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Abstract

Background: Invasive alien insects threaten agriculture, biodiversity, and human livelihoods
globally. Unfortunately, insect invasiveness still cannot be reliably predicted. Empirical
policies of insect pest quarantine and inspection are mainly designed against species that are
already problematic.

Results: We conducted a comparative genomic analysis of 37 invasive insect species and six
non-invasive insect species, showing that the gene families associated with defense, protein
and nucleic acid metabolism, chemosensory function, and transcriptional regulation were
significantly expanded in invasive insects, suggesting that enhanced abilities in self-
protection, nutrition exploitation, and locating food or mates are intrinsic features conferring
invasiveness in insects. By using these intrinsic genome features, we proposed an
invasiveness index and estimated the invasiveness of 99 other insect species with genome
data, classifying them as highly, moderately, or minimally invasive. Insects possessing all
these aforementioned enhanced abilities are predicted to be highly invasive, and vice versa.
Next, a logistic-regression classifier was trained to predict insect invasiveness, achieving
93.2% accuracy.

Conclusions: We present evidence that several traits may confer invasiveness in insects and
these features can be used to predict insect invasiveness accurately, and we quantify insect
invasiveness with an invasiveness index.

Keywords

Insect pest; Invasiveness; Genome features; Comparative genomics; Invasiveness index
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Background

Invasive species threaten agriculture, biodiversity, and human livelihoods. The estimated
global economic loss to invasive insects is US $70.0 billion annually [1]. Increased
globalization and connectedness via trade, as well as environmental changes owing to
climate change, will significantly increase invasive species threats [2, 3]. Many studies have
shown some common properties in invasive species. Invasive plants have syndromes
including: a tendency to be annual or biennial; increased plant height and specific leaf area;
hermaphroditism with longer and earlier flowering; clonal growth and monoecy; and higher
fecundity [4, 5]. Invasive birds tend to: be large; prioritize future over current reproduction; be
less migratory; and be widespread in the source region [6]. In contrast, invasive freshwater
fishes have smaller body size, fast reproduction, high activity, and boldness, and are
omnivorous with high physiological tolerances [7]. Invasive insects are reported to tend to
have some intrinsic features such as parthenogenesis, high dispersal ability, a dormant or

resilient stage, and a longer adult stage [8].

These observations have yielded at least four hypotheses about invasive species: 1) enemy
release hypothesis — escape from natural enemies in the original habitat [9]; 2) increased
competitive ability hypothesis — efficient transfer of biological resources from enemy defense
to growth and reproduction [10]; 3) novel weapons hypothesis — carrying parasites such as
microsporidia that negatively affect or Kill native species but not the invading species [11]; and
4) inherent superiority hypothesis — invasive species have intrinsic traits superior to those of

non-invasive species, at least in new regions [12].

Accurately identifying invasiveness-related traits and predicting invasiveness of a species is
important for pest risk assessments and developing national quarantine policies. However,
the traits identified as associated with invasiveness are quite controversial and do not
characterize all invasive species, especially in insects [13]. The controversy has hampered

development of a highly accurate method of predicting invasiveness, though much effort has
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been expended on this project, such as Invasive Species Predictive Schemes (ISPS) [14] and
the SCOPE project [5]. A problem is that an invasion consists of several distinct stages [15],
and traits that would lead a species to pass successfully through one stage may not be the
same traits that would conduce to success at a different stage. With respect to risk, different
stages are at issue. The first stage, transport and initial introduction, consists of a propagule
arriving with human assistance in a new, distant site. Whatever traits a species has that
facilitate its association with a transport vector (such as ballast water, shipping containers, or
agricultural products) increase risk of transport [16]. In this paper, we focus on the next
stages, establishment and spread. Once a species has arrived in a new region, do particular
traits increase the risk that it will persist and spread? The propensity to establish and spread
once introduced is what we define as “invasiveness” in this study, although the term
“invasiveness” has also been used at times in the literature to refer to the first stage, simply

arriving in a new region.

