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ABSTRACT 23 

Understanding and representing uncertainty is crucial in academic research, because it 24 

enables studies to build on the conclusions of previous studies, leading to robust advances in 25 

a particular field. Here, we evaluate the nature of uncertainty and the manner by which it is 26 

represented in divergence time estimation, a field that is fundamental to many aspects of 27 

macroevolutionary research, and where there is evidence that uncertainty has been seriously 28 

underestimated. We address this issue in the context of methods used in divergence time 29 

estimation, and with respect to the manner by which time-calibrated phylogenies are 30 

interpreted. With respect to methods, we discuss how the assumptions underlying different 31 

methods may not adequately reflect uncertainty about molecular evolution, the fossil record, 32 

or diversification rates. Therefore, divergence time estimates may not adequately reflect 33 

uncertainty, and may be directly contradicted by subsequent findings. For the interpretation 34 

of time-calibrated phylogenies, we discuss how the use of time-calibrated phylogenies for 35 

reconstructing general evolutionary timescales leads to inferences about macroevolution that 36 

are highly sensitive to methodological limitations in how uncertainty is accounted for. By 37 

contrast, we discuss how the use of time-calibrated phylogenies to test specific hypotheses 38 

leads to inferences about macroevolution that are less sensitive to methodological limitations. 39 

Given that many biologists wish to use time-calibrated phylogenies to reconstruct general 40 

evolutionary timescales, we conclude that the development of methods of divergence time 41 

estimation that adequately account for uncertainty is necessary.  42 

 43 

 44 

 45 
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Uncertainty describes a situation where knowledge of something is incomplete, and it 48 

is expressed by the degree of precision with which a statement is made (Fischhoff and Davis 49 

2014). Ideally, scientific research will adequately express uncertainty whilst moving to a state 50 

of less uncertainty, such that statements become more precise and more accurate (Fig 1a). By 51 

contrast, it may be the case that there is a misleading perspective of uncertainty, such that 52 

statements are overly precise, inaccurate, and potentially contradicted by subsequent findings 53 

(Fig. 1b). Adequately expressing uncertainty is important for estimates that are derived from 54 

analyses, and also for the assumptions that are made about variables prior to performing 55 

analyses.     56 

Accounting for uncertainty is especially pertinent in macroevolutionary studies which 57 

are dependent on understanding complex interactions between biology, climate, and geology 58 

- variables about which knowledge is very incomplete (Hughes and Eastwood 2006; Hoorn et 59 

al. 2010; Hughes et al. 2013; Lagomarsino et al. 2016; Perrigo et al. 2020; Rahbeck et al. 60 

2019). Here, we discuss the nature of uncertainty in divergence time estimation – a 61 

fundamental step in many macroevolutionary studies (eg. Magallón et al. 2015; Lagomarsino 62 

et al. 2016; Cardillo et al. 2017; Folk et al. 2019), and a field in which uncertainty may be 63 

considerably greater than expressed in previous studies (Fig. 1b) (Wilf and Escapa 2015; 64 

Wilf et al. 2017; Brown and Smith 2018).  65 

Methodological and theoretical developments in divergence time estimation have 66 

previously been discussed in detail (Donoghue and Yang 2007; Donoghue and Yang 2016; 67 

Bromham et al. 2018). The purpose of this short opinion piece is not to provide another 68 

detailed discussion of the merits of different methods. Instead, we focus specifically on how 69 

the field of divergence time estimation incorporates uncertainty, both with respect to the 70 

methods that are used in divergence time estimation, and the manner by which divergence 71 

time estimates are interpreted when discussing macroevolution. We hope that this can 72 
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stimulate a more widespread consideration of the type of information that can actually be 73 

conveyed in time-calibrated phylogenies. Although our discussion is limited to divergence 74 

time estimation, the general principles that we highlight are relevant to other fields that use 75 

phylogenies to study macroevolution.  76 

HOW METHODS OF DIVERGENCE TIME ESTIMATION INCORPORATE 77 

UNCERTAINTY 78 

Strict clocks, relaxed clocks, fossil calibrations, and branching processes: fundamental 79 

uncertainty about rate and time 80 

Divergence time estimation, whereby the branching events in a molecular phylogeny 81 

are placed on an absolute timescale, is based on the premise that the number of substitutions 82 

