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Abstract:
record is a central goal of palaeobiology. Because raw esti-

Estimating past biodiversity using the fossil

mates of biodiversity are biased by variation in sampling
intensity across time, space, environments and taxonomic
groups, sampling standardization is routinely applied when
estimating taxonomic diversity (e.g. species richness).
However, sampling standardization is less commonly used
when estimating alternative currencies of biological diver-
sity, such as morphological disparity. Here, we show the
effects of standardizing fossil time series of morphological
disparity to equal sample completeness, or ‘coverage’, of
the underlying taxon-frequency distribution. We apply
coverage-based standardization to three published datasets
characters  (echinoderms,

of discrete  morphological

ichthyosaurs and ornithischian dinosaurs), and quantify
disparity using two metrics: weighted mean pairwise dis-
similarity (WMPD) and the sum of variance (SOV). We
also compare the effects of coverage-based and sample-
size-based standardization. Our results show that coverage
standardization can vyield estimates of disparity through
time that dramatically deviate from raw estimates, both in
magnitude and direction of changes. These findings
demonstrate that future studies of morphological disparity
should control for variation in sampling intensity to

enable more reliable inferences.

Key words: palacobiology, disparity, standardization, sam-
pling, biodiversity.

THE incompleteness of the fossil record means that it
cannot be read literally. Because of this, a substantial
body of research has addressed the impacts of sampling
and preservational biases on our understanding of biodi-
versity change across time and space (e.g. Raup 1972;
Koch 1978; Alroy et al. 2001; Smith 2001; Crampton
et al. 2003; Jablonski et al. 2003; Smith & McGowan 2007;
McGowan & Smith 2008; Close et al. 2020; Benson
et al. 2021; Antell et al. 2024). When estimating taxo-
nomic diversity, subsampling approaches are commonly
applied to correct for variable sampling intensity. These
sampling-standardized diversity estimates enable fairer
comparisons of relative magnitudes of richness across
time, space and environments than those from raw (i.e.
‘uncorrected’ or ‘raw’) taxon counts. Early studies used
size-based standardization (commonly called classical rar-
efaction; Sanders 1968), which generates samples of a uni-
form size by drawing a fixed quota of items (individuals
or taxon occurrences) from each sampling unit. However,
classical rarefaction (hereafter ‘CR’) has been shown to be
fundamentally flawed, because it undersamples richer
assemblages, thereby compressing relative richness ratios
and flattening diversity curves (Alroy 2010a, 2010b; Close
et al. 2018). This flaw is rectified by standardizing diver-
sity samples to equal sample completeness, or coverage of
the underlying taxon-abundance frequency distribution
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of the species pool. Subsampling to a target coverage of
0.5, for example, yields the average number of taxa in a
random sample drawn from 50% of individuals in the

underlying species pool (Chao & Jost 2012).
Coverage-based standardization is known to palaeobiolo-
gists as shareholder quorum subsampling (SQS;

Alroy 2010a; Close ef al. 2018) and to ecologists as
coverage-based rarefaction (CBR; Chao & Jost 2012). The
target coverage level used to standardize samples (analo-
gous to the sample-size quota of CR) is called the
quorum (SQS) or target coverage (CBR). Coverage-based
sampling standardization of taxonomic diversity can
either be implemented algorithmically (Alroy 2010a,
2010b, 2010c, 2014) or analytically, using mathematical
equations (Chao & Jost 2012).

The application of coverage-based sampling standardi-
zation procedures have predominantly been restricted to
taxonomic diversity (but see Chao et al. 2021, 2023 for
recent exceptions). However, other biodiversity metrics
may be valuable when studying evolutionary dynamics.
One suite of metrics that has been very widely applied in
palaeobiology is morphological disparity (Foote 1991,
1997; Wills et al. 1994; Roy & Foote 1997; Hopkins &
Gerber 2017; Guillerme et al. 2020), which can be either
estimated from discrete morphological characters or
continuous data, such as landmarks in geometric
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TABLE 1. Description of published datasets used in this study; purpose of original study, along with taxonomic level, binning

scheme, temporal resolution, and timespan of dataset are noted.

