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Abstract -- The state-dependent speciation and extinction models (SSE) have recently been
criticized due to their high rates of “false positive” results and many researchers have advocated
avoiding SSE models in favor of other “non-parametric” or “semi-parametric” approaches. The
hidden Markov modeling (HMM) approach provides a partial solution to the issues of model
adequacy detected with SSE models. The inclusion of “hidden states” can account for rate
heterogeneity observed in empirical phylogenies and allows detection of true signals of
state-dependent diversification or diversification shifts independent of the trait of interest.
However, the adoption of HMM into other classes of SSE models has been hampered by the
interpretational challenges of what exactly a “hidden state” represents, which we clarify herein.
We show that HMM models in combination with a model-averaging approach naturally account
for hidden traits when examining the meaningful impact of a suspected “driver” of
diversification. We also extend the HMM to the geographic state-dependent speciation and
extinction (GeoSSE) model. We test the efficacy of our “GeoHiSSE” extension with both
simulations and an empirical data set. On the whole, we show that hidden states are a general
framework that can generally distinguish heterogeneous effects of diversification attributed to a

focal character.

Key words -- BiSSE, biogeography, GeoSSE, hidden Markov, HiSSE, model-averaging
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Introduction

Determining the impact that trait evolution has on patterns of lineage diversification is a
fundamental and core question in evolutionary biology. The state speciation and extinction (SSE;
Maddison et al. 2007) framework was developed specifically for these purposes, as it provides a
means of correlating the presence or absence of a particular character state on diversification
rates. Since the initial model was published, which modeled the evolution of a single binary
character (i.e., BISSE; Maddison et al. 2007, FitzJohn et al. 2009), the SSE framework has been
expanded to deal with multiple state/traits (MuSSE: FitzJohn 2012), continuous traits (QuaSSE:
FitzJohn, 2010), to test whether change happens at speciation events or along branches (ClaSSE:
Goldberg and Igic 2012; BiSSE-ness: Magnuson-Ford and Otto 2012), which also includes a
nested subset of models that examines geographic range evolution (GeoSSE: Goldberg et al.
2011), and to account for “hidden” states that may influence diversification, on their own or in
combination and possible interaction with observed states (HiSSE; Beaulieu and O’Meara 2016).

The initial wave of interest and use of SSE models is quickly being replaced with
widespread skepticism about their use (see O’Meara and Beaulieu 2016). One major reason is
based on the simulation study of Rabosky and Goldberg (2015). Their analyses showed that if a
tree evolved under a heterogeneous branching process, completely independent from the
evolution of the focal character, SSE models will almost always return high support for a model
of trait-dependent diversification. From an interpretational standpoint, this is certainly troubling.
However, this also stems from the misconception that any type of SSE model is a typical model
of trait evolution like in, say Pagel (1994) or Butler and King (2004), where the likelihood
function maximizes the probability of the observed trait information at the tips, given the model
and the tree. In these models, the phylogenetic tree certainly affects the likelihood of observing
the traits, but that is the only role it plays. Other models based on the birth-death process for
understanding tree growth and shape (e.g., Nee et al. 1994, Rabosky and Lovette 2008, Morlon
et al. 2011) only calculate the likelihood of the tree itself, ignoring any and all traits. An SSE
model is essentially a combination of these: it computes the joint probability of the observed
states at the tips and the observed tree, given the model. This is an important distinction because

if a tree violates a single regime birth-death model due to trait-dependent diversification, mass
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extinction events, maximum carrying capacity, or other factors, then even if the tip data are
perfectly consistent with a simple trait evolution model, the tip data p/us the tree are not. In such
cases the SSE model is very wrong in assigning rate differences to a neutral trait, but it is also
wrong in saying that the tree evolved under unchanging speciation and extinction rates. This
leaves practitioners in quite a bind because the “right” model is not something that could be
tested in the SSE framework.

These results have created continued concerns in the community with respect to SSE
models. There are reasons to be concerned, but, in our view, there is a deeper issue with the
misinterpretation of hypothesis testing. First, with any comparative model, including SSE,
rejecting the “null” model does not imply that the alternative model is the true model. It simply
means that the alternative model fits /ess badly. Misunderstanding of null hypothesis testing, and
its dubious utility, has been a prominent issue for decades in other fields (i.e., Berkson 1938,
Kirk 1996). Second, in biological examples, including many of those used for testing Type |
error (e.g., Rabosky and Goldberg 2015), the apparent issues with SSE models isn't a matter of
high Type I error rate at all, it is simply comparing a trivial “null” model (i.e., equal rates
diversification) against a model of trait-dependent diversification. Again, given the rich
complexity of processes affecting diversification (e.g., mass extinctions, local extinctions,
competition, and biogeographic changes) and trait evolution (e.g., varying population size,
selection pressure, and available variation), a comparison of “one rate to rule them all” versus
“something a bit more complex” will usually return the latter as a better descriptor of the data. A
fairer comparison involves a “null” model that contains the same degree of complexity in terms
of the number of different classes of diversification rates that are also independent of the
evolution of the focal character, to allow for comparisons among trait-dependent models of
interest (Figure 1; also Beaulieu and O’Meara 2016). The development of the hidden state SSE
model (HiSSE; Beaulieu and O’Meara 2016) provides a means of including unobserved
“hidden” characters into the model that can account for the differences in diversification.

Aside from issues related to model rejection, and what is the appropriate “null”
comparison, there are also broader issues related to any interpretation of trait-dependent

diversification. For instance, a typological flaw in these types of analyses is the implicit
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95 assumption that a single trait is the primary driver of diversification, thereby ignoring alternate
96 sources of rate variation. In reality, nearly all traits exert at least some effect on speciation and/or
97 extinction rates. Even something as modest as a different base at a third codon position that leads
98 to the same amino acid can have a tiny fitness difference (Yang and Nielsen 2008), which in
99 theory could make a species infinitesimally closer to extinction. Moreover, even among traits we
100 think have a greater effect, it is unlikely that only this one examined trait accounts for the
101 increased diversification rates. In other words, if we are studying, say, growth habit, it is very
102 unlikely that traits like floral symmetry, pollination syndrome, biogeography, fruit dispersal, etc.
103 all have exactly zero effect on diversification. It should, therefore, always be difficult to ever
104 confidently view any one character state as the true underlying cause of changes in
105 diversification rates. The inclusion of “hidden” traits, again, provides a means of testing
106 intuitions about a particular character, while also “soaking” up variation in diversification rates
107 that is also driven by some unknown or unmeasured factor (which may interact with the
108 particular character, as well).
109 The use of “hidden” states, and the hidden Markov modelling approach (HMM) in
110 general, addresses multiple issues at once and are fairly simple to implement in an SSE
111 framework. They are, however, challenging from a interpretational standpoint. For example,
112 what does a “hidden” state mean? How does one weigh evidence for or against trait-dependent
113 and trait-independent diversification in the presence of “hidden” rates? The purpose of this study
114 is twofold. First, given the confusion over whether SSE models remain a viable means of
115 assessing state-dependent diversification (e.g., Rabosky and Goldberg 2017), we further clarify
116 the concept of “hidden” states as well as the misconceptions of “Type I errors”. Second, we
117 demonstrate the role of hidden state models as a general framework by expanding the original
118 geographic state speciation and extinction model (GeoSSE; Goldberg et al. 2011). We define a
119 set of biologically meaningful models of area-independent diversification (AIDiv) to be included
120 in studies of area-dependent diversification (ADDiv) that can be used in combination with the
121 original GeoSSE formulation. Such models are especially useful given the recent clarification on
122 the undesirable impact of cladogenetic events on the performance of dispersal-extinction-

123 cladogenesis models (DEC; Ree and Smith 2008 and DEC+J; Matzke 2014) as well as the
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124 renewed advocacy of using SSE models when examining patterns of geographic range evolution

125 (Ree and Sanmartin 2018).

