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Branching patterns in phylogenies cannot
distinguish diversity-dependent
diversification from time-dependent
diversification
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One of the primary goals of macroevolutionary biology has been to explain general trends in long-term diversity patterns, includ-
ing whether such patterns correspond to an upscaling of processes occurring at lower scales. Reconstructed phylogenies often
show decelerated lineage accumulation over time. This pattern has often been interpreted as the result of diversity-dependent
(DD) diversification, where the accumulation of species causes diversification to decrease through niche filling. However, other pro-
cesses can also produce such a slowdown, including time dependence without diversity dependence. To test whether phylogenetic
branching patterns can be used to distinguish these two mechanisms, we formulated a time-dependent, but diversity-independent
model that matches the expected diversity through time of a DD model. We simulated phylogenies under each model and stud-
ied how well likelihood methods could recover the true diversification mode. Standard model selection criteria always recovered
diversity dependence, even when it was not present. We correct for this bias by using a bootstrap method and find that neither
model is decisively supported. This implies that the branching pattern of reconstructed trees contains insufficient information to
detect the presence or absence of diversity dependence. We advocate that tests encompassing additional data, for example, traits
or range distributions, are needed to evaluate how diversity drives macroevolutionary trends.
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Standing species diversity ultimately results from speciation and
extinction events of lineages over millions of years. Investigating
the dynamics of these events in the past can therefore help us un-
derstand the current distribution of species across the globe, as
these dynamics provide a background against which more fine-
grained ecological and evolutionary processes can be studied.
Macroevolutionary research has taken a “nomothetic” approach
to diversification, favoring the study of “cases and events as uni-
versals, with a view to formulating general laws” (Raup et al.
1973). That is, studies have sought to identify consistent trends
in past diversity dynamics, and to infer evolutionary processes
that produced them, in the hope of identifying universal rules that
govern long-term evolution across the tree of life.

A common empirical trend is the tendency of diversification
to slow down over the evolutionary history of many groups. This
was first identified in fossil data on high taxonomic levels (Stan-
ley 1973; Sepkoski 1978, 1993), showing that the number of taxa
rapidly accumulated after mass extinction events but eventually
slowed down to reach an equilibrium level. Molecular phyloge-
nies of extant species have also suggested a slowdown of branch-
ing events, with per capita branching events often being more
densely distributed near the crown of a phylogenetic tree than
near its tips (Nee et al. 1992; Phillimore and Price 2008; McPeek
2008; Morlon et al. 2010; Condamine et al. 2019).

Various explanations have been offered for this observed
slowdown in lineage accumulation (Moen and Morlon 2014).
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Here we focus on arguably the most important of these:
diversity-dependent (DD) diversification. Parallels between di-
versity curves inferred from fossil data and plateau-like patterns
of community assembly on islands (Simberloff and Wilson 1970;
Sepkoski 1978) have been interpreted as speciation and extinc-
tion following similar dynamics to immigration and extinction in
the theory of island biogeography (MacArthur and Wilson 1967).
This suggests a model of DD diversification, where the species
of an evolving clade compete for ecological resources in a shared
niche space. Competitive interactions inside the clade strengthen
as diversification proceeds and species accumulate, hindering
speciation, increasing extinction, or both (Sepkoski 1978), lead-
ing to the observed slowdowns. DD diversification thus provides
an intuitive framework to interpret macroevolutionary patterns in
ecological terms, for instance that long-term evolutionary trends
can be understood by upscaling competitive interactions.

However, competition for niche space is not the only possi-
ble explanation behind DD diversification; it may also be induced
by allopatric speciation and range size dynamics (Pigot et al.
2010). Furthermore, some mechanisms have been shown to pro-
duce diversification slowdowns that are independent from stand-
ing diversity, for example, when diversification is influenced by
the age of the clade (Hagen et al. 2018) or by fluctuations in tem-
perature (Condamine et al. 2019). In fact, any scenario where the
rate of diversification declines over time (i.e., is time-dependent,
TD) will cause a slowdown and is sufficient to explain such
a pattern. Hereafter, we refer to the wide range of scenarios
where the rate of diversification declines over time, but inde-
pendent of the dynamics of diversity as time dependence. The
simplest TD models make no assumption regarding the underly-
ing mechanism, and hence these constitute suitable statistical null
models to control for decelerating, diversity-independent diversi-
fication (Rabosky and Lovette 2008). Here we study to what ex-
tent phylogenetic branching patterns can inform us whether DD
diversification is operating or whether there is some other TD, but
diversity-independent factor governing the decline of diversifica-
tion over time.

Diversification models are usually compared by fitting the
models to phylogenetic branching times using maximum likeli-
hood methods, and then evaluating their performance with in-
formation criteria such as likelihood ratio tests or the Akaike
information criterion (AIC). The method to compute the likeli-
hood of TD models has been available for a long time (Nee et al.
1994), but a method to compute the likelihood for DD models has
become available only relatively recently (Etienne et al. 2012).
Previously employed DD and TD models assume simple rela-
tionships between speciation and extinction rates and diversity or
time, such as a linear or exponential function. The performance
of each model may thus depend largely on the choice of these
functions, rather than on whether the observed pattern is driven
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by diversity over time, or time alone. Here, we formulate a TD
model where the expected number of species over time is equal
to the expectation under the DD model at any point in time, leav-
ing as the only difference between the two models the presence or
absence of a mechanism linking species diversity and diversifica-
tion. This formulation however underlies an important difference
on how diversification is set to slow down in each model. Al-
though the two models share the same expectation, in the truly
DD process, the diversification rate adjusts dynamically to the
number of species in the tree. In the TD process by contrast, the
diversification rate is set in advance and declines continuously,
following the expected DD process, but independently from the
actual number of species in the tree. We used simulations to gen-
erate phylogenetic trees under both models and fitted both mod-
els to each set of trees using maximum likelihood to compare the
models’ performances. Additionally, we used a bootstrap likeli-
hood method to correct for type-I errors in the detection of di-
versity dependence. We find that in most cases, we are unable to
decisively recover the generating model, and conclude that diver-
sity dependence cannot be distinguished from explicit time de-
pendence from branching patterns alone.

