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1 | INTRODUCTION

Understanding the processes that have contributed to the incred-
ible variety of life on Earth has long been a key goal in biogeogra-
phy, ecology and evolution, prompting research into the underlying
mechanisms governing the dynamic evolution of biodiversity. In re-
cent decades, the advent of new molecular techniques has resulted
in increasingly detailed and complete phylogenetic trees, which have
facilitated the emergence of novel methods that leverage information
from these phylogenetic trees to study their past diversification dy-
namics (Etienne et al., 2012; Etienne & Rosindell, 2012; Hey, 1992;
Maddison et al., 2007; Morlon, 2014; Nee et al., 1992, 1994). However,
these methods generally require a good level of taxonomic sampling
(i.e. including the majority of known species in the phylogeny), which
is often difficult to achieve in practice. It has been shown that incom-
plete sampling can introduce inaccuracies in the inferences from di-
versification models, which, in turn, may compromise the precision
of understanding biogeographical history or diversification dynamics
(FitzJohn et al., 2009; Garamszegi & Mgller, 2011; Molina-Venegas &
Lima, 2021; Mynard et al., 2023; Sun et al., 2020).

The extent to which taxonomic sampling may impact the re-
sults of biogeographical and diversification analyses has long been
a concern in the field, and its effects have been examined for
methods relying on a single lineage (a single phylogenetic tree),
generally of large (continental) clades (Chang et al., 2020; Davis
et al., 2013; Mynard et al., 2023). However, studies on the ef-
fect of taxonomic sampling in methods that use information from
communities and/or multiple lineages (including different phylo-
genetic trees) or that focus on non-continental systems, such as
islands, are lacking. Biological communities on islands are among
the most effective model systems for investigating biogeograph-
ical and diversification mechanisms. With their distinct boundar-
ies, relatively recent origins, and simplified ecosystems compared
to continents, islands offer ideal arenas for studying evolution and
ecology and have long been regarded as excellent natural laborato-
ries for biodiversity research (Gillespie & Roderick, 2014; Helmus
et al., 2014; Losos & Ricklefs, 2009; Warren et al., 2015). Their
isolation often leads to the development of unique and endemic
species, with oceanic islands harbouring 15%-20% of the world's
terrestrial species, despite covering only 3.5% of the Earth's sur-
face (Matthews & Triantis, 2021; Whittaker et al., 2017). Hence,
their combination of tractable features and high biodiversity pro-
vides ideal settings for studying species diversification (Losos &
Ricklefs, 2009; Matthews & Triantis, 2021).

Even though islands are small and generally more species-poor
than continents, comprehensive phylogenetic data collection of an
entire insular assemblage is often challenging. Collecting all island
species and their mainland relatives, especially for very diverse com-
munities such as tropical islands (Ralimanana et al., 2022), requires
significant time and budget for fieldwork, collecting permits for all
species including those that are rare or protected, and additional
budget to generate and analyse the sequences. In addition to time
and budget constraints, some islands may be geographically remote

and some localities within islands may be difficult to access due to
harsh terrains. Geopolitical constraints, the recent extinction of cer-
tain species and the sometimes narrow spatial range of endemics
also put an extra burden on data collection. Consequently, most
phylogenetic datasets used to infer the diversification and bioge-
ography of island communities are incomplete (Valente et al., 2015,
2019; Valente, lllera, et al., 2017).

Understanding the pattern of species assembly on islands in-
volves unravelling the evolutionary processes responsible for their
origin, and how they vary over time and across lineages (Florencio
et al., 2021). In an island context, the DAISIE (Dynamic Assembly
of Islands through Speciation, Immigration and Extinction) frame-
work can be used to infer the rates of the processes that govern
the assembly of an entire community based on phylogenetic infor-
mation, which includes lineage colonization times, branching times
(extracted from time-calibrated molecular phylogenies), endemicity
status (whether or not species are endemic to the island) and is-
land age (geological age of emergence, Valente et al., 2015). While
other diversification models and methods (e.g. state-dependent
diversification models and corresponding inference methods) have
been studied regarding their sensitivity to incomplete sampling
(e.g., state-dependent diversification methods) (Davis et al., 2013;
Mynard et al., 2023), DAISIE uses an unconventional data format
and its sensitivity to incomplete sampling is not yet known.

