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Species discovery (inferring species limits de novo, without a priori hypotheses) from genetic data has become more common
as molecular tools have expanded and has been a helpful initial step in tackling the taxonomic impediment for small insects.
Often species discovery involves a single locus (eg mitochondrial cytochrome oxidase | [mtCOIl), but the accessibility of tech-
nigues for large sub-genomic sequencing projects (1000s of loci) makes it possible to approach molecular species discovery
with more robust datasets. Here, we test unsupervised machine learning (UML) methods for species discovery on a set of
ultra-conserved element loci for a large collection of parasitic wasps reared from North American oak galls, all initially thought
to be in genus Eurytoma llliger. UML methods produced species hypotheses that largely aligned with those that emerge from
a commonly used mtCOl-based species partitioning method, and that also tended to match existing species descriptions.
Results revealed a new genus-level association with oak galls (Phylloxeroxenus Ashmead) hidden among the Eurytoma, 2
distinct lineages of Eurytoma, including a new lineage of Eurytoma more closely related to the South American genus Kavayva
Zhang, Gates, and Silvestre, evidence for one or more cryptic Eurytoma species, and a mix of generalist and specialist host
ranges. We make recommendations for how best to employ UML methods to similar datasets.
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Introduction lacking. These difficulties require systemic change, but current
problems impeding new species descriptions do not preclude con-
tinuing efforts toward new species discovery, particularly when
those efforts employ molecular data.

Discovery of new putative species using molecular markers is
not a new endeavor. Mitochondrial cytochrome oxidase I (mtCOI)
is now routinely used as an animal “DNA barcode” (Hebert et al.
2003) for parasitoid species discovery (Smith et al. 2008,
Fagan-Jeffries et al. 2018, Ward et al. 2020, Awad et al. 2025,
Dietenberger et al. 2025) and is also used alongside morphology
for new species descriptions (eg Fernandez-Triana et al. 2023;
sometimes controversially [Sharkey et al. 2021]). M¢COI sequenc-
ing has been useful in species discovery because it offers an initial
look at potential species-level differences and has long been a

Parasitic wasps are tremendously species-rich but relatively
under-studied animals, with estimated millions of undiscovered
and undescribed species globally (Burke and Sharanowski 2024).
The impediment for discovering, delimiting, and ultimately
describing species is more extreme for parasitic wasps than for
many other animals (LaSalle and Gauld 1992). While reproduc-
tive isolating barriers—the traits that reduce or prevent gene flow
between species—can often be studied directly in larger-bodied
organisms, most parasitic wasp groups are prohibitively small and
therefore rarely studied in nature, making assessment of species
limits via ecological assays or behavioral observation difficult.
Morphological differences are critical for species description but
can be similarly problematic for delimiting parasites because it

may be unclear whether morphological variation is intra- vs inter-
specific, while at the same time, one may have many hundreds or
even thousands of specimens to interrogate (Godfray et al. 1999).
Morphological description also requires taxon-specific expertise
and/or accessible keys, which, for some parasitic wasp groups, are

relatively low-cost molecular approach. But today, sequencing
hundreds or thousands of loci, or even entire genomes, for large
numbers of individuals is increasingly affordable and technolog-
ically straightforward. Furthermore, these same large genomic
datasets are often collected for the purpose of addressing
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evolutionary or ecological questions separate from species discov-
ery. Considering that the primary downsides of using #:COI for
initial species discovery are linked to it being just a single locus
(Funk and Omland 2003, Llopart et al. 2005), it seems logical to
use sub-genomic datasets for species discovery as a replacement
for (or complement to) single-locus data, particularly if those data-
sets have already been collected.

