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The present and future host ranges of pests have important implications for
ecology, economics and health. Most multi-host pests have phylogenetically
conserved host symbioses, but jumps to phylogenetically distant hosts
are surprisingly common and can have large fitness consequences. We
introduce a model representing host distributions as outcomes of random
jumps across a host phylogeny, with jump probabilities proportional to
a power function of phylogenetic distance, parallel to Lévy flights in
foraging behaviour. Using machine learning, we fit our model to empirical
data on insect and pathogen pests of North American trees and estimate
the parameter controlling the distribution of jump distance. We find that
non-native insect pests are more likely to make jumps to phylogenetically
distant hosts than native insect pests, although we did not observe a
similar distinction between non-native and native pathogens. Finally, we
use estimated jump parameters to describe the risk of future host expansion
across the phylogeny of North American trees.

1. Introduction
Antagonistic interactions between pests or parasites and their hosts drive
fundamental processes in evolution and ecology (e.g. Red Queen dynam-
ics and Janzen–Connell effects [1,2]) and impact human health (e.g. dis-
ease, including novel zoonotic spillover [3,4]) and the global economy (e.g.
livestock and agricultural losses, reduction in international trade and labour
shortages [5]). Intervention can reduce the prevalence of endemic disease
in human-managed crops but is often costly [3]. For example, the removal
and replacement of ash trees (Fraxinus sp.) in the United States following
the introduction and spread of the emerald ash borer (Agrilus planipennis)
has been estimated at billions of dollars due to failure to detect its invasion
prior to spread [6,7]. However, action to prevent the introduction and spread
of pests can be successful if well-targeted [8,9]. It is therefore important to
develop tools to identify candidate hosts that may be susceptible to novel pest
invasions.

To successfully emerge on a new host, a pest must recognize it as a
potential host, avoid its defences, extract resources from it and successfully
reproduce. First, pests with behavioural agency (e.g. insects) must respond
to novel chemical or visual stimuli or develop new behaviour in response
to old signals [10]. Next, after encountering the novel host, the pest must
evade or withstand physical or chemical defences. Fungal, microbial or viral
pests, for example, may lose or alter molecular signals to avoid recognition by
host receptors and consequent immune response before proliferating [11,12].
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Finally, if the pest successfully extracts enough resources to reproduce, it may produce a new generation adapted for exploita-
tion of the new host.

Phylogenetic conservation of both host traits involved in defence and pest traits involved in host recognition and exploitation
produces patterns in which closely related hosts tend to share more pests than do more distantly related hosts [13,14].
Phylogeny, thus provides a useful tool for predicting spillover risk (see [15,16]), and it is possible to make risk predictions
based on phylogenetic distance between hosts and novel targets [15,17–20]. The phylogenetic distributions of pests have
been well-studied (e.g. [14,21,22]). Descriptions of host distributions have typically been characterized by transformations
of phylogenetic metrics such as the mean pairwise distance or phylogenetic distance among or between host taxa [13,23].
However, these pattern-based descriptions do not explain how the distributions have come to be, and they may also poorly
describe the distributions of pests across a host phylogeny, which are often irregular, featuring multiple disparate clusters of
closely related hosts. Pests may often expand their host breadth to encompass closely related sister taxa of established hosts,
but they can also make large leaps to distantly related taxa, producing patterns of distinct clusters across the host phylogeny
[23,24]. Large phylogenetic jumps can result in highly virulent infections [25], yet we currently lack a process-based model that
effectively describes this uneven distribution of pests on a host phylogeny.

Methods to predict unobserved interactions between pests and hosts (link predictions) have developed recently, generally
assuming phylogenetic patterns rather than generative processes and calculating probability as an exponential function of
phylogenetic distance, which itself may be transformed by a single-parameter evolutionary model like early-burst evolution
[26–28]. Though these models are primarily designed to predict unobserved interactions rather than novel interactions, they can
in principle be used to do so. However, as currently constructed, these models are scale-sensitive—results depend on the units
of phylogenetic distance—and unable to produce patterns expected from high phylogenetic constraint due to the somewhat
even relative probabilities they ascribe across the phylogeny of potential hosts.