Dataset PaleoDB occurrence data
Taxa Number of Original study Taxonomic Temporal  Span
characters level resolution
of binning
scheme
Echinoderms 413 Authors constructed a time-scaled ‘supertree’ consisting ~ Genus Epoch Cambrian
(n = 366) of 366 tips and 365 internal nodes which they used to Series 2 — Late
plot temporal trends in echinoderm ecology and Ordovician
morphology throughout the early Palaeozoic (Novack-
Gottshall et al. 2022b)
Ichthyosaurs 287 Authors identified a new ichthyosaur species Species Epoch Early Triassic —
(n =108) (Cymbospondylus deuler). They used a morphological Early
character matrix of 287 unordered characters for 108 Cretaceous
ingroup taxa to reconstruct phylogenetic relationships
and place the space within the Cymbospondylus clade
(Klein et al. 2020)
Ornithischia 88 Authors examined the ecological diversity of Species Stage Valanginian
(n =194) herbivorous dinosaurs during the Cretaceous, using a —Maastrichtian

character matrix representing 194 species (Nordén

et al. 2018)

morphometrics. A number of previous studies have
applied sample-size-based rarefaction to the study of
morphological disparity in the fossil record (e.g.
Foote 1992; Ciampaglio et al. 2001; McClain et al. 2004;
Prentice ef al. 2011; Butler et al. 2012; Deline &
Ausich 2016). However, size-based rarefaction of disparity
must suffer from the same problems as size-based rarefac-
tion of taxonomic richness; namely, that true diversity
ratios will be compressed. To rectify this, we present an
extension to the SQS algorithm (hereafter termed the ‘-
coverage-standardized disparity’ algorithm) to standardize
estimates of morphological disparity to equal coverage.
By applying this new technique to three published data-
sets, we demonstrate the potential future role of this
approach for standardizing other biodiversity metrics
through time.

METHOD

All computational work was conducted in R v4.3.1 (R
Core Team 2023) using RStudio v4.3.1 (RStudio
Team 2023). Full analysis scripts and data are available in
Jones & Close (2024).

Discrete morphological character datasets

Three existing discrete morphological character datasets
were obtained from the literature for this study:
Cambro-Ordovician  echinoderms  (Novack-Gottshall
et al. 2022a), Early Triassic and Early Cretaceous ichthyo-
saurs (Klein et al. 2020, suppl. material), and Valanginian—
Maastrichtian ornithischians (Nordén et al. 2018). These
were deemed to have both high numbers of taxa and a suf-
ficient time span to allow clear time series to be con-
structed; relevant parameters are summarized in Table 1.

Fossil occurrence data download and binning

Fossil occurrence records and time interval data were
simultaneously downloaded from the Paleobiology Data-
base (PaleoDB; https://www.paleobiodb.org) to ensure cor-
rect alignment of stratigraphic bins and ages of occurrences
(see Table 1 for the binning schemes used for each taxon
set). The ‘majority’ binning rule was then used to assign
each taxon to the bin in which over 50% of its range falls
(see Close et al. 2020) due to calculating the proportion of
its temporal range that lies within a specific interval. To

FIG. 1. Pipeline for the coverage-standardized disparity (CSD) developed in this study. The required inputs are occurrence data, a

target quorum, and number of subsampling trials. The output is a set of coverage-standardized taxon lists representing the quorum-
crossing points encountered throughout the subsampling trials. For a detailed description of the algorithm, see the main text.
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FIG. 2. Raw, size- and coverage-standardized disparity time series for echinoderms, ichthyosaurs, and ornithischian dinosaurs. Curves
are plotted for WMPD (A, C, E) and SOV (B, D, F) metrics with 95% confidence intervals shaded. Coverage-standardized curves were
generated using our coverage-standardized disparity algorithm for a quorum value of 0.7. Silhouette images are sourced from www.
phylopic.org, courtesy of Michael Keesey, Jagged Fang Designs, and Scott Hartman (CCO 1.0).

exclude very poorly-sampled intervals, bins containing
fewer than 10 occurrences were dropped from our analysis.
Data-sparse bins may have spuriously high sample coverage
and skew the nature of observed time series trends. For full
details of the PBDB data download, see the Appendix S1.

