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ABSTRACT 
Collecting data for use in constructing phylogenies is a valuable but time- and resource-
consuming pursuit. As a result, indicators of the potential value of including certain species in a 
phylogeny a priori could prove useful when planning this stage of research. Here, we used a 
simulation approach to investigate whether there are trends in the ability for phylogenetic 
comparative methods to recover the correct model of trait evolution based on certain 
characteristics of the phylogeny. First, we used multiple diversification rates to simulate 
phylogenies containing varying proportions of fossil and extant tips. We then simulated the 
evolution of a single trait across each phylogeny using multiple continuous trait evolution 
models, and compared the fit of the correct and incorrect models. This quantitative evaluation 
allowed us to discern whether there are certain tip characteristics associated with identifying the 
correct trait evolution models. Our results indicate that the inclusion of fossils can be highly 
beneficial to reconstructing certain trait histories (e.g., Ornstein-Uhlenbeck and ACDC) but not 
to others (e.g., Brownian motion). In fact, in many cases, increasing the proportion of fossils in a 
phylogenetic dataset is far more beneficial, and perhaps more time- and resource-efficient, than 
increasing the number of extant taxa in the dataset. Our results corroborate previous findings that 
the inclusion of fossil tips can vastly improve the reconstruction of trait histories, but also show 
that this effect is often stronger for older fossils. 
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INTRODUCTION 
Phylogenies describe the hypothesized or inferred evolutionary relationships between 

biological entities. Phylogenetic comparative methods (PCMs) use phylogenies to investigate the 
intricate patterns and processes of evolution along the branches of the evolutionary tree 
(Felsenstein 1985; Cornwell and Nakagawa 2017; Cornwallis and Griffin 2024). Such analyses 
include estimating ancestral states of discrete or continuous characters (including historical 
biogeography), inferring the tempo and/or mode of evolution of one or more traits, and 
identifying diversification dynamics (Butler and King 2004; Stadler 2011; Slater 2013; Rabosky 
et al. 2018; Allen et al. 2019; Godoy et al. 2019; Harmon 2019; Gearty et al. 2021). However, a 
longstanding conundrum regarding the application of computational methods in evolutionary 
biology is how to ensure that the results of downstream analyses are valid, particularly as 
experimental data against which such methods can be verified often does not exist (Barido-
Sottani et al. 2020a). This is particularly true of PCMs, with many of the most-commonly used 
methods and models being criticized for their potential inaccuracy (Boettiger et al. 2012; Pennell 
et al. 2015; Cooper et al. 2016; Louca and Pennell 2020; Cornuault 2022). 

A major assumption underlying PCMs, which likely further contributes to the inaccuracy 
of the results they produce, is that the phylogeny being used is a fair representation of the 
underlying genealogical population, i.e. the clade of interest (Symonds 2002; Warnock et al. 
2020; Hibbins et al. 2023). If the phylogeny is not representative of the clade’s evolutionary 
history (due to, for example, bias in the branches sampled, incorrect relationships, or invalid 
branch lengths), it may result in incorrect inferences, which may then lead to false evolutionary 
conclusions. However, as a phylogeny approaches the true history, the inferences of PCMs 
should likewise approach the true evolutionary dynamics (provided that the underlying process 
of trait evolution can also be appropriately modeled). Choices concerning the data from which 
the phylogeny is inferred are fundamental to how likely the phylogeny is to truly represent 
evolutionary history. Collecting this data is a labor-intensive and resource-demanding (e.g., time, 
choices, money, computation) endeavor. Therefore, it is imperative to find ways to determine 
which of the decisions made when collecting data for constructing a phylogeny have the largest 
impact on PCM accuracy, so that researchers can make informed choices based on a cost-benefit 
approach (Mongiardino Koch and Parry 2020; Mongiardino Koch et al. 2021). 

Recent computational developments have allowed for the construction of dated 
phylogenies, in which branch lengths represent time, to be conducted via the integration of 
diverse sources of information, such as genetic sequences, phenotypic characters, fossil ages, and 
ecological data (Ronquist et al. 2012; Zhang et al. 2016, 2023; Wright et al. 2022; Mulvey et al. 
2025). The types of data to include is therefore one of the major choices when planning data 
collection for phylogenetic inference. One potential choice in the construction of phylogenies for 
PCMs is whether extinct taxa are included, and, if so, which ones are included (e.g., Puttick 
2016). Paleontology has a long history of producing phylogenies based on extinct taxa using 
morphological character matrices (Vrba 1979; Gauthier 1986). However, the combination of 
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morphological and molecular data is a much more recent phenomenon (Springer et al. 2001; 
Schrago et al. 2013; Zou and Zhang 2016). Since the inception of these combined data 
approaches (also known as “total-evidence”), paleontologists have advocated for the inclusion of 
fossils as tips in phylogenies (Wright et al. 2022; Zhang et al. 2023; Heckeberg et al. 2026). 

Previous papers have investigated how well PCMs work when using calibrated 
phylogenies that do or do not include fossils. Several studies have shown that ancestral states 
estimated based on extant-only data can be extremely biased (Webster and Purvis 2002; Finarelli 
and Flynn 2006; Royer-Carenzi et al. 2013). Slater et al. (2012) demonstrated that including 
fossils as tips in phylogenies increases the power of PCMs to detect the true model of trait 
evolution. This point has been echoed in case studies examining the bird, caniform and monkey 
fossil records (Finarelli and Goswami 2013; Mitchell 2015; Silvestro et al. 2015), although see 
Puttick and Thomas (Puttick and Thomas 2015) for an example in Afrotheria in which separate 
inferences based on living taxa and fossils agree. Further, several studies have shown that 
diversity dynamics and paleobiogeography cannot be accurately estimated with extant-only 
phylogenies, even when node ages are calibrated (Quental and Marshall 2010; Rabosky 2010; 
Louca and Pennell 2020; Wisniewski et al. 2022; Faurby et al. 2024), although the benefits of 
including fossils remain unclear (Louca et al. 2021; Černý et al. 2022; Beaulieu and O’Meara 
2023). However, despite these observations and cautions, extant-only time trees remain 
ubiquitous in studies conducting phylogenetic comparative methods (Jetz et al. 2012; Magallón 
et al. 2015; Jetz and Pyron 2018; Rabosky et al. 2018; Upham et al. 2019; Álvarez-Carretero et 
al. 2022; Pie et al. 2023; Smyčka et al. 2023). 

Given the complexity of these issues and piecemeal nature of model adequacy 
investigation and reporting (Pennell et al. 2015), a comprehensive quantitative assessment of the 
impact of the inclusion of fossils in phylogenies that are used for PCMs is needed. A central 
issue, as highlighted by Oakley and Cunningham (2000), Slater et al. (2012), and Cooper et al. 
(2016), and further underscored by Grabowski et al. (2023), pertains to the challenge of model 
traceability, especially in the context of complex (multiparametrized) models (Hansen 1997). 
This challenge primarily emerges when dealing with incomplete and poorly sampled datasets, 
significantly affecting the ability of the model to accurately track the evolutionary trajectories of 
specific traits within a phylogenetic framework. This evaluation will not only clarify the 
suitability of complex but well-defined modes of evolution in comparative analyses, but also 
enhance our understanding of the broader challenges related to phylogenetic comparative 
methods in the face of incomplete datasets. Such constraints are imperative to ensure that 
researchers can make informed decisions when applying these methods and understand the 
implications of these decisions on the potential accuracy of their results. 