Methods

DIVERSIFICATION MODELS

Diversity-dependent model

Birth-death diversification models assume a (per capita) specia-
tion rate, denoted by X\, and a (per capita) extinction rate, .. Both
rates can be constant, or depend on time or on other factors, in-
cluding diversity itself. For the DD model we use the formulation
introduced in Etienne et al. (2012), with a linear, negative DD
effect on speciation rate (\y):

N
Ay = max (0, N — (ho — Wo) E) 9]
Wy = Mo,
where parameter A is the speciation rate when N = 0, po is

the (constant) extinction rate and K denotes the carrying capac-
ity, that is, the value of the diversity N for which Ay = . The
model can also be written in the following form:

N
ANy = max (O, Ao (1 — E)) ?2)

Wy = Wo,

roK
ho—Wo
system (or, more precisely, the nearest integer larger than K’ is

where K/ =

is the maximum number of species in the

this maximum).
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Time-dependent model

For the TD model we require that it has the same expected be-
havior over time as the DD model, so that the only difference
between the models is the presence or absence of a feedback of
diversity on diversification (the N term in the expression of \y).
To be precise, we required the expected number of lineages alive
at time ¢ under the TD process (Ntp(¢)) to be the same as the ex-
pected number of lineages under the DD process (Npp(?)), that
is, we start both processes with Ny species at time¢ = 0, and we
further require that for any later time before present (t < T'):

E[Ntp (t)]1= E[Npp (1)]. 3

Either of the two processes can go extinct. Hence we need to
find App(¢) and w7 p(¢) such that this condition is met.

From the general birth-death model (Kendall 1948), it fol-
lows that

E[Nrp (1)]" (t) = E [Np ()] (vrp — p) (€]

_E[Np O ()

™ = N (O] WTD- (@)

We assume that the TD and the DD model share the same,
constant, extinction rate, so that wrp = wpp = o . The expres-
sion for hrp then becomes:

_ E[Npp ()] (1)

Ntp = . 6
TD E [Nop (D] Ko (6)

E[Npp(t)](t) and its derivative are obtained from the mas-
ter system of the DD model, introduced in Etienne et al. (2012)
(see also Supporting Information). The first term in equation (6)
is initially high: early in the simulation, we expect E[Npp] to be
low, but its rate of change to be fast. As time passes the deriva-
tive decreases, and approaches zero when E[Npp] reaches K. At
this point, hrp(¢) approaches o and the diversification process
reaches a dynamic equilibrium.

Note that under this process, how hrp changes through time
is independent of the actual diversity in the tree, and as a conse-
quence all realizations of the process will share the same speci-
ation (and, thereby, diversification) rate through time. This is in
contrast with the DD model, where \pp tracks diversity in the
tree, and therefore, can change from a realization of the process
to the next.

The two models share the same set of parameters,
{No, o, K}. However, parameter K takes a slightly different in-
terpretation in the TD model: rather than providing a limit on the
number of species, it sets a time scale for the approach to equilib-
rium diversity. Parameter K thus modulates the progressive onset
of the diversification slowdown in time.

SIMULATION PROCEDURE

We simulated DD and TD phylogenetic trees using the Gillespie
algorithm, as implemented in functions dd_sim and td_sim, re-
spectively, from the R package DDD 4.3 (Etienne et al. 2012).

We set Ao = 0.8 and K = 40 following Etienne et al.
(2012), so that trees reach carrying capacity after around 10 myr
in the absence of extinction. We then simulated trees for different
crown ages, to capture different phases of the radiation relative
to equilibrium diversity: exponential growth with little diversity
dependence (5 myr), equilibrium diversity reached recently (10
myr), or sometime in the recent (15 myr) or ancient (60 myr)
past.

Varying the crown age with fixed ko and K thus allowed us
to consider trees with an increasing (DD or TD) slowdown signal.

For each age, we considered four scenarios with increasing
levels of extinction (o = 0.1, 0.2, 0.3, or 0.4), extinction be-
ing known to erase information in phylogenetic branching pat-
terns (Rabosky and Lovette 2008). Note that we did not vary
the speciation rate Lo because this only changes how fast trees
reach equilibrium diversity, and therefore affects the distribution
of branching times only relatively to the crown age (Etienne et al.
2012). We also considered four additional settings (one for each
level of extinction) with K = 80 (and crown age = 15 myr), to
assess whether the inference would yield more power for larger
trees. For each of these 20 scenarios, we simulated a set of 1000
phylogenetic trees.

We conditioned the simulation process on nonextinction of
the trees: when either crown lineage went extinct during the sim-
ulation process, the simulation was stopped and the whole tree
simulated anew. Note that this conditioning is likely to affect the
expected number of species over time to some extent, and was
not accounted for in the formulation of the TD model. It is not
possible to choose a TD model for which the conditional expec-
tation is similar to that of the DD model because this requires
knowledge of the probability distribution that we did not know
yet, but in fact aimed to find through this procedure.