Here, drawing upon movement patterns described as Lévy flights in the foraging literature, we propose a new scale-free
model in which host switches are characterized as a generative, stepwise jumping process across the tips of a host phylogeny,
paralleling the actual process of host range expansion. Steps occur with probability proportional to their phylogenetic distance
taken to a negative exponent we call the jump parameter (figure 1). One step of this process from a single host is equivalent to a
biased random walk on a graph [29,30], which has direct parallels to a Lévy flight model [31], although the parallels diverge as
pests associate with increasing numbers of hosts. Under this jump process, when the jump parameter is 0, the random walk is
unbiased, meaning pests are phylogenetically unconstrained and can infect all potential hosts with equal probability.

At all positive parameters, pests exhibit some degree of phylogenetic constraint; even when the jump parameter is small,
pests are more likely to infect taxa closely related to extant hosts, but they will occasionally make larger jumps to distant clades,
nucleating new clusters of closely related hosts. As the jump parameter becomes larger, the bias against large jumps becomes
stronger, and pests instead tend to jump only to the closest relatives of their current hosts, becoming more likely to exhibit
strong phylogenetic clustering. Interpreted as a diffusion process, jump parameters between 0 and 1 produce superdiffusion
of pests across host phylogenetic distance, while values >1 produce subdiffusion, reflecting strong phylogenetic constraints
(and values of one produce diffusion, also known as Brownian motion, over phylogenetic distance) [32]. In theory, a negative
parameter would be more likely to produce over-dispersion than clustering, but such parameters are not biologically realistic
because probabilities entirely depend on the scope of the host phylogeny considered.

We fit our model to 221 tree pests with comprehensive host records in North America and describe the phylogenetic
constraint of the jump process of each pest. These data do not contain any chronological information about host range
expansion, so our model is temporally implicit in that steps occur in chronological order, but time elapsed between steps is
unknown. Our model assumes that the distribution of pests across the host phylogeny reflects a process of jumps and host
breadth expansion; however, it is also possible that tree pests have diversified with their hosts and that their phylogenetic
distribution has been additionally shaped by co-evolutionary history and vertical transmission from ancestral to descendent
hosts [13]. To examine whether there was evidence to suggest stronger support for one process versus the other, we compared
the estimated jump parameter between pests native and non-native to North America. The distribution of hosts of non-native
pests must reflect a history of pest jumps and host breadth expansion, whereas the distribution of native pests might reflect a
combination of both co-diversification and host switching. Finally, using our jump parameter estimates, we describe the relative
risk of novel pest spillover should another pest jump event take place.

2. Methods
We combined a dataset of tree pests and pathogens representing 181 native species and 40 non-native species in North America,
including insects, and bacterial and fungal pathogens, observed as pests across 262 genera within 88 families of native North
American trees, with information on host phylogeny. Pest host ranges were adapted from Wang et al. [22], who expanded on the
hosts listed for important North American tree pests from Potter et al. [33]. We excluded pests with fewer than four observed
hosts, as these did not have sufficient data for modelling the distribution of jump distances, resulting in a reduced dataset of 130
native and 31 non-native pest species. Phylogenetic relationships among host genera were quantified using a phylogeny created
with the V.PhyloMaker package [34] in R. Briefly, this package prunes a mega-tree of extant vascular plants to our host genera of
interest and appends any genera absent from the mega-tree to the basal node of the respective family.

We parameterize our jump model using a machine learning technique known as convolutional random features [35], here
referred to as convolutional kitchen sinks (CKS) [36], to learn jump parameters from simulated data for each pest and then
use this information to estimate the parameter best describing the empirically observed distribution of each pest on the host
phylogeny.
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(a) Simulating training data
We first constructed for the host plants a symmetric phylogenetic distance matrix D of dimensions n × n, where Dij is the
phylogenetic distance (in millions of years, though results are insensitive to units) separating genera i and j (twice the time since
they diverged from their most recent common ancestor). This matrix provides the underlying distances used for calculating
jump probabilities.