Here, we determine how the inclusion of varying proportions of fossil tips, and their 
relative ages, affect the ability of PCMs to accurately recover specific and widely used models of 
continuous trait evolution. To achieve this, we implemented a multi-faceted strategy: we first 
simulated phylogenies of varying sizes, which contained varying proportions of root-biased, 
random, or recent-biased fossil (non-extant) tips. We then simulated the evolution of a single 
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continuous trait across each phylogeny using multiple trait evolution models, before comparing 
the fit of correct and incorrect models to these simulated traits. Our results corroborate previous 
findings that the inclusion of fossil tips can vastly improve the reconstruction of trait histories, 
but also show that this effect is stronger for older fossils. The inclusion of fossil tips is also more 
beneficial for traits which evolved under multi-regime models, but less impactful for other, 
simpler models. Further, it is impossible to correctly infer a shift in the optimum trait value over 
time in phylogenies only containing extant tips. In some instances, increasing the proportion of 
extinct taxa within a phylogenetic dataset emerged as more efficient than increasing the overall 
number of tips by multiple orders of magnitude. These findings are a major step towards 
developing precise, quantitative guidelines for planning the construction of phylogenetic datasets 
for PCMs that incorporate both modern and fossil taxa. Further, they quantify how much caution 
should be taken when interpreting the results of PCMs. 

MATERIALS & METHODS 
Simulating Phylogenies 

We developed a new workflow to simulate phylogenies that have both a fixed size and a 
set proportion of tips which are extinct (Fig. 1). First, to reflect the cladogenesis process (Fig. 
1A), we generated a birth-death tree with specific birth (λ) and death (μ) rates using the 
“sim.bd.taxa” function from the TreeSim R package (Stadler 2019). This function simulates trees 
using rejection sampling based on a user-provided desired number of extant taxa. Simulated trees 
with lower extinction rates have fewer fossil tips relative to extant tips. Since we needed to 
ensure that we had enough fossil tips to sample for the final phylogeny, we needed to inflate the 
desired number of extant taxa when simulating under lower relative death rates. To accomplish 
this, we set the number of desired extant tips to 𝑛𝑛 ∗ 𝜆𝜆÷𝜇𝜇

1÷0.9
, where n is the size of the desired final 

phylogeny. We used the complete = TRUE option to obtain the full birth-death tree including 
extinct tips. Then, to reflect the fossilization process (Fig. 1B), we simulated fossil occurrences 
under a Poisson process using the “sim.fossils.poisson” function from the FossilSim R package 
(Warnock et al. 2022). We used a Poisson sampling rate of 50 to ensure a large number of fossil 
occurrences were generated. We repeated this Poisson sampling until the number of extinct 
edges (i.e., non-extant and non-internal edges) with fossil occurrences met or exceeded the 
desired number. Then, to reflect the fossil sampling/recovery process (Fig. 1C), we defined a 
function that assigned an individual recovery potential value to each fossil occurrence based on 
its relative age (t: [0, 1]). By default, this workflow uses a uniform function (𝑓𝑓(𝑡𝑡) = 1) where all 
fossils are given the same recovery potential. Other functions can also be substituted in to impose 
increases or decreases in recovery potential through time. Once recovery potentials were 
assigned across the tree, we summed them up for all fossil occurrences along each fossil edge, 
yielding a single recovery potential per edge. We then randomly sampled the desired number of 
fossil tips from the full set of fossil tips (Fig. 1D), with the probability of sampling a given tip 
equal to its recovery potential. We used the FossilSim R package (Warnock et al. 2022) to drop 
the unsampled extinct tips from the phylogeny. Finally, to reflect the incomplete sampling of 
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extant taxa (Fig. 1D), we randomly dropped extant tips until we had a final phylogeny with the 
desired proportion of extinct tips. This sampling process skews the birth and death rates away 
from those used to simulate the phylogeny but is necessary to create strong variation in the 
distribution of tips over time. 

 
Figure 1: Diagram illustrating the simulation workflow that generates phylogenies that 
have both a fixed size and a set proportion of fossil tips. Step A: simulate the cladogenesis 
process by generating a phylogeny with a fixed number of extant tips under given birth and death 
rates. Step B: simulate the fossilization process by generating many fossils along the extinct tips 
under a Poisson process. Step C: simulate the fossil recovery process by assigning a recovery 
potential to each fossil based on a specified time-varying function (top: root-biased, middle: 
random, bottom: recent-biased). Step D: simulate the fossil collection process by randomly 
choosing fossil tips weighted by their summed recovery potentials. 
 

We used this workflow to simulate a suite of phylogenies using a range of parameters 
relevant to the evolutionary dynamics of clades and the construction of morphological matrices 
and phylogenies (Barido-Sottani et al. 2020a). First, we used two different death rates (μ; 0.5 and 
0.9) in combination with a static birth rate (λ; 1.0) to simulate evolutionary histories with low 
(0.5) and high (0.9) turnover (μ / λ), respectively. Sufficiently large phylogenies can be 
computationally difficult to simulate with extremely high turnover values because often the 
entire clade will go extinct before a sufficient number of lineages have evolved, so we did not 
attempt turnover values greater than 0.9. Second, we simulated these phylogenies with increasing 
total numbers of tips to reflect the different sizes of phylogenies that are commonly constructed 
in evolutionary biology (50, 100, 200, 500, and 1000). Based on our own testing, we decided to 
use exponential functions to reflect fossil recovery that increases (hereafter referred to as 
“recent-biased”) or decreases (hereafter referred to as “root-biased”) over time, in addition to the 
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default uniform recovery function (hereafter referred to as “random”). For the recent-biased 
recovery function, where fossils are much more likely to be found towards the present (than in 
the uniform sampling), we used 𝑓𝑓(𝑡𝑡) = 100𝑥𝑥 − 1. For the root-biased recovery function, where 
fossils are much more likely to be found closer to the root of the tree, we used 𝑓𝑓(𝑡𝑡) =
10−(𝑥𝑥−1) − 1. Note that the distributions of the sampled fossil tips do not look like these 
functions because of the exponential nature of increasing tips through time (Fig. 2 and S1).  
Finally, we generated these phylogenies with varying proportions of fossil tips to reflect the 
proportions of fossil taxa that are generally included in morphological matrices and 
paleobiological phylogenies (0, 0.1, 0.25, 0.5, and 0.95; n.b. the number of fossil tips is rounded 
down to the nearest integer). For each combination of these parameters, we simulated 100 
different phylogenies. This resulted in a total of 15,000 simulated phylogenies. 

 



TIP AGE AND CONTINUOUS TRAIT RECONSTRUCTION 

7 
 

Figure 2: The realized relative height distributions of the fossils in simulated phylogenies. 
The results are split out by the number of tips in the simulated phylogeny (row headers), the 
proportion of fossils in the simulated phylogeny (column headers), and the temporal bias of the 
fossils (color). Each simulated phylogeny has a different raw height, so the ages of the fossils are 
presented here as relative heights. These results are only for analyses where μ = 0.9, the results 
for analyses where μ = 0.5 are in Fig. S1. 
Simulating Traits 
 For each of our simulated phylogenies, we also simulated the evolution of continuous 
traits under 12 different evolutionary models (Table 1) using the mvMORPH R package (Clavel 
et al. 2015). The simplest model employed was Brownian motion (BM, Felsenstein 1985; 
O’Meara et al. 2006), whereby the trait evolves under a stochastic process akin to a random 
walk, governed by a strength of drift parameter σ. Two different σ values were chosen to 
represent weak (0.1) versus strong (0.5) drift. In addition to standard BM models, we also 
implemented BM models with trends, i.e. with a moving average trait value through time (trend, 
Pagel 2002; Hunt and Carrano 2010). These also used a weak (0.1) and strong (0.3) trend 
strength, with a fixed σ of 0.1. 