As the cost of whole-genome sequencing has decreased dramatically, hundreds of insect
genomes have been sequenced [17], providing an opportunity to conduct comparative
genomic analysis in insects. Comparative genomics is a powerful method to identify common
genomic features in maize [18] and in certain carnivores [19]. Moreover, a recent report
showed that human physical traits can be predicted from whole-genome sequencing data
[20]. We thus asked whether invasive insects have common genomic features distinguishing
them from other insect species. To this end, we focused on isolating invasive features at the
gene family level. We collected 142 insect genomes, from which we analyzed 43 species
including 37 invasive insects and six non-invasive insects with high quality assemblies. By
conducting comparative genomic analysis, we found that some gene families associated with
defense, energy, chemosensory function, and transcriptional regulation functions were
significantly expanded in invasive insects but not in the non-invasive ones. An invasiveness
index based on these families was proposed to quantify insect invasiveness. Moreover, these

gene families were treated as candidate features in a machine-learning algorithm
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(Determining Invasiveness based on Genome Sequences, DIGS) that we introduced to train a
highly accurate classifier to predict insect invasiveness. Both the invasiveness index and
DIGS were applied to predict invasiveness of the other 99 insects that were not used for
training. In summary, we provide a new genetic approach to analyze quantitatively the
“invasiveness” of insect species, and this approach could be extended to other biological taxa

and will be improved as more genome data become available for training samples.

Results

Selection of 37 invasive insects and six non-invasive insects

From the 142 insect species for which genome data are available (Supplementary Table 1),
we excluded ones lacking high-quality genome assemblies as well as those that are not
confirmed as having been introduced anywhere (89 species) and thus could not be classified
as either invasive or non-invasive. We confirmed: 1) 37 insects known to be invasive by
literature references, including nine Diptera, two Coleoptera, fifteen Hymenoptera, five
Hemiptera, and six Lepidoptera; 2) six non-invasive insects (two Diptera, one Hemiptera, and
three Lepidoptera) according to the criterion of having been introduced to non-native regions
but not spreading or exhibiting any signs of invasion in the introduced regions (Supplementary
Table 2). From these 43 insect species, we identified 183 single-copy orthologous genes by
all-vs-all BLASTP [21] against all proteins in the OrthoMCL [22]. We constructed a
phylogenetic tree using these single-copy orthologous genes to infer the evolutionary

relationship of these species.

The general genome features are not related to invasiveness

We calculated general genome features of these 43 insects including genome size, GC
content, gene number, amount of repeat sequences, number of expanded gene families, and
number of contracted gene families (Fig. 1). None of these features differed significantly
between invasive and non-invasive insects, indicating that high invasiveness might be

ascribed only to several key gene families closely associated with invasive traits, rather than
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to general genome features (Supplementary Fig. 1 and Supplementary Table 7).

Identifying gene families associated with insect invasiveness

It has been reported that invasive insects share some traits, such as nutrition acquisition
advantage, advanced defense systems, and high reproductive ability [8]. For the inherent
superiority hypothesis to be valid, we reasoned that gene families conferring functions related
to invasiveness should be positively selected and most likely expanded. To this end, we
analyzed the expansions and contractions of gene families in a phylogenetic context in the 43
insects using the program CAFE (v3.0) [23]. We found 36 gene families to have expanded in
at least 13 of the 37 invasive species with the additional criterion that the ratio of number of
invasive species to number of non-invasive species in which the gene family expanded
exceeded 12 (the criterion was determined by testing the accuracy of invasiveness
classification for a range of ratios from 4 to13; among these, a ratio of 12 achieved the
highest accuracy) (Supplementary Table 8). The gene families expanded more frequently in
invasive species by this criterion were treated as candidate gene families and were grouped
into four categories based on their functional associations: 1) associated with defense; 2)
associated with energy; 3) associated with chemosensory function; 4) associated with

transcriptional regulation (Supplementary Table 8).

