by
excluding single occurrences)

• the square-root of the length of the MST connecting centroids of cells occupied by
the focal species

• the number of species in the subsample (including the focal species)

Save the median value of each of these three metrics across subsamples associated with
the focal species.

2.3 Sensitivity to subsampling parameters

The spatial standardization procedure contains a variety of user-defined parameters (e.g.
number of iterations). We varied each such parameter in isolation, as summarized in Table
S2, while developing the subsampling method. For instance, we experimented with stricter
taxonomic vetting, different grid cell quotas, classical or coverage-based species richness
rarefaction, and aggregation by genus names. We analyzed time series from each variation of
the subsampled dataset.

As a baseline against which to compare results from sensitivity analyses, we report correlations
from subsamples generated under the following parameters: 1500 km radial constraint, 12
grid cells, 500 iterations, and unweighted cell selection (Table S3 A). The area of 12 grid
cells totals 1.1x105 km2, approximately the land area of Honduras. The baseline considered
many metrics to summarize range size among species: minimum, median, maximum, and
average of occupancies or MST lengths; for occupancy, values are reported both when single-
occurring species (“singletons”) are included or excluded. The parameter combination from
which correlations were derived for the results presented in the main text was identical to



the baseline, except with proximity-weighted instead of unweighted cell selection (Table S3
C).

2.3.1 Taxonomic data quality

The first sensitivity test we ran concerned the size and quality of the original PBDB dataset.
In particular, we downloaded records in the same way specified in the “Global Dataset”
section of STAR methods, except that records were filtered to those with “accepted names”
at the level of species. This filter could remove some synonyms and misspellings, but it
also severely restricts the number of records retrieved. In many of these excluded records,
an enterer may have correctly specified the species’ name, locality, stratigraphic data, and
reference, but not performed the additional verification steps for the PBDB to recognize the
taxonomy as “accepted” (e.g. specifying the year and author of the species’ name). These
valid records are retained in a download that does not distinguish between accepted and
unaccepted taxonomic status. In light of the high potential for synonyms and misspellings
when including “unaccepted” names, we still implemented manual vetting procedures to
validate taxonomic names (as described in STAR methods).

The accepted-only data were too few in some time bins to reach a spatial coverage of 12 grid
cells, so we subsampled only 10 cells at a time. The radius of constraint was 1500 km. The
subsampling procedure was replicated 500 times. The same parameters were applied when
subsampling the full dataset.

The magnitude and direction of correlations from the restricted dataset were equivalent to
those generated from the larger dataset: species count correlated only very weakly with every
range metric. Sampling aggregation correlated negatively with occupancy but positively with
MST, although weakly in both cases. Because the larger dataset provided equivalent results
to the more restricted version, we used the larger dataset for all further sensitivity analyses
and the main text results. The additional records allowed for finer temporal resolution; the
resultant binning is given in Table S1.

2.3.2 Singletons in space-time

We tested how the correlation between species count and range size might change if we
included versus excluded species that occurred in exactly one grid cell of one time bin
(“space-time singletons”). Species names that were misspelled or otherwise wrong would likely
occur in the dataset as space-time singletons, and thus removing these species is expected to
improve the quality of the dataset. Space-time singletons accounted for 1.3x104 of 3.0x104

taxa.

Including singleton taxa to test sensitivity to data quality did not change the correlation
between species count and geographic distribution. Similarly, species count and range size
series correlated to the same degree with spatial sample coverage whether or not space-time
singletons were included.



We removed space-time singletons for all further sensitivity analyses and the main text
results. There are three motivations for this decision. Firstly, we prioritized data quality
above data abundance. Secondly, space-time singletons would be eliminated a priori during
taxon-tracking analyses, which consider only species that occur in consecutive time bins.
Finally, space-time singletons could exacerbate type 1 error in sensitivity analyses that
performed coverage-based rarefaction, as discussed in section 2.3.7 below.

2.3.3 Number of cells

The next parameter we tested was the size of a subsample (i.e. number of cells selected).
Increasing subsample size might reduce variability among subsampling iterations. After
removing a filter on taxonomic status as “accepted”, sufficient occurrence records were
available to increase the number of subsampled cells from 10 to 12. We tested the influence
of this increase in cells whilst keeping all other subsampling parameters (e.g. radius) constant.
We also experimentally reduced the number of subsampled cells by half, from 12 to 6.