The second family of models applied was Ornstein-Uhlenbeck (OU, Hansen 1997; Butler 
and King 2004; Beaulieu et al. 2012). In addition to the drift facilitated by Brownian motion, OU 
models have additional parameters to represent the strength of pull, 𝛼𝛼, towards an optimum trait 
value, θ. We implemented two types of OU models: the OUs model has a θ that is distinct from 
the ancestral state, representing adaptive evolution towards an optimum value which differs from 
the root state, while the OUc model has a θ that is identical to the ancestral state, which 
represents stabilizing evolution, where Brownian drift is counteracted by a spring-like pull 
towards the optimum (Beaulieu et al. 2012). To account for the varying heights of our simulated 
trees, instead of using a set 𝛼𝛼 parameter, we calculated 𝛼𝛼 individually for each simulated tree 
based on the desired phylogenetic half-life (𝑙𝑙𝑙𝑙(2)/𝛼𝛼) relative to the height of the trees (Hansen 
et al. 2008; Cornuault 2022). For the weak OU models, our desired half-life was 100% of the tree 
height, so we calculated 𝛼𝛼 as 𝑙𝑙𝑙𝑙(2)

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡
. For the strong OU models, our desired half-life was 

20% of the tree height, so we calculated 𝛼𝛼 as 𝑙𝑙𝑙𝑙(2)
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 / 5

. 

The third family of models applied was accelerating and decelerating rate (ACDC, 
Blomberg et al. 2003; Harmon et al. 2010). Alongside the drift of Brownian motion, these 
models have a parameter β which describes the rate at which trait evolution changes over time. 
The decelerating rate model is particularly commonly applied, as it is thought to describe an 
“Early Burst” mode of evolution, under which a new clade experiences high rates of initial trait 
evolution which slowly decay over time (Simpson 1944; Harmon et al. 2010; Puttick 2018). 
These models were also implemented using a weak (0.1 and -0.1 respectively) and strong (0.3 
and -0.3 respectively) strength, with reduced drift (σ = 0.001) compared to the other models in 
order to accentuate the effect of the overall rate trend. 
 

https://www.zotero.org/google-docs/?broken=UEN9Po
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Table 1. The parameter values used in individual models to simulate trait evolution on each 
phylogeny. In all models, the ancestral trait state was set to 0. 

Model Strength Strength 
of drift (σ) 

Other parameters Abbr. 

Brownian motion (BM) 
Weak 0.1  wBM 

Strong 0.5  sBM 

BM with trend 
Weak 0.1 trend = 0.1 wtrend 

Strong 0.1 trend = 0.3 strend 

Ornstein-Uhlenbeck with 
identical root and optimum 
states (centered, OUc) 

Weak 0.1 θ = 0; 𝛼𝛼 = 𝑙𝑙𝑙𝑙(2)
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡

 wOUc 

Strong 0.1 θ = 0; 𝛼𝛼 = 𝑙𝑙𝑙𝑙(2)
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 / 5

 sOUc 

OU with different root and 
optimum states (shifting, OUs) 

Weak 0.1 θ = 2; 𝛼𝛼 = 𝑙𝑙𝑙𝑙(2)
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡

 wOUs 

Strong 0.1 θ = 2; 𝛼𝛼 = 𝑙𝑙𝑙𝑙(2)
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 / 5

 sOUs 

Accelerating (AC) 
Weak 0.001 β = 0.1 wAC 

Strong 0.001 β = 0.3 sAC 

Decelerating (DC; “Early 
Burst”) 

Weak 0.001 β = -0.1 wDC 

Strong 0.001 β = -0.3 sDC 

Model Fitting 
Having simulated the necessary data, we used the mvMORPH R package to fit five 

evolutionary models to the phylogenies and traits: BM (using the mvBM function), BM with a 
trend (mvBM with trend=TRUE), OU under stabilizing selection (mvOU with root=FALSE), 
OU with differing root and optimum states (mvOU with root=TRUE), and ACDC (mvEB with 
an upper bound of 1). Considering that we had simulated 12 traits across each of 15,000 trees, we 
ultimately ran 900,000 model fitting analyses in total. In 17 of these analyses, a model was 
unable to be fit to a particular trait simulation due to computational issues; we ignored these fits 
for all downstream comparisons and assessments. 
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Analyses without fossils (fossil proportion = 0) were incompatible with the three types of 
temporal bias employed for the analyses with fossils; these analyses were only performed once 
rather than three times to prevent biasing overall result calculations. Furthermore, phylogenies 
without fossils cannot provide information about possible trait value or optimum shifts through 
time, and therefore are always best fitted by models excluding these parameters (Slater et al. 
2012; Clavel et al. 2015). While the mvMORPH package permits fitting such models to 
phylogenies without fossils, the package documentation states that models with trends are only 
identifiable with non-ultrametric trees, and that the `root=TRUE` option for the “mvOU” 
function (which we used across all OUs model fittings) can be problematic with ultrametric trees 
(Clavel et al. 2015). Therefore, we excluded all results for these models (BM with trend, OU 
with differing root and tip optima) that lacked fossil tips from downstream analyses, leaving 
760,000 total analyses for further analysis. 

For each simulated trait, we calculated the AICc weights of the five fitted models to 
assess their relative fit to the trait data (Sugiura 1978; Burnham and Anderson 2002). The model 
with the highest AICc weight was considered the best-fitting model.  AICc is a modification of 
the Akaike information criterion (Akaike 1974) with an extra penalty term for the number of 
parameters in the fit model. Nonetheless, it is worth noting that previous studies have raised 
concerns about the use of AIC for comparing the fit of phylogenetic models, suggesting that this 
criterion may still be biased toward model overfitting (Ho and Ané 2014). Among the proposed 
alternatives, perhaps the most relevant is the phylogenetic Bayesian information criterion (pBIC, 
Khabbazian et al. 2016), which has been adopted in some subsequent studies (e.g., Benson et al. 
2018; Godoy et al. 2019). Nevertheless, AIC remains the most commonly used criterion in 
model-fitting analyses (e.g., Troyer et al. 2022; Farina et al. 2023; Grossnickle et al. 2024; 
Sternes et al. 2024; Almeida et al. 2025), and we therefore adopted this approach here. 

If the best-fitting model (i.e., with the highest AICc weight) was the same as the 
simulated model, we considered this a “correct” assessment; otherwise, if the best-fitting model 
was a different model, we considered this an “incorrect” assessment. We considered the 
proportion of these assessments that were “correct” as the “accuracy” under a particular set of 
parameters. We also calculated the ΔAICc between the best-fitting model (regardless of whether 
it was “correct”) and the other four models to assess whether any other models also had 
“substantial” empirical support (ΔAICc ≤ 2, Burnham and Anderson 2002). If all of the other 
fitted models had ΔAICc > 2, we considered this a “clear” result, otherwise we considered this 
an “unclear” result. We used these definitions to calculate the proportion of simulations in which 
1) the best-fitting model was “correct” and “clear” (i.e., we got the correct model and it was 
substantially better than the other models), 2) the best-fitting model was “correct” and “unclear” 
(i.e., we got the correct model, but one or more other model(s) could not be ruled out), 3) the 
best-fitting model was “incorrect” and “unclear” (i.e., we got the wrong model, but one or more 
other models could not be ruled out), and 4) the best-fitting model was “incorrect” and “clear” 
(i.e., we got the wrong model, and it was substantially better than the other models, including the 
correct model). We used the first two categories to identify the “accuracy” (the proportion of 
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simulations in categories 1 or 2) and “clear accuracy” (the proportion of simulations in category 
1) of our model-fitting approach. We collated the results based on the identity of the simulated 
model, to assess whether any particular model had relatively high or low chances of being 
incorrectly chosen over the simulated model. We also collated the results based on the identity of 
the best-fitting model (BM, trend, OUc, OUs, ACDC), to illustrate interpretation under a more 
empirical-style scenario, to address the question “If this is my best-fitting model, what is the 
model that likely generated my data?” Finally, we also extracted the estimated parameters (σ, ɑ, 
β, trend, and θ) from the results of the model fitting analyses when the generative and fitted 
models matched, to assess how well parameters are estimated across the range of simulation 
variables. 

