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Abstract

The fossil record is subject to multiple biases that can distort macroevolutionary and paleo-
ecological inferences. Although temporal and spatial sampling biases have received substantial
attention, other sources of fossil sampling heterogeneity remain less well quantified. Using the
Triton database of planktonic foraminifera, we assess the influence of geographic, ecological,
morphological, and methodological factors on fossil recovery rates. We first apply a temporal
subsampling method to standardize fossil occurrences over geologic time, validating this
approach against an expert-curated lineage-through-time trajectory. After subsampling, the
occurrences remain unevenly distributed throughout species’ lifetimes and inhomogeneously
distributed across species, reflecting biological signal and/or persistent sampling biases.

We then investigate this residual sampling heterogeneity with a generalized additive model
incorporating relevant predictors from Triton. Our results reveal that, after correcting for
temporal biases, geographic predictors (paleolatitude, paleolongitude, longitudinal spread)
explain nearly a third of sampling variation. Species-specific ecological and morphological
attributes contribute an additional fraction, among which mean relative abundance emerges
as the main factor. Additional predictors of fossil sampling rates include age-calculation
methods and biostratigraphic sampling biases. Despite accounting for multiple sources of
variation, 37% of the deviance remains unexplained, suggesting unmodeled biological, strati-
graphic, diagenetic, or taxonomic drivers of sampling heterogeneity.

Overall, observed recovery rates question the validity of the homogeneous-sampling assump-
tion used in most diversification models, and this heterogeneity cannot be reduced to a single
dominant factor. This conclusion reinforces the need for integrated subsampling approaches
and process-based models that explicitly account for heterogeneous fossilization rates to
improve the reliability of macroevolutionary analyses.

Non-technical Summary

The fossil record provides a window into the history of life on Earth. However, fossils do not
form or become preserved evenly across time, space, or species. These gaps and biases can distort
the story we tell about how organisms evolve, spread, and go extinct. Although the effects of time
and geography on fossil recovery have been studied in detail, many other sources of variation in
fossil recovery remain poorly understood.

In this study, we use a large global database of planktonic foraminifera (microscopic marine
organisms with a rich fossil record) to investigate why some species leavemore fossils behind than
others. To first correct for broad time-related effects, we applied a method that balances the
number of fossil samples across different geologic periods. This revealed that, even after accounting
for time, fossils remainunevenly distributed: some species aremuch better represented than others.

We then testedwhich factors best explain this residual unevenness.We found thatwhere a species
lived on the globe matters: latitude, longitude, and the extent over which a species is distributed
together explain nearly a third of the differences in fossil recovery rates. Beyond geography, species’
characteristics, as well as the methods used to sample and date the fossils, also predict some of the
variation. Still, more than a third of the variation remained unexplained, pointing to additional
biological, geologic, or human factors that may explain variation in fossil recovery.

These findings show that fossil recovery is not a uniform process. Instead, many overlapping
influences shape the species we see in the fossil record. Accounting for this unevenness is crucial if we
want reliable insights into the history of life and the processes that drive biodiversity change.

Introduction

Temporal, geographic, and preservation biases have long been recognized as key challenges in the
interpretation of paleontological data (Raup 1976, 1979; Signor and Lipps 1982; Foote and Raup
1996; Smith 2001). These biases can distort observed biodiversity trends, confound
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macroevolutionary analyses, and obscure true signals of origination
and extinction (Smith 2001; Benson and Upchurch 2013; Vilhena
and Smith 2013; Benson et al. 2021; Dunne et al. 2023; Nanglu and
Cullen 2023; Antell et al. 2024; Heath et al. 2025). Consequently,
several approaches have been introduced to mitigate these biases.
Existing methods include rarefaction (Sanders 1968; Miller and
Foote 1996; Alroy et al. 2001), coverage-based rarefaction (Chao
and Jost 2012; Chiu 2023) or shareholder quorum subsampling
(SQS) (Alroy 2010a,b,c), and geographic subsampling (Antell et al.
2020, 2024; Close et al. 2020a,b; Benson et al. 2021). Rarefaction
adjusts for uneven sampling intensity through time by standardiz-
ing sample sizes across time bins. SQS builds an uneven but “fair”
sample that tells you how many species you would find given fixed
“coverage” of the underlying taxon abundance distribution. Geo-
graphic subsampling attempts to correct for the highly uneven
distribution and extent of fossil localities over time by restricting
geographic sampling extents.