To initiate each simulation, we selected a genus at random as the initial host. We also explored the performance of simula-
tions instead seeded with a random host selected from pests’ observed host ranges. We then performed stepwise pest jumps
until the observed number of hosts for the pest was reached. At each step, to generate a new pest jump, for each potential hosti ∈ H (where H is the set of uninfected hosts), we calculated the probability of a transition, Tij, of a pest jumping from host j to
host i as:

(2.1)Tij = Dij−αAij
∑x ∈ HDxj−αAxj ,

where Dij is the phylogenetic distance between genera i and j, α is the jump parameter and Aij is an element of an adjacency
matrix representing the connectedness (0 or 1) of genus i to j. In our model, we assume all hosts and potential hosts are
connected, meaning Aij = 1, but this can be modified, as we discussed as follows. Equation (2.1) is equivalent to the transition
probability for a biased random walk on a graph [29,37] with Dij−arepresenting the bias. Whenever there were multiple hosts (i.e.
all times after the first host jump), the total transition probability for each potential host was the sum of equation (2.1) evaluated
for each j ∈ N(where N is the set of infected hosts), normalized by the size of N. Simply put, this was the relative probability of
jumping to a given potential host from any current hosts, normalized by the sum of all the probabilities of possible jumps to any
potential hosts from any current hosts.

Figure 1. An illustration of host range expansion of a pest over a host phylogeny produced by a stepwise jumping process, contrasting high and low phylogenetic
constraint. The probability of jumping to a new host from a given current host decreases with the power of the phylogenetic distance between them. (A) A pest with a
large jump parameter (high phylogenetic constraint) is likely to jump to a close relative of its current host(s). If it makes an unlikely jump to a distant host, the frontier
of likely jumps expands greatly. When phylogenetic constraints are moderate, this process may produce multiple clusters of closely related hosts. (B) To a pest with a
small jump parameter (low phylogenetic constraint), even distant relatives of current hosts are liable to be the recipient of host range expansion. Such pests may be
more evenly distributed across their host phylogeny.
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(2.2)Ti, j ∈ N = 1n N ∑j ∈ N
Dij−αAij

∑x ∈ HDxj−αAxj
We calculated the total transition rate for each potential host, creating a vector of probabilities of each potential host being
infected upon the next jump. One host was then selected at random based on those probabilities and was added to the set of
infected hosts (N) and removed from the set of potential hosts (H), and the process was repeated. For each pest, we simulated a
pest jump process 5000 times, which was sufficient to reliably estimate α from the simulated data according to test simulations
and analysis.

(b) Training the machine learning model
We used the simulated data to estimate the jump parameter, α, best fitting the observed host distribution for each pest using
CKS. This machine learning method involves transforming an input vector (here, a simulated or observed host distribution
ordered by the position of host genera on the host phylogeny) into a feature map (by approximating a convolutional kernel
feature map) and then applying ridge regression (a linear model regularized to prevent overfitting using a quadratic loss
function) with jump parameter α as the dependent variable and elements of the feature map (i.e. abstract features of the host
distribution) as the independent variables (see [36] for detailed CKS methodology). The CKS method is advantageous over other
methods because of its computational efficiency and because generation of the feature map is ‘automatic’, depending only on a
small number of hyperparameters (for a full description of how this tool was implemented, see [36]).

Model input data were 1 × n vectors describing whether tree genera were hosts (one) or not (zero) in each simulation,
ordered in sequence of the tips on the tree phylogeny. CKS transformed each vector into a feature map that was then used to
train a ridge regression model given the known values of α. This produced coefficients for each element of the feature map that
could then be used to predict α given new data.

We trained models independently on each pest simulation data set. For each pest, we separated simulated data into 4000
training data and 1000 test data. We trained CKS models on the training data and validated models on the test data by
correlating predicted values on known values and calculating the R2 and slope of the correlation to determine the precision and
accuracy of the predictions.

(c) Predicting with machine learning model
For each pest, we used empirical host data to produce a vector of ones and zeroes representing host and non-host, respectively,
corresponding to the vectors used in the training simulations. We then applied the trained model to the empirical data to
predict the α jump parameter consistent with the empirical observations. Specifically, the input vector was transformed into
a feature map, and we then applied the trained coefficients/weights to these features to predict the associated α value. We
generated a distribution of α by predicting with CKS performed on 100 bootstraps of the training data; from this distribution,
we calculated a mean estimate of α along with the standard deviation.