All analyses were conducted using version 4.5.2 of the R programming language (R Core 
Team 2024). We used the dplyr, tidyr, tibble, and forcats R packages to manipulate data (Müller 
and Wickham 2023; Wickham 2023; Wickham et al. 2023, 2024). We used the ape, phytools, 
pcmtools, TreeSim, and FossilSim R packages to simulate and manipulate phylogenies (Paradis 
and Schliep 2019; Stadler 2019; Warnock et al. 2022; Gearty 2023; Revell 2024). We used the 
pbapply, future, and future.apply R packages to conduct analyses in parallel (Bengtsson 2021; 
Solymos and Zawadzki 2023). We used the ggplot2, ggh4x, and deeptime R packages to generate 
visualizations of the results (Wickham 2016; Brand 2024; Gearty 2024). All code is available on 
GitHub at https://github.com/willgearty/PCM_sensitivity and archived on Zenodo (Gearty et al. 
2026). 

RESULTS 
 Here we focus on the analyses with relatively high turnover (where μ = 0.9), which we 
consider to be more biologically realistic (Marshall 2017). For the analyses with lower relative 
turnover (where μ = 0.5), results are presented in the Supplementary Materials. We note in the 
main text when outcomes differ dramatically between the two turnover scenarios. 
Overall Accuracy 
 Across all high turnover model-fitting analyses, we found that 68.8% recovered the 
generative model as the best-fitting model (hereafter referred to as “accuracy”). When only those 
model-fits that are clearly better (ΔAICc > 2) than the second best-fitting model are counted, this 
accuracy (hereafter referred to as “clear accuracy”) is only 46.4% (Fig. 3; pink portions only 
[“correct and clear”]). Across all analyses, the overall proportion of best-fitting models that are 
“incorrect and clear” (the worst-case scenario) is 9% (Fig. 3; green portions). In the absence of 
fossils, clear accuracy is always below 30%, regardless of phylogeny size (Fig. 3). However, 
including any fossils in simulations increases clear accuracy by 20.1% (from 24% with no 
fossils, to 44.1% when just 10% of tips are fossils). When overall accuracy is assessed, the 
improvement due to the inclusion of fossils is less dramatic, but still notable, with an increase 
from 58.3% with no fossils to 66.1% with just 10% of tips as fossils. For random and recent-
biased fossils, as the proportion of fossils in the phylogeny increases, accuracy also increases, at 
least when the phylogeny has 200 or fewer tips (Figs. 3 and S2; middle and bottom rows). 

https://github.com/willgearty/PCM_sensitivity
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However, a small proportion of root-biased fossils is often as beneficial for accuracy as a large 
proportion, regardless of the phylogeny size (Figs. 3 and S2; top row). There is also a general 
increase in accuracy as phylogeny size increases, with or without fossils. This size effect is 
largest when fossils are recent-biased and low in proportion, but is otherwise fairly minor 
compared to the accuracy increase due to the inclusion of any fossils. 

 
Figure 3: Summary of the best-fitting models across all simulations. The best-fitting model 
for a given simulation can be either correct (matching the simulated model) or incorrect (not 
matching the simulated model) and also either clear (all other models with ΔAICc > 2) or unclear 
(at least one other model with ΔAICc ≤ 2). The results are split out by the proportion of fossils in 
the simulated phylogeny (x-axis), the distribution of the simulated fossils (row headers), and the 
number of tips in the simulated phylogenies (column headers). Analyses without fossils are 
presented in full color in the row for randomly distributed fossils, and those same results are 
shown faded for the other rows. These results are only for analyses where μ = 0.9, the results for 
analyses where μ = 0.5 are in Fig. S2. Results split out by model instead of phylogeny size are 
shown in Fig. S3. 
 
Brownian motion 

When the simulating model was a Brownian motion model, this was also the best-fitting 
model in 67.2% of all simulations (Fig. 4). However, the clear accuracy for these models is much 
lower, at 5.6% (Fig. S3). These percentages are fairly consistent regardless of fossil distribution, 
phylogeny size, relative extinction rate, or the strength of the Brownian motion (“wBM” versus 
“sBM”). Notably, Brownian motion is the only model for which the clear accuracy drops when 
adding fossils, from ~20% without fossils to ~5% when any fossils are included (Fig S3). When 
a trend is added to the Brownian motion model (“wtrend” and “strend”), accuracy improves to 
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92.6% (with 85% clear accuracy). For strong trends (“strend”), the overall accuracy is 96.8% and 
all sets of parameters have >80% accuracy (Fig. 4). Accuracy generally increases or stays the 
same with increasing fossil tip proportion and/or phylogeny size. For weak trends (“wtrend”), 
accuracy is lower (88.4%), especially for simulations with recent-biased fossil distributions 
(82.6%). However, with random (89.2% average) or root-biased (93.2% average) fossil 
distributions, accuracy is >60% across the board. The BM simulation accuracy results are 
qualitatively the same for both death rates (μ), although simulations with a weak trend tend to 
have reduced accuracy (Fig. S4). 

 
Figure 4: The proportion of simulations for which the best-fit model does match the 
simulated model (panel headers). These results are agnostic with regards to the ΔAICc score, 
and therefore combine the “correct & clear” and “correct & unclear” outcomes from Fig. 3. The 
results are split out by the proportion of fossils in the simulated phylogeny (x-axis), the 
distribution of the simulated fossils (line type), and the number of tips in the simulated 
phylogenies (line color). Analyses without fossils are plotted as part of the random distribution. 
These results are only for analyses where μ = 0.9, the results for analyses where μ = 0.5 are in 
Fig. S4. 
 

For simulated Brownian motion models, when no fossils are included, ACDC models are 
nearly the only models that are chosen over a BM model, for 19.8% of simulations (Figs. 5 and 
S5). However, when any fossils are included, the probability of incorrectly choosing an ACDC 
model stays relatively the same, but the probability of choosing a trend (13%), OUc (4.2%), or 
OUs (1.4%) model increases slightly. For BM models with weak trends, 4.4% of simulations are 
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incorrectly identified as BM, 1.8% of simulations are incorrectly identified as ACDC, and 5.5% 
of simulations are incorrectly identified as OUc or OUs. With a strong trend model, 3.1% of 
simulations are incorrectly identified as OUs, with a slight increase to 5.1% when the fossils are 
recent-biased (Figs. 5 and S5). 