MODEL SELECTION

Our primary objective was to study whether phylogenetic trees
generated by either model are indeed best fit by the model that
generated them, or whether both models fit the data. We therefore
fitted both models to each set of phylogenetic trees, using maxi-
mum likelihood, and looked at the log-likelihood ratio (LLR) of
DD versus TD. Note that this is equivalent to comparing AIC be-
cause the models have the same number of parameters.

We used the likelihood formula introduced in Etienne et al.
(2012) for DD. In the Supporting Information, we derive the like-
lihood for the TD model with constant extinction rate \wrp(t) =
o and the speciation rate given in equation (6), based on the
general likelihood for TD models introduced in Nee et al. (1994).
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The computation of both likelihoods is implemented in func-
tions dd_loglik and bd_loglik, respectively, in R package DDD
4.3. The optimization routine for these two likelihood functions
is based on the subplex algorithm, and is implemented, respec-
tively, in R functions dd_ML and bd_ML of the same package.
Initial parameter values were set to the true values to ensure rela-
tively fast convergence of the likelihoods. Convergence however
sometimes proved difficult, for example, for large trees (i.e., more
than a hundred tips) because the computation of the TD likeli-
hood became challenging for trees of this size, and because of
the presence of local optima in the likelihood landscape. In these
cases, we initialized the optimization with a different value of
K (the most influential parameter for the likelihood). First, TD
trees were often larger than the carrying capacity would allow
in DD (see “Results” section). In instances where N > K’, the
likelihood of either model becomes 0 and we instead set the ini-
tial value of K toN' = N XO%O”" Second, to avoid local optima,
we started the optimization at K = N, which we had observed
to often be close to the maximum likelihood estimate for other
trees.

BOOTSTRAP LIKELIHOOD RATIO TEST

It has been shown in a previous comparison of DD with the
constant-rate (CR) model (Etienne et al. 2016) that DD tends
to overfit the data, causing erroneous inference of diversity de-
pendence when it is not the true model. Because the two models
we compare here are by design much more similar than DD and
CR, we expected to encounter the same issue. We addressed this
problem using a procedure similar to the parametric bootstrap
procedure introduced in Etienne et al. (2016). Instead of using
likelihood ratios as a direct model selection criterion, we used
our simulated trees to generate distributions of likelihood ratios
for DD and TD trees (Fig. 1). Although DD is expected to re-
ceive inflated support on both DD and TD trees, it is expected
to fit better on DD trees, where it is the generating process, than
on TD trees. This expectation can be used to set a model selec-
tion criterion based on the distribution of the LLR for DD and
TD trees. We defined the threshold for the likelihood ratio of DD
to TD above which the selected model would be DD to be the
95th percentile of the LLR distribution for TD trees (blue line in
Fig. 1). This means that we allow a 5% error: by specification
5% of all TD trees would yield a higher LLR than this threshold.
Similarly, LLR values below the 5th percentile of the LLR distri-
bution of all DD trees (green line in Fig. 1) would be interpreted
as evidence for TD; that is, we allow a 5% error in calling a tree
a TD tree when it is actually a DD tree. If an empirical (or simu-
lated) LLR value falls between these two thresholds, it is not pos-
sible to decisively select either model over the other (gray area in
Fig. 1).
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Figure 1. Potential distribution of the logarithm of the like-
lihood ratios (or, equivalently, the log-likelihood differences)
for diversity-dependent trees (green) and time-dependent trees
(blue). For illustrative purposes, each curve was generated by sam-
pling 1000 values in normal distributions with a standard devia-
tion of 1 and mean 6.8 (DD) and 4.3 (TD). Vertical dashed lines
represent the 5th and 95th percentiles of the DD and TD distribu-
tions, respectively. Empirical log-likelihood ratio values falling to
the left of the green dashed line would point to support of the
TD model (blue background), whereas empirical values falling to
the right of the blue dashed line would point to support of the DD
model (green background). For empirical values in the gray area,
neither model can be selected and the test is inconclusive.

Furthermore, the fraction of DD trees that exceed the 95th
percentile of the LLR distribution for TD trees is a measure of
the power to detect DD. Conversely, the fraction of TD trees with
a LLR below the 5th percentile of the LLR distribution for DD
trees is a measure of the power to detect TD. We denote these
two measures by Ppp and Prp, respectively. If the two distribu-
tions largely overlap, then the power is very low. They are equal
to our significance level in case the distributions completely over-
lap, in which case one can also conclude that the models are not
distinguishable.

APPLICATION OF THE BOOTSTRAP LIKELIHOOD
RATIO TEST TO EMPIRICAL PHYLOGENIES

To complement our simulation study, we applied the bootstrap
procedure described above to a set of empirical phylogenies that
bore a strong signal for diversity dependence.

We took the set of Tetrapod family-level phylogenies com-
piled from published literature by Condamine et al. (2019)
and selected five groups for which the linear DD model with
constant extinction (i.e., the DD model we used for simu-
lations) fitted best out of 26 birth-death models. The five
groups included three bird families, Parulidae, Bucerotidae,
and Indicatoridae, and two mammal phylogenies, Canidae and
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Table 1. Maximum likelihood DD and TD parameter estimates for each family, and logarithm of the likelihood ratio (LLR) of the two

models (DD over TD).

o Lo K
Family Age Clade size DD TD DD TD DD TD LLR
Parulidae 10.8 115 0.820 0.756 0.110 0.068 118.9 170.821 1.851585
Canidae 7.0 34 7.592 8.770 0.596 0.552 33.3 30.924 2.604858
Pseudocheiridae 27.4 16 0.628 0.319 0.031 0.021 15.2 16.828 3.312996
Bucerotidae 48.6 59 0.199 0.156 0.052 0.034 60.5 85.756 1.325633
Indicatoridae 17.1 17 1.543 1.174 0.233 0.244 16.4 13.472 2.341508

Note: DD estimates were taken from (Condamine et al. 2019), whereas TD estimates were obtained here (see “Methods” section).