The correlation between species count and range size was weaker (less negative, i.e. closer
to zero) for subsamples of 12 cells compared to those with 10 cells. Spatial area was better
controlled for with the larger sample size, as reflected in smaller correlations between sampling
aggregation and either species count or geographic distribution time series. Hence, the slightly
negative correlation between species count and range size in subsamples of only 10 cells could
be attributed primarily to bias in spatial coverage.

Results from subsamples of 6 cells support the interpretation that the strength of spatial
bias decreases as more cells are selected. In particular, with only 6 cells, the correlation
between spatial aggregation and either species count or any of the distribution metric time
series was as great as, or larger than, the same correlation based on subsamples with 10 or 12
cells.

The width of the confidence intervals for correlation coefficients did not change in a uniform
way or to a large degree when either more or fewer cells were selected. This might indicate
that the variability in subsamples depends on which geographic province they capture, rather
than on which cells are chosen from within the radius-constrained area. Alternatively, a
change in the number of cells from 6 to 12 might not be large enough to induce a measurable
effect on variance.

We included 12 cells in subsamples for all further sensitivity analyses and the main text
results to minimize the influence of spatial bias.

2.3.4 Radius of regional constraint

While testing sensitivity to the area (number of cells) subsampled within each region, we
also varied the region area (radius of constraint). Specifically, we reduced the radius of the
buffer (Figure S1) from 1500 km to 750 km, while selecting 6 grid cells within the region. The
magnitude of correlation between sampling aggregation and range size increased for MST



length, while the magnitude of other correlations remained constant. We set the radius at
1500 km for all further sensitivity analyses and the main text results to increase the number
of cells that could be selected and minimize the influence of spatial bias.

2.3.5 Number of subsampling iterations

We noted above that the variability obtained among subsamples did not seem to depend
on the number of cells included in a subsample. However, substantive variation among
iterations could exist due to ecosystem differences among provinces, of which there have been
up to 12 at times in the Phanerozoic [S21]. It is difficult to estimate a priori how many
iterations are necessary to sample this regional variation thoroughly, especially because there
are different numbers of possible starting points for subsampling (i.e. number of available
“seed cells”) among time bins. Therefore, we experimented with an increase in the number
of iterations, from 500 to 1000 replicates. Doubling the number of iterations, however, did
not change the mean or confidence interval for correlations. Therefore, it is likely that 500
iterations is a sufficient amount to sample most or all combinations of regions and site (cell)
configurations. For this reason, we continued to replicate subsampling over 500 iterations for
further sensitivity analyses and the main text results.

2.3.6 Proximity-weighted cell selection

The spatial coverage standardization routine for assemblage data (section 2.1 above) contained
the option to select grid cells with scaled probability inversely proportional to the square of
their distance from the regional center. In contrast, occupied cells were selected at random
within each radius-buffered area for the unweighted cell selection method used in the above
sensitivity analyses. The weighted method was designed to pick cells in a tighter cluster than
the unweighted method (i.e. reduce spatial dispersion) whilst retaining a random component
to subsampling. In cases where sampling is dense and homogeneous across space and time,
the proximity-weighted method might reduce the grain of study and hence lead to more
precise estimates of assemblage-level traits, such as mean species’ occupancy.

We calculated time series correlations from weighted subsamples, for 500 iterations of 12 cell
subsamples (Table S3 C). Weighting the selection probability reduced the correlation between
species count metrics and sample aggregation, as predicted. However, weighting did not
reduce the correlation between range size metrics and sample aggregation. The correlation
between range size and species count time series was equivalent whether cell selection was
weighted or unweighted.

2.3.7 Species count rarefaction

The number of species observed in a region depends strongly on fossil preservation and
collection effort. The spatial aspects of sampling (area and extent) are discussed above
(section 1). In this section, we consider the possibility that even after standardizing spatial



coverage, heterogeneous sampling effort (e.g. intensity of fossil collecting) could affect the
number of species recovered. To standardize this variability, we implemented two common
interpolation-based methods of (non-spatial) richness rarefaction: classical rarefaction and
coverage-based rarefaction. Classical rarefaction standardizes sample size. Coverage-based
rarefaction, also called shareholder quorum subsampling (SQS) or coverage-based richness
interpolation, standardizes the estimated amount of the underlying frequency distribution
represented in a sample [S22, S23]. Thus, sample size does not influence SQS estimates.
Species count curves produced by SQS tend to be more stable than those from classical
rarefaction or extrapolation methods [S24].