Next, to evaluate the contribution of these candidate gene families to invasiveness, we used a
two-step logistic regression procedure (see Materials and Methods) to select the gene
families whose expansion is contributing to invasiveness and to determine the relative
weights of their contributions (based on the expanded gene numbers in Supplementary Table
3). The results show that in total 14 gene families are associated with invasiveness
(Supplementary Table 4). The expansion pattern of these gene families varied in different
invasive insects, suggesting that a variety of traits have conferred invasiveness in insects
(Fig. 2). For example, invasive hymenopterans have enhanced defense ability and advanced

chemosensory function, while invasive lepidopterans have enhanced abilities of defense and
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energy metabolism, and particularly transcriptional regulation.

Invasiveness index for insect invasiveness

We next seek to estimate the invasiveness of insects by using the expansion indexes of four
function groups. We calculated the expansion indexes for each function group in each insect
species, which involves the weighting coefficients of the 14 gene families that resulted from
the first-step logistic regression (see methods) and the corresponding expansion gene
numbers (Supplementary Table 9). We built the invasiveness index of a species by using the
second-step logistic regression model (see methods) that estimates the weighting coefficients
of the four function groups with the following steps:

1) m;=116.98y,;+12.98y,,+6.29y;,+6.12y,,+63.89,

logo(Imy), if my=1
2) n=] 0, if —1<m<1

—1og10(|mj|), if m; < —1

1
1+eY

where z; is the invasiveness index of the jth species and y4;to y4 are the expansion indexes of

the four function groups of the jth species.

Then we calculated the invasiveness indexes of all 142 insects (Fig. 3, Fig. 4, Supplementary
Table 9 and Supplementary Table 5). For the 37 invasive insects, all have high invasiveness
indexes. By contrast, all six non-invasive insects have minimal invasiveness indexes (Fig. 3).
For the 99 other insects, we classified their predicted invasiveness into three levels based on
invasiveness indexes: high invasiveness (0.9 to 1), moderate invasiveness (0.2 to 0.9), and
minimal invasiveness (0 to 0.2) (Fig. 4). Among these 99 insects, ten species have been
reported to be highly invasive; eight of these were assigned a high invasiveness index and

one was assigned a moderate invasiveness index (Fig. 4).

The results showed that these four aspects of capacities were generally essential for high

invasiveness: defense, energy, chemosensory function, and transcriptional regulation. Highly
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invasive insects tend to have high expansion indexes in all four function categories; insects
that are minimally invasive tend to have low expansion indexes in all four function groups.
Among the 99 insect species for which we lack adequate data on invasiveness, we predicted
species to be moderately invasive if they have high expansion indexes in some function
categories but low expansion indexes in others, while we predicted them to be highly or

minimally invasive according the rules just stated (Fig. 4).

Classifying insect invasiveness by machine learning

Having identified putative inherent genome features associated with insect invasiveness, we
adopted these features to develop a machine learning algorithm, named Determining
Invasiveness based on Genome Sequences (DIGS), in order to classify insects in terms of
invasiveness. DIGS used a random forest algorithm for feature selection and then used a
logistic regression model to construct a classifier; six-fold cross-validation was used to train

the DIGS classifier.

In each cross-validation, we used the R package “Boruta” [24] to evaluate the contributions of
the 36 candidate gene families to invasiveness. Boruta is designed as a wrapper with a
random forest classification. The key gene families selected by Boruta were next used to
construct a logistic regression model to estimate classification efficiency. As a result, two gene
families, pao retrotransposon peptidase, and putative nuclease HARBI, were stably selected

to predict insect invasiveness (Supplementary Table 6).