The coverage-standardized disparity algorithm

In order to standardize morphological disparity estimates
to equal coverage, we modified Alroy’s ‘EXACT’ SQS
algorithm (Alroy 2014). This new ‘coverage-standardized
disparity’ algorithm takes the occurrence (or abundance)
data, a target quorum (e.g. 0.7), and the number of sub-
sampling trials as inputs, and outputs a set of
coverage-standardized taxon lists (see Fig. 1 for a visual
pipeline of the algorithm). In its original implementation
of Alroy (2014), the EXACT algorithm performs subsam-
pling trials in which all of the available occurrences or
individuals are sequentially drawn, one at a time, in a
random order. After each occurrence or individual is
drawn, the coverage of the sample obtained up to that
point is computed. The sampled richness is recorded
either when the target quorum is met (if met exactly) or
just before and after it is crossed (if it lies between
the drawing of two sequential occurrences). The median
richness for all of these crossing points is computed
for each trial, before the overall median richness for all
independently-randomized subsampling trials is com-
puted to give the coverage-standardized diversity
estimate.

To compute coverage-standardized disparity metrics,
our modified algorithm retains all lists of unique taxon
names drawn at the quorum-crossing points that are
encountered during subsampling trials (either at, if the
quorum is met exactly, or immediately before and after a
crossing point, if it lies between drawing two occur-
rences). If a subsampling trial fails to reach the target
quorum, the algorithm returns an ‘NA’ value to indicate
missing data. The final output after repeating these steps
for n subsampling trials is therefore a large set of
coverage-standardized taxon lists, representing the cross-
ing points encountered throughout all subsampling trials.
Although it would be possible to directly compute dispar-
ity estimates at each crossing point, either in addition to
or in place of taxonomic richness, our approach
allows an arbitrary number of diversity metrics to be

retrospectively computed from the same set of
coverage-standardized taxon lists, which allows greater
downstream flexibility.

Disparity calculations

Disparity was calculated on a per-bin basis to construct
time series. Raw disparity estimates were calculated
directly from the full set of temporally-binned taxa, and
coverage-standardized values were calculated using the list
of coverage-standardized taxon sets returned from the
extended algorithm. Matrices of discrete morphological
characters for the datasets obtained from the literature
(Table 1) were converted into distance matrices using the
calculate_morphological_distances() function of the Claddis
package (v0.6.3; Lloyd 2016), using the default MORD
distance metric. This metric divides the pairwise distances
between taxa by the maximum realizable distance between
them, thus restricting the resulting distances to between 0
and 1. This has the appeal of highlighting those that lie
close to the maximum value (Lloyd 2016).

We quantified disparity using two metrics: weighted
mean pairwise dissimilarity (WMPD; Close et al. 2015;
also known in the literature as weighted mean pairwise
distance) and the sum of variance (SOV; Van Valen 1974),
two of the most commonly applied disparity metrics in
the literature. As a measure of central tendency, WMPD
is theoretically unbiased by sample size, whereas SOV is
an additive metric that can scale with sample size.
WMPD values were calculated as the sum of the product
of the pairwise differences and the pairwise comparable
characters divided by the pairwise comparable differences
(Close et al. 2015). WMPD operates directly on distance
matrices, rather than on ordinations of these matrices.
This metric weights dissimilarities for pairs of taxa such
that those based on more comparable characters contri-
bute more to calculated disparity, eliminating the require-
ment to delete taxa with incomplete characters (Close
et al. 2015). WMPD operates directly on distance
matrices, rather than on ordinations of these matrices.
This metric weights dissimilarities for pairs of taxa such
that those based on a greater number of comparable char-
acters contribute more to calculated disparity, eliminating
the requirement to delete taxa with incomplete characters
(Close et al. 2015). For raw estimates, 1000 bootstrapping
trials were performed to produce weighted mean, 2.5%,
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FIG. 3. Coverage- (A, C, E) and size-based (B, D, F) rarefaction curves for echinoderms, ichthyosaurs and ornithischian dinosaurs
generated for the WMPD metric. The latter were generated using a vector of logarithmically-spaced sample sizes. Abbreviations:

AL, Albian; AP, Aptian; BA, Barremian; CA, Campanian; EC, Early Cretaceous; EJ, Early Jurassic; EO, Early Ordovician; L], Late Juras-
sic; LO, Late Ordovician; LT, Late Triassic; MA, Maastrichtian; MO, Middle Ordovician; MT, Middle Triassic; S2, Series 2;

S3, Series 3. Silhouette images are sourced from www.phylopic.org, courtesy of Michael Keesey, Jagged Fang Designs, and Scott Hart-

man (CCO0 1.0).

and 97.5% values, which were taken as the average, lower
and upper bounds, respectively. For standardized data,
one WMPD value was calculated per subsampling trial,
translating into 1000 values per bin. Subsequent values
for the 2.5%, median and 97.5% values were obtained.