Coverage-based rarefaction. In the first rarefaction approach, we calculated SQS es-
timates of species richness within subsamples, using the iNEXT package [S25]. The im-
plementation of iNEXT finds the same species count estimate as John Alroy’s exact Perl
scripts from version 4.0 onwards [S24]. Since our spatial subsampling procedure rarefied
the number of grid cells in each sample, and since grid cell counts correlate directly with
reference counts in global PBDB datasets of marine invertebrates [S26], we did not rarefy by
PBDB “collections” or “references”. Neither did we transform species count estimates, because
correlations considered only relative rank of counts, rather than absolute magnitude.

Close et al. [S24] suggested that rarefied richness is sensitive to coverage level and thus
recommend using the highest possible quorum value. After increasing the number of cells
in a subsample from 10 to 12 in the global dataset (section 2.3.3 above), it was possible to
increase coverage from 40% to 70% of the incidence frequency distribution in every time
bin. To test the influence of coverage level, we spatially subsampled the global data while
applying either 40% or 70% coverage standardization. As in the non-rarefied data, the
correlation between range size and species count (as estimated by coverage-based rarefaction)
was negative (Table S3 D–E). The magnitude, however, was not greater than that estimated
for the correlation between sampling aggregation and geographic range size. In other words,
the confounding effect of spatial coverage in samples could explain the slightly negative
relationship between the variables of interest, and hence no support was found for ecological
release or competitive exclusion when species count was standardized by frequency distribution
coverage. Correlations were similar regardless of whether 40% or 70% coverage was used,
although this similarity likely occurred because we had previously removed space-time
singletons, which could influence coverage estimates.

Singleton taxa in assemblages. Frequency distribution coverage (derived mathematically
from an expression named Good’s u) is based in part on the relative frequency of taxa
that occur only once [S22, S27]. Specifically, singletons result in a smaller estimate of
Good’s u, which would lead to more sampling of the coverage distribution to achieve the
desired quorum level, and ultimately a higher estimate of richness. Hence, singletons
could upwardly bias coverage-based richness estimates except in the unlikely case that the
number of singletons were evenly distributed through time and space. Further confounding
analysis, assemblage singletons cannot influence mean occupancy or median MST, because
our definitions of both of those range size metrics excluded singletons. To evaluate the effect



of this asymmetry, we modified the subsampling protocol to remove single-occurring species
from each assemblage before performing SQS. This added protocol reduced the correlation
between sample aggregation and the SQS estimate of species count to the smallest value
found in any of the sensitivity analyses. Indeed, time series correlations recovered a weakly
negative relationship between species count and sampling aggregation (Table S3 F), whereas
otherwise this relationship was positive (Table S3 D–E). All else equal, this inverse pattern
would bias the correlation between species count and mean occupancy towards type 2 error,
because the relationship between occupancy and sampling aggregation is also consistently
negative.

Classical rarefaction. The classical form of rarefaction standardizes the number of sam-
pled species units (i.e. presence counts in our rasterized dataset). Here, we selected 50
presences (species-cell combinations) in a spatial subsample and estimated the expected
number of species in that selection (there were 12 cells in each subsample, within a 1500
km radius, and selected with unweighted probability). The time series was truncated to the
Middle Ordovician onward because fossils in the Lower Ordovician were too sparse to obtain
50 occurrences in any given subsample. The results from classically rarefied assemblages
were similar to those derived from analyses where SQS was used to rarefy at 70% coverage
including singleton taxa in assemblages (Table S3 E).

2.3.8 Genus-level data

Although we were interested in processes that occur at the level of species, we repeated
the analysis at the level of genera as well. The latter approach increased the number of
occurrences from which to reconstruct each geographic distribution and provides comparability
with previous paleontological studies (e.g. [S3, S17, S18]). We did not elevate subgenera
to the rank of genera. Changing the taxonomic rank of analysis affects both taxon count
and geographic range size: taxon count in any time period will decrease when assessed at
higher levels, whereas geographic range sizes will increase. The empirical evidence from data
aggregated by genus name suggests that the results presented in the main text are insensitive
to taxonomic level. That is, the τ correlations were equivalent between analyses run on
species (Table S3 A) and those run on genera (Table S3 G).