126 The value of incorporating “hidden” states into SSE models

127 As mentioned above, SSE models are routinely criticized on the grounds that they almost
128 always show increased levels of “Type I error” (Rabosky and Goldberg 2015). That is, when

129 fitted to a tree evolved under a heterogeneous branching process independent from the evolution
130 of the focal character, SSE models will almost always return high support for a trait-dependent
131 diversification model over a trivial “null” model that assumes equal diversification rates.

132 However, as pointed out by Beaulieu and O’Meara (2016), this particular issue does not

133 represent a case of Type I error, but, rather, a simple problem of rejecting model X, for model Y,
134 when model Z is true. Furthermore, rejecting model X for model Y, does not imply that model ¥
135 is the true model. It simply means that model Y is a better approximation to model Z, than model
136 X. This will be generally be true if model X is overly simplistic (i.e., diversification rates are

137 equal) with respect to the complexity in either model ¥ and model Z (i.e., diversification rates
138 vary).

139 The story of the boy that cried wolf is a popular mnemonic for understanding what we
140 mean when we refer to the difference between true Type I and Type II error, which can be

141 extended to include comparisons between complex and overly simplistic models. When the boy
142 first cried wolf, but there was no wolf, he was making a Type I error -- that is, falsely rejecting
143 the null of a wolf-free meadow. When the townspeople later ignored him when there was

144 actually a wolf, they were making a Type II error. If the sheep were instead perishing in a

145 snowstorm, and the only options for the boy are to yell “no wolf!” or “wolf!” it is not clear what
146 the best behavior is -- “no wolf” implies no change in sheep mortality rates from when they

147 happily gambol in a sunny meadow, even though they have begun to perish, while "wolf"

148 communicates the mortality increase even though it is the wrong mechanism. It is the same here
149 when looking at a tree coming from an unknown, but complex empirical branching process and
150 trying to compare a constant rate model (“no wolf”) against a trait-dependent (“wolf”),

151 age-dependent (“bear”), or density-dependent model (“snowstorm”).
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152 Beaulieu and O'Meara (2016) proposed a set of character-independent diversification

153 (CID) models that are parameterized so that the evolution of each observable character state is
154 independent of the diversification process without forcing the diversification process to be

155 constant across the entire tree. Importantly, hidden state models are part of a more general

156 framework that should be applied to any SSE model, regardless of a priori interest in unobserved
157 factors driving diversification. For instance, the likelihood of a standard BiSSE model is

158 identical to a HISSE model where the observed states each have their own unique diversification
159 rates, with the underlying “hidden” states constrained to have the same parameter values. This is
160 best illustrated in Figure 1. Both phylogenetic trees show variation in diversification rates, so the
161 question is whether such rate shifts can be predicted by the observed traits or not. The

162 state-dependent and independent models with respect to a focal trait both have two hidden states
163 (4 and B) and four free diversification parameters. The difference between the models in Figure
164 1 resides solely in the way the variation among the hidden states is partitioned. If we set the

165 hidden rates to vary within each observed state, such that all hidden states of A, and , are

166 independent of A, and p, (Figure 1, left panel), we produce a state-dependent BiSSE model.

167 Alternatively, if the observed states share the same diversification rate, and rate variation is

168 partitioned among hidden rate classes (Figure 1, right panel), we produce a state-independent

169 model, which is independent of the focal state, but not the hidden state. More complex

170 state-dependent models can be created by letting multiple hidden rate categories be estimated

171 within the observed state (see examples in Beaulieu and O'Meara 2016). Of course, in the case of
172 BISSE (as well as any other of the original SSE implementations), there is little sense in referring
173 to the single observed rate category as “hidden”, since the hidden states are constrained to have
174 the same parameter values. Nevertheless, the usefulness of the state-independent models (CID) is
175 that they partition the rate variation among hidden rate categories and not among observed states.
176 For a fairer comparison to a state-dependent diversification model, any alternative CID model
177 must be devised to fit the same number of diversification rate categories to the phylogeny (i.e.,
178 same number of free speciation and extinction rates, such as shown in Figure 1).

179 A natural corollary, then, is that the usefulness of the hidden state modelling approach

180 depends entirely on the careful match of free diversification parameters between the
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181 state-dependent and state-independent diversification models. These models will also return

182 “false positives” when the proper counter balance to a trait-dependent model is not included in
183 the set of models evaluated. This was recently demonstrated by Rabosky and Goldberg (2017).
184 Under a range of very difficult scenarios, their non-parametric approach differentiated between
185 gcenarios of trait-dependent and trait-independent diversification much better than a parametric,
186 process-based hidden state SSE model. Specifically, they found that while the inclusion of a

187 character-independent model with two diversification rate categories (i.e., CID-2) reduced the
188 overall “false positive” rate of BiSSE, the use of BiSSE + CID-2 + HiSSE resulted in nine of 34
189 trait-independent diversification scenarios having “false-positive” rates in excess of 25%. The
190 results of Rabosky and Goldberg (2017) show that appropriate null models help, but they are not
191 a panacea. However, we hasten to point out that this result is partly due to not including

192 gsufficiently complex null models that are able to capture enough variation in diversification rates
193 across the phylogenies. In fact, the most parameter-rich model tested by Rabosky and Goldberg
194 (2017) assumed trait-dependent diversification. A proper set of CID models for hidden state SSE
195 methods will, necessarily, have the same number of free diversification parameters than the

196 state-dependent models (the CID-4 in this case). When proper null models are included, the

197 “false positive” rates dropped in all scenarios (see Figure 2). Moreover, the improvement in

198 performance was dramatic in the same nine scenarios that previously showed high

199 “false-positive” rates (see Figure 6 in Rabosky and Goldberg 2017). Thus, not just any null

200 model will suffice, but once appropriately complex ones are included, Type I properties approach

201 desired values.

202 What (if anything) is a hidden character?

203 Common difficulties that come with hidden Markov models applied to comparative

204 analyses are “what exactly does the hidden state represent?”, which leads to the most pressing
205 question of “how should I interpret results when I find evidence for one or more hidden states
206 influencing diversification?” Before moving forward, it is important to note a continuum across
207 models of traits and diversification, such as the SSE models, and those that fit diversification

208 rates to trees but ignore character information altogether (LASER, Rabosky 2006; MEDUSA,
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209 Alfaro et al. 2009; TreePar, Stadler 2011; BAMM, Rabosky 2014; among others). While all these
210 models are often treated as unrelated frameworks, they are really two ends of a continuum. On
211 one end lie models such as MEDUSA and BAMM that make no explicit hypotheses about how
212 traits impact diversification, but implicitly assume the inferred shifts must be tied to something
213 about the organism or its environment. In fact, these models can be considered “hidden state

214 only” models, in that shifts in diversification could be related to a single unmeasured character
215 or, more realistically, to an evolutionary coordination among a suite of traits and

216 trait-environment interactions. In other words, it is not controversial to assert that most

217 characters have at least some influence on diversification, however trivial, and that even when
218 not explicitly identifying a character focus, we are doing so implicitly. This is precisely why

219 trait-based interpretations come as part of post-hoc interpretations that assert the putative

220 causality of shifts in diversification inferred with MEDUSA or BAMM.

221 On other end of the continuum, we may have a hypothesis about particular character

222 states and their impact on diversification, which we test with any one of the many available -SSE
223 models. However, such questions increasingly now come with the added burden of mitigating
224 factors that may erroneously produce meaningful differences in diversification among character
225 states (Maddison and FitzJohn 2015, Beaulieu and O’Meara 2016), which ultimately leads us
226 towards a middle ground of blending tree-only and strict -SSE type models. For instance, as

227 mentioned above, we must account for the possibility that diversification rates may actually vary
228 independently of our special character of interest. Even when diversification rates are tied to a
229 particular focal character state, we must also account for complicated correlations between our
230 trait of interest with one or more unmeasured characters that can vary among clades (Beaulieu
231 and O’Meara 2016). We should also account for additional processes, such as whether speciation
232 events (cladogenesis) exert an effect on the character even if it may seem inconsistent with our
233 initial hypothesis of how a particular state evolves. The important point here is that without

234 accounting for any or all of these factors, and by explicitly staying on the strict end of the -SSE
235 gpectrum, we run the risk of overstating the meaningfulness of the diversification differences

236 among character states.
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237 So, what, if anything, is the purpose of a hidden state model? Simply put, it is a means by
238 which we can account for the hidden majority of traits while examining the meaningful impact of
239 asuspected “driver” of diversification. The nature of the empirical question of whether character
240 gstate X has a meaningfully higher rate than character state ¥ does not, and should not, change

241 when including hidden characters. However, we emphasize that this type of question serves no
242 purpose if character states X and Y alone are not adequate predictors for diversification rates. In
243 this case, neither the “null” model, where diversification rate for X and Y are the same, nor the
244 alternative model of trait-dependent diversification will be adequate. If we ignore within trait

245 variation in diversification rates, it is really not surprising that erroneous conclusions are made.
246 For these reasons, we advocate moving beyond just rejecting trivial null models, by making

247 comparisons among a variety of models, looking at the weight for each, and making biological

248 conclusions based on some summary of these models and their parameter estimates.