Recent studies emphasize that accurately reconstructing species
diversity dynamics is crucial for understanding equilibrium states in
island communities (Valente, lllera, et al., 2017). Ignoring incomplete
data can introduce significant biases in parameter estimation, poten-
tially distorting conclusions about key processes such as coloniza-
tion and extinction. Missing data on island taxa may lead to incorrect
estimation of key clade attributes, such as stem and crown ages, and
the overall tree topology. Similarly, missing data on the mainland
relatives of island lineages can result in the overestimation of diver-
gence times between these mainland relatives and island lineages,
affecting the inferred timing and tempo of diversification events
(Garcia-Verdugo et al., 2019; Lambert et al., 2022). Fortunately, as
with many contemporary diversification methods, the DAISIE can
account for incomplete sampling of phylogenetic data, by integrating
over the possible placements of missing taxa within the clade from
which they originated. However, although this can certainly miti-
gate some issues associated with missing data, its accuracy does not
match the ideal situation when all species are included. Moreover,
the DAISIE assumes random sampling, which may not always be the
case. Therefore, it is important to determine to what extent incom-
plete datasets can provide information for reliable inference of bio-
geographical and diversification parameters.

Here, we used process-based simulations of the DAISIE model
to identify which type of incomplete datasets minimize errors in
parameter estimates in cases where not all phylogenetic informa-
tion can be included. To this end, we simulated different incomplete
sampling scenarios and fitted the DAISIE inference model to eval-
uate the error in the rates of colonization, anagenesis, cladogene-
sis, extinction, and the clade-level carrying capacity for each of the
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incomplete datasets. We first explored three island-level sampling
strategies, one with random sampling and two that sample species
based on the diversity of the clade from which they originate, either
only sampling from the most diverse island lineages (containing four
or more species) or only from the least diverse island lineages (con-
taining less than four species). With this analysis, our objective was
to identify whether prioritizing taxonomic sampling based on the
size of the island lineage could be beneficial or detrimental.

For each of the three community-wide sampling strategies, we fur-
ther explored the impact of failing to sample certain types of species,
by investigating scenarios with incomplete sampling of (i) the oldest
species (extant species that have the longest individual tip branches)
versus young species (extant species that have the shortest individual
tip branches), (ii) outgroup species (continental species closely related
to each island lineage, which are used to estimate the stem age of
the clade and thereby the upper limit of its colonization time), and (iii)
entire lineages (that is, failing to sample all species from a given island
lineage). Subsequently, for all the above scenarios of missing data, we
assessed the robustness and sensitivity of diversification and island
biogeography parameters and identified which specific regions of the
phylogeny, in terms of unsampled species, have the greatest impact
on the precision and accuracy of parameter estimation. We repeated
analyses under different fractions of unsampled species to assess
how total sampling percentage affects findings. We discuss these re-
sults in the context of islands, but also in the context of biogeography

and diversification analyses in general.

2 | MATERIALS AND METHODS

Our pipeline to assess the impact of incomplete sampling is as fol-
lows: first, we fitted the DAISIE model to four existing, but quite dif-
ferent, empirical island datasets to estimate parameters (colonization,
speciation, extinction, and eventually the carrying capacity). This pro-
vided us with various realistic parameter sets. Second, we simulated
“complete” island datasets using these parameters. Third, we created
“incomplete” datasets from these simulated complete datasets by
removing species or lineages under a variety of sampling scenarios.
Fourth, we fitted the DAISIE to the complete and incomplete data-
sets to estimate parameters and compare them to the generating pa-
rameters and to the estimates under other sampling scenarios. Below
we describe each of these steps in detail.

2.1 | Model description

For our analysis, we used the DAISIE, a framework that leverages the
phylogenetic information of an island community to infer the rates
of processes that have shaped its diversity and composition (Valente
et al., 2015). The model assumes that the assembly of species on an
island is primarily driven by three key processes: colonization from a
fixed mainland (where no diversification or extinction occurs within the

mainland source community over time), speciation through anagenesis
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(evolution into a species distinct from the mainland ancestor due to re-
duced gene flow between island and mainland populations) or clado-
genesis (the process where an ancestral species gives rise to two or
more species), and extinction. Together, these processes result in a
community that can be captured in one or multiple phylogenetic trees,
each representing a colonization event from the mainland that has led
to an island lineage comprising one or more species (Figure 1a). To es-
timate per-lineage rates of colonization, speciation through anagenesis
and cladogenesis, and extinction, the DAISIE uses information on island
age (geological age of emergence of the island), lineage colonization
times (estimated from genetic divergence of these island species and
their mainland counterparts), lineage endemicity status and lineage
branching times (extracted from time-calibrated molecular phylogenies)
(Valente et al., 2015). Additionally, the DAISIE allows colonization and
cladogenetic speciation to be diversity-dependent, meaning that the
rates of colonization and cladogenesis decline as the number of species
on the island increases (Etienne et al., 2012). This allows estimation of
the diversity limits of clades and helps assess whether a community is
close to this limit, thereby determining whether diversity dependence
has influenced community dynamics. In contrast, the rates of anagen-
esis and extinction are assumed to be uniform across lineages and re-
main constant over time. These estimates can be used to simulate the
dynamics of the island community through time, providing insights into
the processes shaping island biodiversity and species richness evolution
(Hauffe et al., 2020; Jiménez-Ortega et al., 2023; Neves et al., 2021;
Valente et al., 2020; Valente, lllera, et al., 2017; Xie et al., 2023). The
DAISIE accounts for missing species in clades, whether due to extinc-
tion before the present or incomplete sampling, by integrating across
all possible placements weighted by their probability according to the
model. The model can also address uncertainty in colonization times in
the following way. If the closest continental relatives for some lineages
are unknown or unsampled, the DAISIE allows the maximum coloniza-
tion time to be entered as input; subsequently, it will integrate over all
possible ages between the maximum colonization time and the present
or the crown age of the radiation. When only the upper limit of the di-
vergence time is known, the model integrates over all possible coloniza-
tion times, that is from that upper limit to the crown age for endemic
clades, or from the upper limit to the present for endemic singleton
lineages. If the upper limit is not known, the model integrates from the