These subsampling methods are often used to estimate changes
in the richness of a clade over time (Alroy et al. 2008; Alroy 2010b;
Close et al. 2020b). However, they can also be used as a preproces-
sing step to de-bias a fossil dataset before inferring macroevolu-
tionary dynamics, such as patterns of origination and extinction
using taxa’s first and last appearance dates in the fossil record (per
capita rates; Alroy 1996; Foote 1999, 2000). In addition to subsam-
pling, other methods have been developed to estimate patterns of
origination and extinction from fossils while correcting for tempo-
ral biases, without necessarily subsampling the dataset (three-timer
rates, [Alroy 2008]; gap-filler rates [Alroy 2014]; PyRate [Silvestro
et al. 2014a,b, 2019]; second-for-third substitution rates [Alroy 2015;
see Kocsis et al. 2019]; DeepDive [Cooper et al. 2024]). These
methods attempt to correct for temporal biases by explicitly esti-
mating sampling probabilities in each time bin, using taxon counts
across multiple consecutive intervals, and incorporating these
counts into rate estimations. Rates of origination and extinction
can also be estimated from phylogenies with fossils included (using
fossilized birth–death models; Stadler 2010; Heath et al. 2014; Mul-
vey et al. 2025). These approaches can model temporal variation in
sampling rate (Gavryushkina et al. 2014; Andréoletti et al. 2022).
Across paleontological and phylogenetic rate estimation methods,
neglecting to account for variable fossil recovery over time has been
shown to distort estimates of speciation and extinction rates
(Smiley 2018; Warnock et al. 2020).

Even after accounting for temporal variation in fossil preserva-
tion, most methods for estimating speciation and extinction rates
assume homogeneity in fossil sampling rates across species. This is
true for the per capita (Foote 2000), three-timer (Alroy 2008), gap-
filler (Alroy 2014), and second-for-third substitution rates (Alroy
2015), as well as most phylogenetic birth–death models (Stadler
2010). A recent exception is the multi-type fossilized birth–death
(MTFBD) model, which introduces the possibility of distinct fossil
sampling rates across discrete categories or “types” along the phy-
logeny (Barido-Sottani and Morlon 2026). The MTFBD thus
enables heterogeneity in fossilization rate, although with a limited
number of rate categories that do not offer resolution at the species
level. To our knowledge, PyRate is the only tool thatmodels species-
specific preservation rates with a discretized gamma distribution to
infer rates of speciation and extinction in a Bayesian framework
from fossil occurrence data (Silvestro et al. 2014b). The conse-
quences of assuming an incorrect model of fossil recovery across
species have not been studied extensively.

Overall, small variations in fossil sampling rates seemtohave limited
impacts on macroevolutionary analyses (Silvestro et al. 2014b;

Close et al. 2018; Barido-Sottani and Morlon 2026), but the mag-
nitude of fossilization heterogeneity has rarely been assessed in
empirical datasets, and it remains unclear whether more realistic
fossil sampling heterogeneity rates would lead to erroneous inter-
pretations of diversification dynamics.

Planktonic foraminifera have one of the richest fossil records (Aze
et al. 2011). They are geographically widespread, morphologically
diverse, and stratigraphically well studied, making them an excellent
group to assess the impact of fossil recovery rates. The Triton
database (Fenton et al. 2021) compiles >500,000 planktonic forami-
niferal fossil occurrences throughout the Cenozoic, each annotated
with taxonomic details, paleogeographic coordinates, age models,
samplingmethods, and other relevantmetadata. Importantly, Triton
also includes expert-curated species’ stratigraphic ranges, which
allow quantification of morphospecies-specific fossil sampling rates
and reconstruction of a lineage-through-time (LTT) trajectory. The
possibility of comparing subsampled datasets with this reference
richness trajectory is a unique advantage in planktonic foraminifera.

Here, we explore sources of heterogeneity in fossil sampling in
planktonic foraminifera, with implications for other taxa, particu-
larly marine microfossils. In large fossil databases, sampling toward
the present-day is often higher due to better preservation and the
greater extent and area of rock outcrop (Smith 2001; Dunhill et al.
2014; Benson et al. 2021; Antell et al. 2024). This pattern is often
referred to as the Pull of the Recent (Raup 1979; but see also
Jablonski et al. 2003). Because temporal biases are known to be
pervasive and have been addressed in previous studies (Alroy
2010c; Kocsis et al. 2019), we first introduce a strategy for temporal
subsampling and validate this approach against the expert-based
LTT trajectory. We then provide a comprehensive analysis of the
remaining potential drivers of fossil sampling heterogeneity,
including biological factors such as ecological and morphological
traits (Aze et al. 2011), paleogeography (Fenton et al. 2021), and
biostratigraphic factors such as sampling depth and sampling
reason (Fenton et al. 2021).