249 The importance of model-averaging

250 We adopt an approach that integrates the estimate from every model in the set in

251 proportion to how much the model is able to explain the variance in the observed data (i.e.,

252 model-averaging by Akaike weight, w,). Although the Akaike weights can also be used to rank
253 and select the “best” model(s), the fundamental difference between approaches is that

254 model-averaging largely alleviates the subjectivity of choosing thresholds to rank models, and
255 permits the estimation of parameters taking into account the uncertainty in model fit. For

256 instance, it is not unusual for a set of models, ranked according to their AIC values, to suggest
257 that three or four models fit about “equally well”. The model choice framework provides no easy
258 gsolution for such instances and, importantly, the conclusions about the biological questions at
259 hand end up hampered by potentially conflicting interpretations from the models. Parameter

260 estimates averaged across these models, on the other hand, will result in a unique scenario which
261 incorporates the uncertainty associated with the fit of multiple models. For example, in the case
262 of the data sets simulated by Rabosky and Goldberg (2017), the scenario that exhibited one of the
263 worst “false positive” rates, even after properly accounting for the CID-4 in the model set, had a

264 model-averaged tip ratio between observed states, 0 and /, distributed around 1 (see Figure 2).
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265 This indicates that, on average, there were no meaningful diversification rate differences among
266 the observed states. More importantly, this is a clear example of a case in which “false-positive”
267 results are not as dire as they seem, because parameter estimates for the model show no strong
268 effect of state-dependent diversification (see similar discussion in Cooper et al. 2016b).

269 The procedure to perform parameter estimates starts by computing the marginal

270 probability of each ancestral state at an internal node using a standard marginal ancestral state
271 reconstruction algorithm (Yang et al. 1995, Schluter et al. 1997), though using the SSE model
272 rather than just a model for the trait. The marginal probability of state i for a focal node is the
273 overall likelihood of the tree and data when the state of the focal node is fixed in state i. Note
274 that the likeliest tip states can also be estimated, because while we observe state /, the underlying
275 hidden state could either be /4 or /B. For any given node or tip we traverse the entire tree as
276 many times as there are states in the model. Second, the weighted average of the likeliest state
277 and rate combination for every node and tip is calculated under each model, with the marginal
278 probability as the weights. Finally, the rates and states for all nodes and tips are averaged across
279 all models using the Akaike weights. These model-averaged rates, particularly among extant
280 gpecies, can then be examined to determine the tendency of the diversification rates to vary

281 among the observed character states. This procedure is implemented in the hisse package

282 (Beaulieu and O’Meara 2016).

283 One important caveat about model-averaging is making sure the models that are being
284 averaged provide reasonable parameter estimates. Including a model with a weight of 0.00001,
285 but a parameter estimate millions of times higher than other models’ estimates for that parameter,
286 will have a substantial effect on the model-average. Even with this approach, examining results
287 carefully, and communicating any issues and decisions to cull particular models transparently,

288  remains important.
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289 Similarities between BAMM and model-averaging using AICw

290 Model-averaging approaches have been widely used in phylogenetics (e.g., Posada 2008,
2917 Eastman et al. 2011, Rabosky 2014), but most applications have focused on Bayesian methods.
292 For example, BAMM (Rabosky 2014) applies a reversible-jump Markov-chain Monte Carlo

293 (rjMCMC) sampler (Green 1995). The “reversible-jump” part means that the MCMC will visit
294 multiple models by adding and subtracting parameters using birth and death proposal steps. This
295 is a Bayesian method, thus a prior is used to control the weight given to different numbers of rate
296 shifts (Rabosky 2014). The rjMCMC will adjust the complexity of the model in function of the
297 likelihood weighted by the prior (i.e., the posterior). This approach returns a posterior

298 distribution of shifts in net diversification and locations in the phylogenetic tree.

299 The SSE trait-independent models using hidden states (CID - Beaulieu and O’Meara

300 2016) have a similar purpose to the trait-agnostic analyses of rates of diversification performed
301 with BAMM. In both cases we want to compute the likelihood of the tree including rate

302 heterogeneity in the absence of any (explicit) predictor. As we discussed before, the important
303 attribute of the CID models is that these can accommodate rate heterogeneity using hidden states,
304 in contrast to simple null models, such as in BiSSE. Since the true number of rate shifts in

305 empirical trees is unknown, we need to fit multiple trait-independent models with varying

306 number of hidden rate categories. While BAMM has a built-in machinery to grow and shrink the
307 number of rate regimes in the models as part of the jMCMC, HiSSE (as well as GeoHiSSE,

308 which we describe below) requires the user to provide a set of models with an adequate number
309 ofrate categories (i.e., hidden states). However, it is possible to dredge across a set of possible
310 models with a simple script and summarize results using model averaging (see Supplementary
31 Material). More importantly than approximating the number of rate shifts in tree, the number of
312 free diversification rate categories of the trait-independent models always need to match the rate
313 categories present in the trait-dependent alternative models (as shown in Figure 1).

314 The similarity between the application of model-averaging in a likelihood framework and
315 Bayesian model-averaging is that, in both cases, the result is a collection of models weighted by
316 some quantity proportional to a measure of fit. In the case of model averaging across a set of

317 maximum likelihood estimates, the quantity used is the Akaike weight which are considered the
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318 weight of evidence in favor of a given model relative to all other models in the set (Burnham and
319 Anderson 2002). In a Bayesian framework, the quantity is the frequency of a given model in the
320 posterior distribution which is proportional to the posterior probability of the model given the
321 observed data (Green 1995). Both the jMCMC utilized by BAMM and model averaging

322 approach described here have the same ultimate goal and allow us to investigate similar

323 questions. Given the recent popularity of jMCMC approaches in phylogenetics, it seems natural
324 that tests of state-dependent diversification using likelihood should focus on parameter estimates
325 while incorporating the contribution of each model to explain the observed data and avoid the

326 pitfalls of model testing.

327 Linking “hidden” states to geographic range evolution and diversification

328 The dispersal-extinction-cladogenesis models (DEC; Ree and Smith 2008) as well as

329 DECHJ (“jump dispersal”; Matze 2014) are popular frameworks for studying geographic range
330 evolution using a phylogenetic-based approach. They are different from SSE models in that they
331 are standard trait evolution models -- that is, the likelihood only reflects the evolution of ranges
332 and the tree is considered fixed. Recently, Ree and Sanmartin (2018) raised concerns with the
333 limitations of DEC and DEC+J models. Since the probability of the tree is not part of the DEC
334 likelihood, cladogenetic events are independent of time, which produces odd behaviors in the
335 parameter estimates, especially when jump dispersal events are allowed (Ree and Sanmartin

336 2018). A straightforward way to alleviate this issue, as mentioned by Ree and Sanmartin (2018),
337 is to simply apply geographic state speciation and extinction models (GeoSSE; Goldberg et al.
338 2011) to study range evolution. Instead of optimizing ancestral areas conditioned on the nodes of
339 a fixed tree, the GeoSSE model incorporates the tree into the likelihood and has a parameter for
340 the rate of cladogenetic speciation.