island's origin (island age) to the present.

2.2 | Fitting DAISIE to empirical datasets

To use realistic parameter sets in our simulations, we first used max-
imum likelihood (ML) to fit the diversity-independent DAISIE model
to four empirical datasets with varying sizes in terms of total species
numbers and numbers of colonization events, allowing us to inves-
tigate the impact of different sampling scenarios on datasets with
different sizes (Table 1). The four empirical datasets have different
levels of phylogenetic sampling, but our aim of fitting the DAISIE to
these datasets is not to investigate the impact of sampling on these
specific datasets, but rather to obtain a set of empirically informed
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FIGURE 1 Examples of incomplete datasets generated in our study. Each panel represents the phylogeny of an island community. Each

tree represents a colonization event that has established one or more descendants on the island and includes one close continental relative.

The dotted lines represent non-sampled species. Dots at the stem of a lineage indicate the upper limit of colonization time of each lineage. (a)
Complete dataset, (b) dataset with two outgroup species unsampled (thus the time of colonization is not known for these two island clades, only
island species richness and within-island branching times [if any] are known), (c) dataset with one complete lineage unsampled (colonization and
branching times are not known, only species richness is known), (d) dataset with two species from species-rich lineages unsampled, (e) dataset
with two youngest species from species-rich lineages unsampled and (f) dataset with two oldest species from species-rich lineages unsampled.

TABLE 1 Summary of the four empirical datasets and the simulated dataset.

Mean total Mean number of Island age
Dataset species colonization events Data source (million years)
Galapagos birds 25 8 Valente et al. (2015) 4
Greater Antilles bats 37 16 Valente, Etienne, et al. (2017) 20
Hispaniola frogs 65 5 Etienne et al. (2023) 30
New Zealand birds 72 39 Valente et al. (2019) 52
Large dataset (simulated) 1268 581 This study 21

parameters to generate simulated datasets that are similar to these
empirical datasets in terms of the number of species, endemicity
status and clade size distribution. We note that there might be other
models that fit the data better, but our purpose is not to find the
best-fitting model but to generate a parameter set that would gen-
erate datasets resembling empirical datasets.

2.3 | Simulating complete island data sets

We used a standard algorithm that allows stochastic simulations
in continuous time (Gillespie, 1976) and that is implemented in

the DAISIE package version 4.6.0, to simulate island phylogenetic
datasets for the ML parameter sets obtained from fitting the
model to each empirical dataset. It is worth noting that in a few
cases, some of these simulated datasets consisted of exclusively
species-rich or species-poor clades (according to our definition
of rich or poor, see below). This occurrence can be attributed to
the stochastic nature of the model. We excluded these specific
datasets from our analysis, as we aimed to examine the impact
of unsampled species from both rich and poor clades (see below).
This means that the comparison of the parameter estimated from
the complete dataset and the true generating parameters be-
comes biased. However, our primary interest lies in comparing the
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parameters estimated from the complete dataset with those esti-
mated from the generated incomplete dataset. We initially gener-
ated enough datasets to ensure that, after discarding those with
only species-rich or species-poor clades, we still have a total of
1000 datasets. To investigate the impact of unsampled species on
larger and more complex datasets (e.g. comparable to the num-
ber of plants of a diverse oceanic archipelago, such as the Canary
Islands), we also created a set of 1000 datasets with a parameter
set that simulated an island community with a higher number of
species (1000 — 1200) species and colonization events (400 — 600)
(Table 1). We will refer to these as the ‘Large’ dataset in the fol-
lowing sections.