Materials and Methods

Dataset

The Triton database (Fenton et al. 2021) compiles 512,922 fossil
occurrences of planktonic foraminifera over the Cenozoic, from
multiple sources (Pangaea, ocean drilling projects, Neptune, For-
CenS, and newly digitized data, see Supplementary Fig. S2 for the
spatial distribution of sampling sites). Each record includes taxo-
nomic information (species name, possible synonyms), age data
(absolute or relative stratigraphic ages with uncertainty, computed
from various biostratigraphic and magnetostratigraphic schemes),
geographic and paleogeographic coordinates (drilling hole location,
water depth, paleolatitude, paleolongitude), and sampling informa-
tion (e.g., sediment core, sample depth, collection year, reason for
sampling). Triton also provides ecological and morphological
information associated with each morphospecies (e.g., relative
abundance in its sample, wall texture) and their expert-curated
temporal ranges (i.e., the timing of speciation and extinction com-
piled by taxonomic experts).

The dataset was preprocessed in Triton to exclude outliers
outside the known range of the species (cutoffs at 2 Ma for the
Neogene and 5 Ma for the Palaeogene, as described in Fenton et al.
[2021]), as well as samples with negative ages (post-1950) and
present-day ages. To avoid occurrences having the exact same
age, which is not allowed under most stochastic sampling models,
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such as the birth–death models mentioned earlier (Stadler 2010;
Heath et al. 2014; Mulvey et al. 2025), we uniformly sampled a
random age in the age uncertainty range of the occurrence, when
available. If age uncertainty was not available, we added 10 kyr
around age estimates to reflect homogenization in the sedimenta-
tion process (i.e., to reflect the fact that fossil assemblages represent
an accumulation of mixed material from slightly different ages
rather than precise instantaneous events; Patzkowsky and Holland
2012).

Identifying and Correcting Temporal Bias

The density of raw data (i.e., the number of sediment samples and
number of occurrences) increased toward the present day (Fig. 1A,
blue lines). To account for this temporal sampling bias, we sub-
sampled the data temporally using a threshold-based approach

applied at the sediment sample level. In this context, a sediment
sample refers to an extract from a sediment core, which is a cylindrical
section of material obtained from a specific drilling hole. Each hole
may containmultiple cores, and each core is subdivided into individual
sediment samples, representing a finer temporal resolution. Subsam-
pling was performed as follows:

1. Divide the Cenozoic into identical time bins of 0.2 Myr.
2. Count how many sediment samples fall within each time bin.
3. Define a reference threshold T (here, the 25th percentile of

observed bin-wise sample counts).
4. For bins with sample counts n exceeding T , randomly retain

samples with probability T=n . For bins below T , retain all
sediment samples.

This procedure normalizes the distribution of sediment samples
across geologic time. The subsampling method was validated by
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Figure 1. Impact of temporal subsampling on fossil occurrence distributions in the Triton database. (A) Distribution through time of sediment samples and occurrences before
(blue) and after (green) temporal subsampling. The scaled profile of the expert-curated lineage-through-time (LTT) trajectory (purple) aligns with the distribution of subsampled
occurrences, validating our temporal standardization method. (B) Levels of fossil sampling relative to species’ life span. Observed fossil sampling in the Triton database (blue
circles) and subsampled Triton database (green circles) shows greater heterogeneity for species of similar age range than expected under a homogeneous Poisson process (darker
squares). (C) Distributions of occurrences over species’ expert-curated longevities. Top, raw Triton database, illustrating the increase in the number of occurrences toward the
present. Middle, Triton database restricted to extinct species, showing an excess of recent occurrences likely due to sampling biases. Bottom, subsampled database restricted to
extinct species, showing a symmetric bell-shaped distribution, the tails of which indicate occurrences recorded over and beyond expected species’ temporal ranges.
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comparing the shape of the distribution of occurrences over time to
the reference LTT trajectory (Fig. 1A) obtained as a range-through
species count from expert-derived species’ temporal ranges in
Triton (Wade et al. 2011; Fenton et al. 2021). Under the expectation
that the number of occurrences correlates with the number of
species, these two curves should follow similar trajectories.