3. Phylogenetic constraints to jump distances
Using our estimates of jump distances, we compared how phylogenetic constraints to host distribution, as described by jump
parameter α, varied between pest type. As the distribution of jump distances was non-normal, we performed non-parametric
Wilcoxon signed-rank tests on the mean α estimated for each pest species to examine whether insect and pathogenic (bacterial
or fungal) pests differed in their α values, as well as to test for differences between native and non-native pests. We additionally
bootstrapped tests on estimates sampled from the posterior distribution of jump parameters to account for uncertainty around
estimated α values.

Finally, we used the observed host distribution of pests to estimate the probability of a jump to a new host, again taking
the phylogenetic distance to observed hosts and calculating the negative exponent with the estimated jump parameter, α. We
repeated these calculations with the upper and lower 95% confidence interval (percentile method) of the estimated parameters
to calculate upper and lower 95% confidence intervals of the probability a potential host is the next to be colonized [38]. This
produced for each tree genus the relative risk of being the target of a given pest upon its next jump, assuming all observed host
genera of a given pest are equally likely to be the source of the jump. Summing these values across all pests provides a weighted
probability of a given tree genus becoming host to a novel pest or pathogen.

4. Results
We estimated jump parameters for 161 pest species, with α varying from very low phylogenetic constraint (α = 0.14, Phytoph‐
thora cinnamomi; a 50 million year jump is only 10% more likely than a 100 million year jump, figure 2) to high phylogenetic
constraint (α = 4.63, the California oak moth Phryganidia californica; a 50 million year jump is nearly 25 times more likely than a
100 million year jump, figure 2).

There was a positive relationship between the number of known hosts and the power of models to correctly predict
parameters on the test data, revealing that none of our pests have reached a saturated host count at which information about
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assembly process would begin to be lost (electronic supplementary material, figure S1). Correlating predicted values with
known values, we achieved an overall model accuracy of R2 > 0.49 for 94 pest species of which 20 were non-native, and R2 > 0.50
for all cases in which the number of hosts was greater than or equal to 18. Model accuracy of R2 > 0.70 (maximum R2 = 0.89) was
obtained for 36 species, of which 24 were pathogens, 12 were insects and seven were non-native, and in all cases for which pests
had 72 or more hosts. Correlations were close to 1 (mean = 1.02, s.d. = 0.076), suggesting predictions were on average accurate
but with variable precision (R2 values). Models trained on simulations initiated with a random observed host produced results
highly correlated with the base models (Pearson’s r = 0.80), returned higher R2 (average R2 = 0.77) and tended to predict higher
α values. In the main text, we report results from the base models in which the initial host in simulations was unconstrained, as
we believe they are more conservative.

Among the 36 pests for which our model had good prediction accuracy (R2 > 0.70), estimates for jump parameters had
tight posterior distributions (s.d. < 0.40). Within this group, insects were more phylogenetically constrained than pathogens
on average, but the difference was not statistically significant (mean insect α = 2.07, mean pathogen α = 1.54, Wilcoxon test
p = 0.072, figure 3). Comparisons across all included pests, irrespective of prediction accuracy, produced qualitatively similar
differences in means (mean insect α = 2.23, mean pathogen α = 2.04, Wilcoxon test p = 0.34; mean native α = 2.13, mean
non-native α = 2.05, Wilcoxon test p = 0.81). Models trained on observed host-seeded simulations produced qualitatively similar
patterns (electronic supplementary material, figure S2).

In within-pest type comparisons across all data, native insects were significantly more phylogenetically constrained than
non-native insects (mean native α = 2.42, mean non-native α = 1.84, Wilcoxon test p = 0.028, figure 4A). We did not detect a
significant difference between native and non-native pathogens (mean native α = 1.84, mean non-native α = 1.98, Wilcoxon test p
= 0.11, figure 4B), although data on non-native pathogens were sparse. Bootstrapped tests on estimates incorporating uncer-
tainty produced qualitatively similar results. Models trained on observed host-seeded simulations again produced qualitatively
similar differences in mean estimates, but insect nativity was marginally non-significant while pest nativity became marginally
significant (electronic supplementary material, figure S3).