(n) that have occurred along a branch can be used as a basis for estimating the temporal 83 

duration of that branch (t) (Fig. 2). n, which is a product of the substitution rate (r) and t, can 84 

be inferred directly from molecular sequence data, and sampling more data will usually result 85 

in more accurate inferences of this parameter (Britton 2005). However, it is important to note 86 

that only n can be inferred directly from molecular sequence data. Divergence time 87 

estimation therefore requires important assumptions about r and t (Fig. 2) (Gillespie 1991; 88 

Sanderson 1997, 2002; Thorne et al. 1998; Britton 2005, Yang and Rannala 2006; Rannala 89 

and Yang 2007; dos Reis and Yang 2013; Zhu et al. 2015). 90 

Ideally, assumptions would reflect current levels of uncertainty about r and t. As 91 

knowledge of r and t improves, assumptions can become more precise and accurate, leading 92 

to increasingly precise and accurate divergence time estimates (Fig. 1a).  93 

Methodological developments in divergence time estimation have not followed this 94 

trajectory. An example of this is with the implementation of models for r. Early divergence 95 

time analyses used strict clock models, that assume r is the same on every branch (Langley 96 

and Fitch 1974; Britten 1984; Gillespie 1989, 1991; Bromham 2006), because they were 97 
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considered to reflect the fact that t and the degree of divergence between a pair of sequences 98 

are correlated (Zuckerkandl and Pauling 1962, 1965; Margoliash 1963; Miyata et al. 1980). 99 

However, this assumption does not reflect uncertainty about the degree of variation in r for 100 

each branch. The subsequent development of relaxed clock models that allow r to vary 101 

among branches (Fig. 2) (Sanderson 1997, 2002; Thorne et al. 1998; Kishino et al. 2001; 102 

Drummond et al. 2006) better reflects this aspect of uncertainty. Therefore, in this case, 103 

methods have developed from a state of misleading certainty, when r was assumed to be the 104 

same on every branch, to increasing uncertainty about r for each branch (Fig. 1b).  105 

Even though relaxed clock models accommodate more uncertainty about r, they are 106 

still underpinned by important assumptions. In correlated models, r is inherited between 107 

ancestral and descendant branches (Sanderson 1997, 2002; Thorne et al. 1998; Kishino et al. 108 

2001), in uncorrelated models r for each branch is drawn from a parametric distribution 109 

(Drummond et al. 2006), whilst random local clocks assume discreet jumps in r that occur at 110 

a given probability (Drummond and Suchard 2011). Importantly, there is very rarely any 111 

direct evidence to support the implementation of any of these models in a given dataset, and 112 

studies which implement these models often do not include any explicit justification (eg. 113 

Jarvis et al. 2014; Magallón et al. 2015; Cardillo et al. 2017; Folk et al. 2019). As such, 114 

relaxed clock models often do not reflect the true level of uncertainty about r for each branch 115 

(Fig. 1b).  116 

Likewise, for assumptions about t (Fig. 2), uncertainty about the relationship between 117 

fossil ages and clade ages is often such that it is difficult to meaningfully implement fossil 118 

calibrations (Carruthers and Scotland 2020). Therefore, methods often make misleadingly 119 

precise assumptions that do not reflect true levels of uncertainty (Carruthers and Scotland 120 

2020). Additional uncertainty is also inherent in the phylogenetic placement of fossil 121 

calibrations, and such uncertainty is rarely incorporated into divergence time analyses that 122 
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implement each fossil calibration at a single node. To further complicate matters, multiple 123 

fossil calibrations are often used as a means by which to constrain estimates of r derived from 124 

relaxed clock models, whilst in Bayesian methods a further underlying assumption is that t 125 

for each branch is controlled by a branching process model with constant diversification 126 

rates, an assumption that in no way reflects uncertainty about diversification rates (and by 127 

extension the expected t for each branch). Given that these methods for implementing 128 

assumptions about t and r can fail to adequately reflect uncertainty about t and r, they can 129 

lead to misleadingly precise divergence time estimates (Carruthers and Scotland 2020). 130 