Given the high average accuracy and the balance between positive and negative samples of
the 43 species (Supplementary Table 6), these two gene families were used to construct a
logistic classifier to classify invasiveness. The results indicated that DIGS performs well in
classifying insect invasiveness, with an average accuracy of 93.2%. Sensitivity, specificity,
and precision were 88.1%, 100%, and 100%, respectively (Supplementary Table 10). Based

on the analysis of a ROC (Receiver Operating Characteristic) curve, the AUC (Area under the
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Curve of ROC) [25] was 0.953, suggesting good performance by the DIGS classifier (Fig. 5).
Next, we used this classifier to predict invasiveness of the other 99 insects, those not used for

training. With a cutoff of 0.5, 56 species (56.6%) were classified as invasive.

Because we have developed two systems separately to evaluate insect invasiveness, we
compared the consistency of the invasiveness index and the DIGS. Fig. 6a showed that
94.1% of highly invasive insects as determined by the invasiveness index were predicted to
be invasive by DIGS, whereas 85.3% of insects predicted not to be invasive by the
invasiveness index were predicted not to be invasive by DIGS (Fig. 6a). On the other hand, of
those 56 insects predicted to be invasive by DIGS, 57.1% were classified as highly invasive
and 33.9% as moderately invasive by the invasiveness index. Of the 43 insects predicted not
to be invasive by DIGS, the invasiveness index analysis predicted 67.4% would not be
invasive (Fig. 6b). These results showed substantial consistency between the invasiveness

index and DIGS.

Discussion

One of the most significant challenges regarding biological invasions is to predict the risk of
successful invasion. Meta-analysis of large data sets is increasingly used to predict the risk of
invasion by non-native species globally, by considering, for risk of introduction, variables such
as the quantity of international trade [2, 3] and the capacity of the transport vectors to assist
arrival [2]; for risk of establishment, variables such as disturbance factors [2], biodiversity
indices [26], and the similarity of biotic and abiotic conditions between the native locations
and the location of a newly arrived IAS [3] have been used. However, the species
characteristics that increase the risk of population establishment and spread once the species
is introduced, which we define as “invasiveness” in this study, are still not well determined.
This lacuna contributes to ineffective management and slow responses to newly arrived IAS
[27]. Here, we have attempted to fill this gap by presenting a new approach based on

machine learning and genome data to predict high-risk invasive insect species.
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Based on the hypothesis that invasive insects tend to share particular invasiveness-related
traits, we conducted a comparative genomic analysis of invasive and non-invasive insect
species to identify gene families commonly expanded in invasive species. This strategy
yielded 14 gene families associated with insect invasiveness. These 14 gene families can be
grouped into four function categories: defense, energy, chemosensory function, and
transcriptional regulation. These results support the previous hypothesis that invasive species
should have certain intrinsic traits that are superior in new locations to those of non-invasive
species. Invasive insects tend to have high abilities to exploit nutrition and to defend
themselves, as well as advanced chemosensory abilities. We proposed an invasiveness
index to quantify invasiveness by weighting the abilities of the aforementioned four groups.
This invasiveness index is the first metric for evaluating insect invasiveness at the genome
level, and it should aid risk assessment and provide strong theoretical support for quarantine

policy decisions [28].

We found that insects with high expansion indexes in all or most of the four groups tend to be
highly invasive, whereas insects without high expansion indexes or with only one category
with a high expansion index tend to be minimally invasive. This result appears consistent with
commonsensical notions of invasive ability. However, it should be noted that this fact does not
support the trade-off hypothesis, which assumes that invasive species must allocate limited
energy and resources to either growth or defense [29]. That hypothesis suggests that having
a trait with advantages for one function may simultaneously reduce the strength of other
functions because of physical and chemical constraints, resource allocation limitations,
antagonistic pleiotropy, and linkage disequilibrium [30]. However, our analysis shows that
highly invasive insects may have most or even all four types of abilities including enhanced
defensive, chemosensory and transcriptional regulation abilities, as well as high energy