2.4 | Simulating incomplete island datasets

To account for common limitations in data collection, we assumed
that only a subsample of the total number of known species in the
community could be sampled. Therefore, we trimmed each of the
simulated datasets to replicate various scenarios of incomplete
sampling, using different fractions of unsampled species (5%, 20%,
40% and 60%) with two different thresholds for considering a
lineage species-rich (four and seven). For each complete simulated
dataset, we created three different incomplete datasets using the

following three primary sampling strategies:

e Primary sampling strategy 1: In this strategy, a given fraction of
unsampled species is randomly pruned from clades within the
focal community to create the incomplete dataset.

e Primary sampling strategy 2: This strategy prioritizes sampling
species from the most diversified lineages (‘species-rich’ lineages).
We pruned the given fraction of unsampled species from the
species-poor lineages (<four species) in the phylogeny to create
the incomplete dataset.

e Primary sampling strategy 3: This strategy prioritizes sampling
species from the least diversified clades (‘species-poor’ lineages).
We pruned the given fraction of unsampled species from the
species-rich lineages (>four species) in the phylogeny to create

the incomplete dataset.

For each of the three primary sampling strategies listed above,
we created five distinct types of incomplete datasets, which we re-
ferred to as ‘secondary sampling strategies’. Each secondary sam-
pling strategy represents a scenario of incomplete sampling within

clades:

e Secondary sampling strategy 1: This dataset was produced by re-
moving (i.e. not sampling) species randomly within each clade.

e Secondary sampling strategy 2: This dataset was produced by re-
moving the oldest species from clades. We define the oldest spe-
cies as the island species that have the longest individual branch
in the tree. This allowed us to assess the effect of unsampled old
species on parameter estimation.

B Methodsin Eclogy and Evalution |

e Secondary sampling strategy 3: This dataset was produced by re-
moving the youngest species from clades. We define the young-
est species as the island species that have the shortest individual
branch in the tree. This scenario aimed to examine the impact of
unsampled young species on parameter estimation.

e Secondary sampling strategy 4: This dataset was produced by
removing outgroup species. Outgroup species are continental
(‘mainland’) species that are closely related to the island clade.
They can provide a reference point for estimating the divergence
time of the island clades from their mainland ancestors, and hence
the colonization time (Martin-Hernanz et al., 2023). Within the
DAISIE framework, excluding the outgroup species of a clade cor-
responds to removing its stem age. This incomplete dataset was
only created for the Large dataset because other datasets have
too few colonization events, which prevents comparing the ef-
fect of excluding outgroup species from rich lineages to excluding
outgroup species from poor lineages. But even for this dataset,
we could only consider a scenario with 5% of unsampled species,
as some datasets contained very few species-rich or species-poor
clades.

e Secondary sampling strategy 5: This dataset was produced by re-
moving some clades entirely (regardless of clade size), including
the stem age.

It should be emphasized that in our analyses, pruning away a spe-
cific species, or an entire clade, means removing the corresponding
phylogenetic data (stem age or branching times). However, for all
removal scenarios, the number of species removed from each clade
(‘unsampled species’) and their endemicity status are known (e.g.
mimicking the empirical case where this is known based on check-
lists of island species) and thus they are included in the analyses by
specifying this when preparing the data to be run in the DAISIE R
package.

In total, we examined 15 scenarios of incomplete sampling (5 sec-
ondary sampling strategies for each of the three primary sampling
strategies), each with four degrees of incompleteness (5%, 20%, 40%
and 60%).

We note that the sampling effort for the incomplete data (b),
where some outgroup species are missing, differs from the other
datasets. This is because, typically, multiple mainland relatives are
sampled to identify the closest mainland relative. To ensure that the
comparison between the different sampling methods is not biased
by differences in sampling effort (hnumber of lineages samples and
sequenced), we assumed that a single outgroup species is sampled

for each clade on the island.

2.5 | Fitting DAISIE to complete and incomplete
simulated datasets

To determine the best sampling method, we fitted the DAISIE
model that was used to simulate the data to each complete and
incomplete dataset generated by each sampling method. We
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estimated the rates of speciation (anagenesis and cladogenesis),
extinction, colonization and the carrying capacity for each sam-
pling method. Comparing the estimates from the incomplete
datasets and the corresponding complete dataset allows us to de-
termine the effectiveness of each incomplete dataset generated
by different sampling methods in estimating rates of processes
that generated the community.

Importantly, fitting the DAISIE to the complete simulated data-
sets does not guarantee that the true generating parameters (those
parameters that were used to simulate the complete simulated data-
sets) will be correctly estimated, as the DAISIE has some inherent
baseline error (Neves et al., 2021; Xie et al., 2023). By fitting the
model to different incomplete datasets, the error in parameter es-
timates can stem from both the incompleteness and the DAISIE
model itself. Thus, we compared the parameter estimates from the
incomplete dataset to (i) those obtained using the complete simu-
lated dataset and (ii) the true generating values. This helps to isolate
the sources of error and provides a clearer understanding of how the
model performs when working with complete data before evaluating

its performance with incomplete datasets.