As well as implementing assumptions that do not reflect current levels of uncertainty, 131 

the nature of divergence time estimation, which is dependent on the combination of several 132 

assumptions, has led to a dramatic increase in the complexity of divergence time analyses. 133 

This complexity is likely to explain in part why methodological studies of divergence time 134 

estimation address highly specific methodological problems, that relate for example to the 135 

correct implementation of relaxed clock models across multiple loci, or the integration of 136 

fossil calibrations with branching process models (for example dos Reis et al 2014; Zhu et al. 137 

2015; Barba-Montoya et al. 2017; Foster and Ho 2017; Angelis et al. 2018). By contrast, 138 

studies typically fail to address the fundamental and far simpler point, that understanding of r 139 

and t is very limited, and that this uncertainty about r and t will inevitably lead to uncertain 140 

divergence time estimates, regardless of how much data is analysed (Britton 2005; Zhu et al. 141 

2015; Carruthers et al. 2019). 142 

Many of the issues relating to the incorporation of uncertainty in divergence time 143 

estimation can be broadly considered in the context of the bias-variance trade-off, which 144 

describes how simple models tend to result in inferences that are less accurate but highly 145 

precise (eg. strict molecular clocks), and complex and parameter rich models tend to lead to 146 

inferences that are more accurate but less precise (eg. relaxed molecular clocks) (Wertheim et 147 



UNCERTAIN TIMESCALES 

 7 

al. 2010). However, we stress that the unique properties of divergence time estimation, 148 

whereby r and t are not inferred directly from the sequence data, means that inferences are 149 

uniquely prone to the inherent biases of different methods, and that this can lead to 150 

unexpected results when considering findings in the context of the bias-variance trade-off. 151 

For example, dos Reis et al. (2014); Zhu et al. (2015); Foster and Ho (2017); Angelis et al. 152 

(2018) discuss the value of partitioning molecular clock models in multi-locus datasets 153 

(which inevitably increases the complexity of the model) and describe how it is useful 154 

because it accounts for variation in r among loci. This approach may well be useful where 155 

lineage-specific rates are weak, and counterintuitively it leads to more precise inferences 156 

(Zhu et al. 2015; Foster and Ho 2017). However, this approach cannot account for lineage-157 

specific-rates, and in the presence of lineage-specific-rates it leads to misleadingly precise 158 

inferences that do not adequately account for uncertainty (Carruthers et al. 2019).   159 

Implementing imperfect methods and accounting for uncertainty 160 

 It is apparent that methods used in divergence time estimation often fail to adequately 161 

account for uncertainty in r and t. An intuitive solution to this problem is to implement 162 

methods that make far less precise assumptions about r and t, so that they better reflect 163 

uncertainty. For example, fossil calibrations can be implemented that make far less precise 164 

assumptions about clade ages in relation to fossil ages, whilst relaxed clock models can be 165 

implemented that have considerably higher variances (Magallón and Sanderson 2005; Morris 166 

et al. 2018; Carruthers and Scotland 2020). Although this is likely to lead to very imprecise 167 

parameter estimates, performing analyses in this manner can provide a basis for adequately 168 

reflecting the true level of uncertainty underlying divergence time estimates.  169 

Nonetheless, the characteristics of many methods of divergence time estimation mean 170 

that it is challenging to configure analyses such that they adequately account for uncertainty. 171 

For example, a constant rate branching process model is an essential component of most 172 
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Bayesian analyses, despite the fact that it is likely to make unrealistic assumptions about the 173 

expected t for each branch. 174 

 An alternative focus of recent discussion, especially in a Bayesian context, has been 175 

on methods of model selection, model fit, and model averaging (Suchard et al. 2001; 176 

Huelsenbeck et al. 2004; Beale et al. 2013, 2014 Brown 2014a, b; Brown and Thomson 177 