341 Adopting an SSE-based framework to understand geographic range evolution is naturally
342 burdened with respect to comparing complex models to “trivial” nulls and accounting for

343 “hidden” variation among observed states. In our view, the concept of hidden variation seems the
344 most relevant when investigating geographic range evolution. Due to the need for reducing

345 geographical variation into coarsely defined discrete areas, parameter estimates could be strongly
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346 impacted by heterogeneous features across the landscape not captured by this categorization. A
347 good example of the potential for hidden variation in range evolution comes from studies of

348 diversity dynamics between tropical and temperate regions, which are often defined simply by
349 latitude (e.g., tropical for | latitude | < 23.5 degrees; Rolland et al. 2014). Such categorization
350 necessarily overlooks the heterogeneity present in the tropics: some high elevation areas freeze,
351 others do not; some areas are deserts and others are lush forests, etc. However, the ability for the
352 data to “speak” to the rate variation within a given geographic area is not currently allowed

353 within the existing GeoSSE framework. Below, we briefly demonstrate how the hidden Markov
354 modelling (HMM) approach can easily be used for geographical state speciation and extinction
355 models. However, this is just one example of the utility of HMM approaches in diversification
356 models; HMM approaches can, and we argue should, be added as options to other diversification
357 approaches.

358 Geographic hidden state speciation and extinction model -- The general form of the

359 original GeoSSE model determines the diversification dynamics within, and transitions between,
360 two discrete regions 0 and /. Under this model (see Figure 3), a species observed at the present
361 (=0) can be “endemic” to either area 0 or I, or has persistent populations in both 0 and 7,

362 referred to hereafter as the 07 range (i.e., “widespread” ). Similarly to the DEC model, range
363 evolution occurs in two distinct modes. First, ranges can expand or contract along the branches
364 of the phylogeny through anagenetic change. Range expansions are based on state transitions
365 from 0 to 01 and I to 01, which are parameterized in the model as the per-lineage “dispersal”
366 rates, d, and d,, respectively. Range contractions, on the other hand, describe the reverse process
367 of transitions from 0/ to / and 01 to 0, which are the per-lineage rates of range contraction, x,
368 and x,, respectively (also referred as “extirpation” rates). The second mode of range evolution
369 occurs as a product of the speciation process (i.e., cladogenesis), particularly with respect to

370 gspeciation events breaking up widespread ranges into various combinations of descendant areas.
371 The area-specific rates of “within-region” speciation are parameterized as s, and s,, whereas the
372 “petween-region” rate of speciation is denoted by s,,. We will refrain from describing the

373 mathematical formulation of this particular model, as these are described in detail elsewhere

374 (Goldberg et al. 2011, Goldberg and Igic 2012). We do note, however, that our notation for the
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375 observed areas differs from Goldberg et al. (2011) in order to be consistent with previous work
376 on incorporating hidden states into -SSE models (see Beaulieu and O’Meara 2016).

377 In order to apply the hidden Markov modelling (HMM) to GeoSSE for the simplest case
378 of two hidden states, we replicate the original model across hidden states 4 and B. We

379 re-parameterize the model to include six distinct speciation rates, s, S, Sp,4 Sop> 515> a0d 55,5,
380 and four distinct extinction rates, x,,, X, ,, X,5, and x,, allowing for two distinct net diversification
381 rates within each range (Figure 3). Likewise, dispersal rates from area 0 (or /) into 0/ also show
382 separate rates for each hidden state, parametrized as d,, and d,; for area 0 or d,, and d; for area
383 ]. Shifts between the hidden states within a geographic range are modelled with the transition
384 rate g following the same approach described by Beaulieu and O’Meara (2016), as does the

385 inference of changes in the hidden state within each range. Herein we focus our simulation tests
386 and empirical analyses on a spatial structure that contains only two geographical areas, however,
387 just like the DEC model, our GeoHiSSE model can contain an arbitrarily large state space.

388 The GeoSSE model set must also be expanded to include a more complex and less trivial
389 set of “null” models to compare against those that assume some form of area-dependent

390 diversification (referred to here as ADDiv). Recently, Huang et al. (2017) extended the CID

391 approach to obtain an area-independent model (referred to hereafter as, AIDiv) for use in model
392 comparisons against GeoSSE. The AIDiv model of Huang et al. (2017) replicates the GeoSSE
393 model across two hidden states, 4 and B, similar to our GeoHiSSE model described above.

394 However, here the diversification rates are constrained to be equal in each of the hidden states
395 such that s,,=s, =S, X0, =X10» So5=S15=S0; a0d x,;=x,, (Figure 3). There is also a global

396 transition rate (e.g., d,, .,;) Which accounts for transitions among the different hidden states

397 within each range and disallows dual transitions between areas and hidden states (i.e., d,, . ,,=0).
398 We expand the AIDiv model to allow geographic ranges to be associated with as many as five
399 different hidden states (i.e., "€4, B, C, D, E). The AIDiv model that contains two hidden states
400 is equivalent to the model of Huang et al (2017). It should be noted that this model contains only
401 two diversification rate categories, which makes the AIDiv model slightly less complex than the
402 original GeoSSE model (which has three). In any event, the purpose of these models is to prevent

403 gpurious assignments of diversification rate differences between observed areas in cases where
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404 diversification is affected by other traits. Finally, an AIDiv model with five hidden states

405 contains as many as 10 free diversification parameters and, importantly, equals the complexity in
406 our GeoHiSSE model.

407 Further model expansions -- We also relaxed and tested the behavior of two important
408 model constraints within the GeoSSE framework. First, we wondered whether constraining range
409 contraction and lineage extinction to be the same could be too restrictive, particularly when the
410 ranges under consideration represent large geographical areas. Under the original GeoSSE model
411 there are two parameters, d,, ., and d,, . ,, which denote local range contraction that are linked to
412 extinction rates of the endemics, x, and x, (Figure 3). However, consider a scenario where

413 lineages have originated in a temperate region and possess a suite of traits that reduce extinction
414 rates in this area. Movements into the tropical regions require not just getting there, but also

415 being able to compete within this new environment. Recent attempts to disperse into the tropical
416 zone by those lineages on the boundary separating the two areas can persist there for a time, but
417 might eventually go locally extinct in the tropical portion. The constraint of the rate of range

418 contraction always equalling the extinction rate of endemics prevents the detection of such

419 dynamics. Furthermore, this will necessarily increase estimates of per-lineage extinction rates for
420 the tropical region as a whole because of the link between range contraction and lineage

421 extinction present in the original GeoSSE model (Goldberg et al. 2011). Here we extended the
422 model by separating the rate of range contraction from the process of lineage extinction (see

423 more details in Figure 3 and Supplementary material). More broadly, we refer to this class of
424 models as “GeoHiSSE+extirpation” or “GeoSSE+extirpation” to represent models with and

425 without hidden states, respectively. Removing this constraint effectively increases the number of
426 gtate “transition rates” in the model. Teasing apart the effect of range reduction and extinction of
427 endemics will likely require phylogenetic trees of large size. For instance, our simulations show
428 parameter estimates for the hiGeoSSE+extirpation model are adequate with trees of 500 species
429 (see Supplementary material).

430 Second, we included a complementary set of models (both AIDiv and ADDiv) that

431 removed the cladogenetic effect from the model entirely. These models assume that lineage

432 gpeciation has no direct impact on range evolution, such that all changes occur along the
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433 branches (i.e., anagenetic change). This requires the addition of a per-lineage rate of extinction
434 and speciation for lineages in the widespread range (x,, and s,,, respectively) as well as range
435 contraction being distinct from the extinction of endemics. In the absence of a hidden state, this
436 is effectively a three-state MuSSE model (FitzJohn 2012) with transition matrix constrained such
437 that a shift between ranges 0 and / has range 0/ as the intermediary state. Here we also expand
438 this particular MuSSE-type model to allow for up to five hidden states and can be used to test
439 hidden state character-dependent or character-independent diversification models, depending on
440 how the different diversification parameters are set up (Table 1). In general, we include this

441 particular set of models as a way of acknowledging that we really never know the “true” history
442 of the characters or areas we observe. Therefore, there should be some way for the data to speak
443 to scenarios that may be outside our a priori expectations with respect to geographic state

444 gpeciation and extinction. Again, our argument follows the same logic as with the usage of

445 hidden state SSE models. If a cladogenetic model is not the most adequate for our empirical data
446 get, it is best to allow for a non-trivial “null” model (i.e., the anagenetic model) than to force a set
447 of inadequate cladogenetic models to fit such data set. We refer to this class of models hereafter
448 as “Anagenetic”.