metabolism.
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We applied an invasiveness index to evaluate 99 insect species that have annotated genome
data. About half of these species were given a high invasiveness index value, and these
species were also generally predicted to be highly invasive by DIGS, supporting the reliability
of this metric. We noticed that some congeners were classified very differently in
invasiveness. It is true that congeneric species even some cryptic species differ in some gene
families, such as cytochrome P450 genes and UDP glycosyltransferases in two cryptic
species of invasive whitefly, Bemisia tabaci Middle East-Asia Minor 1 (MEAM1, or ‘B') and
Mediterranean (MED, or 'Q') [31]. We emphasize that the present classifier was trained with a
very small set of non-invasive species, these were all in just three orders, and that all the
invasive species are in only five orders. It remains possible that the small sample size
induced bias in feature selection and that limited phylogenetic diversity of species with
adequate bases for classification as to invasiveness limits the domain of application of the
striking result depicted in Fig. 3. Although the sample size for the negative training set was
particularly small, the DIGS classifier still performed well, suggesting that invasive insects do
have some inherent superiorities in new settings compared with non-invasive insects. These
differences in inherent superiorities are reflected in the genome data. As the cost of genome
sequencing decreases, more insect genomes will be available with high assembly quality.
With additional genomes, larger positive and negative training datasets can be constructed to
achieve better classification efficiency and to determine the extent to which our invasiveness
index applies beyond the five orders for which we currently have data (the 99 species that we
did not use for training are also all in the same five orders). A more robust classifier can then
be trained with better, more robust performance. In addition, our approach to profiling invasive
species used only the features of gene family expansions. As genomic information
accumulates, other genome features such as single nucleotide polymorphisms (SNPs), copy
number variants (CNV), and gene expression level at the subspecies level can be obtained
and may be useful in predicting invasiveness, which should improve prediction accuracy and
understanding of the molecular basis of invasiveness. Of course, the fact that a species truly

has a tendency to become invasive once introduced does not mean that every introduction of
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that species will lead to invasion. Aside from the fact that some probability exists for
stochastic reasons alone that any population will be lost when very small (e.g., in the earliest
stages of establishment), physical and biotic environmental factors differ among introductions
and play some role in whether an invasion actually occurs. This fact is reflected in many
examples of species that usually become invasive when introduced but fail to do so

occasionally [32].

Materials and Methods

Genome resources and species selection

We downloaded 142 insect genome assemblies and the corresponding annotation data,
including Coleoptera, Diptera, Hemiptera, Hymenoptera, and Lepidoptera, from the National
Center for Biotechnology Information (NCBI) [33], InsectBase [34], VectorBase [35],

Fireflybase (http://www.fireflybase.org/), Ensembl Genomes [36], GigaDB [37], Fourmidable

[38], MonarchBase [39], and AphidBase [40] (Supplemental Table 1).

We used the genome characteristic Scaffold N50, which is positively associated with genome
quality [41]. Species with a genome assembly with Scaffold N50 < 400 Kb were excluded.
When a protein-coding gene has different alternative splicing forms, the longest transcript

was chosen.

We analyzed 43 insect species, including 37 confirmed as invasive species by literature
references, which were used as positive samples of invasive insects, and six confirmed as
non-invasive by literature references, which were used as negative samples of non-invasive
insects (Supplemental Table 2). The invasiveness index and the classifier were applied to the

remaining 99 insects.

Gene family analysis

We used TreeFam [42], which considers phylogenetic relationship, to define gene families that
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descended from a single gene of the most recent common ancestor. The annotated protein-
coding genes of 37 invasive insect species, six non-invasive insect species, and the additional

99 insect species were used for the application as noted above.

Reconstruction of phylogenetic tree

We performed phylogenetic analyses using proteins from all 43 invasive and non-invasive
species, and Tetranychus urticae was used as an outgroup. OrthoMCL [22] was used with
default parameters to identify gene groups based on sequence similarities resulting from an
all-against-all BLASTP search [21]. We found 183 single-copy orthologous genes shared by
all species. Multiple sequence alignments of orthologous genes from all species were
produced by MAFFT v7 [43] with default parameters, and the aligned results were trimmed by
trimAl [44] to remove low-quality regions with the parameter “-automated1”. Finally, we
merged all 183 trimmed single-copy orthologous genes for each species to create a super
gene [45]. RAXML [46] was then used with the LG+I+F model, which is calculated with
ProtTest in IQ-TREE [47], to estimate a maximum likelihood tree starting with 1000 bootstraps

followed by likelihood optimization.