We compared the distributions of fossil occurrences over spe-
cies’ stratigraphic ranges in three datasets: the raw Triton database,
the subset restricted to extinct species, and the temporally sub-
sampled dataset restricted to extinct species. For each case, occur-
rences were rescaled relative to species’ speciation and extinction
dates (or the present-day for extant species) to visualize how
sampling intensity varies along their lifetimes (Fig. 1C).

Modeling Fossil Sampling Heterogeneity

We examined whether species with similar stratigraphic durations
are sampled at similar intensities, as expected under a homoge-
neous Poisson model, which is often used to represent fossil sam-
pling inmodels depicting diversification as a branching birth–death
process (Stadler 2010). To do so, we simulated an alternative dataset
with the same number of occurrences, but with occurrences ran-
domly attributed to a given species in proportion to the longevity of
the species (derived from expert-curated speciation and extinction
times). We then compared the number of fossil occurrences across
species relative to their lifetimes in both the empirical and simu-
lated datasets, before and after temporal subsampling. Any sub-
stantial remaining deviation from the Poisson predictions in the
subsampled dataset suggests that additional factors may drive
heterogeneity in fossil sampling.

Predictor Variables To quantify among-species variation in fossil
recovery, we first estimated a sampling rate for eachmorphospecies
based on its observed occurrences. Because species’ temporal ranges
are based on expert-curated origination and extinction ages that
integrate multiple stratigraphic sources, we defined sampling rates
as the number of occurrences N divided by the species’ total
duration. Some formulations use N �1ð Þ instead ofN to represent
the number of waiting times between observed fossils (Solow and
Smith 1997), but this applies only when durations are derived
directly from the occurrences. We modeled variation of fossil
recovery rates among species with a gamma distribution, which is
positive valued and matches the empirical distribution of rates
(Supplementary Fig. S11). We analyzed the heterogeneity in fossil
sampling rates using a generalized additive model (GAM), imple-
mented using the MASS (v. 7.3-65) and mgcv (v. 1.9-3) R packages
(Venables and Ripley 2002; Wood 2011). We included 10 potential
predictors of fossil sampling rate, calculated across all occurrences
attributed to a given morphospecies after temporal subsampling.
These predictors were selected based on their availability in the
Triton database and their potential for driving fossil sampling rates.

For continuous variables (Supplementary Fig. S6), we computed
the predictors over the entire stratigraphic range of each species:

• (i) the median paleolatitude of the region where the most occur-
rences were found (i.e., for each species, wemeasured the number
of occurrences in the Tropics, 23.5°N–23.5°S, Northern Hemi-
sphere, and Southern Hemisphere, and computed paleolatitude
only in the region with highest counts to avoid bimodality
artefacts for species spanning both hemispheres); and (ii) the
circular median paleolongitude (whichminimizes the total angu-
lar distance to all data points, using the R package circular v. 0.5-1

by Lund et al. [2024]), given that some geographic regions may
have sustained more abundant populations and/or may have
been sampled more extensively (see Supplementary Fig. S2);

• (iii) the variance in absolute paleolatitude and (iv) the circular
variance in longitude (see Lund et al. 2024), given that wide-
spread species should have higher chances of being sampled;

• (v) the mean relative abundance, given that abundant species can
be expected to have richer fossil records; and

• (vi) the mean sample depth, given that species whose fossils are
available in sediments near the surface (independently of age)
should be easier to collect.

For categorical variables (Supplementary Figs. S3–S5), we considered:

• (vii) the morphogroup (19 types; see Aze et al. [2011] and
Supplementary Table S1) and (viii) ecogroup (6 types; see Aze
et al. [2011] and Supplementary Table S2), given that some
morphogroups (larger or with more robust tests) or ecogroups
(in depths associated with higher plankton density or lower
exposure to corrosive bottom waters) may reach sediments in
greater quantity;

• (ix) the most common sampling reason (biostratigraphy, com-
munity analysis, selected species, or unspecified), given that, for
example, biostratigraphic indicator species may have been stud-
ied more; and

• (x) the most common age calculation method among the occur-
rences recorded in Triton (original, zones, magnetostratigraphic
markers, interpolation, age model; Fenton et al. 2021), given that
the choice of age calculation model reflects differences in sam-
pling and dating approaches, notably among drilling campaigns
(data from older programs with few markers only allow simple
interpolations, whereas recent International Ocean Discovery
Program campaigns enable age–depth curve models).