Sum of variance (SOV) is widely used in disparity stu-
dies (e.g. Halliday & Goswami 2016; Romano et al. 2018;
Smith & Donoghue 2022) to measure the extent of
morphospace occupation as the sum of the variance
of each dimension. SOV values were calculated using the
DispRity() function of the DispRity package (Guil-
lerme 2018) which takes a distance matrix, calculates
SOV, and returns the bootstrapped median values, 2.5%
and 97.5% values over a default 100 trials. Note that the
distance matrix was ordinated using the classical multidi-
mensional scaling procedure via the cmdscale() function
in the ‘stats’ package prior to these calculations. For the
raw estimates, these values were retained for plotting.
The treatment of the coverage-standardized estimates dif-
fers in that all of the individual subsampling trials for
each bin were sorted, and the 2.5%, median and 97.5%
values were extracted for each bin. These values consti-
tuted the mean, lower and upper bounds of 95% confi-
dence intervals for each bin, respectively. Disparity
estimates were normalized to allow direct comparisons of
raw and standardized time series trends, because sub-
sampled disparity estimates will always be lower than raw
values.

Time series of sample coverage and spatial sampling

We also constructed time series of sample coverage and
extent of spatial sampling to examine how these variables
might influence estimates of disparity through time. For
each time bin, sample coverage was calculated from the
randomly sampled occurrence vector and quantified using
the Good’s u metric (Good 1953). We chose to use the
more sophisticated formula of Chao & Shen (2010) that
incorporates information from singletons and doubletons
and does not require large sample sizes to produce accu-
rate estimates. Calculations were performed over 1000
bootstrapping trials, and median values were retained for
plotting: these represent the average sample coverage of
each time bin. Spatial coverage was quantified using

counts of equal-area hexagonal/pentagonal grid cells with
1000 km spacings between midpoints (using the R pack-
age dggridR; Barnes & Sahr 2017) that contained fossil
data, also calculated on a per-bin basis.

Rarefaction curves

Both size- and coverage-based rarefaction curves were
generated for the three datasets used in this study (see
Foote 1999; Kotric & Knoll 2015). Coverage-based rare-
faction analyses were performed for a set of quorum
values from 0.4 to 0.9, spaced at intervals of 0.1, on a
per-bin basis for the three datasets. Quorum values below
0.4 are likely to sample too few taxa and render disparity
calculations unfeasible (this is a key difference between
sampling-standardized estimates of disparity and taxo-
nomic diversity, where one lone taxon can still be
counted). Analyses were performed over 20 000 subsam-
pling trials and any trial returning an occurrence vector
containing <5 unique taxa was dropped to avoid the gen-
eration of a sparse or empty distance matrix. After subset-
ting the distance matrices, WMPD values for standardized
data were calculated and the 2.5%, mean and 97.5%
values from the trials were extracted for each quorum
value. The same procedure was conducted for the SOV
calculations. For the size-based rarefaction analyses, a vec-
tor of logarithmically-spaced sample sizes was generated
for each bin within the three datasets. This vector size
was tailored to the amount of occurrence data that was
available for each dataset (i.e. more abundant occurrence
data correlated with a larger sample size vector). WMPD
and SOV values were then calculated and compared to
those generated from coverage-based methods.

Example questions

Finally, we generated an example research question for
each dataset to demonstrate how the choice to apply CR,
SQS or neither, may influence a study’s findings. These
are as follows:

1. When did Cambro-Ordovician echinoderm disparity
peak?
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FIG. 4. Coverage- (A, C, E) and size-based (B, D, F) rarefaction curves for echinoderms, ichthyosaurs and ornithischian dinosaurs
generated for the SOV metric. The latter were generated using a vector of logarithmically spaced sample sizes. Abbreviations as for
WMPD plots (Fig. 3). Silhouette images are sourced from www.phylopic.org, courtesy of Michael Keesey, Jagged Fang Designs, and

Scott Hartman (CCO 1.0).