449 Simulations -- We performed extensive simulations to test the behavior of the hidden state
450 geographic state speciation and extinction (GeoHiSSE), in addition to our other model

451 expansions. We evaluated models of area-dependent and independent diversification under a

452 geries of scenarios, including unequal frequencies between observed ranges and absence of

453 cladogenetic events. We have relegated many of the details and tests to the Supplemental

454 Materials. Briefly, we generated 100 trees containing 500 taxa for each simulation scenario.

455 Thus, our results are relevant to trees of similar size or larger and we strongly suggest users to
456 perform power analyses when using smaller trees. All analyses were carried out using new

457 functions provided in the R package hisse (Beaulieu and O’Meara 2016). Code to replicate the
458 simulations are also available on the Supplementary material.

459 For the first simulation scenario (scenario A), we simulated data using a homogeneous
460 rate GeoSSE model with the speciation rate for one of the endemic areas (area /) set to be two

461 times faster than the other two possible areas (I and 01). This represented the simplest case for
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462 which the original GeoSSE model is known to be adequate (Goldberg et al. 2011). It also

463 allowed us to test whether models with multiple hidden rate classes exert undue weight when
464 rate heterogeneity is not actually present in the data. We found that even when the model set

465 included a broad array of complex models, most of the model weight across all replicates for
466 gcenario A goes to the generating model (model 2; Figure S8). Furthermore, even when net

467 diversification rates between endemic ranges are averaged across all models our estimates were
468 congruent with the true values (Figure 4A). When we expressed speciation and extinction rates
469 in terms of turnover rates (i.e., s, + x,) and extinction fraction (i.e., x/s,), the rate estimates for
470 each node in the tree are also centered on the true parameter values, independent of tree height
471 (Figure S5).

472 In the second and third scenarios (scenarios B and C), we introduced three and five

473 range-independent diversification regimes, respectively. The transition between diversification
474 rate classes followed a meristic Markov model to emulate gradual changes in diversification

475 rates (Figure S1). In both cases, we did not detect any meaningful differences in the net

476 diversification rates between endemic areas (Figures 4B-C and S3), and the parameter estimates
477 computed for each node and tip of the phylogeny are centered on the true values. Thus, our

478 results show that area-independent GeoHiSSE models can accommodate the rate heterogeneity
479 in the simulated trees without evoking an area-dependent diversification process when none was
480 present. We do note, however, that even when we reduced the model set and fit only simple

481 homogeneous GeoSSE models to the same data, there is an interesting effect in that the

482 parameter estimates averaged across all models would still lead to an area-independent

483 diversification interpretation (see Appendix 2).

484 Simulation scenario D represented an instance of the area-dependent model (ADDiv)
485 model in which geography has an important effect on diversification across the phylogeny, but
486 diversification rates vary within each range as a function of some unobserved “hidden” trait. The
487 frequency of each hidden rate class stochastically varies across simulation replicates, and,

488 therefore, there is no single true value for diversification rates. Nevertheless, results showed that
489 GeoHiSSE was able to recover the correct direction in the relationship between net

490 diversification rates of endemic areas in the presence of heterogeneity (Figures 4D, S5 and S6D).
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491 We also studied two extreme cases with the objective of identifying odd behaviors when
492 simulating data sets where 1) widespread ranges are rare or absent in extant species, and where
493 2) the evolution of areas are not tied to cladogenetic events. Under the original GeoSSE model,
494 lineages need to pass through the widespread state before transitioning between endemic areas. If
495 extant widespread lineages are rare or absent, the information to infer cladogenetic and

496 dispersion events can become limited. To study this effect we first simulated datasets with

497 widespread lineages as being rarely observed at the tips (see scenario E in Table S1). Results
498 showed that low frequency of widespread lineages does not prevent our set of models from

499 reaching meaningful estimates using model-averaging (Figure 5E). Alternatively, we simulated
500 the case of jump dispersal events (i.e., direct transitions between endemic distributions). For this
501 we used a GeoSSE model to simulate the data, but we allowed lineages to disperse between

502 endemic areas without becoming widespread first (scenario F). [Note that none of the 18 models
503 we used to estimate parameters throughout this study allow for any instance of jump dispersal
504 events.] Our results showed no evidence for a meaningful bias in parameter estimates for both
505 area-dependent diversification rates or speciation rates associated with cladogenetic events on
506 widespread lineages (Figure 5F). In summary, our approach of model-averaging across a large
507 set of candidate models does not appear sensitive to rare extant widespread areas.

508 Finally, we explored the extreme possibility that the widespread range was never a part of
509 the history of the clade (scenario G). When fit to our model set, the absence of widespread areas
510 among the extant species produces estimates of the rates of cladogenetic speciation (s ;) that are
511 highly uncertain (Figure 5G). These estimates are orders of magnitude higher than the rates of
512 gpeciation associated with endemic regions. In contrast, estimates for the relative difference in
513 net diversification rates between endemic areas did not show a strong bias (Figure 5G). This

514 suggests that poor estimates of cladogenetic speciation would not strongly bias our conclusions
515 about range-dependent diversification rates.

516 All previous scenarios assumed that cladogenetic events were important in the

517 evolutionary history of the lineages. In order to consider the performance of the model when this
518 s not the case, we generated datasets with transitions between areas restricted only to anagenetic

519 dispersal events along the branches of the tree. The estimated difference in rates of
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920 diversification between endemic areas is larger than observed in any other simulation scenario
521 (Figure 5SH). Moreover, the absence of cladogenetic events makes estimates of cladogenetic

922 gpeciation (s ;) uncertain, although raw parameter values are within the same order of magnitude
523 of the true rates of diversification across the tree (grey lines in Figure SH).

524 On the whole, our extensive simulation study shows that parameter estimates averaged
925 across 18 models of area-independent and area-dependent evolution are robust to a wide variety
526 of macroevolutionary scenarios likely to be observed in empirical datasets. We also show that
527 important violations of the expected type of data modelled with GeoSSE, such as absence of

528  widespread lineages or cladogenetic speciation events, are not enough to significantly hinder our
529 interpretation of the evolutionary history of the group, even when there is large ambiguity in the

530 estimate for some parameters of the model.

5317 Empirical example: Hemisphere-scale differences in conifer diversification

532 A further question is the performance of the GeoHiSSE model, as well as our extensions
533 to the original GeoSSE model, in an empirical setting, where we do not know the generating

534 model, and the tree and area designations could contain unforeseen errors or problematic and/or
935 conflicting signals in the data. For these purposes, we focus our analyses on the evolutionary

536 dynamics of movements between Northern and Southern Hemisphere conifers. There is evidence
537 that the turnover rate — defined here as speciation + extinction rate — is generally higher for
538 clades found exclusively in the Northern Hemisphere compared to clades found almost

539 exclusively in the Southern Hemisphere (Leslie et al. 2012). The falling global temperatures

540 throughout the Cenozoic, and concomitant movements of several major landmasses northwards,
541 facilitated the emergence of colder, drier, and strongly seasonal environments within Northern
542 Hemisphere regions (e.g., Zanazzi et al. 2007, Eldrett et al. 2009). This may have led to

943 widespread extinction of taxa unable to survive in such environments and expansion of taxa able
544 to thrive there (perhaps through isolated populations surviving to become new species rather than
545 g0 extinct due to competition). The net effect across the clade would be an increase in speciation
546 and extinction rates. Furthermore, the repeated cycles of range expansion and contraction due to

547 glacial cycles would also promote isolation of populations leading both to speciation (due to
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948 allopatry), and possibly rapid extinction (due to small population size). The Southern

549 Hemisphere, on the other hand, has maintained milder environments scattered throughout the
550 region (e.g., Wilford and Brown 1994, McLoughlin 2001). It is important to note that these

551 conclusions were supported by comparisons of branch length distributions and diversification
552 models applied to various clades independently, which indicated heterogeneity among the

553 taxonomic groups tested (see Leslie et al. 2012).