There are several methods to analyze multi-locus datasets
for genetic species delimitation (that is, testing a priori species
hypotheses using genetic data). However, many of them are
not well-suited to the task of species discovery (ie inferring
species hypotheses de novo) and may be especially challenging
for a group like parasitic wasps. Many species delimitation
programs such as BPP (Flouri et al. 2018) are not suitable for
discovery because they require an a priori population assign-
ment that has a sizable and direct effect on the outcome of the
final delimitation. Some others, such as SODA (Rabiee and
Mirarab 2021), require multiple individuals per species, which
still necessitates an implicit a priori species concept and is dif-
ficult to guarantee when specimens are rare and hard to collect.
Programs that use a multi-species coalescent model (MSC) to
infer species limits cannot distinguish between true species
divergence and intra-specific population structure (Jackson
etal. 2017, Sukumaran and Knowles 2017). MSC methods are
also known to over-split continuous geographic clines
(Chambers and Hillis 2020). Consequently, these programs are
prone to over-split taxa with detectable population structure,
a probable scenario for parasitic wasps given their typically
low population sizes, limited dispersal, and widespread but
patchy distributions (Quicke 2012). Moreover, many of these
methods rely on Markov Chain Monte Carlo simulations,
which are computationally expensive, and may have addi-
tional, non-trivial requirements (eg an ultrametric tree;
Fujisawa and Barraclough 2013) that are also computationally
expensive and difficult to obtain. This often limits the size of
datasets, restricting the total number of loci, number of sam-
ples, or both. As a result, these methods may fail to take full
advantage of multi-locus/sub-genomic data.

Both as a supplement to and replacement for species delim-
itation programs, a number of research projects have turned
to unsupervised machine learning (UML) methods for cluster-
ing specimens based on genetic data (eg Derkarabetian et al.
2019, Mussmann et al. 2020, Martin et al. 2021). Machine
learning refers to algorithms that can improve in their ability
to perform a task by training on representative data without
user input. UML refers to algorithms that do not rely on labeled
data provided by the user for training. Consequently, some of
the UML algorithms that have been used for species delimita-
tion are appealing for species discovery because these algo-
rithms do not require a priori hypotheses about the samples,
populations, or model of species divergence.

In this study, we test the utility of several candidate UML
approaches for species discovery in an assemblage of North
American eurytomid wasp parasites reared from galls induced
by oak gall wasps. We focus on wasps in the genus Eurytoma
Illiger (Hymenoptera: Eurytomidae). Genus Eurytoma is an
excellent candidate for exploring novel species discovery meth-
ods because taxonomic resources are wanting, and there may
be many undescribed species. The primary North American
Eurytoma key (Bugbee 1967) is notorious for its tricky taxon-
omy and lack of supporting figures. Moreover, the subfamily
to which Eurytoma belongs (Eurytominae) exhibits consider-
able morphological homoplasy (Lotfalizadeh et al. 2007), and
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the generic concepts for Eurytoma and other Eurytomidae
require revision (Zhang et al. 2025). As a case in point, some
samples in our study turned out to be in the genus
Phylloxeroxenus Ashmead, which superficially resembles
Eurytoma and had not previously been recorded from North
American oak galls (see Results). Most recent studies involving
North American Eurytoma have employed m#COI barcodes
in species discovery (eg Zhang et al. 2014, Forbes et al. 2016).

Our research group is interested in the evolutionary histories
of several genera of oak-gall-associated parasitic wasps, includ-
ing Eurytoma, and to this end, we have been sequencing
ultra-conserved elements (UCEs; Faircloth et al. 2012) for
unidentified wasps reared from known gall hosts. Thus, we
have a large UCE dataset for more than 100 individual eury-
tomids reared from a diversity of oak galls collected across the
continental United States but limited a priori sense of which or
how many species they represent. Here, we apply 3 UML meth-
ods to UCE data for these wasps and evaluate the results to
discover putative species. We then evaluate the morphology of
representatives of each putative species using existing keys and,
for a subset of samples, compare our results to a more standard
mtCOl species discovery workflow.