3 | RESULTS

The results presented below are based on the analysis of the Large
dataset. The results for the four empirical datasets (Galapagos birds,
New Zealand birds, Hispaniola frogs and Greater Antilles bats) can
be found in the Supporting Information. We selected a threshold of
four species to distinguish between species-poor and species-rich
clades, defining clades with more than five species on the island as
species-rich. The aim was to investigate the impact of missing spe-
cies across clades with varying degrees of species richness. We
found that the results remain consistent even when a different
species-richness threshold is applied (Figure S15).

We began our analysis by assessing the model's accuracy in
estimating the true generating values (i.e. the initial parameters
used to simulate the complete simulated datasets) from the com-
plete datasets (beige colour violin plots in Figures S4 and S5). The
results show that the model performs well in recovering the cor-
rect colonization, cladogenesis, anagenesis and extinction rates
(Figures S4 and S5). Notably, the median of the relative error (rela-
tive to the real values used to simulate the datasets) in parameter
estimates across the 1000 complete simulated datasets was very
low, close to zero (Figures S4 and S5). This was also true for the
incomplete datasets.

Next, we compared the parameter estimates obtained from in-
complete datasets to those derived from complete datasets (e.g.
Figure 2). Generally, except for the rate of anagenesis, the width of
the distribution of the error in parameter estimates did not show sig-
nificant differences across incomplete datasets with the same pro-
portion of missing species (e.g. Figure 2). However, we observed that
the median errors across the 1000 simulated incomplete datasets
were slightly lower when species were removed from species-poor

clades compared to when species were unsampled from species-
rich or randomly selected clades (e.g. Figure 2). For the anagenesis
rate, the width of the error distribution tended to decrease when
the unsampled species were from the most species-rich clades (e.g.
Figure 2; Figures S1-S3).

Furthermore, incomplete sampling had distinct effects on
parameter estimates when different groups of species were not
sampled within clades (i.e. depending on the secondary sampling
strategy). The width of the distribution of the error in parameter
estimates did not show significant differences across all incom-
plete datasets with the same proportion of missing species, but the
median errors across the 1000 incomplete datasets were higher
when the proportion of unsampled species within clades were the
oldest species and even higher when they were outgroup species
(Figures 3-5; Figures S6-S14). For datasets with many coloniza-
tion events (e.g. the Large dataset and the New Zealand birds),
median errors tended to be lower when unsampled species were
from entirely unsampled lineages (Figures 3-5; Figures S11 and
S13). The difference in the impact of not sampling these groups
of species on parameter estimates was especially noticeable when
species were removed (i.e. not sampled) from species-rich lineages
(Figures 3-5; Figures S6-514).

We also assessed how the size of the dataset impacts the con-
sequences of incomplete sampling. Specifically, we investigated
how different-sized communities, characterized by varying levels
of species diversity and colonization events (Table 1), responded to
incomplete sampling. In general, when considering the same pro-
portion of unsampled species (5%, 20%, 40% and 60%), our study
demonstrates that larger incomplete datasets tend to yield more
precise parameter estimates compared to smaller incomplete data-
sets, as expected (Figure 6). Moreover, across all datasets, the width
of the distribution of the error in parameter estimates consistently
decreases as the sampling fraction increases (Figure 2). However,
at intermediate sampling (sampling fraction=60%), when missing
species are from species-rich lineages, the median errors in param-
eter estimates are lower than for higher sampling (sampling frac-
tion=80%) (e.g. Figure 2).

4 | DISCUSSION

Incomplete taxonomic sampling is inherent in almost all phylogenetic
research, and this also applies to small, ‘simpler' systems such as is-
lands. Although island taxa typically occur in a more confined area
compared to the often more widely distributed continental taxa that
can cover multiple continents, sampling all species of island clades is
often not possible (Bank et al., 2021; Ralimanana et al., 2022). Under
the realistic assumption that most empirical phylogenetic studies
will not achieve complete sampling, we aimed to identify how the
level of sampling can affect biogeographical and diversification anal-
yses of island species, and to identify whether certain taxonomic
sampling strategies may be more efficient to mitigate limitations re-
sulting from incomplete sampling.
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FIGURE 2 Effect of sampling strategy on the estimation of parameters for simulated datasets generated with the parameters that
created the Large dataset. Violin plots show the error distributions for colonization, extinction, cladogenesis and anagenesis rates across
simulations from incomplete datasets with varying sampling fractions. These datasets were generated using the three primary sampling
strategies, with species in clades sampled randomly. Removing (i.e. not sampling) species from species-rich lineages results in less accurate
parameter estimates. All errors are calculated relative to the parameter estimates for the complete simulated dataset.