554 Using the expanded GeoSSE framework, we re-examined the hemisphere diversification
955 differences within conifers proposed by Leslie et al. (2012). We combined geographic locality
956 information from GBIF with an updated version of the dated conifer tree from Leslie et al.

957 (2018) that improves taxon sampling relative to the analysis of Leslie et al. (2012). This new
558 phylogeny contains 578 species, representing around 90% of the recognized extant diversity. We
559 considered any locality having a maximum and minimum latitude >0 degrees as being Northern
560 Hemisphere, <0 as Southern Hemisphere, and species with a maximum latitude >0 and a

561 minimum latitude <0 were considered “widespread”. Such strict thresholds in latitude used to
562 define ranges provide the ideal scenario in which hidden states may play an important role in
563 understanding the diversification dynamics across the clades. Finally, we pruned the Pinaceae
564 from our analysis and focus only on movements within the Cupressophyta, which includes the
565 Cupressales (i.e., cypresses, junipers, yews, and relatives) and the Araucales (i.e., Araucaria,
566 Agatha, podocarps, and relatives). The decision to remove Pinaceae from our analysis was based
567 on the uncertain relationship of Gnetales to conifers. There remains the possibility that Gnetales
568 g sister to conifers as a whole (e.g., the “Gnetifer” hypothesis; Chaw 1997, Burleigh and

569 Mathews 2007), though most recent sequence analyses support Gnetales as sister to Pinaceae
570 (e.g., the “Gnepine” hypothesis; Mathews 2006, Mathews 2009, Zhong et al. 2010). For these
571 reasons, we focus our analyses on the Cupressophyta to ensure that our analyses reflect

572 geographic range evolution within a monophyletic group.

573 Our final data set consisted of 325 species, with 146 species designated as Northern

574 Hemisphere, 143 designated as Southern Hemisphere, and the remaining 36 species currently
975 persisting in both areas. Our model set included the 18 models described in Table 1 and used in

576 our simulations, as well as an additional 17 models. Briefly, we included AIDiv models that
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577 ranged from 2-5 hidden states rather than just those that equal the number of parameters in the
578 ADDiv models (i.e., AIDiv models consisting of 3 and 5 hidden states), various MuSSE-type
579 models that allowed and disallowed range contraction to be separate from lineage extinction, and
580 a particular set of MuSSE-type models that disallowed speciation and extinction (i.e., the rates
581 were set to zero) in the widespread regions to better mimic anagenetic-only range evolution. The
582 entire set of models tested and their number of free parameters are described in Table S2.

583 The turnover rate differences, even after accounting for hidden states and the possibility
584 of heterogeneity in area-independent diversification, supported the original findings of Leslie et
585 al. (2012). That is, Northern Hemisphere species across Cupressophytes exhibited higher

586 turnover rates relative to species occurring in the Southern Hemisphere (Figure 6). The majority
587 of the model weight is comprised of estimates from three models (models 4, 10, and 32 described
588  in Table 1 and Table S2), all of which assume a hidden state and character-dependent

589 diversification, but differ in whether cladogenetic events have occurred or whether range

590 contraction is separate from lineage extinction. The inference of a hidden state also implied that
591 differences in the turnover rate were also clade-specific. Indeed, differences in the turnover rates
592 within the Northern Hemisphere Cupressales (i.e., Taxaceae+Cupressaceae) have a turnover rate
993 that is nearly 3 times higher than Southern Hemisphere species. Within the Araucariales (i.e.,

594 Araucariaceae+Podocarpaceae) the Northern Hemisphere rate is only 1.5 times higher than the
595 gpecies occurring in the Southern Hemisphere. Similarly, turnover rate is meaningfully higher in
596 Southern Hemisphere Araucariales (0.152 events Myr") relative to the turnover rates among

597 Southern Hemisphere members of the Cupressales (0.087 events Myr ™). Turnover rates are also
598 higher among Northern Hemisphere species of Cupressales than Northern Hemisphere species of
599 Araucariales, although these differences do not appear to be very meaningful (0.22 vs. 0.20

600 events Myr™).

601 In cases where diversification rates (or any other rate of interest) are always higher in one
602 particular observed state than the other for any hidden state, interpretation of the results is fairly
603 straightforward (e.g., Figure 6). Mapping the model-averaged diversification rates to the

604 phylogenetic tree can also provide important, and often insightful, phylogenetic context to

605  among species variation in parameter estimates. However, in some instances, ignoring rate
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606 differences between combinations of observed and hidden traits could be problematic. Whether
607 or not one observed state leads to higher diversification rates than the other could depend on the
608 magnitude of the rate differences and how much time is spent in each hidden state -- that is,

609 when the rate of diversification for 04 > /4 > 1B > 0B the average mean rate for 0 could be

610 equal, higher than, or lower than the rate for state /.

611 As a solution to this, we recommend model-averaging the “effective trait ratio”, which is
612 the expected proportion of each observed state given the estimated parameters, tree depth, and
613 the root weights under each of the models in the set (see Appendix ). This provides an intuitive
614 complement to examining just rate differences among observed states. In other words, even in
615 cases where 04 > 14 > 1B > 0B, and where the diversification rate of state 0 is more or less the
616 same as state /, we could still find that, say, 75% of species are expected to be in state 0 due to
617 the interaction with the hidden character. Note that this may differ radically from the empirical
618  frequency, which is based on one realization of the process. Perhaps an unlikely series of

619 changes early in the tree led to more taxa in state / than would be expected. Likewise, under a
620 standard BiSSE analysis, it is possible to have more taxa in state / even if the net diversification
621 rate in state / and transition rate to state / are lower than the equivalent rates for 0. Given this
622 scenario, one should conclude that there is signal for a trait-dependent process with observed
623 state 0 having a positive effect on diversification, despite the lack of a consistent direction in the
624 diference between hidden classes of observed traits. In the case of Cupressophytes, the

625 model-averaged ratios indicated that roughly 52.3% (£9.6%) of species are expected to occur in
626 the Southern Hemisphere, with 35.4% (+12.9%) of conifers are expected to be in the Northern
627 Hemisphere, and 12.3% (+4.4%) of the species widespread across both regions. These

628  expectations are largely congruent with the estimates of turnover rates between Northern and
629 Southern Hemisphere, where the increased “boom and bust” dynamics in the Northern

630 Hemisphere produces diversity within the region at much lower levels than in the Southern

631 Hemisphere.
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632 Caveats

633 The GeoHiSSE family of models are reasonable approaches for understanding

634 diversification when there can be many processes at play. However, it is important that we

635 emphasize that, like all models, they are far from perfect. First, the hidden traits evolve under a
636 continuous time Markov process, which is reasonable for heritable traits that affect

637 diversification processes. Of course, not all heterogeneity arises in such a way. For instance,

638 when an asteroid impact throws up a dust cloud, or causes a catastrophic fire, every lineage alive
639 at that time is affected simultaneously. Their ability to survive may come from heritable factors,
640 but the sudden shift in diversification caused by an exogenous event like this appears suddenly
641 across the tree, in a manner not yet incorporated in these models. Similarly, a secular trend

642 affecting all species is not part of this model, but is in others (Morlon et al. 2011), and they also
643 do not incorporate factors like a species “memory” of time since last speciation (Alexander et al.
644 2015), or even a global carrying capacity for a clade that affects the diversification rate (Rabosky
645 and Glor 2010). These models require large numbers of taxa to be effective. Investigating the
646 evolution of compelling but small clades like the great apes, baleen whales, or the Hawaiian

647 silverswords can be attempted with these approaches, but results are likely to be met with fairly
648  uncertain parameter estimates. It it possible to run these approaches over a cloud of trees. This
649 will not compensate for biases or errors in the trees, such as if trees were inferred using a Yule
650 prior and lack enough information to overwhelm the prior, if sequencing errors lead to overly
651 long terminal branches, or if reticulate evolution is present and not taken into account. Most of
652 these caveats are not limited to HMM models of diversification, but this reminder may serve to

653 reduce overconfidence in results.