Methods

Sample Rearing/Selection

All eurytomid wasps used in this study were reared from galls
induced by gall wasps on oak trees (Quercus). Oak gall wasps
(Hymenoptera: Cynipidae, Cynipini) oviposit into meristematic
tissue of oak trees and induce the formation of a gall, inside
which the gall wasp larva(e) develop (Stone et al. 2002, Egan
et al. 2018). Gall morphology, location, and oak species asso-
ciation are all specific to the gall wasp species, and in North
America, oak gall wasp species richness is estimated to exceed
700 species, many of which remain undescribed (Melika et al.
2021). The oak gall wasps, and/or their galls, are host to several
common genera of parasitic wasps, all of which are even less
well known than their host gall wasps (Ward et al. 2022a).
Eurytoma reared from oak galls are assumed to be parasites
of the gall wasp larva, but could alternatively be feeding on
gall tissue or on other gall inhabitants.

Galls were collected from trees, and galls induced by oak
gall wasps of the same species from the same tree were placed
together in cups and given a collection-event-specific identifier
code (Ward et al. 2022b). We placed rearing cups in an incu-
bator set to mimic seasonal temperature, humidity, and
light—dark cycles and monitored cups daily for up to 2 years.
Emerging insects were captured and preserved for genetic work
in individual tubes with 95% EtOH. Collections are described
in more detail in Ward et al. (2022a). We collected >4,000
individual Eurytoma wasps from galls induced by >60 species
of oak gall wasp (Ward et al. 2022a). Because we did not know
a priori which or how many species were in this collection, we
selected samples for sequencing by choosing individuals that
spanned the diversity of host galls, host tree species, and geo-
graphical locations. This resulted in a sample of 102 wasps
(Supplementary Table S1).

We photographed the lateral habitus and a forewing for each
specimen and then destructively extracted DNA from whole
wasp bodies using a modified CTAB approach (Chen et al.
2010). Though we did not preserve bodies of the specific spec-
imens from which DNA was extracted, other wasps had often
emerged from the same galls on the same or a nearby day and
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had the same morphology as those we had photographed and
extracted. We used these individuals as morphological surro-
gates for destructively extracted wasps. Surrogate wasps were
pinned and deposited into the collection of the University of
Iowa Museum of Natural History (Supplementary Table S2).
We recommend that groups interested in replicating our meth-
ods not follow our lead in destructively extracting DNA and
instead use a non-destructive technique.

We prepared UCE libraries using Kapa HyperPlus v5.19 kits
(Kapa Biosystems Inc., Wilmington, Massachusetts, United
States) with an enzymatic approach to the initial fragmentation
step (Branstetter et al. 2017). After library amplification, we
used a double-sided size-select bead clean to enrich for frag-
ments between 300 and 500bp (SPRI-Based size Selection,
Beckman Coulter Inc.) and verified fragment sizes on an Agilent
2100 Bioanalyzer (Agilent, Santa Clara, California, United
States). We pooled and hybridized libraries using the Hym v2P
bait set (Branstetter et al. 2017) and confirmed enrichment
using relative qQPCR. We sequenced the library on one lane of
a NovaSeq6000 SP flowcell (2 x 150bp; Illumina, Inc., San
Diego, California, United States) at the University of Iowa
Institute of Human Genomics.

UCE Processing

UCE sequences were processed using phyluce v1.7.3 (Faircloth
2016). Reads were adapter and quality trimmed using illu-
miprocessor (Faircloth 2013), a wrapper around Trimmomatic
(Bolger et al. 2014). Trimmed reads were assembled into con-
tigs using SPAdes v3.13.0 (Prjibelski et al. 2020).

Unphased UCE Data

After contig assembly, UCE loci were extracted, aligned, and
used to create an unphased data matrix following Zhang et al.
(2025). Briefly, loci were aligned via MAFFT (Katoh and
Standley 2013), and alignments were internally trimmed via
Gblocks (Castresana 2000) with the following settings: b1=0.5,
b2=0.5,b3=12, and b4=7. All newly generated samples had
>1,500 recovered loci.