Among all 161 pests, 16 (10%) had 95% confidence intervals overlapping zero and indistinguishable from no phylogenetic
constraint, and 32 (20%) had confidence intervals overlapping one, consistent with diffusion across phylogenetic distance. One
species (<1%) had confidence intervals between zero and one, while the remaining 112 (70%) had confidence intervals lying
entirely above one, consistent with high phylogenetic constraint. These proportions were similar when we subset to the 36 pests
with high prediction accuracy (α = 0, n = 4 (11%), α = 1, n = 7 (19%), α > 1, n = 25 (70%)).

We identified several tree taxa with high risk of novel pest or pathogen infestation, i.e. likely target hosts of future pest jumps
(figure 5, table 1), as measured by the product of the risks subtracted from one (the likelihood of not being targeted in any
of the next jumps). The two plant genera with the highest summed risk were Chrysolepis (chinquapin) and Heteromeles (toyon).
Many of the most probable specific jumps were from native pests to members of Pinaceae (table 1). Two of the most likely

Figure 2. The distribution of jump risk across a phylogeny of candidate host tree genera (below) for pests with the minimum, median and maximum estimated α. Dots
shown on the tips of the phylogeny represent observed hosts of the three species. Phytophthora cinnamomi (α = 0.14) has observed hosts across the plant kingdom
and is estimated to have very low phylogenetic constraints, producing even risk across plant clades. Agrobacterium tumefaciens (α = 2.01) is observed on a handful of
disparate angiosperms and is estimated to have intermediate phylogenetic constraint, increasing the risk for clades of plants related to its hosts. Phryganidia californica
(α = 4.63) is observed on only a few closely related hosts and has the maximum estimated phylogenetic constraint in our dataset; it is unlikely to jump to any genera
other than one closely related to its observed hosts. The branches separating angiosperms and gymnosperms have been truncated.
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jumps were to Larix, larch, by Leptographium wageneri, a fungal pathogen known to cause significant damage to pine forests, and
Arceuthobium tsugense, a mistletoe species, both specialized on Pinaceae. The most probable jumps from non-native pests were
from Gremmeniella abietina (a canker fungus) to Tsuga, Tomicus piniperda (the pine shoot beetle) to Pseudotsuga, Fiorinia externa (a
scale insect) and Phytophthora lateralis (cedar root disease) to Cupressus. Host taxa of low risk of future jumps include Quercus,
Acer and Prunus. We present the full list of probabilities in electronic supplementary material, table S1.

5. Discussion
We modelled host range expansion of tree pests as a stepwise jumping process with power function-distributed jump distances
reflecting the strength of phylogenetic constraint describing pest host breadth. Using CKS, a light-weight machine learning
tool [36], we were able to accurately recover the jump parameter that describes the distribution of a given pest across the host

Figure 3. Estimated α values for insect and pathogenic pests for which α was predictable with high confidence. Insect pest n = 12, pathogen pest n = 24. Coloured
violin plots show the density of 100 bootstrap predictions of high confidence estimates. Grey violin plots show the distribution of all estimates, regardless of
confidence.

Figure 4. (A) Estimated α values for native and non-native insect pests. Native insect n = 42, non-native insect n = 21. Background violin plots show the density of 100
samples of the posterior distribution of α estimates. (B) Estimated α values for native and non-native pathogen pests. Native pathogen n = 88, non-native pathogen n
= 10. Background violin plots show the density of 100 samples of the posterior distribution of α estimates.
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phylogeny. Estimated jump parameters loosely correlate with more traditional indices of phylogenetic conservatism (electronic
supplementary material, figure S4), although the assumed underlying processes are entirely different. Evidence of phylogenetic
signal in an observed trait is typically interpreted as reflecting evolutionary conservatism in trait change from ancestor to
descendent [39]. In contrast, our jump parameter, α, assumes host expansion as a jumping process across the tips of the host
phylogeny. Our model is analogous to a Lévy flight process in movement ecology, and we suggest a parallel in how pests may
explore potential hosts across phylogenetic space.