654 Conclusions

655 In practice, SSE models are generally only considered in a hypothesis rejection

656 framework, namely, reject a null model where there is no trait-dependent diversification and thus
657 accept an alternate model where rates depend on traits. The term “reject” can mean formal

658  rejection using a likelihood ratio test, but it often takes the form of selecting the alternate model

659 under AIC (despite warnings from Burnham and Anderson 2002). Rabosky and Goldberg (2015)
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660 vividly showed problems with BiSSE when interpreted this way. While accurately critiquing

661 how scientists use BiSSE models, their results point more to deficiencies in how we biologists
662 use statistics rather than a particular problem with the SSE models per se (see Beaulieu and

663 O’Meara 2016).

664 As scientists, we have all learned to recognize and worry about Type I errors, and so it is
665 not surprising that this has remained the status quo when examining model behavior. In many
666 cases reviewers may insist upon testing for the “best” model as a confirmatory approach, even
667  when, as we show here, model-averaging has good performance and is robust to deviations from
668 model assumptions (see similar comment on reviewer insistence in Ree and Sanmartin 2018).
669  But, if we are to proceed down this road with SSE models, a model where the trait and the tree
670 both evolved under constant rates of speciation and extinction and, sometimes, even under

671 constant state transition rates is not the “null” model. Shifts in rates of diversification are

672 ubiquitous across the tree of life for many reasons (mass extinctions, adaptive radiations,

673 changing biogeography, available niches, etc.) and it is a safe bet to assume nearly any empirical
674 tree will not show perfectly constant speciation and/or extinction rates. In the case of an

675 empirical tree with trait-independent diversification, the null model (of constant rates for

676 everything) and the alternative model (that traits affect diversification) are both wrong. So, which
677 model should a good test choose?

678 In our view, even when presented with a equally complex alternative, the focus on model
679 rejection still remains problematic. In certain areas of biology, we seem to stop after rejecting a
680 null model that we already knew was false, though to be fair, of course, it is useful to get

681 information about whether or not an effect might be present. But scientists should go beyond this
682 to actually look at parameter estimates. Suppose we find the diversification rate of red flowers
683 are higher than yellow flowers. Is it 1% higher, or is it 300% higher? The answer could have

684 biologically very different implications, to the extent that rejecting or not the null model becomes
685  largely irrelevant. Such concerns are much more common in other applications, particularly with
686 linear regression models. However, the same care of checking how well the regression line

687  passes through the data points and interpreting R*, among other tests, have counterparts in

688  phylogenetic comparative models and are equally relevant.
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689 Here we show that hidden state modelling (HMM)) is a general framework that has the
690 potential to greatly improve the adequacy of any class of SSE models. The inclusion of hidden
691  states are a means for testing hypotheses about unobserved factors influencing diversification in
692 addition to the observed traits of interest. We emphasize, however, that they should not be treated
693 as a separate class of SSE models, but instead viewed as complementary and should be included
694 as part of a set of models under evaluation. They also represent a straightforward approach to
695 incorporating different types of unobserved heterogeneity in phylogenetic trees than a simple
696 single rate category model is able to explain. For example, our expanded suite of GeoSSE

697 models allows accommodating heterogeneity in the diversification process as it relates to

698 geographic areas. The GeoHiSSE models introduced here can be applied to study rates of

699 dispersion and cladogenesis as well as to perform ancestral area reconstructions, thus being a
700 guitable alternative to avoid the shortcomings of DEC and DEC+J models (Ree and Sanmartin
7017 2018). Moreover, the area-independent diversification models (AIDiv) appear adequate to

702 explain shifts in diversification regimes unrelated to geographic ranges, and demonstrate that the
703 area-dependent models (ADDiv) can successfully estimate the impact of geographic areas on
704 diversification dynamics when such a signal is present in the data.

705 Many phylogenetic comparative methods have been under detailed scrutiny recently

706 (e.g., Maddison and FitzJohn 2015, Rabosky and Goldberg 2015, Cooper et al. 2016a, Cooper et
707 al. 2016b, Adams and Collyer 2017, Ree and Sanmartin 2018). This is certainly a worthy

708 endeavor given that all models will fail under certain conditions, and some models have innate
709 flaws that render them unwise to use. One response (e.g., Rabosky and Huang 2016, Rabosky
710 and Goldberg 2017, Adams and Collyer 2017, Harvey and Rabosky 2018) has been to move to
[l “semi-" or “non-parametric” approaches, some of which do incorporate models internally, but
712 with an end result that is a non-parametric test. The issue with this is that they move entirely

713 away from estimating parameters and the entire exercise becomes rejecting null models that we
714 never really believed in. Such methods, in our view, provide very limited insights as they only
715 show that the null model is wrong, with appropriate Type I error, which is not the same as

716 showing the alternate is a correct model of the world. A more fruitful approach may be

717 improving upon the existing models and better communicating when methods can and cannot be
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718 applied (Cooper et al. 2016a). We should stop trying to prove that our data cannot be explained
719 by naive, biologically-blind null models none of us believe and, instead, fit appropriate models

720 such that we can learn about meaningful patterns and processes across the tree of life.
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842 Appendix 1

843 Effective trait ratios under GeoHiSSE -- We can use parameters estimated under a given model
844 to determine the expected frequency of each observed area and hidden state combination across a
845 long stretch of evolutionary time. These equilibrium frequencies are often used in a variety of
846 ways, most notably as weights in the likelihood calculation at the root (see Goldberg et al. 2011).
847 We rely on them to compliment the examination of rate differences among the observed ranges.
848 In the main text we describe a situation in which the rate of observed state 0 is more or less the
849 same as state /, but given the interaction with the hidden characters in the model we may find
850 that 75% of species are expected to be in area 0 over some specified length of evolutionary time.
851 We follow Maddison et al. (2007) and track the number of lineages in area 0, n,, the

852 number of lineages in area /, n;, and the number of lineages in the widespread area 01, n,,, over
853 some length of evolutionary time, 7. The index, i, denotes the possible hidden states (4, B, ... , i)
854 that each observed state is associated. Given all the possible events that could occur across any
855 given interval of time, we obtain the expected number of species for each area through the

856 following ordinary differential equations:

857
dny,
7 = Soifto; T So1Mo1: T SoMorT dorimsoifton; T Zdojoiley — Xoilor ~ doisorifor — 2 oisoTy,
i i
858 (la)
859
dny; _
= Sty T Soron S1mor dorisifion X dyoa iy~ Xny — dysouhy — Ldyoyn,
= i
860 (1b)
861
dngy;
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863 Note that we use d,,;, . and d,,;_,,; to denote instances in which range contraction is separate
864 from lineage extinction, x,, and x, . However, if the model assumes range contraction is

865 governed by the same parameter value as lineage extinction, then we simply set d,,, . =x, and
866 dy,, ,;; =X,- We also note that when there are no hidden states these equations reduce exactly to
867 the equilibrium frequencies under the original GeoSSE formulation. The initial conditions are set
868 according to the state at the root. In our case, as a means of accounting for the uncertainty in the
869 starting state we rely on the likelihood that each area gave rise to the data (FitzJohn et al. 2009).
870 Once the number of lineages are determined after a specified 7, we then sum the frequencies for
871 each observed area across each hidden state and normalize them so that the observed area

872 frequencies sum to 1.

873 The above equations assume explicitly that the birth-death process directly impacts range
874 evolution through cladogenetic events, which are not allowed if the underlying model is a

875 MuSSE-type model. Thus, in the MuSSE-type case, we rely on the following ordinary

876 differential equations:

877
dny; _
7 = Soilto; T dorimoor T L dojsoifo; ~ Xoilor ~ doimorifor — 2oimoiy, (2a)
J#i J#
878
dny; _ _ _ —
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JHi J#
879 4
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880
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Table 1 List of 18 fitted models. Columns show model category, model number, description of
the model, and number of free parameters. Area-independent models (AIDiv) have no
relationship between diversification rates and geographic areas. ‘full model’ indicates that all
parameters of the model are free whereas ‘null model’ indicates that diversification and
dispersion parameters are constrained to be equal among areas in the same hidden state category.
If not ‘full model’ or ‘null model’, the description column lists the free parameters of the model.
Models indicated with ‘+extirpation’ separate rates of range reduction from the extinction of
endemic lineages.