In addition to the 102 focal eurytomid samples sequenced
and analyzed for this study, raw reads for 55 specimens repre-
senting each of the major clades in the Eurytomidae tree created
by Zhang et al. (2025) were downloaded from SRA, then pro-
cessed and assembled with the same UCE workflow. The UCE
loci for the additional samples were then combined with UCE
loci for the 102 focal samples and used to create an unphased
80% completeness data matrix with 1,395 loci included. This
unphased UCE matrix was used to construct the maximum
likelihood phylogeny.

Maximum Likelihood Phylogeny

The unphased 80% completeness UCE data matrix (1,395 loci,
1,025,134 bp) was used to construct a maximum likelihood
phylogeny using IQ-TREE v2.3.6 (Minh et al. 2020). IQ-TREE
was run with the ModelFinder (Kalyaanamoorthy et al. 2017)
option, which automatically determines the best model for
nucleotide evolution, 1000 ultrafast bootstrap (Hoang et al.
2018) replicates to assess support along with “-bnni” to reduce
the risk of overestimation, and a Shimodaira-Hasegawa
approximate likelihood-rate test (SHaLRT, Guindon et al.
2010) with 1,000 replicates. Only nodes with support values
of UFB 2 95 and SH-aLRT > 80 were considered robust. The

phylogeny was rooted on subfamily Rileyinae (Rileya Ashmead
and Neorileya Ashmead).

Based on visual examination of the tree, the focal eurytomid
wasps fall into 3 distinct clades: clade “A,” which is most
closely related to the samples from the Zhang et al. (2025)
Phylloxeroxenus clade; clade “B,” which is most closely related
to Kavayva Zhang, Gates, and Silvestre; and clade “C,” which
is nested within the Eurytoma sensu stricto clade from Zhang
et al. (2025). In addition to these alphabetic labels, we arbi-
trarily numbered sub-clades within B and C for ease of discus-
sion and because STRUCTURE K evaluation requires some a
priori population assignment (see below).

For all subsequent analyses, we created 4 sample partitions,
1 containing all gall-derived samples (“ABC”), and 1 for each
clade alone (“A” only, “B” only, and “C” only). Although a
separate sample partition was created for clade A, because its
position on the tree and the results from STRUCTURE suggest
A comprises a single population/species, we did not perform
separate UML analyses on A.

Phased UCE Data

Trimmed reads were re-mapped to assembled UCE contigs
using the phyluce Mapping Snakemake workflow, which relies
on SAMtools (Li et al. 2009) and BWA-MEM (Li 2013).
Mapped reads for the 102 focal wasps were haplotype-phased
via the phyluce phasing workflow. The phasing workflow is a
reimplementation of the haplotype phasing approach described
in Andermann et al. (2019). Briefly, reads are aligned to assem-
bled loci, and allelic variants are identified and phased using
SAMtools (Li et al. 2009) and Pilon (Walker et al. 2014).

Following examination of the maximum likelihood tree, we
constructed matrices of 75%, 95%, and 100% completeness
using phased UCEs from each of the 4 sample partitions (ABC,
A, B, and C) using a series of custom Python scripts, resulting
in 12 different datasets for downstream analysis. Here, com-
pleteness refers to UCE loci where at least X% of specimens
had data at that locus. Because we assume male specimens are
haploid, we dropped any loci from male specimens if they had
been resolved as heterozygous after phasing. Phased UCE loci
were used to produce the SNP datasets.

SNP Extraction

SNPs were extracted from the phased UCE data matrices using
SNP-sites (Page et al. 2016). SNP-sites was run with the -c
option, which discards columns containing gaps or ambiguous
nucleotides. The extracted SNPs were saved as FASTA align-
ments. Using a custom Python script, a single SNP from each
UCE locus was selected to avoid linkage between SNP sites
from within the same locus. The first SNP from each locus was
chosen (as opposed to a random SNP) to improve reproduc-
ibility. Selected SNPs were then saved in various formats for
downstream species delimitation analyses. This process was
repeated for all 12 of the phased UCE data matrices. The SNP
data matrices were used as the input for the species discovery
methods (STRUCTURE and UML methods).