Because morphogroups and ecogroups are only defined for macro-
perforate foraminifera, we did not include wall texture (microper-
forate or macroperforate) as a separate predictor, but added a
“Microperforate” category to the 19 other morphogroups. To
reduce multicollinearity among predictors (see Supplementary
Material: Correlations between Predictors, Multicollinearity, and
Concurvity Diagnostics, Supplementary Figs. S8–S10, Supplementary
Table S3), we merged the morphogroups into seven categories
(S-globular-spherical, S-flat-clavate-planispiral, NS-globular,
NS-muricate, NS-rotaliform, NS-spinate-planispiral, and Microper-
forate, with S for Spinose andNS for Non-spinose), andwe restricted
the ecogroups to four categories (Asymbiotic-SML, Symbiotic-SML,
Thermocline and Sub-thermocline, with SML for Surface Mixed
Layer; Supplementary Fig. S5).

The predictors were chosen to avoid circular relationships with
fossilization intensity. For example, we observed that the oldest year
of human sampling among all occurrences of a species in Triton is a
predictor of its sampling rate, because species with a widespread
and rich fossil record tend to have been discovered earlier. This
variable was therefore excluded, as it does not offer any explanatory
power on fossilization processes. Predictors such as median paleo-
latitude and paleolongitude or latitudinal and longitudinal spread,
however, do not seem to be distorted by the level of sampling (see
Supplementary Material: Robustness of Geographic Predictors to
Sampling Effort, Supplementary Fig. S7). The mean relative abun-
dance was kept in themain analysis, despite the risk of circularity as
a predictor of sampling rates, because relative species abundance in
a sediment sample eliminates at least potential sources of hetero-
geneity among samples (time, geography, local preservation
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conditions). However, species-specific characteristics that increase
overall preservation may inflate average relative abundance, so
we also performed an alternative analysis without this predictor
(Supplementary Material: Alternative GAM without Relative
Abundance). We note that using absolute sediment abundance
would be even more subject to circularity. If more effort is
invested in counting specimens in a given sediment sample, then
absolute abundance for the identified species will be inflated com-
pared with other samples, but not their relative abundance, which
we use here.

Statistical Model GAMs allow for flexible, nonlinear modeling of
these predictors and their interactions in order to assess their
relative influence on fossil sampling rates. They use splines, which
are piecewise polynomial functions that represent the relationships
between predictors and sampling rates. For paleolatitude and
paleolongitude, a spherical spline was applied tomodel these spatial
coordinates on a globe (Wood 2006). For other continuous vari-
ables, such as relative abundance, sample depth, paleolatitudinal
variance, and paleolongitudinal variance, thin plate regression
splines were used, as they offer smooth fits (Wood 2003). Diagnos-
tic tools from the mgcv package (v. 1.9-3; Wood 2011), including
residual analysis (Supplementary Fig. S12) and basis dimension
checks, were applied to exclude potential over- or underfits of the
model.

To assess potential multicollinearity among predictors, we com-
puted variance inflation factor (VIF) diagnostics (Supplementary
Table S3) using the performance R package (v. 0.14.0; Lüdecke et al.
2021). For terms withmultiple degrees of freedom (df), the package
reports the generalizedVIF (GVIF; Fox andMonette 1992) together
with GVIF1= 2d:f :ð Þ , which rescales the inflation back to the 1 � df
metric so that thresholds are comparable across all terms (< 2 ,
negligible; 2�5 , moderate; > 5 , problematic). In the context of
GAMs, we also assessed concurvity, the nonlinear analogue of
multicollinearity for smooth terms, using mgcv’s implementation
(v. 1.9-3; Wood 2011). No variable was removed on the basis of
these diagnostics.

To disentangle the influence of various factors on fossil sam-
pling rates, we used hierarchical deviance partitioning, which
quantifies the relative contributions of different predictor catego-
ries, using the R package gam.hp (v. 0.0-3; Lai et al. 2024).

Results

Temporal Standardization

Temporal standardization involved systematic sediment subsam-
pling, which effectively corrected for temporal biases. Before sub-
sampling, the occurrence distribution and the expert-derived LTT
curve diverge markedly, but after subsampling their shapes
become closely aligned (Fig. 1A, Pearson’s correlation between
the smoothed occurrence distribution and the number of lineages
increases from r ¼ 0:5 to r ¼ 0:88).

The number of fossil occurrences per species is poorly predicted
by life span, contrary to expectations under a homogeneous Poisson
sampling model (represented by the simulated data in Fig. 1B).
Temporal subsampling reduces some heterogeneity, but notable
residual variation persists (up to three orders ofmagnitude between
species of similar life spans).