To address the issue of incomplete taxonomic sampling, we used
the DAISIE model as a case study to identify sampling strategies that
minimize errors in parameter estimation as well as quantify the er-
rors for a given existing sampling strategy. We ran simulations of dif-
ferent island datasets with variable levels of complexity (e.g. number
of species and colonizations) where mimicked incomplete sampling
by removing species according to the size of their clade (species-
rich clade vs. species-poor), their phylogenetic position (outgroup
species, oldest species and youngest species) or by excluding some
lineages entirely.

Our study indicates that the impact of unsampled species on
parameter estimation varies depending on both clade size (primary
sampling strategies) and the specific species that are unsampled
(secondary sampling strategies). We found that missing species from
the most species-rich clades resulted in a slightly larger impact on
parameter estimates than pruning species from species-poor clades
or randomly selected clades (Figure 2). We argue that this is be-
cause species-rich clades have multiple potential positions for the
missing species within the phylogeny, which increases the likelihood
of misplacement and consequently introduces greater errors in pa-
rameter estimates. This finding leads to the clear recommendation

to prioritize sampling of species-rich island lineages in the DAISIE
context. However, it may also have implications for other types of
models. While the distinction between species-rich and species-
poor clades is not relevant for single-lineage diversification analyses
(e.g. analyses of clade-wide homogenous rates in Bayesian Analysis
of Macroevolutionary Mixtures (BAMM)—Rabosky et al., 2014 or
R: Phylogenetic ANalyses of DiversificAtion (RPANDA)—Morlon
et al., 2016), it may be important for methods that test for diversifi-
cation rate shifts at specific nodes or branches (e.g. shift models in
BAMM—Rabosky et al., 2014, Diversity-Dependent Diversification
(DDD) key innovation—Etienne et al., 2012) or trait-dependent di-
versification (e.g. state-dependent speciation and extinction [SSE]
models) (Beaulieu & O'Meara, 2016; Herrera-Alsina et al., 2019;
Maddison et al., 2007). In such methods, there are effectively sub-
clades with different diversities that are governed by different di-
versification regimes. We hypothesize that failing to sample species
from the more diverse subclades may have a greater impact on the
accuracy of parameter estimates, but this will need to be tested for
each specific model.

Regarding sampling strategies within targeted clades (second-
ary sampling strategies), the most significant effect on parameter
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FIGURE 3 Effect of sampling strategy on the estimation of parameters for simulated datasets generated with the parameters that
created the Large dataset. Violin plots show the error distributions for colonization, extinction, cladogenesis and anagenesis rates across
simulations from incomplete datasets (here 40% missing species) generated under the secondary sampling strategies. Removing (i.e. not
sampling) the oldest species results in less accurate parameter estimates. All errors are calculated relative to the parameter estimates for the

complete simulated dataset.

estimates was observed in datasets lacking complete information
on clade colonization times (Figures 4 and 5). This corresponds to
secondary sampling strategies where phylogenetic data for out-
group species is unavailable for certain clades. Our findings align
with those of Valente et al. (2018), who observed that including
clade colonization times in phylogenetic information leads to
more precise and accurate parameter estimates, compared to re-
lying solely on species richness and endemicity status. This sug-
gests that information about mainland relatives is essential for
understanding how communities have assembled on the islands.
Outgroup species provide essential data on the divergence time
between extant island lineages and their closest mainland rela-
tives, which is necessary for estimating clade colonization times
(Martin-Hernanz et al., 2023). When this outgroup data are absent
or incomplete, divergence times between mainland relatives and
island lineages may be overestimated (Garcia-Verdugo et al., 2019;
Lambert et al., 2022), potentially affecting the inferred timing and
tempo of diversification events. Beyond the DAISIE, for single-
clade diversification models and models that are mostly relevant

to continental clades (e.g. studying diversification of continental
genus), this suggests that having a good estimate of the stem age
of the clade in question may be important, and we therefore rec-
ommend paying more attention to outgroup sampling for diver-
sification and biogeographical approaches in general (rather than
focussing exclusively on the ingroup).

We also observed a higher impact on parameter estimates when
the unsampled species in incompletely sampled clades were the old-
est species (species with the longest individual branches): The error
was higher when the unsampled species were the oldest than when
the unsampled species were randomly chosen or were the young-
est species (species with the shortest individual branches), and was
also higher than the error in the scenario where entire lineages were
left out (Figures 3-5). The higher error found when failing to sample
older species may be due to the fact that later stages of an island
radiation have more branches and more species that can speciate,
making it more likely that species are missing from late-diverging
branches. Hence, removing these is then more or less in line with the
model, whereas removing the oldest species is unlikely according to
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FIGURE 4 Effect of sampling strategy on parameter estimation for simulated datasets generated with the parameters that created the
Large dataset. Missing species are removed from species-rich lineages. Violin plots show the error distributions for colonization, extinction,
cladogenesis and anagenesis rates across simulations from incomplete datasets (here 5% missing species) generated under the secondary
sampling strategies. Removing (i.e. not sampling) outgroup species or the oldest species results in less accurate parameter estimates. All
errors are calculated relative to the parameter estimates for the complete simulated dataset.