Our approach extends previous work assuming some linear transform of phylogenetic distances between hosts (e.g.
[13,15,21]), by explicitly estimating the probability of host jumps across varying phylogenetic distances. We show large
interspecific variation in the distribution of jump distances across tree pests and pathogens. Our ability to precisely infer
phylogenetic constraint improved with increasing observed host breadth, and thus we had more precise estimates for pests
with greater host breadth, which are frequently of high concern [40]. We were also able to improve inference by constraining
training data to simulations seeded with hosts from observed host ranges rather than random hosts, at the cost of making
stronger assumptions about assembly processes. We found that native insects were more constrained than non-native insects,
but we did not detect a similar difference in jump distances between native and non-native pathogens. While insect pests tend
to be marginally more constrained than pathogens by host phylogeny overall, with a thinner tail of long pest jumps, differences
were not significant and more work is necessary to determine if and in what contexts insects may exhibit greater phylogenetic
constraint.

The tendency for insect pests to be characterized by shorter jump distances is consistent with observations that insect
pests were also on average associated with fewer host genera than pathogens in our dataset. This pattern contrasts with
previous suggestions that pathogens tend to be more specialized than insects [15] (but see [22]), but is in keeping with the
rapid evolutionary capabilities of bacterial and viral pathogens, which could enable rapid spread across the host phylogeny.
Insects may have greater apparent dispersal abilities than many pathogens, but wind- and vector-mediated dispersal distances
of pathogens can also be high [41,42], and insect host range expansion may be constrained by behaviour [43,44], mechanical
limitations [45,46], and resistance to defensive compounds [47], which might be comparatively slow to evolve due to the longer
generation times of insects relative to pathogens. In contrast, plant pathogens are known to evolve rapidly in response to
fungicides and antibiotics, analogues to natural plant defences, accessing novel resistance through horizontal gene transfer as
well as mutation over large propagule numbers and short generation times [48,49].

(a) Jump parameters and phylogenetic constraint
We show that pests vary in phylogenetic constraint, but that the majority of pests have jump parameters greater than one,
indicating significant phylogenetic constraint in host use among pests. Nonetheless, the intermediate jump parameters of many
pests still allow for the possibility of jumps to more distant hosts, potentially because hosts have converged in some traits
related to susceptibility, such as a loss of immune receptors [50]. Such long jumps may serve as a stepping stone that introduces
many potential novel hosts into the window of more frequent short jump distances, facilitating rapid host expansion in a newly
colonized clade [51,52]. A small percentage of pests have estimated jump parameters indistinguishable from zero, suggesting

Figure 5. Heat map of the relative risk of tree pests (rows) jumping to North American tree genera (columns). Only pests with prediction accuracy R2 > 0.7 are
shown. Black cells represent existing pest–host associations. Relative cumulative risk and plant family are shown in the bottom two rows. Pests with high phylogenetic
constraints have risk confined to few taxa, resulting in dark horizontal bands with a few clustered high-risk jumps, e.g. Synanthedon scitula (indicated in purple text). In
contrast, pests with low phylogenetic constraint have even bands of intermediate risk, e.g. Rotylenchulus reniformis (indicated in orange text).
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that phylogeny plays little to no role in their patterns of host range expansion. When pests exhibit a lack of phylogenetic
constraint, they may have generalizable exploitation strategies that work on a broad range of host phenotypes [53], or they
may be exploiting a consistent vulnerability or susceptibility shared across a broad range of hosts [50]. A propensity to
long jumps may be important for several reasons. First, pests less constrained by host phylogeny represent a greater risk of
emerging on novel hosts when introduced to new regions. Second, novel hosts evolutionarily distant from current hosts may be
evolutionarily naive, lacking effective pest defence mechanisms, and thus at greater risk of pest hypervirulence [25,54]. If this
increased virulence is not compensated by decreased transmission, a common but not universal trade-off [55], generalists with
low phylogenetic constraint may pose significant threats.