3 Power analysis

3.1 Justification

There are many reasons why a species might have had a larger geographic range than observed
in the dataset for analysis: (i) fossils did not preserve in certain areas, (ii) fossiliferous sediment
was eroded or overlain in certain areas, (iii) paleontologists did not collect fossils in certain
areas, or (iv) an iteration of the spatial subsampling procedure did not happen to select all



occurrences of collected fossils for the species. Biases 1–3 exist for almost all quantitative
paleobiology studies and have received intensive study already (e.g. [S6, S7, S9, S28]). The
fourth source of underestimation in range size is specific to our new analytical approach.

Our spatial standardization procedure reduces the size of measured geographic distributions
by truncating the area of observation. This compression could reduce the effect size of an
underlying biological signal of ecological release. In addition, the subsampling procedure is
probabilistic, and so measured range sizes for a given species in a given time interval vary
from one iteration to the next. In light of these limitations, the possibility of type 2 error in
our analyses merits scrutiny.

3.2 Simulation of ecological release

We simulated ecological release at a range of magnitudes and frequencies to calculate the
probability of observing release in a subsample of the simulated data. We modeled range
expansion based on the Middle–Late Pleistocene record of bivalves in the northwest Atlantic.
This was the interval with the densest occurrences in our data (70 occupied grid cells), and so
we expect that the compression from the subsampling procedure would be particularly severe.
To control other biases on fossil range size, such as outcrop area, we used the same Pleistocene
area before and after simulated release as the setting in which to calculate occupancy.

There were two experimental parameters in the simulation framework: the frequency with
which species experience ecological release, and the percentage expansion of geographic range
size that occurred for a species. We varied the frequency of release from 0–100% of species and
the magnitude of release from 0–100% increase in occupancy for any given species. For each
set of parameter values, we performed 10 simulations (4000 simulations in total). Considering
a simulation where 50% of species expanded by 25%, for instance, we selected half of the
observed species (n = 423) at random. For each of these “released species,” we calculated
an integer number of cells equivalent to 25% of current occupancy, and we generated that
number of new occurrences for the species. These occurrences were placed in grid cells that
were already occupied by other species, so as not to change the pool of cells available for
spatial subsampling.

In the first set of simulation experiments, no subsampling procedure was applied to occurrences.
In a second set of experiments, species’ occupancy was subsampled before and after ecological
release. From the latter simulations, we calculated the probability of observing release for a
given magnitude and frequency of expansion. Subsampling consisted of selecting 15 occupied
grid cells from which to calculate per-species range size, the same procedure as was applied
to the empirical northwest Atlantic dataset.

3.3 Power to detect release

When no subsampling procedure was used, species expanded as a linear function of the
frequency and magnitude of ecological release, as intended (Figure S3 A–C). When grid



cells were rarefied prior to calculating occupancy, the same trend emerged, although mean
occupancy was lower and varied more among iterations (Figure S3 D–F).

A signal of release appeared in every simulation where at least two-thirds of species expanded
in occupancy by at least 50% from their initial value (Figure S3 G). The same result held
when at least half of species expanded by at least two-thirds of their initial occupancy. The
probability of detecting release decreased at lower frequencies or magnitudes of expansion.
Nevertheless, even when only half of species expanded by 25%, the probability of detecting
this expansion reached 60% or more.

The release simulations provide an estimate of statistical power for detecting release in
species that cross a single time bin. The three prongs of our empirical analysis, however,
quantify patterns across many species and time bins. Therefore, even if the subsampling
procedure produces a false negative of release for certain species that cross a stage boundary,
a positive signal would still emerge in the final analysis. Furthermore, when characterizing
the relationship between time series of geographic range size and species count, we employ
a non-parametric correlation coefficient (Kendall’s τ). Correlation strength then depends
only on the direction of range shifts relative to species counts; the magnitude of range
expansion during any intervals of ecological release does not affect correlation strength. In
other words, although the spatial subsampling procedure might reduce the magnitude of
observed geographic expansion in individual species relative to the true change, type 2 error in
our analyses is unlikely. The high probability of detecting a signal of release in our simulations
gives confidence in the empirical results.
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