Estimation of divergence time

A nonparametric rate-smoothing method [48] and a semiparametric penalized likelihood (PL)
method [49] were used to estimate the divergence time with the software r8s (V1.7.1) [50]. An
optimal tree obtained by RAXML [46] was used as an input tree for the divergence time
estimation. The cross-validation approach (with parameters “cvstart=0, cvinc=1, cvnum=18")
was used to determine the optimal level of rate- smoothing of the PL analyses with smoothing
parameters varying from 1 to 1el17. We used a smoothing parameter of 1 for these data. To
estimate divergence time, we calculated ages of nodes within the phylogeny based on
calibration points. Our calibration points were: 1) the most recent common ancestor of the
clade including Papilio polytes and Plutella xylostella, constrained to be 140 Mya (million

years ago); 2) the most recent common ancestor of the clade including Bombyx mori and
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Manduca sexta, constrained to be 39.8 Mya; and 3) the most recent common ancestor of the
clade including Aedes albopictus and Drosophila biarmipes, constrained to be 157.8 Mya [45,

51].

Gene gain and loss

To identify gene family evolution as a stochastic birth and death process, we applied the
likelihood model originally implemented in the software CAFE (v3.0) [23]. Phylogenetic tree
topology and branch lengths were taken into account to infer the significance of change in
gene family size in each branch. The gene number of gene families defined by TreeFam [42]
in each insect and the phylogenetic tree corrected by r8s were used as input files for CAFE

3.0 [23].

Comparative analysis of genomic features

We calculated the genome features of all insects, including genome size, GC%, number of
protein-coding genes, length of repetitive sequences, and gene number of expansion or
contraction. We used t-tests (we also did permutation tests with the same result) to compare
differences in genome features between all invasive and non-invasive insects, as well as fly
and lepidopteran species separately. We identified repetitive sequences using the
RepeatMasker [52] pipeline with “ncbi” set as the search engine and “insects” for the
parameter (-species). In addition, RepBase [53] was provided as a custom library to locate

associated repetitive elements in genomes of each species.

Commonly expanded gene families of invasive insects

The expanded and contracted gene families in each species, as well as the expanded and
contracted gene numbers of each gene family, were extracted by using an in-house Perl
script and calculated by comparing a species with its parent node in the phylogenetic tree
(Supplementary Table 3). The commonly expanded gene families of invasive insects were

screened with two criteria: 1) expanded in at least one-third of invasive species (>=13), or
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less than or equal to half of the total number of non-invasive species (<= 3). 2) an expanding
ratio, defined as the ratio of the number of invasive species to the number of non-invasive
species in which the gene family is expanded, greater than 12 (the criterion was determined by
testing the accuracy of invasiveness classification for a range of ratios from 4 to 13, among
them, ratio of 12 achieved the highest accuracy). This protocol generated a number of
candidate gene families that might be related to invasiveness. Next, we annotated these
candidate gene families using the corresponding protein sequences as queries to perform a
BLASTP [21] search (e-value cutoff of 1e-5) against the UniProt [54] database. We then

grouped these gene families according to their annotated functions.