(b) Native and non-native pests
We assume a model in which pests and pathogens traverse the host phylogeny in a series of stepwise jumps. However, the
distribution of parasites across hosts might also reflect a process of co-diversification and vertical inheritance of parasites from
ancestral hosts (see [13]). We explore whether these two alternative scenarios might leave distinct imprints on the pattern of pest
distributions on the phylogeny of trees by contrasting phylogenetic constraint exponents between native and non-native pests,
the former of which are more likely to have host distributions produced by vertical transmission. We find that native insects are
more phylogenetically constrained than non-native insects. It is possible that this difference might capture the longer history of
vertical inheritance for native versus non-native insect pests, producing higher levels of phylogenetic constraint in the former.

Table 1. Highest specific relative risks of pests jumping to plant genera upon their next pest jump.

pest type nativity plant genus plant family risk lower 95 upper 95

Leptographium wageneri pathogen native Larix Pinaceae 0.967 0.931 0.985

Arceuthobium tsugense pathogen native Larix Pinaceae 0.902 0.732 0.968

Apiosporopsis carpinea pathogen native Chrysolepis Fagaceae 0.856 0.802 0.896

Erwinia cacticida pathogen native Harrisia Cactaceae 0.832 0.422 0.972

Asperisporium sequoiae pathogen native Calocedrus Cupressaceae 0.832 0.771 0.875

Pseudohylesinus sericeus insect native Larix Pinaceae 0.823 0.749 0.873

Venturia inaequalis pathogen native Vauquelinia Rosaceae 0.822 0.584 0.937

Choristoneura pinus insect native Pseudotsuga Pinaceae 0.795 0.758 0.824

Erwinia amylovora pathogen native Heteromeles Rosaceae 0.765 0.613 0.829

Melanophila fulvoguttata insect native Pseudotsuga Pinaceae 0.744 0.669 0.795

Gremmeniella abietina pathogen non-native Tsuga Pinaceae 0.729 0.585 0.835

Candidatus Phytoplasma palmae pathogen native Serenoa Arecaceae 0.717 0.492 0.865

Dendroctonus ponderosae insect native Tsuga Pinaceae 0.698 0.568 0.8

Tomicus piniperda insect non-native Pseudotsuga Pinaceae 0.648 0.554 0.716

Melanophila drummondi insect native Pinus Pinaceae 0.648 0.492 0.772

Dendroctonus pseudotsugae insect native Abies Pinaceae 0.587 0.545 0.622

Fiorinia externa insect non-native Cupressus Cupressaceae 0.561 0.368 0.679

Phytophthora lateralis pathogen non-native Cupressus Cupressaceae 0.509 0.442 0.572

Choristoneura freemani insect native Tsuga Pinaceae 0.457 0.341 0.546

Melampsoridium betulinum pathogen native Carpinus Betulaceae 0.453 0.41 0.492

Phellinus weirii pathogen native Cupressus Cupressaceae 0.43 0.407 0.446

Stigmina palmivora pathogen native Coccothrinax Arecaceae 0.422 0.361 0.477

Dendroctonus rufipennis insect native Larix Pinaceae 0.411 0.362 0.444

Dendroctonus rufipennis insect native Pseudotsuga Pinaceae 0.411 0.362 0.444

Graphiloa phoenicis pathogen native Thrinax Arecaceae 0.388 0.337 0.437

Phryganidia californica insect native Fagus Fagaceae 0.377 0.281 0.484

Apple mosaic virus pathogen native Heteromeles Rosaceae 0.363 0.293 0.413

Oberea myops insect native Lyonia Ericaceae 0.335 0.301 0.361

Dendroctonus pseudotsugae insect native Picea Pinaceae 0.324 0.322 0.319

Seiridium cardinale pathogen native Taxodium Cupressaceae 0.317 0.297 0.333

Apple mosaic virus pathogen native Amelanchier Rosaceae 0.308 0.254 0.344

Oberea myops insect native Elliottia Ericaceae 0.295 0.269 0.315
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However, it is not obvious why we do not detect a similar pattern for fungal and bacterial pathogens. For these pest types,
either the two processes (vertical and horizontal transmission) may result in similar patterns of phylogenetic distribution (e.g.
[56]), or pest jumps predominantly explain the contemporary distribution of both native and non-native tree pathogens on their
hosts.