2. Does ichthyosaur disparity stabilize after its decline
across the Triassic—Jurassic boundary?

3. How dramatically did ornithischian disparity fluctuate
throughout the Cretaceous?

The purpose of testing these questions is to demon-
strate why researchers should take care in choosing their
sampling method and disparity metric, both of which can
influence the biological interpretations of results. How
these influences manifest are explored during the results
and later discussion.

RESULTS

Our results reveal that applying SQS to morphological dis-
parity can alter both the magnitude and trend of estimates
through time (Fig. 2); however, this is largely dependent
on disparity metric choice. The SOV metric exhibits large
deviations between raw and SQS disparity (echinoderms
during Ordovician; Fig. 2B), yet the WMPD metric some-
times generates raw and standardized time series that are
indistinguishable, as is seen for Triassic ichthyosaur data
(Fig. 2C). Differences are also recovered between SQS and
CR time series and are non-uniform between datasets.
Whilst SQS consistently estimates higher SOV values than
CR for the echinoderm dataset (Fig. 2B), the curves alter-
nate in which recovers a higher WMPD estimate for Trias-
sic ichthyosaur disparity (Fig. 2C). It appears that the only
consistent difference between CR and SQS disparity esti-
mates is the narrower of 95% confidence bands of the lat-
ter (e.g. see echinoderm disparity; Fig. 2A, B), which is
also observed in the normalized time series (Fig. S1).
Traditionally, rarefaction curves show a predictable
trend of increasing taxonomic diversity with sample size
and coverage level. The same does not hold true for the rar-
efaction curves for disparity in this study, particularly those
using WMPD, hence it is useful to consider the two metrics
separately. For WMPD, some curves show no evidence of
reaching an asymptote with increasing sample size and cov-
erage, but the gradient of these curves differs between bins
and datasets (Fig. 3). Several time bins produce static rare-
faction curves that fail to respond to increasing sampling
and coverage (e.g. ichthyosaurs in the Early Jurassic;
Fig. 3C, D) whilst others estimate progressively lower dis-
parity as rarefaction proceeds (e.g. ornithischians during

the Maastrichtian; Fig. 3F). Furthermore, the size-based
rarefaction curves for several bins (e.g. echinoderms in the
Late Ordovician; Fig. 3B) follow non-monotonic trajec-
tories, first decreasing, then increasing, before declining
again. In contrast, SOV rarefaction curves for disparity are
often seen to increase with sample size and coverage level
(Fig. 4). This is especially apparent for the echinoderm
dataset for which the most data-rich bin even exhibits a
somewhat linear scaling relationship with increasing cover-
age (Late Ordovician; Fig. 4A). Despite the described lack
of predictable scaling relationships for both WMPD and
SOV, there is a common theme of narrowing confidence
bands as rarefaction proceeds, which is exhibited by all bins
across the three datasets, regardless of metric choice
(Figs S2-S7). It appears the only consistent difference
between CR and SQS disparity estimates is the narrower of
95% confidence bands of the latter (e.g. see echinoderm
disparity, Fig. 2A, B), which is also observed in the normal-
ized time series (Fig. S1).

Effect of sampling standardization on example questions

Finally, we return to our example questions to examine
how choice of standardization approach influences inter-
pretation of disparity-through-time trends.

1. When did Cambro-Ordovician echinoderm disparity
peak?

WMPD values calculated from raw data support an
Early Ordovician disparity peak, whilst raw SOV values
support a Late Ordovician peak (Fig. 2A, B). CR and SQS
time series both show that WMPD and SOV values peaked
in the Early Ordovician, though the SQS time series illus-
trates a relatively more pronounced peak (Fig. 2A, B).