 
Figure 5: Confusion matrix showing the proportions of simulations that were best fit by 
each model (y-axis). The results are split out by the simulated model (x-axis) and the fossil 
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treatment (rows). Analyses without fossils are split out as a separate treatment. Red outlines 
represent the correct model given the simulated model (note that there is not a one-to-one 
relationship). Grey boxes indicate analyses that were skipped due to nonidentifiability. These 
results are only for analyses where μ = 0.9, the results for analyses where μ = 0.5 are in Fig. S5. 
Finer resolution breakdowns of these results are shown in Figs. S6-S11. 
 

In all simulations for which BM is the best-fitting model, this is incorrect 39.4% of the 
time. As phylogeny size increases, the proportion of misidentified simulations decreases, from 
58.3% for the phylogenies with 50 tips to 17.5% for phylogenies with 1000 tips (Figs. 6 and 
S12). 

 
Figure 6: The proportion of simulations best fit by a given model (column headers) that 
were generated by each simulated model (line color). The results are split out by the 
proportion of fossils in the simulated phylogeny (x-axis), the age distribution of the simulated 
fossils (line type), and the number of tips in the simulated phylogenies (row headers). Analyses 
without fossils were either not conducted due to the presence of a trend (trend, OUs) or are 
plotted as part of the random distribution. These results are only for analyses where μ = 0.9, the 
results for analyses where μ = 0.5 are in Fig. S12. 
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Ornstein-Uhlenbeck 

The overall accuracy for OU simulations when no fossils are included is 2.4%, with a 
clear accuracy less than 1% (Figs. 4, S3, and S4). Note that this only includes OUc simulations 
since OUs were excluded due to nonidentifiability. When any fossils are included, this rises to an 
overall accuracy of 47% and a clear accuracy of 19.6%. 

Weak OU simulations are particularly difficult to accurately infer. When no fossils are 
included, weak OU simulations with fixed optima (“wOUc”) have an accuracy of 0%. When any 
fossils are included, this overall accuracy increases to 29.3% for wOUc and 13.7% for weak OU 
simulations with shifted optima (“wOUs”). Within both sets of simulations, those with root-
biased fossil distributions have 21.8% overall accuracy for wOUc simulations and 10.7% overall 
accuracy for wOUs simulations (Figs. 4 and S4), while simulations with random fossil 
distributions show higher relative accuracy (up to 36.6% overall for wOUc simulations and up to 
17.1% overall for wOUs simulations). The initial addition of 10% random or recent-biased 
fossils to the phylogeny provides the largest increase in accuracy, with additional fossils 
providing marginal improvements. 

Simulations with strong OU signals (“sOUc” and “sOUs”) generally have higher 
accuracy than their respective weak models. When no fossils are included, strong OU 
simulations with no shifted optima (“sOUc”) have an overall accuracy of 4.8%. When any fossils 
are included, this overall accuracy increases to 76.4%. In general, accuracy appears to increase 
with increasing phylogeny size, although this increase (~5-25%) is much smaller than the 
increase related to adding fossils (~40-75%). Accuracies are generally lower for strong OU 
simulations with a shifting optimum (“sOUs”) with overall accuracy of 68.5%. The age of the 
included fossils is important: models with recent-biased fossils have an average accuracy of 
47.5%, models with random fossils have an average accuracy of 75.3%, and models with root-
biased fossils have an average accuracy of 82.8%. Finally, for all of the OU models, when the 
simulations were produced with a lower death rate (μ), accuracy is generally higher for OUs 
models, with “wOUs” accuracies plateauing around 60% and “sOUs” accuracies reaching 100% 
for some simulations (Fig. S4). 

When no fossils are included, 76.6% of OUc simulations are incorrectly identified as 
ACDC and 21% of simulations are incorrectly identified as BM (Fig. 5). When fossils are 
included, 15.4% of all OU simulations are incorrectly identified as BM, 12% of simulations 
incorrectly identified as trend, and 7.3% of simulations incorrectly identified as ACDC. Further, 
for wOUs, simulations with root-biased fossils tended to be incorrectly identified as trend 
(36.4% of simulations), whereas simulations with recent-biased fossils tended to be incorrectly 
identified as OUc (29% of simulations). Simulations with random fossils showed a gradual 
transition from tending to a trend model with smaller phylogenies, and tending to an OUc model 
with larger phylogenies. With a low relative extinction rate, when the sOUs model is incorrectly 
interpreted, it is almost always as the OUc model, and when the sOUc model is incorrectly 
interpreted, it is almost always as the OUs model (Fig. S5). 
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When centered OU (OUc) is the best-fitting model, 23.1% of simulations were generated 
under an OUs model, 23.2% of simulations were generated under ACDC, and 4% of simulations 
under BM (Figs. 6 and S12). With only 50 tips, 14% of simulations identified as OUc were 
actually generated under an ACDC model. This increases to 30.5% with 1000 tips. The inclusion 
of root-biased fossils results in more OUc simulations being correctly identified as OUc. Of all 
of the fitted models, the shifting Ornstein-Uhlenbeck (OUs) model was the best-fitting model for 
the fewest simulations (Figs. 6 and S12). When fossils are included, for simulations best fit by an 
OUs model, 20.4% of the simulations were generated by OUc, 6.6% of simulations were 
generated by trend, and 1% of simulations were simulated by ACDC. Misidentifications for OUs 
simulations under different relative death rates (μ) are qualitatively similar (Figs. 6 and S12). 
 
Accelerating and Decelerating Rate 

The accelerating and decelerating rate simulations show accuracy patterns that differ 
from the other simulation models (Fig. 4). The overall accuracy for ACDC simulations is 81.2%, 
with a clear accuracy of 75.4%. Fossil inclusion has a minimal impact on accuracy. The 
simulations with weak ACDC signals (“wAC” and “wDC”) show wide ranges of accuracies, 
varying from 15% to 100%. The strong AC (“sAC”) and strong DC (“sDC”) simulations show a 
much narrower range of accuracies (45% to 100%). Adding root-biased fossil tips in ACDC 
simulations generally increases accuracy, with some scenarios seeing accuracy increase by more 
than 25%. For most simulations, increasing phylogeny size also appears to increase accuracy. 
This is particularly impressive with weak AC and DC simulations which show increases from 
~25% and ~15% accuracy, respectively, for 50 tip phylogenies, to 100% accuracy for 1000 tip 
phylogenies. Generally speaking, when the phylogenies were simulated with a lower death rate 
(μ), accuracy for ACDC simulations decreased (Fig. S3). Most notably, the strong DC 
simulations showed accuracy drops of up to 75%, except for those using the two largest 
phylogeny sizes (500 and 1000 tips). 

For the ACDC simulations with a low relative extinction rate, 18.6% of simulations are 
incorrectly identified as BM, 4.1% of simulations are incorrectly identified as trend, and 2.2% of 
simulations are incorrectly identified as OUc (Figs. 5 and S5). When a relatively high extinction 
rate is simulated, 5.8% of simulations are incorrectly identified as BM, 11.5% of simulations are 
incorrectly identified as OUc, and 1.2% of simulations are incorrectly identified as trend. 
Notably, when the strong AC model was simulated with a high relative extinction rate, 42.3% of 
these simulations were misinterpreted as the OUc model (Fig. S8), with even higher rates when 
phylogenies with 500 or more tips were used (66.8% for 500 tips, 85.2% for 1000 tips). 