Finally, the distribution of occurrences across species’ expert-
curated longevities in the raw Triton database shows a strong
temporal bias, with occurrences skewed toward the present day

due to increased sampling and the absence of a declining phase for
extant species (Fig. 1C). When the database is restricted to extinct
species, the distribution is more symmetrical, although with a
surplus of recent occurrences due to the increased ability to sample
more recent rocks. After temporal subsampling, the distribution of
occurrences appears Gaussian with respect to the species’ life spans.
Some occurrences in Triton extend over and beyond the expected
species’ temporal ranges, reflecting reworked records, errors in
dating of individual occurrences, or overly narrow species’ range
assignments by experts, potentially due to the geographic incom-
pleteness of the foraminiferal fossil record.

Geographic Heterogeneity

The GAM results (Fig. 2) indicate that no single factor over-
whelmingly explains residual variation in fossil sampling rates
after temporal subsampling. Among the predictors, paleogeogra-
phy (paleolatitude and paleolongitude) accounts for the largest
proportion of explained deviance at 16.8%. The age calculation
method is also a substantial correlate, explaining 14.1% of the
deviance. The species’ longitudinal spread contributes 11.2%. By
comparison, the latitudinal spread explains only 2.5% and is not
statistically significant.

The depth of the sample explains 3.3% of the deviance. More
specifically, species whose fossils are only available at greater depths
in the sediment are collected at lower rates (Fig. 2A). The depth of a
sample is strongly correlated with its stratigraphic age from 10 mil-
lion years ago to the present day, and uncorrelated in older samples
(Supplementary Fig. S9), although age is not included as a predictor
(our temporal subsampling protocol was designed to remove age-
related bias in sampling effort).

Relative abundance accounts for 8.8% of the deviance. Mor-
phogroup and ecogroup variables contribute 3.6% and 1.4%,
respectively, but only the microperforate group is statistically sig-
nificant. The different reasons for which species are sampled only
account for a small portion of the deviance (1.2%), although the
oversampling of biostratigraphic indicator species is statistically
significant. The residual deviance remains high, at 37.1%, suggest-
ing there are other unmodeled processes that influence fossil occur-
rence patterns in planktonic foraminifera. If relative abundance is
excluded from the potential drivers, similar results are observed for
the other predictors (Supplementary Fig. S13).

Discussion

We used the Triton database of planktonic foraminifera as a case
study to examine the sources of variation in sampling rates among
species. Our results highlight the importance of considering mul-
tiple sources of bias and potential true biological variation when
analyzing the fossil record. By assessing biological, geographic,
stratigraphic, and other predictors of sampling heterogeneity after
applying temporal subsampling, we clarify which of those factors
may be the main sources of heterogeneity in fossil preservation and
recovery.

Sediment Subsampling Successfully Mitigates the Pull of the
Recent sensu lato

To account for higher sampling intensities toward the present day,
we used a threshold-based subsampling procedure at the sediment-
sample level to uniformly reduce sampling effort in geologically
younger time intervals. This approach differs from some
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conventional methods in that it homogenizes the number of sed-
iment samples per time bin, rather than the number of occurrences
per time bin. This is beneficial, because variations in fossil abun-
dance over time are relevant as a proxy of a clade’s species richness.
Ideally, however, subsampling should be applied to all sediment
samples from the selected sampling campaigns, including samples
without identified species from the focal clade, to avoid missing
true periods of low diversity. We did not implement this, because
these true absence samples are not systematically recorded in
Triton (99% of sediment samples contain at least one species with
nonzero abundance). Assuming comparable fossil preservation
probabilities and taxonomic identification effort across sediment
samples, our threshold-based subsampling procedure should
detect genuine fluctuations in species’ abundance. Coverage-
based subsampling methods, such as SQS, have been developed
specifically to have this property (Alroy 2010b,c). Applying SQS

to the Triton dataset yielded a limited match to the reference LTT
trajectory (Supplementary Fig. S1), whichmay reflect violations of
core assumptions of SQS, particularly its expectation of consistent
abundance distribution among assemblages. However, contrary
to our approach, coverage-based methods require reliable taxo-
nomic information (identification of specimens typically to spe-
cies or genus), as they aim to standardize the proportion of the
underlying frequency distribution represented by the sampled set
of taxa (Close et al. 2018).