Pseudocheiridae. Bird phylogenies were assembled by Con-
damine et al. from the bird phylogeny published by Jetz et al.
(2012); and mammal phylogenies were pruned from the mam-
malian tree of Rolland et al. (2014), itself built from the tree of
Bininda-Emonds et al. 2007).

For each group, we extracted the estimated parameter val-
ues for the DD model reported in Condamine et al. (2019) and
used these as a starting point for fitting the TD model introduced
in the “Time-dependent model” section to each phylogeny (see
Table 1). We then obtained the LLR distribution for each model
by simulating 1000 DD and TD trees from the corresponding pa-
rameter estimates, and fitting both models to each simulated tree.
We computed the decision thresholds as described in the “Boot-
strap likelihood ratio test” section and compared the LLR ob-
tained for the original phylogeny to decide if DD, TD, or neither,
could be selected.

Results
PHYLOGENETIC PATTERNS OF TIME-DEPENDENT
AND DIVERSITY-DEPENDENT TREES
Expected lineages-through-time plots of
time-dependent and diversity-dependent trees are
similar
Both TD and DD trees exhibited the typical pattern of a DD ra-
diation, as described in Etienne et al. (2012): initial exponen-
tial growth (< 5 myr), followed by convergence to a plateau
(> 5 myr) with the pull-of-the-present (Nee et al. 1994) visi-
ble for trees with extinction, resulting in the typical inverted S-
shape. The shape of TD trees reflected our formulation of the
TD model, as the mean TD lineage-through-time (LTT) curves
closely matched the DD LTT curves across all parameter settings
(Fig. 2).

The difference between the two curves for parameter settings
with extinction (Fig. 2, second through fourth columns, second
through fifth rows) is a result of conditioning the phylogenies

on survival during simulations (see the next section). Apart from
this, average DD and TD LTT curves are qualitatively similar.

Time-dependent trees are more variable in size than
diversity-dependent ones

Despite both models producing similar trees on average, the dis-
tribution of tree sizes reveals a key difference between the two
models (Fig. 2, right-hand side panels). The size of DD trees is
narrowly distributed around the carrying capacity: virtually all
trees without extinction and older than 10 myr had 40 (Fig. 2,
E, I, M) or 80 (Q) tips by the end of the simulation. Extinc-
tion introduced more variance, but tree size remained closely
constrained around the carrying capacity (Fig. 2, second through
last columns). By contrast, the size of TD trees was broadly dis-
tributed for all parameter settings (note the log-scale on the y-
axis), being skewed and having a long tail corresponding to large
trees (especially on Fig. 2, M). Both simulation age (Fig. 2, fourth
row, 60 myr vs. second and third rows) and extinction (Fig. 2, last
columns vs. second and third columns) contributed to this vari-
ance. The TD model thus produced a much wider range of out-
comes, with trees often smaller or larger than would be expected
under diversity dependence. This wider spectrum of realizations
of the TD model is a consequence of the absence of a direct
feedback of diversity on diversification and how the speciation
rate changes in each model, as exposed in the “Time-dependent
model” section. In the DD model, rates are continually adjusted
based on the discrepancy between the standing diversity and the
carrying capacity. As a result, the effect of stochasticity is re-
duced compared to a TD process; should DD diversification be
unusually fast or slow in a particular time window, then rates will
be decreased and increased, respectively, in the next time win-
dow. Given enough time to grow to carrying capacity, the distri-
bution of tree sizes will be tightly constrained around the carry-
ing capacity (Fig. 2), akin to the dynamics of Ornstein-Uhlenbeck
process. In a TD, diversity-independent process, by contrast, rates
are blind to the state of the tree, and any stochastic burst or lag
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Figure 2. Lineages-through-time (LTT) plots of trees simulated under the diversity-dependent (green) and time-dependent (blue) model.
Curves were obtained by computing the average number of tips in the 1000 trees at every myr. The green curve is barely visible in most
panels as it overlaps with the blue curve. Transparent areas in the background denote the 10th and 90th percentiles of the number of
species through time, colored by model (blue for TD and green for DD). Violin plots represent the distribution of the number of species
N at present (t = 0) for each model, and variance scores are noted above each plot. Horizontal dashed lines in both violin and LTT plots

indicate the carrying capacity, K. Note that the y-axis on both LTT and violin plots is shown on a log-scale.

in time to speciation will alter the course of the radiation from its
expected final state. As a result, tree size ends up more widely
distributed around the carrying capacity, and variance in tree size
increases over time, although in a decelerated way (as the speci-
ation rate decreases over time). This is more akin to a Brownian
motion process where drift would decrease over time toward zero.

This, along with conditioning on survival (see the “Methods”
section), explains the large size of some TD trees in the settings
with longer simulation times and a high extinction rate (Fig. 2,
second to last columns, second to last rows). Trees that went en-
tirely extinct through the simulation were simulated anew, push-
ing the sampled distribution of tree sizes upwards compared to
that of DD trees. This difference increased with the age of the
tree, as trees with longer simulation times were more likely to go
extinct before the present.