When the ACDC model is the best-fitting model, 7.9% of simulations were actually 
generated under a BM model, 7% of simulations were generated under an OUc model, and 2.8% 
of simulations were generated under an OUs model (Figs. 6 and S12). When no fossils are 
included, the majority of misidentifications were generated under an OUc model (31% of 
simulations). However, when fossils are included, the majority of misidentifications were 
generated under a BM model (7.9% of simulations). 
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Parameter Estimation 
 Along with determining the best-fitting model type, the accuracy of parameter estimation 
is also an important factor in fitting models. To quantify this, we collated the parameter estimates 
produced during model fitting for the model matching the generative model (regardless of how 
well this model fitted). We found that σ estimates for untrended BM simulations tended to be 
fairly accurate (i.e., average close to the simulated value), regardless of the inclusion of fossils or 
the size of the phylogeny (Fig. 7). Simulations with weak σ (less Brownian noise) generally had 
higher precision (i.e., narrower range of estimates) than those with strong Brownian noise. 
Precision also increased with increasing phylogeny size. However, we found no noticeable 
relationship between accuracy or precision and the proportion of fossil tips or the age distribution 
of the fossils. These results are consistent across both relative death rates (Fig. S13). 

 
Figure 7: The distributions of the estimates for the σ parameter when a BM model was 
simulated on a phylogeny and then a BM model was fit to that simulated data. The top row 
represents simulated trends with a weak σ parameter (0.1) and the bottom row represents a trend 
model simulated with a strong σ parameter (0.5). The true (simulated) σ parameter is represented 
with a solid horizontal line, and the results are split out by the proportion of fossils in the 
simulated phylogeny (color), the distribution of the simulated fossils (x-axis), and the number of 
tips in the simulated phylogenies (column headers). Analyses without fossils are plotted as part 
of the random distribution. These results are only for analyses where μ = 0.9, the results for 
analyses where μ = 0.5 are in Fig. S13. 
 

When Brownian motion was simulated with a temporal trend, accuracy of the estimation 
of the strength of the trend appears to be high, although including recent-biased fossils resulted 
in poor precision compared to root-biased and randomly distributed fossils (Fig. 8). As with 
untrended BM simulations, increasing phylogeny size is associated with increased precision. 
Furthermore, increasing the proportion of fossil tips appears to have a marginal increase in 
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precision. These results are consistent across both relative death rates, with the higher death rate 
having marginally higher precision (Figs. 8 and S14). 
 

 
Figure 8: The distributions of the estimates for the trend parameter when a trend model 
was simulated on a phylogeny and then a trend model was fit to that simulated data. The 
top row represents simulated trends with a weak trend parameter (0.1) and the bottom row 
represents a trend model simulated with a strong trend parameter (0.3). The true (simulated) 
trend parameter is represented with a solid horizontal line, and the results are split out by the 
proportion of fossils in the simulated phylogeny (color), the distribution of the simulated fossils 
(x-axis), and the number of tips in the simulated phylogenies (column headers). These results are 
only for analyses where μ = 0.9, the results for analyses where μ = 0.5 are in Fig. S14. 
 

For the centered Ornstein-Uhlenbeck models (OUc), estimation of the optimum trait 
value, the theta parameter (θ), has high accuracy, regardless of the number of tips, proportion of 
fossil tips, and fossil distribution (Fig. 9). Precision appears to be consistent, again regardless of 
any of these variables. However, for the weak shifting Ornstein-Uhlenbeck models (wOUs), 
recent-biased fossils generally result in less accuracy for these parameters. For the strong shifting 
Ornstein-Uhlenbeck models (sOUs), the optimum θ has high estimation accuracy regardless of 
fossil proportion, fossil age, or phylogeny size. The root θ has a similarly high estimation 
accuracy when root-biased or randomly-distributed fossils are included. However, when the 
fossils have a recent-biased age distribution, the root θ has notably very low accuracy. In fact, 
22.4% of these model fits resulted in extreme root estimates that were classified as outliers. 
These θ results are consistent across both relative death rates, with the lower death rate having 
marginally higher precision (Fig. S15). The half-life parameter generally has high accuracy for 
strong OU simulations; however, the half-life parameter is often estimated to be relatively closer 
to zero for weak OU simulations (Fig. 10). Both of these trends appear to be consistent across 
simulations, regardless of fossil proportion, fossil age, and phylogeny size. These results are 
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consistent for both relative death rates, with slightly higher precision for the lower death rate 
(Figs. 10 and S16). 

 
Figure 9: The distributions of the estimates for the θ parameter when an OU model was 
simulated on a phylogeny and then an OU model was fit to that simulated data. The true 
(simulated) θ parameter is represented with a solid horizontal line. Outliers have been removed 
separately for each row, and the numbers above violin plots represent the number of non-outliers 
that are represented by each violin plot. The results are split out by the proportion of fossils in 
the simulated phylogeny (color), the distribution of the simulated fossils (x-axis), and the number 
of tips in the simulated phylogenies (column headers). Note that y-axis limits vary from row to 
row, and analyses without fossils are plotted as part of the random distribution. These results are 
only for analyses where μ = 0.9, the results for analyses where μ = 0.5 are in Fig. S15. 
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Figure 10: The distributions of the estimates for the relative half-life when an OU model 
was simulated on a phylogeny and then an OU model was fit to that simulated data. 
Relative half-life is calculated as 𝑙𝑙𝑙𝑙𝑙𝑙(2) / 𝛼𝛼

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡
. The first and second rows represent centered OU 

models simulated with weak (1) and strong (0.1) relative half-lives, respectively. The third and 
fourth rows represent shifting OU models simulated with weak (1) and strong (0.2) relative half-
lives, respectively. The true (simulated) relative half-life is represented with a solid horizontal 
line, and the results are split out by the proportion of fossils in the simulated phylogeny (color), 
the distribution of the simulated fossils (x-axis), and the number of tips in the simulated 
phylogenies (column headers). Note that y-axis limits vary from row to row, and analyses 
without fossils are plotted as part of the random distribution. These results are only for analyses 
where μ = 0.9, the results for analyses where μ = 0.5 are in Fig. S16. 
 
 Generally speaking, estimation accuracy of the beta parameter (β) is good for 
accelerating or decelerating simulations (Figs. 11 and S17). Accuracy and precision of β 
increases with phylogeny size in most cases. The inclusion of fossils also appears to result in a 
large increase in accuracy, especially under the higher relative death rate; however, the 
proportion of fossil tips and the ages of the fossils do not seem to matter. The one exception is 
for the strong AC model under the higher death rate, where increasing phylogeny size often 
results in estimating values of β at or near zero. For simulations with phylogenies with at least 
100 tips, we see a bimodal distribution of parameter estimates, with one mode centered on the 
simulated value and one mode centered on 0. As phylogeny size increases, estimates of this 
parameter trend away from the simulated value of 0.5 and towards the alternative mode centered 
around 0. 
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Figure 11: The distributions of the estimates for the β parameter when an ACDC model 
was simulated on a phylogeny and then an ACDC model was fit to that simulated data. The 
true (simulated) β parameter is represented with a solid horizontal line. The results are split out 
by the proportion of fossils in the simulated phylogeny (color), the distribution of the simulated 
fossils (x-axis), and the number of tips in the simulated phylogenies (column headers). Analyses 
without fossils are plotted as part of the random distribution. These results are only for analyses 
where μ = 0.9, the results for analyses where μ = 0.5 are in Fig. S17. 