Our subsampled distributions align closely with the expert-
derived LTT trajectory (Fig. 1A), which suggests our threshold-
based sample-level standardization provides an effective way to
mitigate temporal sampling biases, including the Pull of the Recent
sensu lato, in microfossil data. This finding also supports the
assumption that occurrences through time can serve as a proxy
for diversity through time, at least for foraminifera, as presumed in

Figure 2. Heterogeneity in fossil sampling rates for planktonic foraminifera explained by geographic, ecological, stratigraphic, and other factors. (A) Spherical maps (left) show
predicted sampling rates across paleolatitudes and paleolongitudes, with lighter colors representing higher sampling rates. The top sphere is centered on longitude 0, the bottom
on longitude 180. The adjacent scatter plots and curves visualize partial effects of each predictor—relative abundance, paleolatitudinal spread, paleolongitudinal spread, and
sample depth—on fossil sampling rates. The dashed lines represent ±2 SE. (B) A simplified table of the proportions of explained deviance and p-values for the predictors in the
generalized additive model (GAM). For factors with multiple categories, the deviance is printed only on the first row; subsequent levels show a dash. For morphogroups and
ecogroups, only a single row is shown for nonsignificant groups, with the corresponding range of p-values. Significance thresholds: *p < 0.05; ***p < 0.001. (C) A pie chart displaying
the proportion of deviance explained by each covariate.

6 Jérémy Andréoletti et al.

https://doi.org/10.17605/OSF.IO/BDU6E


birth–death models that incorporate fossil occurrences (Andréoletti
et al. 2022). However, despite overall alignment between occurrences
through time and morphospecies diversity through time, the rela-
tionship is not one to one. A clade’s total abundance may not always
scale directly with its species richness, for instance, if equilibrium
dynamics constrain the total number of individuals in the commu-
nity (Okie and Storch 2025), or, if at one point in time, many low-
abundance specialist species are replaced by few abundant generalist
species. Finally, none of these temporal subsamplingmethods aim to
alleviate fossilization and sampling biases between species living at
the same time. More generally, no subsampling method can correct
for severely undersampled species.

Fossil Sampling Intensity Varies along Species’ Lifetimes

The higher number of fossils that we observe in the middle of a
species’ lifetime (Fig. 1C) has already been documented in plank-
tonic microfossils (Liow and Stenseth 2007; Liow et al. 2010) and
was interpreted by those authors as a rise to dominance (high
abundance and broad geographic range), followed by gradual
decline. Liow et al. (2010) compared the steepness of rises and falls
and found the distribution to be asymmetric; however, they did not
correct for fossil sampling, and we find that the distribution asym-
metry essentially disappears after temporal subsampling (Fig. 1C).
Very few macroevolutionary methods explicitly account for chang-
ing fossil sampling rates over a species’ existence. A notable exception
is PyRate (Silvestro et al. 2014a,b, 2019), a software that enables
preservation rates to vary non-homogeneously throughout species’
life spans, capturing potential early rises and late declines in abun-
dance, as well as rate heterogeneity through geologic time and across
lineages. Ignoring these changes can lead to over- or underestimates
of speciation or extinction rate trajectories, although PyRate’s
BDMCMC model is generally quite robust to misspecifications
(Silvestro et al. 2014b). Our findings support the importance of
further exploring macroevolutionary models that relax the assump-
tion of uniform fossil recovery throughout a lineage’s history.

Multiple Drivers of Sampling Heterogeneity

Even after temporal subsampling, fossil sampling (as shown in
Fig. 1B) remains more variable than expected under a homoge-
neous Poisson sampling process, which is often used to represent
fossil sampling in models depicting diversification as a branching
birth–death process (Stadler 2010). Our results show that, for
planktonic foraminifera, geographic factors, including paleolati-
tude/paleolongitude, longitudinal spread, and to a lesser extent
latitudinal spread, account for almost a third of the deviance in
the sampling rate across species (Fig. 2). These results support
previous studies that highlight the extent of spatial sampling
biases (see Supplementary Fig. S2) and how unequal sampling
efforts can overshadow ecological signals (Smith 2001; Vilhena
and Smith 2013; Close et al. 2020b; Allen et al. 2020; Jones et al.
2021; Benson et al. 2021; Dunne et al. 2023; Heath et al. 2025).
They further emphasize the importance of using spatial subsam-
pling methods that have been developed in recent years (Antell
et al. 2024). Although difficult to disentangle, part of the geo-
graphic signal may reflect true ecological patterns, rather than
sampling bias, such as higher abundance and therefore sampling
rates across species due to favorable environmental conditions,
such as upwelling zones.