Gene families associated with invasiveness and expansion index

To estimate the contribution of these gene families to invasiveness, we used the candidate
gene families from each function group to train the first-step logistic regression model with
70% of the 43 species as the training set and the other 30% as the testing set. The partition
was randomly done 30 times. The coefficient of each gene family in the logistic regression
was regarded as its weight coefficient for invasiveness within the function group. If a gene
family has a non-positive weight coefficient for more than one third of the partitions, we
removed it and performed the same pipeline again until all remaining gene families had
positive weight coefficients for more than half of the partitions. We next selected the model
with the highest AUC [25] among all partitions for each function group. Finally, we used 14
gene families from four function groups and their weight coefficients to construct the
expansion indexes (Supplementary table 4). The expansion index formula for a specific

function group containing n expanded gene families associated with invasiveness is defined

as follows:

y, = i1 ki Xy

=Y
Z?:l ki

where y; is the expansion index of the function group for the jth species, i is the number of the
ith invasiveness-related gene family in the function group, n is the total number of

invasiveness-related gene families in the function group, xiis the expanded gene number of
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413 the ith invasiveness-related gene family in the function group of the jth species, and ki is the

414 weight coefficient, i.e., the logistic regression coefficient, of the ith invasiveness-related gene
415 family to invasiveness.
416
417 Invasiveness index formula
418 To estimate the weight coefficients of these expansion indexes of the five function groups to
419 invasiveness, we used them to train the second-step logistic regression model with 70% of
420 the 43 species as the training set and the remaining 30% as the testing set. A model with
421 highest AUC [25] was fitted. Subsequently, the expansion indexes and their corresponding
422 weight coefficients as well as the intercept in the logistic regression model were used to
423 construct the invasiveness index formula in three steps:
424 1) mi=3 ky;+b,

log,o(Im;]), if mj=1
425 2 n;= 0, if —1<m;<1

—log10(|mj|), if mj<-1

1

426 3) z=1- o

427 where zj is the invasiveness index of the jth species, yjis the expansion index of the ith

428 function group of the jth species, g is the total number of function groups (in this study, four),
429 ki is the weight coefficient of the ith function group, and b is the constant in the logistic

430 regression. We used the first step to calculate the total weight m; of four function groups that
431 contribute to the invasiveness classification. The second step was used to normalize the m;;
432 and we calculated the invasiveness index by a logistic formula in third step.

433

434 Applying the invasiveness index formula to estimate invasiveness

435 To calculate the invasiveness indexes of the other 99 insects, we added one of the 99 species
436 to the data set of the 44 species analyzed (37 invasive insects, six non-invasive insects, and
437 the outgroup Tetranychus urticae) at a time, then the same methods and parameters were
438 applied to find their single-copy orthologous genes, construct the phylogenetic tree, correct
439 divergence time, and calculate gene gain and loss for each species. Finally, we calculated
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invasiveness indexes of all of the 99 species using the invasiveness index formula from the

above section (Supplementary Table 5).

Invasiveness classification by the machine-learning algorithm
A machine-learning algorithm named Determining Invasiveness based on Genome

Sequences (DIGS) was built for invasiveness classification.

First, we used a random forest algorithm for feature selection and used a logistic regression to
estimate the classification performance of features selected by this algorithm. Six-fold cross-
validation was used to estimate the accuracy and stability of feature selection. To guarantee
that each of the six non-invasive species would be allocated to the testing set once, only one
non-invasive species was allocated to the testing set in each iteration of cross-validation. The
remaining five non-invasive species were allocated to the training set. According to the ratio
of 1:5 to allocate species into testing and training sets of non-invasive species, in each
iteration of cross-validation, the 37 invasive species were randomly distributed into six groups
(each group has six or seven species), one group (six or seven species) was allocated to the
testing set, while the remaining five groups (a total of 31 or 30 species) were allocated to the
training set. The R package “Boruta” [24] was used to perform feature selection with the
parameters of “ntree=1000" and “maxRuns=1000", using all 36 candidate gene families of the
training set. This algorithm selects features with a random forest classification algorithm and a
statistical test. Features that do not contribute more to the classification information than
random features were removed. We used the expanded or contracted gene numbers of
species as the input data. Two features were stably confirmed to be important for

invasiveness by Boruta with six-fold cross-validation (Supplementary Table 6).