MODEL SELECTION

Raw likelihood ratios are not adequate selection
criteria for distinguishing diversity dependence from
time dependence

LLRs were almost always found to be positive (Fig. 3), suggest-
ing support for diversity dependence over time dependence even

30 EVOLUTION JANUARY 2021

when the tree was simulated under time dependence. This was the
case across all parameter settings, with the exception of a few TD
trees of 60 myr with extinction, where LLR values were slightly
negative (Fig. 3, N-P). The strongest support for DD diversifica-
tion (most positive LLR scores) was obtained for older trees with
no extinction (Fig. 3, E, I, M, Q), that is, trees that were at equilib-
rium diversity at present. For younger trees (Fig. 3, A) and trees
with extinction (second through last columns), likelihood ratios
were less pronounced, yet still positive. In short, based on likeli-
hood ratios, DD diversification is strongly supported, regardless
of whether it was the simulated mode. Using raw likelihood ra-
tios as a model selection criterion would then yield a frequency
of type-I errors (false-positives) close to 1.

Using likelihood ratios as a statistic improves type-/
errors but the models can no longer be distinguished
Using the bootstrap procedure described in the “Bootstrap like-
lihood ratio test” section reduced the rate of type-I error to 0.05,
by design. However, the distribution of the likelihood ratio for
DD and TD trees largely overlapped for most scenarios (Fig. 3),
resulting in the test having a low power (Ppp and Prp) to detect
the model used to generate the trees. The effect of parameters
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Figure 3. Distributions of the logarithm of the likelihood ratios (or, equivalently, log-likelihood differences) for diversity-dependent
(green) and time-dependent (blue) trees, respectively. Vertical lines represent the 5th and 95th percentiles of the distribution for DD and

TD trees, respectively. Background colors indicate the result of the test as in Figure 1. Ppp and Prp labels denote the power of the analysis
for DD trees and TD trees, respectively (see “Methods” section). Numbers right to the x-axis of each plot indicate the number of trees of

each model outside of the plotting area (LLR > 7.5).

across the different scenarios on the statistical power of this test
appeared to be ambiguous.

Without extinction, Ppp and Prp increased slightly from 5 to
10 myr scenarios (Fig. 3, A vs. E). Ppp decreased when extinc-
tion was introduced, but was comparable across extinction levels
(Fig. 3, B-D and E-H), whereas Prp was low with or without
extinction (Fig. 3, A-D, E-H). Ppp did not increase from 10 to
15 myr trees (Fig. 3, E-H vs. I-L), despite the latter having been
at equilibrium diversity for a long time (Fig. 2, I-L), and was low
for all levels of extinctions (Fig. 3, I-L). By contrast, Prp for 15
myr trees was initially relatively high (Fig. 3, I), but gradually
decreased with higher extinction levels (Fig. 3, J-L). For 60 myr
trees, without extinction, it was not possible to recover DD for
any tree ( Ppp = 0, Fig. 3, M), as the distribution of the LLR
for TD trees displayed a very long tail, thus pushing the thresh-
old of detection of DD well beyond the distribution of DD trees
(Fig. 3, M). We discuss this issue further in the next paragraph, in
relation to tree size. Ppp = 0 was then low for intermediate ex-
tinction levels (Fig. 3, N-O), and increased sharply for the highest
extinction setting, yielding the highest power across all settings
(Fig. 3, P). A relatively high Prp was found for 60 myr trees with
no extinction (Fig. 3, M). Intermediate extinction levels appeared
to erode Prp (Fig. 3, N-O), while, again, the highest power was
found for the highest extinction settings (Fig. 3, P).

In summary, the power to detect both DD and TD was low
overall, ranging between 0.05 and 0.1 for most settings (Fig. 3).
Some settings yielded a higher power, but the power varied in-
consistently between Ppp and Prp, or with tree age or level of
extinction. Perhaps surprisingly, the highest power to detect both
DD and TD was found for the oldest trees (60 myr), with high
extinction (Fig. 3, P), which stands in contrast to the argument
that extinction erodes signal in phylogenetic trees (Rabosky and
Lovette 2008; Quental and Marshall 2010). In this setting, the
distribution of the LLR of DD and TD trees did not overlap much
(Fig. 3, P). However, this is likely due to the large mismatch in
the distribution of tree sizes we mentioned earlier, and the re-
sult of a different conditioning of the likelihood between the two
models (see “Methods” section), rather than optimal conditions
to distinguish the two models.

Tree size did not appear to have an effect on the power of the
bootstrap likelihood ratio test. Despite the settings with K = 80
40
(Fig. 2, I-L vs. Q-T), Ppp and Prp were comparable between set-

producing markedly larger trees than settings with K

tings (given the same level of extinction), with even a slightly
stronger signal for trees simulated with K = 40 (Fig. 3, I-L vs.
Q-T), suggesting that larger trees did not contain more informa-
tion. We graphically inspected whether either model was easier
to recover in larger trees, under the expectation that larger trees
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Figure 4. Tree size (x-axis) plotted against log-likelihood ratios for DD trees (top half) and TD trees (bottom half) for each scenario.
Each point is a single tree. The smooth lines (green for DD trees, blue for TD trees) were present, computed with ggplot2 (version 3.3.1)
function geom smooth with default settings, which performed either a GAM or a LOESS regression through the data. Labels match those
of Figures 2 and 3.

contain more information (Fig. 4). In this case, one would expect We found no correlation between tree size and the LLR in DD
large trees to lie on the edges of the LLR distribution in Figure 3, trees (Fig. 4, top half). In the case of TD trees, we did find a curi-
close to, or beyond the corresponding threshold value. That is, ous apparent correlation between the size of the tree and the LLR
tree size should display a positive correlation with the LLR in (Fig. 4, bottom half). The correlation only started above a certain
the case of DD trees, and a negative one in the case of TD trees. tree size (75 tips for settings with wo = 0, Fig. 4, E, I, M and
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Figure 5. Average lineages-through-time (LTT) curves (left column) and distribution of the logarithm of the likelihood ratio (right column)
for simulated trees generated from empirical phylogenies. Color schemes follow those of Figures 2 and 3, respectively. Red lines denote
the LTT (left panels) and inferred likelihood ratio (right panels) of the empirical phylogenies. The pictures on the rightmost columns

were drawn by the first author and represent a member species from each family. From top to bottom: Setophaga fusca (Muller, 1776),

Nyctereutes procyonoides (Gray, 1834), Petauroides volans (Kerr, 1792), Buceros rhinoceros (Linnaeus, 1758), indicator (Sparrman, 1777).