2018). Model selection and the assessment of model fit are both methods for determining the 178 

suitability of a model for a dataset, either by comparing the marginal likelihood among a set 179 

of models (model selection), or determining whether a model can be used as a basis for 180 

simulating data that is consistent with the dataset being analysed (model fit). By contrast, 181 

model averaging recognises that no single model is appropriate for a dataset, and therefore 182 

derives parameter estimates according to average values across several models. All three 183 

methods may provide a powerful means for avoiding the use of any single model that is 184 

inconsistent with a given dataset, and which does not therefore adequately account for 185 

uncertainty. However, the incorporation of these methods into divergence time analyses 186 

remains the exception rather than the rule (eg. Jarvis et al. 2014; Magallón et al. 2015; 187 

Cardillo et al. 2017; Folk et al. 2019), and they are often too computationally intensive to 188 

incorporate into large analyses (eg. Barba-Montoya et al. 2018). Further exploration of these 189 

methods is therefore required, alongside the development of computational resources that 190 

enable them to be implemented in larger datasets.       191 

However, these approaches also present important new challenges. First, it is likely 192 

that the central problem in divergence time estimation, that r and t are not inferred directly 193 

from the sequence data, will undermine comparisons between models. This is because it 194 

necessarily means that methods for comparing models of r are dependent on underlying 195 

assumptions about t, whilst methods for comparing models of t (branching process models) 196 

are dependent on underlying assumptions about r. For example, in their analysis of different 197 
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branching process models for estimating divergence times in Cycas, Condamine et al. (2015) 198 

compared different branching process models in the context of a single model for r. In short, 199 

in the context of r and t, the selection of an appropriate model for one parameter is dependent 200 

on the assumptions that are implemented for the other parameter. Louca and Pennel (2020) 201 

also highlight the problem of model comparison when dealing with non-identifiable 202 

parameters, in this instance in the context of diversification rate estimation.  203 

In contrast to model selection and model fit, model averaging has the advantage of 204 

incorporating uncertainty from several models. However, it necessarily incorporates a limited 205 

number of models, which at times may have contradictory and biologically unrealistic 206 

assumptions. For example, Betts et al. (2018) used a model averaging approach for a time-207 

calibrated phylogeny of eukarya based on a range of different models for r and t. The 208 

divergence time estimates derived from this model averaging approach may better account 209 

for uncertainty compared to individual models. However, it is challenging to quantify how a 210 

necessarily limited number of contradictory and potentially unrealistic models adequately 211 

account for uncertainty. 212 

An alternative option that may enable uncertainty in divergence time estimates to be 213 

expressed more effectively, is to extract parts of datasets that are likely to conform to the 214 

simplistic assumptions of many methods. Early versions of this approach involved pruning 215 

lineages that violate the assumption of the strict molecular clock (Li and Tanimura 1987; 216 

Takezki et al. 1995). However, this will often lead to the removal of a large number of 217 

branches, and determining whether shifts in r have actually occurred is in itself 218 

fundamentally problematic (Fitch 1976; Sanderson 1997; Lanfear et al. 2013). Alternatively, 219 

Near and Sanderson (2004) and Near et al. (2005) developed a cross-validation method for 220 

removing fossil calibrations that have an excessively large impact on divergence time 221 

estimates, and which may therefore be a source of error and lead to misleading inferences of 222 
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uncertainty. However, it is unclear whether selecting fossil calibrations in this manner 223 

actually provides the most reliable temporal signal for divergence time analyses (Carruthers 224 

and Scotland 2020), and there is still a problem of accounting for uncertainty in the 225 

remaining fossil calibrations. Further, in many divergence time analyses, especially in plants, 226 

the very small number of fossil calibrations that are actually available will make it difficult to 227 

implement methods that focus on identifying suitable subsets of fossil calibrations. 228 

Genomic scale datasets provide a new opportunity for selecting subsets of data that 229 

are congruent with simplistic methodological assumptions. The best example of this is “gene 230 

shopping” presented by Smith et al. (2018), who devised a protocol for selecting loci that 231 

conform to a strict molecular clock, and then incorporating only these loci in divergence time 232 

analyses. Ideally, divergence time estimates derived from these analyses would not be 233 

affected by variation in r, meaning that accounting for uncertainty becomes more 234 

straightforward. However, detecting the presence or absence of shifts in r is fundamentally 235 

difficult, and this method is of little value to the many divergence time analyses that are 236 

based on a limited number of markers (eg. Condamine et al. 2015; Magallón et al. 2015; 237 