Species Discovery

While UML methods are appealing for the task of species dis-
covery because they do not require a priori species hypotheses,
it should be noted that the methods do not implement explicitly
biological models and are not guaranteed to produce
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species-level clusters. Because of this, and because phylogenetic
signal is inherently hierarchical, we first chose to perform UML
on the full set of focal specimens (ABC datasets) and then on
subsets of samples comprised of individual monophyletic clades
that contained apparent phylogenetic substructure (B only and
C only datasets).

STRUCTURE

Extracted SNPs were converted to STRUCTURE-compatible
input format using a custom Python script. For STRUCTURE
analysis, males were treated as diploids with 1 allele marked
as missing. STRUCTURE was run with a burn-in period of
100,000 steps and 1,000,000 MCMC steps after burn-in.
STRUCTURE runs were repeated 5 times for each K value,
with K values ranging from 2 to 10. STRUCTURE results were
analyzed using Evanno’s delta K (Evanno et al. 2005) as pro-
vided by the StructureSelector web server (Li and Liu 2018).
For the purposes of sorting output, specimens were assigned
to their alphanumeric sub-clades (eg B1, B2, C1, C2, etc.).

Unsupervised Machine Learning

In the context of species discovery/delimitation, UML is used
to perform dimensionality reduction, taking samples in a
high-dimensionality genetic space and producing a
lower-dimensionality latent space representation such that sam-
ples are easier to visualize and cluster. Models are trained on
the original high-dimensional genetic data, and “learning” thus
refers to the iterative process of reducing the amount of infor-
mation that is lost by moving from the original dimensionality
to the latent space. Here we use 3 UML approaches, random
forests (RF; Breiman 2001), ¢t-distributed stochastic neighbor
embedding (#-SNE; van der Maaten and Hinton 2008), and
variational autoencoders (VAE Kingma and Welling 2022), for
the task of species discovery from UCE data.

For UML analyses, males were treated as haploids in pre-
liminary runs. However, this resulted in the UML methods
primarily clustering samples based on sex. To prevent this,
males were instead treated as though they were diploids, which
were homozygous at all sites. Because the UML methods do
not implement explicitly biological models, we do not expect
the treatment of males as homozygous diploids has meaning-
fully altered the result, other than to prevent males and females
from clustering separately.

All UML analyses used the SNPs extracted from the phased
UCEs. No additional information, such a guide tree or a priori
species groups, are provided to the UML models. UML anal-
yses were performed on ABC, B, and C SNP datasets (A-only
datasets were not included). Besides the sample partitioning
based on inclusion of different clades and the VAE train-test
split described below, datasets were not further partitioned. All
UML analyses were replicated 10 times per dataset.

RF and t-SNE

RF is a type of ensemble learning that uses bootstrap aggre-
gation (“bagging”) to sample the original data (Breiman
1996). Each bootstrap sample is used to produce a classifica-
tion tree under a null hypothesis of no genetic structure. The
“out of bag” data points are then processed with the classi-
fication tree to produce a pairwise, binary-state proximity
matrix. This is repeated for each bootstrap, and a final prox-
imity matrix is produced by summing the distance for each
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pair across all bootstraps and dividing by the total number
of bootstraps.

t-SNE is a method of nonlinear dimensionality reduction that
begins by creating a similarity matrix by modeling the similarity
of pairs of data points in the original high-dimensional space
as probabilities in a Gaussian distribution such that more sim-
ilar points have higher probability. Next, points are randomly
placed in the latent space, and the similarity of data points is
modeled under a #-distribution. The algorithm then iteratively
shifts points about in the latent space to minimize the diver-
gence between the 2 similarity matrices.