Q), and for most parameter settings, appeared to be driven by a
few outlying, exceptionally large trees (Fig. 4, A, N-O, Q-T). Yet
in at least one setting (Fig. 4, M) this set of large trees with high
log-likelihood ratios was clearly part of the sample. Note that this
is also visible in Fig. 3 (panel M), as the long tail to the right of
the distribution (and causes a null Ppp for this setting). We fail
to understand this result. Apart from this setting, the correlation
only concerns a handful of trees in each setting, and thus does not
impact the results of the test. In any case, the correlation does not
support larger trees containing a stronger signal for the original
model: these trees are simulated with the TD model, and a high
LLR denotes strong support for the DD model.

DD AND TD ARE INDISTINGUISHABLE FOR
EMPIRICAL PHYLOGENIES ACCORDING TO
BOOTSTRAP LIKELIHOOD RATIO TEST

The set of empirical phylogenies covered a broader range of val-
ues than the simulation study (Table 1). Yet, when we simulated
trees from these parameter values, we found that the distribution
of the LLR for DD and TD trees largely overlapped, in four of
the five examples (Fig. 5, right column), and the LLR for the em-
pirical phylogeny fell between the decision thresholds (Fig. 5).
Consequently, for these families (Parulidae, Canidae, Buceroti-
dae, and Indicatoridae) it was not possible to select either model
over the other.
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In one instance (Pseudocheiridae) however, the empiri-
cal LLR was found to lie above the 95th percentile of the
TD distribution, supporting that this group did experience DD
diversification (Fig. 5, central row). Here, again, the power of the
analysis did not appear to vary consistently with any of the pa-
rameters, and so the conditions leading to higher power in the
case of Pseudocheiridae do not appear to be tied to this setting
presenting favorable conditions. Pseudocheiridae had a lower car-
rying capacity ( Kpp = 15.2, Krp = 16.8) compared to our sim-
ulation settings, yet another family with a comparable inferred
carrying capacity (Indicatoridae, Kpp = 16.4, Krp = 13.5) did
not yield a high statistical power for the test. Pseudocheiridae are
relatively old (27.4 myr), but the older Bucerotidae (48.6 myr)
show a weak statistical power. Pseudocheiridae show a discrep-
ancy in the baseline speciation rate Ay and therefore the initial,
net diversification rate ( ro = A9 — po)(Table 1); the estimate
for DD was about twice that for TD. There were two other phy-
logenies for which estimates for the net diversification rate di-
verged substantially between the two models as well: Canidae
(A ro = —1.222) and Indicatoridae (A ro = 0.380). In both
cases, the power of the analysis was low (Fig. 5).

The average LTT plots for DD and TD trees (Fig. 5, left col-
umn) were quite different. This is not due to different condition-
ing as we described for the simulation study, but rather reflects
that the two sets of trees were simulated from different param-
eter values (the maximum likelihood estimates for each model,
see “Methods” section). This difference in the methods made
it slightly easier to distinguish the two models in the empirical
study, but it is the most appropriate choice to use the maximum
likelihood estimates from each respective model. In an alternative
set of results where we simulated both DD and TD trees from the
maximum likelihood estimates of the DD model, we found that
none of the five families were recovered as DD or TD (Fig. S1).

Discussion

We used simulations to compare DD diversification with TD,
diversity-independent diversification. We tailored our TD model
to minimize differences between the two models to focus on
differences arising from the contrasting diversification modes:
presence or absence of negative diversity feedback on diversifi-
cation. Our results indicate that, across much of the tested param-
eter space, diversity dependence cannot be reliably distinguished
from time dependence without diversity dependence.

We constrained our models to have a similar branching
tempo to identify differences in the branching pattern caused
solely by the presence or absence of diversity dependence. We
did this by equating the expected number of species through
time in both models. We observed that the expected LTT plots
were similar, only differing quantitatively due to conditioning on
survival.
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Although no differences were apparent at the level of indi-
vidual trees, we found that DD diversification produced a much
narrower range of branching patterns than the equivalent TD
model. In an empirical context, this feature of DD diversification
would not be observable in an individual phylogenetic tree, which
is the typical object of macroevolutionary inference. Rather, this
would only be observable if one considered a collection of phylo-
genetic trees, under the assumption that each diversified with the
same carrying capacity, speciation, and extinction rates. There-
fore diversity dependence could in principle be detected with
data of various clades diversifying under the same parameters,
a situation that is unlikely to occur in the real world. A no-
table example would be the scenario considered in the DAISIE
model of island diversification (Valente et al. 2015), where the
rates of speciation and extinction are assumed to be properties
of an island, shared by all the lineages on the island. However,
DAISIE typically considers a handful of trees with few tips, and
such data are unlikely to provide the resolution of our simulated
trees.