We then used the three gene families confirmed as important to invasiveness by previous
steps to construct the logistic regression model as the DIGS classifier. To treat sample size

imbalance, the entire dataset of negative samples was duplicated six times before being used
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for training or testing in the logistic regression model [55] as follows:

1
1 + eZ?:lkixij+b !

yy=1-
where y;j is the probability that the jth species belongs to the invasive set, i is the number of ith
invasiveness-related gene family confirmed by Boruta, n is the total number of invasiveness-
related gene families confirmed by Boruta (here n=2), xiis the expanded gene number of the
ith invasiveness-related gene family of the jth species, ki is the weight coefficient of the ith
invasiveness-related gene family in the classification model. By the six-fold cross-validation in
DIGS, two features were stably estimated to associate with insect invasiveness, Xij (pao
retrotransposon peptidase) and xz; (putative nuclease HARBI1) with the corresponding

coefficients of 0.31 and 1.86, respectively; b was equal to 1.20.

Next, we used the DIGS classifier to calculate the probabilities that the species in the testing
set are invasive. A species was predicted to be invasive if the probability exceeded 0.5 by

DIGS; otherwise it was predicted not to be invasive.
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Figure 1. Phylogenetic tree and comparison of general genome features. The phylogenetic
tree shows the topology and divergence time for 44 arthropods. The mite Tefranychus urticae
was used as an outgroup. Numbers at branches and tips indicate the number of gene families
that are expanded (blue color) or contracted (green color) as compared to the closest tip.
MRCA = most recent common ancestor. The number in parentheses is the number of gene
families in the MRCA as estimated with TreeFam software. Differences in genome size, GC
content, gene number, and amount of repeat sequences between all invasive and non-
invasive species, as well as between the corresponding fly species and Lepidoptera each

analyzed separately, are not significant by t-test.
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680

681 Figure 2. The comparison of expanded and contracted gene number in invasiveness-related
682 gene families between invasive species (red lettering) and non-invasive species (black

683 lettering). The expansion and contraction gene numbers were converted by log10. y =

684 log10(|x|) (x=1) or y = -log10(|x|) (x<-1), where x represents the expanded gene number (x=1)

685 or the contracted gene number (x<-1) and y was used in the heatmap.
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Figure 4. Invasiveness indexes and gene family expansion indexes of the other 99 insect
species. The symbol “e” represents the invasiveness index. Three levels of invasiveness
(high, moderate, and low) were classified by the invasiveness index cutoffs at 0.9 and 0.2.
Fourteen identified invasiveness-related gene families are categorized into four function
groups as defense, energy, chemosensory function, and transcriptional regulation. The
symbol “ A” represents the expansion index of gene families in defense function group, the

symbol “m” represents the expansion index of gene families in the energy function group, the
symbol “+” represents the expansion index of gene families in the chemosensory function
group, and the symbol “"” represents the expansion index of gene families in the
transcriptional regulation function group. The species in red lettering were confirmed to be
invasive but excluded in the 43-species sample set because of their relatively low-quality
genome assemblies (a scaffold N50 < 400 Kb), while the ones in black were species with no
evidence to confirm them as either invasive nor non-invasive (generally because they have
not been confirmed to have been introduced anywhere). The symbol “k” above a species’

scientific name means this species was predicted to be invasive by DIGS (Determine

Invasiveness based on Genome Sequences).
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Figure 5. The ROC curve of the DIGS. ROC curve: the receiver operating characteristic
curve, AUC: the area under the curve of ROC, sensitivity: true positive rate, specificity: true

negative rate, DIGS: Determine Invasiveness based on Genome Sequences.
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Figure 6. Invasiveness classification by DIGS and invasiveness level assessment by
invasiveness index. a) The percentage of invasive and non-invasive species classified by
DIGS in each invasiveness level assessed by the invasiveness index was calculated. b) The
proportions of species with different levels of invasiveness in invasive and non-invasive

categories classified by DIGS is shown.
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