Category Model Description par::sg ters
E 1 AIDiv - original GeoSSE, free dispersal 4
3 2 original GeoSSE, full model 7
8 3 AIDiv - GeoHiSSE, 3 rate classes, null model 9
Il::] 4 GeoHiSSE, 2 rate classes, full model 15
% 5  AIDiv - GeoHiSSE, 5 rate classes, null model 13
é 6  AIDiv - GeoHiSSE, 2 rate classes, free dispersal 7

f E 7  AIDiv - GeoSSE+extirpation, free dispersal 6

g )T( 8  GeoSSE+extirpation, full model 9

8 II{ 9  AIDiv - GeoHiSSE+extirpation, 3 rate classes, null model 11

5 i 10 GeoHiSSE+extirpation, 2 rate classes, full model 19

? ? 11 AIDiv - GeoHiSSE+extirpation, 5 rate classes, null model 15

é 1(\)1 12 AIDiv - GeoHiSSE+extirpation, 2 rate classes, free dispersal 9
N 13 AIDiv - anagenetic GeoSSE, free dispersal 6
T/j 14  anagenetic GeoSSE, full model 10
g 15  AIDiv - anagenetic GeoHiSSE, 3 rate classes, null model 11
I]::] 16  anagenetic GeoHiSSE, 2 rate classes, full model 21
T 17  AIDiv - anagenetic GeoHiSSE, 5 rate classes, null model 15
C

18  AIDiv - anagenetic GeoHiSSE, 2 rate classes, free dispersal 9
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Figure 1 Hidden state models provide a framework to solve the issue with false relationships
between shifts in diversification rates and traits. Parameters linked by ‘~’ are constrained to share
the same value. Left-side panel shows a case of state-dependent evolution. Here, shifts in rates of
diversification in the tree are perfectly predicted by the transition between trait states 0 (red) and
1 (blue). Right-side panel shows state-independent shifts in diversification rates with respect to
the focal trait (gray vs. black branches). Both models share the same number of free
diversification parameters, but the variation among hidden states is partitioned differently. The
state-independent model (right panel) allows for two diversification rate categories unrelated to
the observed traits. An overly simplistic homogeneous rate model would be inadequate for either
of these trees.
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Figure 2 Reanalysis of the Rabosky and Goldberg (2017) when the 4-state character
independent model, CID-4, is included in the model set (dark blue boxes). When compared
against the fit of BiSSE, CID-2, and HiSSE, the (A) power to detect the trait-dependent
diversification remains unchanged. For the trait-independent scenarios (B), there is almost
always a reduction in the “false positive” rate (as indicated by the difference in the position of
the light blue and dark blue boxes), and in many cases the reduction is substantial. When we
model-averaged parameter estimates of turnover from two scenarios, a true SSD scenario (C),
where the HiSSE model set showed high “false negative” rates (i.e., failed to reject a
trait-independent scenario), and a non-SSD scenario (D) which exhibited a 54% false-positive
rate. In the case of the non-SSD scenario, it clearly shows that despite the poor performance of
from a model rejection perspective, examining the the model parameters indicates that, on
average, there are no differences in diversification rates among observed states. The dashed
orange line represents the expected ratio to be compared against a ratio of difference in
diversification rates between state 0 and 1 denoted by the dotted black line.
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Figure 3 The states and allowed transitions in the original GeoSSE model (Goldberg et al., 2011)
and the model extensions described herein. The colors denote parameters that are associated with
each character combination modelled as having their own unique set of diversification rate
parameters. The GeoSSE+extirpation model separates rates of range reduction (e.g., X,,_,,) from
the extinction of endemic lineages (e.g., X,), but otherwise contains three unique sets of
diversification parameters as in the original GeoSSE model. The area independent diversification
(AIDiv) GeoHiSSE (denoted by two sets of diversification parameters shown in orange and
purple) and the area dependent diversification (ADDiv) GeoHiSSE (denoted by six sets of
diversification parameters shown in various colors) models can have 2 or more hidden states.
Finally, the anagenetic GeoSSE model is a special case of the MuSSE model parameterized as to
emulate the transitions allowed by the original GeoSSE model. Note that GeoSSE+extirpation as
well as the anagenetic models can also support hidden states.
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Figure 4 Effect of endemic ranges on net diversification estimated for simulation scenarios A to
D. Plots show the distribution of ratios between net diversification rates for areas 0 and 0+1
computed for each simulation replicate. Red dashed vertical lines in plots A to C represent the
true value for the ratios. Horizontal lines in the bottom show the 95% density interval for each
distribution of parameter estimates. Plot D shows the distribution of true ratios in orange.
Estimates are the result of model averaging across 18 different models using Akaike weights. See
Table 1 for the list of models and Figure S3 for AIC weights.


https://doi.org/10.1101/302729
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/302729; this version posted April 17, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-ND 4.0 International license.

scenario E scenario F scenario G scenario H

1 2 ! 2 1 2

Frequen?y
F.’r‘equen’cy
Freg isncy
Freql.fencyﬂ

1 1
| 1
I 1
1 1
1 1
I 1
| |
1 1
1 1
I 1
! 1
1 1
1 1
| I

e e—— ' e —
T T r

| L

o0 2 s 3 0 o a7 08 00 0z 04 6 1o 0o o

o . 08 18 04 05 05 08 o 08 oz 04 o 0s
Net diversification ratio (0:0+1) Net diversification ratio (0:0+1) Net diversification ratio (0:0+1) Net diversification ratio (0:0+1)

15

Frequency
mF req txen cy

Frequency ‘

Freq ien cy

—_

Cladogenetic speciation (sg) Cladogenetic speciation (sg) Cladogenetic speciation (sy¢) * Cladogenetic speciation (sg-)

Figure 5 Net diversification ratios between endemic areas and cladogenetic speciation rates
estimated for simulation scenarios E to F. Upper row shows the distribution of ratios between net
diversification rates for areas 0 and 0+/ computed for each simulation replicate. Lower row
shows the distribution of speciation rates associated with the widespread area (parameter s,,)
averaged across all tips (for E, F and H) or nodes (for G) of the phylogeny for each simulation
replicate. Red dashed vertical lines represent the true value for the parameter. Grey dashed lines
mark important reference points but are not the expected value for the quantities. Plot upper H
shows the distribution of true ratios in orange (see main text). Horizontal lines in the bottom
show the 95% density interval for each distribution of parameter estimates. The ‘*’ marks results
based on the average across nodes instead of tips (no data available at the tips). Estimates are the
result of model averaging across 18 different models using Akaike weights. See Table 1 for the
list of models and Figure S4 for AIC weights.
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Figure 6 (A) Geographic area reconstruction of areas and turnover rates (i.e., T =1, + X,) across
a large set of models of Northern Hemisphere (white branches), Southern Hemisphere (black
branches), and lineages in both (yellow branches) across Cupressophyta. The major clades are
labeled and estimates of the most likely state and rate are based on the model-averaged marginal
reconstructions inferred across a large set of models (see main text). The color gradient on a
given branch ranges from the slowest turnover rates (blue) to the highest rates (red). (B) The
distribution of turnover rates estimated for contemporary species currently inhabiting each of the
geographic areas indicate that both Northern Hemisphere and widespread species generally
experience higher turnover rates (i.e., more speciation and more extinction) relative to Southern
Hemisphere species. Araucaria. = Araucariaceae, Callit. = Callitroids, Cupress. = Cupressaceae,
Podocarp. = Podocarpaceae, Sciado. = Sciadopityaceae.


https://doi.org/10.1101/302729
http://creativecommons.org/licenses/by-nd/4.0/