the model and hence it is less well able to account for these miss-
ing data. Random sampling, on the other hand, aligns more closely
with the way missing species are distributed within a clade, result-
ing in a smaller effect on parameter estimates compared to the tar-
geted sampling of the oldest or youngest species. However, when
the proportion of missing species was small (5% and 20%), datasets
with a larger number of colonization events (e.g. the Large dataset
and the New Zealand birds) where some species-rich lineages were
completely unsampled also led to lower median error in parameter
estimates (Figures 3-5; Figures S11 and S13). We argue that this
happens because, at small proportions, the missing species typi-
cally represent one or very few clades relative to the dataset's size.
Consequently, the dataset retains much of its overall structure, re-
ducing the effect of the missing species on the parameter estimates.
While this result is based on the DAISIE model, it is likely that this
may also affect other models. For instance, when studying large con-
tinental clades to test for speciation, extinction or carrying-capacity
shifts (e.g. BAMM or DDD), we anticipate that failing to sample older
species of subclades for which a diversification shift has been de-
tected may cause similar issues.

Except for datasets with incomplete information on the coloni-
zation times (i.e. outgroup species unsampled), the difference in the
impact of missing species on parameter estimates was more notice-
able when unsampled species were removed (i.e. unsampled) from
species-rich lineages (Figures 4 and 5). For lineages with few species,
removing the oldest, youngest or randomly selected species often
results in similar tree structures due to the limited complexity of
such lineages (Figure 5; Figures S6-S14). This explains why the sam-
pling strategy may not matter as much for small clades, compared to
species-rich lineages.

Missing species have a relatively minor impact on parameter es-
timates for large datasets (the Large dataset). For instance, as shown
in Figure S16, the errors in parameter estimates for the Large data-
set with a 60% sampling fraction are equal to or lower than those
observed for smaller datasets at a 95% sampling fraction. Similar
findings were reported by Mynard et al. (2023) in state-dependent
speciation and extinction models, who observed that larger, incom-
plete phylogenies can be more effective than smaller, more complete
sub-clades to study patterns of trait-dependent diversification. This
supports the idea that larger datasets are generally more robust and
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FIGURE 5 Effect of sampling strategy on the estimation of parameters for simulated datasets generated with the parameters that
created the Large dataset. Missing species are removed from species-poor lineages. Violin plots show the error distributions for colonization,
extinction, cladogenesis, and anagenesis rates across simulations from incomplete datasets (here 5% missing species) generated under

the secondary sampling strategies. Removing (i.e. not sampling) outgroup species or the oldest species results in less accurate parameter
estimates. All errors are calculated relative to the parameter estimates for the complete simulated dataset.

provide greater statistical power to detect underlying evolutionary
patterns (Davis et al., 2013; Mynard et al., 2023). For smaller com-
munities with fewer species, however, achieving complete sampling
should be of higher priority. We do note that larger clades are often
older and the assumption that the same rates and processes operate
across these extended time scales may be violated more often than
for smaller, younger clades. That is, uncertainty is then of a more
fundamental nature.

As expected, we also observed that a higher sampling fraction
(low proportions of missing species) results in more accurate and
precise parameter estimates (Figure 2; Figures S1-514), emphasiz-
ing the importance of comprehensive data collection in accurately
characterizing the diversification dynamics of a biological com-
munity. Previous studies have also shown that incorporating more
phylogenetic data further enhances the accuracy and precision of
parameter estimates (Valente et al., 2018) as well as model selec-
tion (Davis et al., 2013; Mynard et al., 2023). Interestingly, at inter-
mediate sampling (e.g. sampling fraction=80%), the median errors
are higher than for lower sampling (e.g. sampling fraction=60%).
We argue that this happens because, with a lower proportion of

sampled species, the sampling process resembles random sampling
better and consequently may in some cases have a lower impact
on the parameter estimates. However, the distribution width error
across the 1000 simulated datasets remains larger than when the
sampling fraction is lower. As the sampling fraction increases further
(e.g., 95%), the error decreases as the dataset becomes closer to the
complete dataset.

Given our findings, the results of previous studies that have
used the DAISIE appear to be qualitatively robust, with all analysed
datasets having a sampling fraction of at least 85% at species level.
This suggests that the overall qualitative insights from these studies
remain reliable. However, some of the former studies (e.g. Hauffe
et al., 2020; Valente, lllera, et al., 2017) have a high proportion of
unknown colonization times, at least for some of the islands, which
would be equivalent to the scenarios in our simulations where the
outgroup or an entire species-poor lineage is removed. Therefore,
the latter studies may benefit from increased sampling in future.