Lagomarsino et al. 2016; Ramírez-Barahona et al. 2020).      238 

INTERPRETING TIME-CALIBRATED PHYLOGENIES TO REDUCE 239 

UNCERTAINTY ABOUT MACROEVOLUTION    240 

The points above highlight that despite important and novel methodological 241 

developments, there are significant limitations in how methods of divergence time estimation 242 

account for uncertainty. This has important implications for how divergence time estimates 243 

should be interpreted if they are to be used as a basis for reducing uncertainty about 244 

macroevolution.  245 

 Using time-calibrated phylogenies to test specific macroevolutionary hypotheses 246 
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Often, time-calibrated phylogenies are used as a basis for testing explicit 247 

macroevolutionary hypotheses, with the falsification of a hypothesis acting as a basis for 248 

reducing uncertainty about that aspect of macroevolution (Lavin et al. 2004; Crisp et al. 249 

2011; Muñoz-Rodríguez et al. 2018). In this instance, the conclusions that are derived from 250 

time-calibrated phylogenies are less sensitive to the methodological shortcomings inherent in 251 

many methods. For example, Lavin et al. (2004) tested the hypothesis that disjunct 252 

distributions within legume clades resulted from continental break-up. They were able to 253 

reject this hypothesis and support the alternative hypothesis - that disjunct distributions 254 

resulted from long-distance-dispersal - by showing that divergence times for disjunct taxa 255 

significantly post-date the break-up of Gondwana. Even though there may be methodological 256 

limitations in this study such that uncertainty is not adequately accounted for, the testing of 257 

such a specific hypothesis makes it possible to evaluate the implications of alternative 258 

divergence time estimates on their biological conclusion. Alternatively, Muñoz-Rodríguez et 259 

al. (2018) were able to test the hypothesis of whether the storage root of sweet potato evolved 260 

in pre-human times by biasing divergence time estimates to as young ages as possible. The 261 

authors explicitly recognise that the inferences from their analyses are likely to significantly 262 

underestimate the true age of the sweet potato (Muñoz-Rodríguez et al. 2018). However, this 263 

issue is irrelevant with respect to the conclusions of the study, because the purpose of the 264 

study was not to estimate the age of sweet potato, but rather to determine whether the sweet 265 

potato evolved in pre-human times.   266 

Using time calibrated phylogenies to investigate general questions about when and why 267 

clades evolved 268 

Alternatively, the aim of a time-calibrated phylogeny may be to estimate the age of a 269 

clade, or to provide a framework for re-constructing the macroevolutionary history of a clade 270 

(for example Magallón et al. 2015; Hohmann et al. 2015; Berger et al. 2016; Lagomarsino et 271 
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al. 2016; Zhang et al. 2018). Many ground-breaking time-calibrated phylogenies have been 272 

constructed in this context that have provided important biological and methodological 273 

insights, and stimulated valuable discussion. However, when time-calibrated phylogenies are 274 

framed in this way, accurately reflecting the true degree of uncertainty in parameter estimates 275 

becomes increasingly important, otherwise the findings that are presented by the study are 276 

misleading. For example, the confidence interval that is presented for the age of a clade may 277 

not actually contain the true age of the clade. 278 

An example of this is the angiosperm time-calibrated phylogeny presented by 279 

Magallón et al. (2015). Although the authors were clearly aware of the important assumptions 280 

underlying their approach, and provide a very useful discussion of this, their time-calibrated 281 

phylogeny has often been interpreted as a roadmap for the evolution of major angiosperm 282 

clades, and been used as a basis for estimating divergence times in hundreds of subsequent 283 

studies. This is despite the fact that this study considers a very limited set of assumptions, 284 

including one important assumption that the crown node of angiosperms must be younger 285 

than of 136 Myr. The nature of the assumptions that are implemented means that this study is 286 

unlikely to represent the true degree of uncertainty about the age of angiosperms, or major 287 

clades within angiosperms.  288 

Nonetheless, this study can be considered in the context of the more specific 289 

hypothesis of whether molecular divergence time estimates for major angiosperm clades can 290 

be constrained such that they are congruent with the fossil record.  In this case, the study 291 