Using likelihood ratios for model selection, following the
standard procedure for testing competing diversification models
(Stadler 2013; Morlon 2014), we found DD diversification to be
better supported across all but a few trees, regardless of whether
the trees were simulated under diversity dependence, yielding
consistent false-positives in the latter case. This confirms the sys-
tematic bias in favor of diversity dependence found in an earlier
comparison of DD and CR diversification (Etienne et al. 2016),
and indicates that a direct comparison of DD with other TD mod-
els using likelihood ratios (or equivalently, AIC values) should
be avoided. One may wonder what the origin of this bias is. Eti-
enne et al. (2016) mentioned a violation of the mathematical con-
ditions for a reliable comparison: the CR model being a special,
boundary case of diversity dependence (where K is infinite). This
violation does not apply here.

We observed that the final size of DD trees was strongly
constrained around the carrying capacity, whereas TD trees
varied widely in size (Fig. 2). We interpret this as diversity de-
pendence constraining the range of possible realizations of the
diversification process. During DD diversification, the specia-
tion rate is constantly modulated by the current diversity. That
is, should stochasticity produce an excess of speciation or extinc-
tion events, the speciation rate is adjusted accordingly, allowing
diversification to proceed following the expected tempo. Fewer
realizations of the stochastic process are probable under diver-
sity dependence, so the likelihood that a DD model produced a
given tree is higher than for the equivalent diversity-independent
model, when evaluated at the maximum likelihood parameters. It
is important to note that this is not specific to the models we used
here. Rather, this result arises from the definition of diversity de-
pendence, and the use of maximum likelihood.
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To address this issue, we followed a similar procedure to the
bootstrap method suggested in Etienne et al. (2016), which guar-
antees by construction that the type-I errors are low (they are set
by the user). We considered the distribution of likelihood ratios
for DD and diversity-independent trees, and defined thresholds
beyond which we would be confident that a tree was produced
under a DD or strictly TD process, akin to the distribution of a
statistic. If the models are distinguishable, one would expect the
distribution of likelihood ratios for DD trees to be right-shifted
to some extent compared to TD trees (Fig. 1), the model fitting
better on trees that were generated under it than on trees gen-
erated under the other model. This was not the case, however:
the likelihood ratios were comparable for the two types of trees,
and the distributions overlapped considerably as a result (Fig. 3).
Only in the exceptional case of unusually old trees with high ex-
tinction was it relatively often possible to recover the generat-
ing model (Fig. 3, panel P). In this case diversity dependence is
at its strongest: the speciation rate changes frequently as diver-
sity drifts around equilibrium diversity, and frequent extinction
events trigger new speciation events. This result suggests that old
groups that retained a stable diversity, with a high turnover for
most of their evolutionary history provide the best power to dis-
tinguish diversity dependence from a purely TD slowdown. Yet,
for this scenario, we observed a large difference in the expected
LTT plots (Fig. 2, panel P), and this may be the result of a dif-
ferential conditioning on survival between the two models (see
“Methods” section). This difference might cause the gap between
distributions observed in Figure 3, so we could not rule out the
possibility that the better power to distinguish diversity depen-
dence from time dependence observed for this setting might be
the result of an assumption in our methods. For all other scenar-
ios considered, neither the intensity of extinction, the amount of
time the phylogeny stayed at equilibrium diversity (age of the
tree), or tree size appeared to have a clear effect on the power of
the bootstrap likelihood ratio test, and the chances of correctly
inferring diversity dependence or its absence remained low over
the entire span of our simulations.

Because likelihood-based methods performed so poorly, al-
ternative methods could be considered to distinguish the two
models. One could consider likelihood-free methods. Approxi-
mate Bayesian Computation (ABC) (Rabosky 2009; Janzen et al.
2015; Haba and Kutsukake 2019) and neural network-based
methods (Bokma 2006, 2010) have been applied to macroevolu-
tionary inference, and have been shown to yield reliable parame-
ter estimates. ABC estimation of evolutionary rates in particular
has been shown to perform on a par with likelihood-based in-
ference when coupled with the normalized lineage-through-time
(nLTT) metric (Janzen et al. 2015). This method could be used
to compare support for models, by comparing the average error
made by trees simulated under either process compared to a ref-

erence tree for which the original process is known. We antici-
pate however that this approach would not be able to distinguish
the two models either, because our likelihood-based analysis has
shown that a tree produced by either model can be similarly gen-
erated by the alternative model with different parameters.

In conclusion, our failure to distinguish a DD model from a
comparable diversity-independent model of diversification stems
from a lack of information in the branching patterns of the simu-
lated trees. Nee et al. (1994) proved that for each CR birth-death
process there is a pure birth process with a declining speciation
rate which gives a mathematically identical likelihood. This proof
has recently been generalized: each TD diversification model has
an infinitely large family of other TD diversification models that
have identical likelihoods (Louca and Pennell 2020). Hence, phy-
logenetic branching times cannot distinguish between members
of this family of models. Here we have shown that we can al-
most never distinguish statistically between the most often used
DD model and a TD diversification model, and by virtue of the
results of Louca and Pennell (2020), all the TD models that are
congruent with it. We note that our result is not a mathematical
identity, but the models are virtually indistinguishable in practice.