The DAISIE model relies on phylogenetic data to estimate rates
of evolutionary processes that have shaped island communities,
which in turn are used to simulate and understand island dynamics.
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complete simulated dataset.

By studying the impact of different types of incomplete phyloge-
netic datasets on parameter estimates, our study offers practical
guidance on selecting the optimal sampling strategy that minimizes
errors in parameter estimates under the realistic scenario that not
all species can be sampled. It is important to emphasize that our
approach to determining the optimal species sampling strategy as-
sumes some prior knowledge of the community of interest—for ex-
ample, which clades are species-rich or poor, or which species are
the oldest and the youngest.

Regarding prior information on lineage sizes, there are several
comprehensive databases and research studies onisland biodiversity
that can provide prior knowledge about certain communities. For
example, the list of wild species in the Canary Islands published in
Acebes et al. (2009) offers detailed information on the region's flora
and fauna, and Beierkuhnlein et al. (2021) list provides an extensive
checklist of Canary Islands' plant species. Additionally, documenta-
tion such as the flora of Hawaii (Wagner et al., 2023) or checklists
of Galapagos flora and fauna (McMullen, 1999; Parent et al., 2008)
show the availability of prior knowledge for certain regions.

Regarding young versus old species, our secondary sampling
strategies 2 and 3 require identifying the youngest and oldest spe-
cies within a lineage, and therefore require a prior phylogeny with
branch lengths. Because we are conducting a simulation study, we
can readily obtain this information from our simulated phylogenies.

However, in a real empirical study, identifying young and old spe-
cies is much more challenging, because this information cannot be
obtained in the absence of a phylogeny (which is exactly what the
researchers would be aiming to achieve). While the identification of
young and old species cannot be done for lineages without an ex-
isting phylogeny, this approach can be applied to groups for which
a previous phylogeny already exists. There are many examples of
such a situation—for instance, the many ongoing international ini-
tiatives to produce phylogenies using the same molecular markers,
such as the Plant and Fungal Trees of Life Project (PAFTOL), which
aims to reconstruct phylogenies using a standardized set of reduced-
representation genomic sequences Zuntini et al. (2024), or the ‘Bird
10,000 Genomes' (B10K) project (Stiller et al., 2024) project, which
aims to reconstruct the avian tree of life with full genome data. In
these cases, previously published phylogenies using a single or a few
molecular markers often already exist, but researchers want to up-
date those phylogenies using standard loci or an increased number
of loci. When such prior phylogenies exist, researchers could take
advantage of them to identify young and old species. Likewise, a
community-wide phylogeny approach, such as the one we are dis-
cussing in the manuscript, requires a high-quality, standardized
dataset from as many lineages as possible on a given island. This
may involve resampling clades with existing phylogenies to ensure
consistency in genetic markers, sequencing methods and protocols,
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as well as increasing the number of markers used to enhance the
robustness of the phylogenetic relationship estimates. Again, infor-
mation on young or old lineages could be obtained from the already
existing phylogenies.

Evenin cases where nearly complete sampling has been achieved
but time or funding does not allow sequencing all species, our results
can help researchers set priorities on which species to sequence: (1)
focus on as many species as possible in species-rich clades, (2) if pre-
vious phylogenetic information is available, target the oldest species
within clades for the new phylogeny and (3) include outgroup spe-
cies (closely related relatives). Although our analysis utilizes specific
software tools, we believe that it represents a general model, as any
macroevolutionary approach inherently involves the fundamental
processes of colonization, speciation, and extinction, with generaliz-

able results to guide field sampling for future biogeographic studies.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Effect of sampling strategy on parameter estimation for
simulated datasets generated with the parameters estimated from
the Galapagos birds.

Figure S2. Effect of sampling strategy on parameter estimation for
simulated datasets generated with the parameters estimated from
the Greater Antilles bats.

Figure S3. Effect of sampling strategy on parameter estimation for
simulated datasets generated with the parameters estimated from
the New Zealand birds.

Figure S4. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
that created the Large dataset.
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Figure S5. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
that created the Large dataset.

Figure Sé6. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the Galapagos birds.

Figure S7. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the Galapagos birds.

Figure S8. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the Greater Antilles bats.

Figure S9. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the Greater Antilles bats.

Figure S10. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the Hispaniola frogs.

Figure S11. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the New Zealand birds.

Figure S12. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
estimated from the New Zealand birds.

Figure S13. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
that created the Large dataset.

Figure S14. Effect of sampling strategy on the estimation of
parameters for simulated datasets generated with the parameters
that created the Large dataset.

Figure S15. Effect of sampling strategy on the estimation of
parameters for simulated data sets generated with the parameters
that created the Large dataset.

Figure S16. Effect of the effect of missing data on datasets of
different size.
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