2. Does ichthyosaur disparity stabilize after its decline
across the Triassic—Jurassic boundary?

The time series show remarkably similar trajectories for
ichthyosaur disparity throughout the measured time
intervals with almost fully overlapping confidence inter-
vals. The main difference is present for the SOV metric:
whilst raw data support a slight increase in disparity from
the Jurassic into Cretaceous (Fig. 2D), both CR and SQS
yield curves that continue to decline during this period.
This decline is especially notable when CR is applied.
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FIG. 5. Time series of sample coverage (Good’s 1) and spatial sampling (counts of occupied equal-area hexagonal/pentagonal grid
cells with 1000 km spacings) for each of the three datasets in this study: echinoderms (A, B), ichthyosaurs (C, D), ornithischian dino-
saurs (E, F). Silhouette images are sourced from www.phylopic.org, courtesy of Michael Keesey, Jagged Fang Designs, and Scott Hart-

man (CCO 1.0).

3. How dramatically did ornithischian disparity fluctuate
throughout the Cretaceous?

Standardizing ornithischian data increases the volatility
of disparity time series throughout the Cretaceous
(Fig. 2E, F). This holds especially true for the CR SOV
curves; however, the large confidence intervals associated
with the raw time series cast doubt on this interpretation.

DISCUSSION

Estimates of SOV disparity and their associated evolution-
ary interpretation are strongly impacted by whether dis-
parity is sampling standardized, and by choice of
sampling standardization approach (CR vs SQS). For
example, the apparent peak in Cambro-Ordovician echi-
noderm disparity occurs in either the Early or Late Ordo-
vician depending on whether standardization procedures
are applied. By contrast, the WMPD metric is more
robust to sampling intensity, and so SQS rarefaction
curves differ little from those using CR. The main distinc-
tion between the CR and SQS-generated WMPD curves is
the smaller 95% confidence intervals when shifting from
former to the latter approach, especially for the echino-
derm dataset (Fig. 2A). This results from differences in
how the two algorithms use each subsampling trial in dis-
parity calculations. Whilst this finding is demonstrated
for only the three datasets used in this study, it suggests
that the metric is relatively robust to completeness of the
taxonomic sample, especially compared to SOV. This is
not necessarily an advantage (scaling with sample comple-
teness might intuitively be expected to occur for a dispar-
ity metric) but it is nonetheless an important distinction
between the two metrics.

Although our SQS approach is presented as an addi-
tional sampling-standardization method, the reliability of
disparity estimates returned is influenced in part by the
maximum achievable sampling coverage (a function of
sampling intensity) at any point in time, and by the scope
of the accessible sampling universe (distinct from sam-
pling intensity; see Close et al. 2018, 2020). For example,
the increase in raw SOV echinoderm disparity into the
Late Ordovician (Fig. 2B) is driven by substantially higher
sampling in that interval, as quantified by counts of
occurrences, sample coverage and spatial coverage
(Fig. 5A, B). By contrast, some bins fail to achieve

sufficient sample coverage, so SQS disparity estimates for
these bins are not available even at the lowest quorum
used in this analysis (0.4). The Middle Jurassic ichthyo-
saurs are one example of this (Fig. 6C, D) and as a result,
the reliability of corresponding raw disparity estimates is
especially questionable.

SQS was originally developed for taxonomic diversity
applications, so it is perhaps unsurprising that our appli-
cation to morphological disparity reveals differences in
how the two biodiversity metrics respond. For the data-
sets analysed in this study, SOV often shows no evidence
of reaching an asymptote as more data is added to a
size-based rarefaction curve (Fig. 4). This contrasts the
general scenario in which increasing sample size consis-
tently yields higher SOV values. We interpret this as
reflecting a fundamental difference between taxonomic
and morphological diversity: estimates of disparity do not
always scale in a predictable and linear way with increased
sampling and depend heavily on the choice of metric.
Adding a single morphologically divergent species can
increase disparity substantially, while adding many very
similar species would not. Moreover, the presence of
non-monotonic trajectories in the bin-by-bin size-based
rarefaction curves illustrates how increasing the size of a
random sample does not necessarily capture a more mor-
phologically diverse set of taxa, which is another contrast
between the behaviour of standardized taxonomic vs
morphological diversity. Similar curve trajectories have
been recovered in previous disparity studies (see fig. 1 in
Ciampaglio et al. 2001 for a particularly clear SOV exam-
ple), so we are confident that our results which reflect
intrinsic characteristics of the two disparity metrics.