It could be argued that the TD model we formulated for this
comparison is artificial in construction, and unlikely to represent
a realistic biological process. TD models encompass any diversi-
fication model where net diversification is formulated as a direct
function of time (Nee et al. 1992). Simple TD models specify-
ing linear or exponential changes in rates have been used effi-
ciently to characterize the temporal features of diversification in
empirical trees (Morlon et al. 2010). We could have used a simi-
lar model here as a control for diversity-independent diversifica-
tion slowdowns, as has been done before (Rabosky and Lovette
2008; Weir and Mursleen 2013). Yet, there is no clear biologi-
cal reason for a DD or diversity-independent decline to follow
simple rules. TD, but diversity-independent diversification could
be driven by the complex fluctuations of an environmental vari-
able (Condamine et al. 2013; Lewitus and Morlon 2018), and the
strength of diversity dependence could change as the carrying ca-
pacity changes over time (McInnes et al. 2011). For example,
consider the situation where an investigator tests a phylogeny for
diversity dependence by comparing the fit of the linear DD model
used here against a model specifying a linear decline of diversi-
fication over time. Unknown to the investigator, the phylogeny
was shaped by long-term climatic changes (i.e., TD), but the ef-
fects on the branching pattern more closely match the DD model
than the specified linear TD decline, leading to the incorrect con-
clusion of diversity dependence. For this reason, we have based
our comparisons on models that generate the same predictions
for the timing of branching. We found that, in this situation, di-
versity dependence does not produce any distinctive feature on a
single tree that would distinguish it from a diversity-independent
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process with the same expectation for the number of species over
time. Note that, throughout this study, we only consider the case
of negative diversity dependence, as we are interested in disen-
tangling the potential causes of diversification slowdowns. Our
conclusions would not apply to a positive DD process (Emerson
and Kolm 2005; Erwin 2007), where “diversity-begets-diversity.”
In this case, there would not be an equilibrium point in the num-
ber of species, and variance in tree size would not be constrained
by diversity dependence.

DD diversification is expected to arise under an evolutionary
scenario where diversification is driven by competitive interac-
tions, either through ecological opportunities (Schluter 2000), or
the partitioning of resources between related taxa (Rosenzweig
1978; Dieckmann and Doebeli 1999). This simple model gen-
erates predictions beyond the distribution of branches in a phy-
logeny (Moen and Morlon 2014). For instance, classic verbal
models of adaptive radiation (Simpson 1944; Schluter 2000) pre-
dict that the rate of trait evolution should slow down over time
along with the speciation rate, as progressive niche filling pre-
cludes further innovation (Slater et al. 2010; Weir and Mursleen
2013). Similarly, the accumulation of trait disparity over time
should follow a damped increase (Harmon et al. 2003). Studies
have reported evidence for joint slowdowns in lineage and dis-
parity accumulation, (Burbrink and Pyron 2010; Kennedy et al.
2012; Weir and Mursleen 2013), but trait evolution slowdowns
have also been reported from groups that do not exhibit diversifi-
cation slowdowns (Slater et al. 2010; Derryberry et al. 2011), and
a meta-analysis (Harmon et al. 2010) showed that slowdowns in
trait evolution were far from ubiquitous, even in classic examples
of adaptive radiation. This suggests that the interplay between
competition, trait evolution and phylogenetic branching may be
complex, and that rates of speciation and trait evolution are not
necessarily coupled (Machac et al. 2018; Crouch and Ricklefs
2019).

Tests of the expected distributions of traits and branching
events through time under the classic verbal model can be devel-
oped using mechanistic models that explicitly incorporate how
radiating species are expected to compete based on trait similar-
ity. Aristide and Morlon (2019) have recently simulated adaptive
radiation under such a model and found that although diversifica-
tion slowdowns indeed appeared as a result of competition, rates
of trait evolution seldom slowed down, and disparity only stopped
increasing when hard bounds on trait space were imposed. In-
corporating how species interact in space may however change
expectations and the outcomes of any model, for example, range
overlap of competitors is expected to modulate the effect of com-
petition on trait evolution (Tobias et al. 2014).

Models incorporating trait evolution could use tests based on
tree topology to infer diversification mode, particularly as empir-
ical phylogenies have been noted to be highly unbalanced (Alfaro
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et al. 2009). Such an option was not available to us as our mod-
els are “species-exchangeable” (Stadler 2013), that is, the iden-
tity of each lineage does not affect the diversification process (as
opposed to, for example, trait-dependent processes). It is, how-
ever, available for models where trait values (Aristide and Mor-
lon 2019) or the spatial distribution (Pontarp et al. 2015) of each
lineage is inherited along the branches.

We note that branch-based methods such as the ones used
here are still powerful tests for distinguishing models predicting
different tempos of diversification. Should more precise, biolog-
ically grounded predictions for DD patterns be derived beyond
simple linear or exponential relationships, we expect it may also
be possible to adapt existing methods to test for the role of com-
petition in phylogenies. Mechanistic models considering the un-
derlying ecological and geographic components of diversification
(Pontarp et al. 2012; Aguilée et al. 2018; Aristide and Morlon
2019) are likely to help test the predictions of verbal models and
formulate joint predictions of patterns across branching, traits and
distributions.

Conclusions

We constrained the tempo of diversification to be the same across
two models of diversification. There is little information in the
branching pattern that would allow us to detect the presence or
absence of diversity dependence. This implies that the mode of
diversification alone hardly leaves a diagnostic signature on the
branches of a phylogeny. We have provided a bootstrap likelihood
ratio test to properly identify the presence or absence of diversity
dependence. This can be used by empiricists, but we have shown
that one will only rarely detect diversity dependence even if it
is present; failure to detect either presence or absence of diver-
sity dependence is very likely. We call for the derivation of more
precise predictions for DD diversification, perhaps encompassing
multiple data types, and based on explicit ecological processes.
Mechanistic, eco-evolutionary models that have emerged in the
recent literature offer a promising framework for deriving such
predictions.
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