DISCUSSION 
The ability to accurately and precisely infer how continuous characters have evolved over 

time is crucial for testing hypotheses in evolutionary biology (Slater 2013; Benson et al. 2014; 
Gearty et al. 2018; Cornwallis and Griffin 2024). Our results echo past research (Slater et al. 
2012; Mitchell 2015; Tejada et al. 2024; Mulvey et al. 2025), showing that the inclusion of fossil 
tips in phylogenies can be critical for inferring both the correct tempo and mode of continuous 
trait evolution. On average, including any fossil taxa in our simulations dramatically increased 
statistical power (Fig. 3). Generally speaking, the first 10% of fossil tips lead to the largest 
increase in accuracy, with diminishing returns beyond this proportion. This result suggests that 
adding a handful of fossils to an extant-only phylogeny can dramatically improve the reliability 
of modelling continuous character evolution. 

Beyond the mere inclusion of fossil taxa in such analyses, we demonstrate that the 
relative age of these fossil taxa is fundamental to this increase in accuracy. When relatively 
young (recent-biased) fossil taxa are included, especially in smaller trees, the degree to which 
accuracy improves can be marginal (Figs. 3 and 4), indicating that young fossil taxa provide 
about as much statistical information as extant taxa. However, when relatively old (root-biased) 
or evenly distributed (random) fossil taxa are included, the accuracy improves dramatically 
(Figs. 3 and 4). Root-biased fossils provide insight into older parts of evolutionary history which 
are harder to infer from extant tips alone; it is therefore reasonable to expect that including this 
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information would drastically improve our ability to recover the true (simulated) tempo and 
mode of evolution (Woolley et al. 2022). Notably, the improvement observed when fossil taxa 
are evenly distributed (random) is particularly informative given that the precise phylogenetic 
placement of many fossils is inherently uncertain, suggesting that this scenario may more closely 
reflect the structure of most empirical datasets. 

Modes of evolution with an expected value (i.e., mean) that is heterogeneous through 
time, such as trend and OUs models (Fig. 4), are two of the most common models used in PCMs 
to test for adaptive trait evolution. They are hypothesized to represent scenarios where either (a) 
a clade evolves from some suboptimal ancestral state towards a different, more optimal, state, or 
(b) a clade consistently residing at its optimality peak exhibits trait value shift in line with shifts 
in the peak (Pagel 2002; Butler and King 2004; Cooper et al. 2016; Gill et al. 2017; Gearty et al. 
2018; Godoy et al. 2019; Chiarenza et al. 2021, 2024; Farina et al. 2023; Cornwallis and Griffin 
2024). These models cannot be tested when fossils are not included in the phylogeny (e.g., Slater 
et al. 2012; Clavel et al. 2015). Here, we show that adding root-biased fossils provides the most 
notable increase in our ability to successfully fit these models. Furthermore, when a split OU or 
trend model is the best-fitting model, and root-biased fossils have been included in the 
phylogeny, this is rarely an error (Fig. 6). Therefore, it is extremely encouraging that positive 
results for the split OU model and trend BM model generally can be assumed to be trustworthy. 

The inclusion of fossils has mixed results for some other simulated trajectories of 
evolution. For example, weak OUc and OUs modes are generally very difficult to correctly infer 
regardless of the parameters we tested (Figs. 4-6). Including fossils does improve inference 
accuracy, but these modes are unique in that randomly distributed fossils provide the greatest 
increase in accuracy, while root-biased fossils provide the smallest increase in accuracy (Figs. 4 
and S4). This does not appear to be related to either particular mode, since strong versions of 
these modes do not behave this way. Instead, this appears to be related to the weak strength of 
the 𝛼𝛼  parameter. In these cases, the phylogenetic half-life is simulated at 1 tree height, which is 
fairly weak selection (in the case of OUs) or stabilization (in the case of OUc). Most analyses 
usually misinterpret these evolutionary histories as BM or trend, and, as the proportion of root-
biased fossils and the total size of the phylogeny are increased, these simulations are increasingly 
misinterpreted as trends (Fig. 6). The misinterpretation as BM is expected because OU models 
with longer phylogenetic half-lives approach a BM process (Uyeda and Harmon 2014; Cornuault 
2022; Bartoszek et al. 2023). It is also understandable that the wOUs model is misinterpreted as a 
trend model, especially when it was simulated with such a long phylogenetic half-life; OUs 
models with low selection behave as trend-like with gradual changes in the mean over time 
(Benson et al. 2018). However, this is extremely concerning for wOUc, as this mode represents 
evolutionary stasis, which is usually interpreted in a fundamentally different manner to a trend 
model. Further, increasing phylogeny size, and therefore taxonomic coverage, is often a major 
goal in phylogenetics (Zwickl and Hillis 2002). The fact that this potential for misinterpretation 
increases with increasing phylogeny size is counterintuitive, and there is great need for further 
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investigation into this pattern in the future, particularly under a variety of OU simulation 
parameter values. 

Additionally, we found mixed behavior in the ACDC family of models (Martin et al. 
2023). The addition of fossils, especially root-biased fossils, dramatically improves the accuracy 
of inferring models of decelerating trait evolution, regardless of tempo (DC; Figs. 4-6). 
However, the inclusion of fossils almost always has a negative impact on the inference accuracy 
of rapidly accelerating models (sAC; Figs. 4-6). For weak accelerating models (wAC), random 
or recent-biased fossils have a similar effect. Further, while increases in phylogeny size usually 
have a positive influence on inference accuracy for other models, larger phylogenies lead to 
increased misinterpretation of the sAC model as OUc, even when fossils are included (Fig. 6). It 
has been shown that an AC model is indistinguishable from an OU model when analyzing 
ultrametric trees (Uyeda et al. 2015). Slater et al. (2012) found that distinguishing between an 
AC and an OUc-like model (“SSP”) was easier when fossils were included, but we do not find 
that to be the case here when relative death rate is high. This may be due to slight differences 
between our OUc model and the OUc-like model of Slater et al. (2012) or the fact that Slater et 
al. (2012) did not consider trees with more than 377 tips. Regardless, under these parameters, the 
OUc model is apparently easily misspecified for a trait that has been simulated under the AC 
model regardless of fossil inclusion, especially with increasing phylogeny size (Fig. 6). It should 
be noted that these strange behaviors do not occur for AC models simulated with low relative 
death rates (Fig. S12), but this remains an unlikely scenario across the majority of Earth’s history 
(Marshall 2017). Overall, we echo Slater et al. (2012) by strongly recommending caution when 
trying to fit AC models without fossils, particularly when using large, ultrametric phylogenies. 

The inference of some particular evolutionary histories is not improved by the inclusion 
of fossils, regardless of their number or age distribution. Brownian motion is unique in that the 
model accuracy is relatively consistent regardless of fossil age, fossil abundance, or even 
phylogeny size (Figs. 4-6). This suggests that the information that can be gleaned from 
individual tips to reconstruct a character history evolving under Brownian motion is quickly 
saturated. Additional tips and non-extant tips provide little to no benefit once this saturation 
point (<50 tips in our simulations) is reached. In fact, the inclusion of fossil tips appears to cause 
a marginal decrease across the board in the ability to infer Brownian motion as the correct 
model. It appears that including these fossils results in favor of the trend model (Fig. 6). We 
intuit that this occurs when the distribution of the simulated values of the included fossils is, 
purely by chance, significantly different from the distribution of simulated values for the extant 
tips, providing support for a changing mean through time. Regardless, inference accuracy of 
histories simulated under Brownian motion remains relatively high. This would be encouraging; 
however, the error rate when Brownian motion is recovered as the best-fitting model also is 
relatively high (Fig. 6). The inclusion of fossils in a phylogeny reduces this error rate, especially 
for larger trees. Therefore, we argue that the marginal decrease in overall inference accuracy due 
to the inclusion of fossils is well outweighed by this reduction in error rate. However, caution 
should be taken when Brownian motion is inferred to be the best-fitting model in an empirical 
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analysis of a small phylogeny, even when fossils are included. Finally, our results indicate lower 
overall accuracy (~75%) for inferring BM histories than those of previous studies (Silvestro et al. 
2015). This suggests that the method of model comparison (AIC vs. likelihood ratio test) and the 
total number and type of tested models are highly influential when conducting both simulation 
and empirical studies and reaffirms that AIC, despite its wide use, could be sensitive to model 
overfitting (Bartoszek et al. 2023; Cornwallis and Griffin 2024). 