RF and ¢-SNE were trained on the phased SNP data via an
R script based on the script written by Derkarabetian et al.
(2019) and modified by Martin et al. (2021). Further modifi-
cations to the script include removal of the PCA/DAPC anal-
yses, a different function to perform classical multidimensional
scaling (cMDS), and a different approach to K selection and
clustering (described below). RF predictions were based on
majority votes from 10,000 decision trees (ntrees=1e4). RF
results were ordinated using both classical and isotonic multi-
dimensional scaling (isoMDS). T-SNE replicates were run for
a maximum of 20,000 iterations each with a perplexity value
of 10, chosen based on the results of a perplexity grid search
approach used by Martin et al. (2021).

Variational autoencoders

A VAE is composed of 2 neural networks, the encoder and the
decoder, which are trained simultaneously. The encoder takes
the original data and reduces it to a Gaussian distribution in
latent space. The decoder attempts to reconstruct the original
data from the latent space distributions. The divergence
between the original data and the reconstruction is used to
score the latent space representation and tune the neural
networks.

For VAE analysis, SNPs were converted to a one-hot encod-
ing via a custom Python script. VAE was implemented using a
Python script originally written by Derkarabetian et al. (2019),
but with the early stopping callback modifications made by
Martin et al. (2021). Each replicate was performed with a max-
imum of 100,000 epochs. For each VAE replicate, samples from
the data were randomly subdivided by the script into “train”
and “test” sets, wherein “train” sets were used to train the
model, and the “test” sets were withheld. The test sets were
then used to assess the performance of the model and check
for overfitting to the train sets.

K selection and clustering

In the versions of the script written by Derkarabetian et al. and
Martin et al., RF and #-SNE outputs were clustered using 2
algorithms, partitions around medoids (PAM) and hierarchical
clustering (HC), and K selections were based on 3 different
statistical indices, highest mean silhouette width, gap statistic,
or Bayesian information criterion. However, in preliminary
runs of the analyses, we found that automating the K selection
based on these indices often led to inconsistent and incorrect
results, yet manual selection based on visual inspection of the
index plots was time-consuming and introduced opportunity
for human error and bias. Instead, we took an alternative
approach based on the NbClust package in R (Charrad et al.
2014). NbClust provides the ability to perform clustering (via
k-means or one of several HC methods) over several K values
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and then evaluate each K value using up to 30 different cluster
number indices in a single function. We found that automated
K selection was more reliable for individual indices when using
NbClust, and that the addition of many more indices further
improved the apparent consistency of K selection results.

For RF results, the proximity matrix was first ordinated
using cMDS or isoMDS. Each ordination was then clustered
and evaluated using NbClust using all 30 available indices
(index = “alllong”). The final K value and clustering scheme
for each ordination was the K value chosen by the greatest
number of indices. For #-SNE, we used the same NbClust
approach, but using 26 of the available indices (index = “all”),
excluding the 4 indices with the longest computation time. For
both RF and #-SNE, we repeated the NbClust step using 4
clustering methods: k-means and 3 HC methods, “average,”
“complete,” and “centroid.”

VAE results were clustered by DBSCAN (Ester et al. 1996)
as implemented in the vae_dbscan.py script written by Martin
et al. (2021). DBSCAN derives clusters using density-based
clustering based on a distance threshold, e, instead of an a
priori K value. We used the default value for ¢ (2x the SD,
averaged globally).

Comparison of UML Results with mtCO/ and
Morphology
Mitochondrial cytochrome oxidase I