shows that when there is a large number of fossil calibrations combined with an unusually 292 

young maximum constraint for the crown node of angiosperms, molecular divergence time 293 

estimates can be constrained such that they conform very closely to the fossil record. The 294 

manner by which a time-calibrated phylogeny is interpreted therefore plays a crucial role in 295 

how robust conclusions can be drawn from it. This reiterates our more general point, that 296 
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when testing specific hypotheses, the conclusions that are drawn from time-calibrated 297 

phylogenies are less sensitive to the methodological limitations of a given method. This is 298 

because you are simply asking the question of whether, or in what context, the data may 299 

support or reject a given hypothesis. By contrast, attempts to adequately account for all 300 

sources of uncertainty, which can be underpinned by processes of which we have limited 301 

understanding, are more likely to be undermined by limitations in how methods account for 302 

uncertainty.  303 

Underlying issues relating to the interpretation of time-calibrated phylogenies is the 304 

fact that users of time-calibrated phylogenies are often not fully aware of the fundamental 305 

problems in methods of divergence time estimation. This is not surprising given that these 306 

methods have become highly complex, and methodological discourse involves highly 307 

specific discussions that are too dense for many readers (Yang and Rannala 2006; Rannala 308 

and Yang 2007; dos Reis and Yang 2013; Zhu et al. 2015; Barba-Montoya et al. 2017). 309 

Often, attempts by methodologists to communicate to a wider audience involve the 310 

declaration of “best practice” approaches that users of time-calibrated phylogenies are 311 

expected to follow (Parham et al. 2012). By contrast, a more widespread engagement with 312 

fundamental methodological issues may provide a stronger basis for users of time-calibrated 313 

phylogenies to evaluate the extent to which their time-calibrated phylogeny enables them to 314 

reduce uncertainty about a given aspect of macroevolutionary history. 315 

CONCLUSION 316 

It is probably impossible for any field to develop in a way which moves smoothly to a 317 

state of less uncertainty, as set out in Figure 1a. False premises and methodological 318 

conservatism are likely to lead to inferences that are directly contradicted by subsequent 319 

findings (Fig. 1b). However, with divergence time estimation, we are now in the position 320 

where we know that uncertainty stems directly from uncertainty about r and t. Further, it is 321 
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now clear that the effects of this uncertainty are not ameliorated by complex analyses that 322 

pool multiple different sources of evidence, and which make complex but unreasonable 323 

assumptions that do not reflect existing knowledge (Carruthers and Scotland 2020). Because 324 

of this, it is both possible and necessary for future methodological developments in 325 

divergence time estimation to adequately account for uncertainty, and to provide a basis for 326 

moving closer to the state represented in Figure 1a. These methodological developments may 327 

lead to less precise divergence time estimates because they are better reflecting the true 328 

extent of uncertainty. Alternatively, it may also be the case that at some point in the future 329 

new methods produce more precise estimates as well as better reflecting uncertainty, if for 330 

example, better models are developed that account for the relationship between life history 331 

traits and r (Lartillot and Poujol 2011; Lanfear et al. 2013; Ho 2014; Berv and Field 2018). 332 

Regardless, better reflecting the true extent of uncertainty will result in estimates that provide 333 

a robust foundation for subsequent research to build upon, and will not be directly 334 

contradicted by subsequent findings.  335 

 336 
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CAPTIONS 569 
 570 
Figure 1. The perceived change in uncertainty in recent studies compared to older studies. 571 
The grey shaded area indicates uncertainty about the parameter value, the grey horizontal 572 
dotted-line indicates the correct parameter value. In a) uncertainty is adequately expressed 573 
and reduces in more recent studies, such that statements become more precise and accurate. 574 
In b) there is a misleading perception of uncertainty such that statements are overly precise 575 
and inaccurate. Perceived uncertainty in older studies is directly contradicted by perceived 576 
uncertainty in more recent studies, and perceived uncertainty does not incorporate the correct 577 
parameter value.  578 
 579 
Figure 2. A summary of the different types of data and assumptions that are required when 580 
inferring divergence times. n = number of substitutions, r = substitution rate, t = time.     581 
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