For parameter estimation, the size of the phylogeny appears to be the most important 
factor for determining the average amount of error across simulations, with increasing phylogeny 
size leading to decreased degrees of overall error (Figs. 7-11, S13-17). This is especially 
apparent for the σ parameter of the BM model (Figs. 7 and S13). For this parameter, the 
inclusion of fossils has no discernible effect on accuracy. On the other hand, increasing 
phylogeny size appears to have an overall negative effect on the accuracy of β for the strong AC 
model with a high relative death rate (Figs. 11). In the case of the trend model, the trend 
parameter is estimated fairly accurately, with a decrease in average estimate error with increasing 
proportion of fossils and/or phylogeny size. However, the average estimate error increases when 
recent-biased fossils are used. For weak OU simulations, many of the estimates of the half-life 
parameter are estimated to be closer to zero, regardless of the inclusion of fossils or the size of 
the phylogeny. This likely explains why these weak OU models are often not selected as the 
best-fitting models when they are the simulating models (Fig. 4). Regardless, given that these 
parameter estimates are often used to estimate the strength of selection on different traits or for 
hypothesis testing (Grabowski et al. 2023), this directional misestimation of the strength of 
selection is concerning, and caution should be taken when directly interpreting these parameter 
estimates. 

 Finally, we accounted for a wide variety of sources of variability in evolutionary 
histories and the use of phylogenetic comparative methods in our simulations, including the size 
of the phylogeny, the relative death rate, the proportion of fossils included, the relative ages of 
the fossils, and the tempo and mode of character evolution. However, evolution and the 
implementation of PCMs are both highly complex and we acknowledge that there are various 
other sources of variability and error that we did not account for. First, we used a standard birth-
death procedure with high and moderate relative death rates to simulate phylogenies with 
roughly similar tree shape. However, empirical phylogenies indicate that there is a large degree 
of diversification rate heterogeneity among lineages which results in a wide variety of tree 
shapes, both in terms of the distributions of branch lengths and tree balance (Mooers and Heard 
1997; Martins and Housworth 2002; Boettiger et al. 2012). Second, we assumed that the 
topology and branch lengths of the simulated phylogeny were completely known. However, in 
empirical studies this is rarely the case, and inaccuracies related to these two sources are known 
to cause issues with other comparative methods (Purvis et al. 1994; Symonds 2002). In empirical 
studies, particularly those using the results of Bayesian phylogenetic analyses or gene tree 
analyses, it is becoming more common to perform analyses over a sample of phylogenies to 
account for uncertainty in branch length and topology (Gearty et al. 2018; Godoy et al. 2019; 
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Gearty and Payne 2020; Grossnickle 2020; Soul and Wright 2021; Farina et al. 2023; Hibbins et 
al. 2023). Third, and relatedly, fossils are notoriously incomplete and are often associated with 
more topological uncertainty than extant taxa (Sansom and Wills 2013; Pattinson et al. 2015; 
Barido-Sottani et al. 2020b; Mongiardino Koch et al. 2023; Tejada et al. 2024). For example, 
fossils may actually be samples from other lineages in the tree, fragmentary fossils may be 
missing key traits, and fossil taxa may represent a derived condition that differs from other 
extinct and surviving relatives. All of these factors could result in an inaccurate and/or uncertain 
placement of a fossil in the phylogeny. Therefore, an increase in the proportion of fossils in a 
phylogenetic inference would therefore also likely increase the degree of uncertainty in the 
topology. Future work should investigate whether this source of error is outweighed by the 
benefits of adding fossils which are described above (O’Reilly and Donoghue 2020; Wright and 
Hopkins 2025). Finally, we assumed that character states for all taxa were known without error 
(Smith et al. 2023). However, empirical studies have measurement error due to the intraspecific 
variability of natural populations and from instrumental/human imprecision, and these sources of 
error are known to introduce biases in the reconstruction of trait evolution (Ives et al. 2007; 
Felsenstein et al. 2008; Silvestro et al. 2015). Accounting for all of these sources of variability 
and error was outside the scope of this project, but future simulation studies should address the 
interplay of the results presented herein and these other factors. 

We acknowledge that researchers working exclusively with sequence data may be 
concerned about the time and effort required to incorporate fossils into their phylogenies as we 
have recommended. Historical conventions required that all of the taxa were coded for a suite of 
morphological characters, which can take much more time than is required to sequence the 
extant taxa. However, recent work has shown that taxonomic constraints and/or backbones can 
be just as reliable as morphological matrices when integrating fossils into broader phylogenetic 
contexts (Barido-Sottani et al. 2023; Mulvey et al. 2025; Heckeberg et al. 2026) and conducting 
phylogenetic comparative methods (Soul and Friedman 2015). Furthermore, our results indicate 
that only a small number of fossils (e.g., 10% of tips) is required to reap their benefits. 
Ultimately, including this few fossils may have the same statistical effect as would sequencing 
and adding thousands of additional extant taxa but for far less work. 

All-in-all, we find the results of this simulation study to be encouraging. Although we 
focus on the instances when simulated and fitted trait evolution models do not match, our 
intention is to equip readers to make informed decisions about how to plan and carry out their 
entire research pipelines. This includes, but is not limited to, specimen identification, 
phylogenetic matrix assembly, phylogenetic inference, phylogenetic comparative analysis, and 
result interpretation. While there is still much more work to be done in understanding trait data 
and evolutionary models, we hope that our simulations can be used to highlight clear avenues for 
future research. 
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CONCLUSIONS 
 The development and use of phylogenetic comparative methods in evolutionary biology 
and paleobiology has blossomed since the work of Felsenstein (Felsenstein 1985). Although the 
amount of paleontological information available to biologists has increased over this time, the 
use of PCMs without fossils has remained abundant in the literature. Here we reiterate that 
including fossils as tips in phylogenetic analyses results in superior downstream reconstructions 
of the evolution of continuous characters within a phylogenetic context. More importantly, 
fossils farther in time from the extant tips potentially hold much more information than their 
extant-adjacent counterparts and can play a profound role in our ability to accurately infer 
evolutionary tempo and mode. The models that are used to reconstruct these evolutionary 
histories have several shortcomings, but the inclusion of fossils helps alleviate many of these. 
Given all of this, we strongly assert that the vast majority of phylogenetic comparative analyses 
should include fossil tips moving forward, except for the minority of clades where fossils are not 
(yet) known. This will lead to a more robust field of study and more reliable biological 
interpretations. While the inclusion of fossils may present a hurdle to some evolutionary 
biologists, we argue that the extra work is well worth it: a fossil taxon that is included within a 
phylogeny is, at worst, just as useful as an extant taxon for model inference, and is, at best, far 
more useful. Ultimately, collaboration between neontologists and paleontologists provides the 
surest foundation for maximizing the potential of both genetic and fossil data (Hunt and Slater 
2016; Smith et al. 2025).  
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