(c) Phylogenetic risk assessment
Using the modelled distribution of pest jumps for both pests and pathogens, we generated a relative risk assessment across the
phylogeny of North American tree genera. We estimated some genera to be at much higher risk of novel infestation than others,
both cumulatively and from specific pests. For example, Malus, the genus containing apples, is an important agricultural crop
with well-documented pests. Consequently, its close relatives in Amygdaloideae are the likely recipients of pest jumps from
its phylogenetically constrained pests. Some potential novel hosts, such as Amelanchier, the saskatoon berry, are cultivated as
commercial crops, suggesting important implications for phytosanitary management. It may be desirable, for example, to grow
Malus apart from other genera in Amygdaloideae or to ensure thorough quarantining procedures before planting these crops
together to avoid undesirable spillover events. In contrast, some genera are at consistently low risk. Members of Magnoliidae,
especially Magnolia and Liriodendron, the two genera within Magnoliaceae, are at broadly low risk due to their phylogenetic
distance from the diverse Eudicots.

Nonetheless, we caution that phylogenetic risk should not be considered in isolation, as the probability of jumps may be
taxonomically biased by host or pest biology, or altered by abundance, geography, anthropogenic activity or other processes.
Taxonomic bias may occur when a host clade is predisposed for or against infection. For example, our model predicts larch to
be at high spillover risk from Leptographium wageneri (black stain fungus), but larch is known to be immune or resistant to this
fungus [57], so increased monitoring may not provide much value, barring a shift in pathogenicity or some ecological surprise.
When clades within the phylogenetic breadth of host range share such resistances, pest distributions could exhibit whole-clade
gaps, though this would not be likely to much influence estimates of jump parameters unless pests have few hosts separated by
a large immune clade. On the other hand, predisposition to susceptibility could lead to rapid spread of a pest in a clade; this
could bias jump parameters upward as the pest colonizes the clade, but in general, phylogenetic predisposition is a pattern our
model is intended to capture.

Pests’ probability of spread may also be biased by biological properties linked to their taxonomy, e.g. mode of dispersal
(e.g. active, passive or vector-borne) or preadaptations that make them particularly adept at exploiting some host clade. Two
pests carried by the same vector, for example, would be likely to reach the same hosts. Pest taxonomic bias would produce
phylogenetic signal in the identity of hosts’ pests but would not affect estimates of pest jump parameters.

6. Conclusion
We have here presented a novel model of stepwise pest jump over a phylogeny and used it to generate risk predictions of
future pest spread, with important applications to agriculture, forestry and natural ecosystems. We suggest that our measure
describing the phylogenetic constraints on pest host breadth could also be used to better inform our understanding of the
evolution of pest specialism versus generalism and may serve as a useful metric of phylogenetic conservatism that could be
applied across the fields of agricultural, conservation or evolution when considering patterns of species interactions shifting
over a phylogeny. Variation in phylogenetic constraint may be determined by macroevolutionary differences in host traits across
clades or differences in the signature of phylogenetic conservatism among different sets of traits for a given set of hosts; the
extent to which each determines pest constraints is worth exploring.

While an understanding of the phylogenetic constraints of pests is critical for modelling host range expansion, it is just
one of many factors that shape pest distributions. Improving our understanding of the history of host range expansion
(including timing and environmental mediators of pest jumps and severity of novel infestations) would enable us to make better
predictions about both where and when jumps will occur. Models could also be improved by including spatial and geographic
overlap, which would allow predictions to account for opportunity. Such information would allow us to differentially weight
potential source hosts rather than assuming jumps from any host are equally likely; currently, estimates of constraint may be
biased upward by the non-random, often clustered phylogenetic distribution of co-occurring trees [58]. Geographically explicit
models could be implemented by adjusting weights in the adjacency matrix. For example, adjacency values could simply be set
to zero when there is no geographic overlap or scaled to reflect the relative percentage of range or population overlap between
host species.

We leveraged a remarkable dataset on tree pests and pathogens in North America. Inevitably, our analysis has some
limitations. It is likely that the host–pest association matrix remains highly incomplete—some plant taxa and pests attract more
study interest, are easier to detect, etc. [59]. Nonetheless, we believe the patterns we report are generally robust, as indicated by
the convergence in jump estimates observed across native and non-native pests and insensitivity to weighting estimates by our
level of confidence in them.
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