Previous work on standardizing disparity has utilized
CR through subsampling datasets to a common number
of either discrete morphological characters (e.g. Ciampa-
glio et al. 2001; Deline & Ausich 2016) or taxa (e.g.
Ciampaglio ef al. 2001; McClain et al. 2004; Prentice
et al. 2011; Butler et al. 2012). Such studies have focused
on the differing vulnerabilities of disparity metrics to
sample size and effort: range-based metrics (e.g. sum of
ranges; SOR) are strongly influenced by sampling effort
and morphological outliers (Foote 1992), whilst
variance-based metrics (e.g. SOV) can be heavily sensitive
to the amount of data sampled, or ‘sampling effort’
(Bault et al. 2024). These are merely generalizations, how-
ever, with contradictions being rife in the literature. For
example, Ciampaglio et al. (2001) used Ordovician
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FIG 6. A comparison of SQS disparity time series for differing quorum values ranging from 0.4 to 0.9. See main text for a justifica-
tion of the chosen values. Silhouette images are sourced from www.phylopic.org, courtesy of Michael Keesey, Jagged Fang Designs,

and Scott Hartman (CCO 1.0).

crinoid data (Foote 1999) to demonstrate that SOV can
recover the ‘true’ disparity estimate for a taxon pool from
a mere 27% of the dataset, contradicting the accepted
notion of its sample size sensitivity. The well-known
shortcomings of CR are not restricted to its applications
to taxonomic diversity, and we find that they are mir-
rored by metrics of morphological disparity. Relative
undersampling of richer assemblages compresses disparity
curves in the same manner observed for taxonomic rich-
ness curves, a phenomenon demonstrated for all datasets
used in this study (Fig. 2). Such flattening of curves is
markedly more pronounced for the SOV metric which
probably reflects its sensitivity to sample size differences
when estimating sample variances. These findings cast
doubt on the ability of CR to accurately recover true bio-
logical signals present in discrete morphological character
datasets and support the use of the coverage-based
standardization.

Future studies of morphological disparity in the fossil
record should refrain from only presenting raw or size-
standardized morphological disparity curves and should
instead include coverage-based standardization alongside
them. Furthermore, how close each standardization
approach comes to yielding the ‘true’ disparity curve has
not been demonstrated; we recommend a simulation-
based study as a potential way to explore this. Our study
shows that controlling for variation in sampling intensity
is important when comparing alternate measures of bio-
diversity such as morphological disparity. Our coverage-
standardization algorithm could also be applied to other
biodiversity metrics, such as phylogenetic lineage diver-
sity. Nevertheless, variation in the scope of the accessible
sampling universe (Fig. 5B, D, F) may have an even more
profound effect on biodiversity estimates than variation
in sample completeness (Alroy 2010c, 2014; Close
et al. 2018, 2020), including for alternative metrics such
as disparity. Ideally, future studies of morphological dis-
parity in the fossil record would also attempt to control
for variation in the scope of the sampling universe. How-
ever, greater limitations on data availability, vs that avail-
able for estimating taxonomic diversity, may make this
substantially more challenging.

CONCLUSION

In this study, we applied our coverage-standardized dis-
parity algorithm to existing morphological character

datasets of echinoderms, ichthyosaurs and ornithischian
dinosaurs. CR and SQS-generated time series differed
from each other and the raw data equivalents. These dif-
ferences were more apparent for SOV relative to WMPD
which supports using the latter as a disparity metric. We
emphasize the need to integrate coverage-based standardi-
zation techniques into studies of morphological disparity
to generate more reliable estimates of biodiversity
through time.
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curves for the echinoderm dataset, as measured by SOV.
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Figure S$4. Individual sample-size and coverage-based rarefaction
curves for the ichthyosaur dataset, as measured by SOV.

Figure S5. Individual sample-size and coverage-based rarefaction
curves for the ichthyosaur dataset, as measured by WMPD.
Figure S6. Individual sample-size and coverage-based rarefaction
curves for the ornithischian dinosaur dataset, as measured
by SOV.

Figure S7. Individual sample-size and coverage-based rarefaction
curves for the ornithischian dinosaur dataset, as measured
by WMPD.
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