Interestingly, latitudinal spread was not significant once
other location-based factors were included (this is likely not due

to multicollinearity; see Supplementary Material: Correlations
between Predictors, Multicollinearity, and Concurvity Diag-
nostics, Supplementary Figs. S8–S10, Supplementary Table S3),
suggesting that broader north–south distributions by themselves do
not consistently yield richer fossil records. However, broader lon-
gitudinal ranges, reflecting the presence of dominant species in
multiple basins or ocean current systems, appear to lead to higher
sampling rates (for circularity concerns, see Supplementary Mate-
rial: Robustness of Geographic Predictors to Sampling Effort). A
wider longitudinal distribution would indeed place species in a
greater variety of depositional settings, increasing their likelihood
of encountering favorable conditions for preservation and subse-
quent discovery.

We identified three ecological and morphological variables—
morphogroup, ecogroup (including depth-habitat preferences), and
relative abundance—that collectively explained around a sixth of
the deviance in sampling rate. Of these biological predictors, rela-
tive abundance explained the highest proportion of the variance,
implying that planktonic foraminifera species that are rarer in
sediment samples, with all external factors equal, predictably also
show reduced detectability globally. However, there is some risk
that this predictor is partly confounded with the sampling rate
(removing relative abundance from the model yielded similar
results for the other predictors; see Supplementary Material: Alter-
native GAM without Relative Abundance). The fact that no indi-
vidual macroperforate morphotype or ecotype was identified as a
significant predictor of the sampling rate is encouraging for studies
using these categories, as it suggests that macroevolutionary pat-
terns using these categories may still yield meaningful results.

Among the other covariates, the age calculation method
explains most of the deviance (14%). This variable likely reflects
the influence of other factors correlated with how and why these
samples were collected (e.g., certain sampling campaigns or drilling
practices) in a database assembled frommultiple drilling programs
(see the justification for inclusion in the “Materials and Methods”).
The fact that species used as biostratigraphic indicators are signif-
icantlymore sampled is straightforward to understand, but this bias
should not causemajor distortions given that, overall, the reason for
sampling contributed only a small share of the deviance. Sampling
depth is partly correlated with age (which is not included as a
predictor), but variation in sampling depth for species of similar
age can arise due to differences in sedimentation rates and post-
depositional compaction, which would cause some species’ fossils
to be buried deeper than others depending on local depositional
environments.

Altogether, the GAM left 37% of deviance unexplained, implying
that additional processes—unaccounted-for biological variables,
taphonomic factors, local sedimentary processes (Patzkowsky and
Holland 2012; Holland et al. 2025), diagenetic histories (Allison
and Bottjer 2011), and taxonomic identification biases (Lloyd
et al. 2012)—remain unmodeled, or that some drivers are imper-
fectly modeled—for example, relative abundance is an imperfect
proxy of absolute biological abundance. The unexplained devi-
ance may also point to errors in some of the expert-derived
species’ temporal ranges in the Triton database.

Because our analyses focused on marine microfossils, which
differ markedly from terrestrial macro-organisms in both preser-
vation environments and sampling regimes, the specific predic-
tors identified here may not apply beyond similar planktonic
groups. We nevertheless expect several of the potential drivers,
particularly geographic and stratigraphic correlates, to generalize
to other microfossil clades. More broadly, the main conclusion
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that multiple processes underlie fossil sampling heterogeneity is
likely to hold across taxa and should at least warrant further inves-
tigation. Finally, the analyses themselves are not easily transferable to
datasets with sparse sampling, given their reliance on semi-reliable
estimates of species’ temporal ranges.

Conclusion

This study identifies key predictors of heterogeneity in fossil recov-
ery for planktonic foraminifera. By leveraging the exceptional fossil
record of this group, we confirm that temporal subsampling helps
correct for the higher diversity toward the present-day (Pull of the
Recent sensu lato), but still leaves other significant sources of
variation in sampling rates that cannot be reduced to a single
dominant driver, including potential biological, taphonomic, or
other sampling factors.

In the future, macroevolutionary analyses using the fossil record
should consistently apply available subsampling methods, most
notably temporal and spatial subsampling tools. Furthermore, they
should ensure (using simulations or sensitivity analyses) that the
patterns they derive are not confounded by the other uncorrected
sources of sampling heterogeneity discussed here, as new tools to
correct them are still to be developed. The use and development of
process-based models that permit fossil sampling rates to vary
based on specific variables, or to freely vary across species, would
allow these biases to be corrected without the cost of removing
fossils from the dataset. Ultimately, understanding the processes
driving fossil preservation and recovery is needed to improve our
ability to reconstruct unbiased biodiversity patterns over deep time.
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