For comparing UCE-based species discovery methods to more
common single-locus-based methods, we also sequenced a 650 bp
fragment of the 7¢COI gene for 27 of the same samples. We used
sample-specific combinations of indexed primers with distinct
13 bp oligonucleotides attached to the primers using a combina-
tion of LCO1490 (5'-GGTCAACAAATCATAAAGATATTGG-
3’) and a degenerate version of HCO2198 (5-TAAACTT
CWGGGTGWCCAAAAAATCA-3') (Folmer et al. 1994). The
PCR conditions were an initial denaturation step at 95°C for
2 min, followed by 30 cycles of 95°C for 155, 48°C for 15, and
72°C for 30s, and a final elongation at 72 °C for 1 min. We pooled
amplicons and sequenced them with the Ligation Sequencing Kit
V14 (SQK-LSK114) with a R10.4.1 Flongle Flow Cell on a
MinlON Mk1B sequencer (Oxford Nanopore, Oxford UK).
Samples were processed using a lab standard demultiplexing pipe-
line that uses MiniBar (Krehenwinkel et al. 2019) for demultiplex-
ing and primer trimming and VSEARCH (Rognes et al. 2016) for
quality filtering, chimeral removal, and read clustering. Nine
samples were sequenced on an ABI 3500 (Applied Biosystems,
Foster City, California, United States). For an additional 5 sam-
ples, we extracted full or partial mtCOI sequence from sequenced
UCE libraries using the phyluce command phyluce_assembly_
match_contigs_to_barcodes (Faircloth 2016). The final set of
samples for the mtCOI comparison (GenBank accessions:
PZ015861-PZ015901) included all of the alphanumeric subclades
except for C3.

mtCOI sequences were aligned with Geneious 8.1.9 using
the Geneious Alignment Builder. The #m:COI alignment was
used with ASAP, which produces a species partition based on
HC of pairwise sequence differences for single-locus data
(Puillandre et al. 2021). Results of ASAP are reported in
Table 1. The mtCOI phylogeny was made using IQ-TREE
v2.3.6 (Minh et al. 2020) with the ModelFinder
(Kalyaanamoorthy et al. 2017) option and 1000 ultrafast boot-
strap (Hoang et al. 2018) replicates to assess nodal support.

IQ-TREE was also run with the -bnni and -czb options to
reduce model violations and collapse zero-length branches,
respectively.

Morphology

We used photographs of destructively extracted specimens,
pinned bodies of surrogates (representatives from the same
collections as the specimens that were sequenced), keys by
DiGiulio (1997) and Bugbee (1967), and original species
descriptions to match results from species discovery methods
to existing morphological species. Morphological analyses
were performed independently by authors KB and AAF and
then results compared.

Results

MLTree

The ML tree (Fig. 1) shows that the focal eurytomids fall into
3 distinct clades, clade “A,” which is most closely related to
Phylloxeroxenus samples from Zhang et al. (2025), clade “B,”
which is most closely related to genus Kavayva, and clade “C,”
which is nested within the Eurytoma sensu stricto clade. For
ease of discussion, we further numbered sub-clades within each
of the B and C clades.

STRUCTURE
ABC (All Samples)

Visual assessment of the STRUCTURE plots and Evanno’s
delta K support K =3 in all completeness datasets (Supplementary
Figs S1 to S9). The 3 clusters correspond to the A, B, and
C clades.

A clade

Delta K values support either K=6 (75% and 95% datasets;
Supplementary Figs S12 and S15) or K=7 (100%;
Supplementary Fig. S18). However, these values are driven by
sharp declines in mean InP(K) at K=35 or K=6, and graphs of
mean InP(K) show only slight increases between K preceding
the declines, suggesting that delta K may not be a useful metric
for this dataset (Supplementary Figs S11, S14, and S17). Visual
inspection of the STRUCTURE plots (Supplementary Figs S10,
$13, and S16) shows that at K=2, replicates show 1 of 2 pat-
terns in all 3 completeness datasets: all samples are either par-
tially assigned to both populations, or Eur_680_019_13B is
assigned to a second population separate from all other A
samples. Sample 680_019_13B is notable as the sample in A
with the most missing loci and the longest branch on the ML
phylogeny compared to the rest of A (Fig. 1). For all K higher
than 2, additional populations result in spurious partial assign-

ments across many samples. Together, we take this to support
K=1 for clade A.

B clade

STRUCTURE results for B are inconclusive. Although K val-
ues chosen by mean InP(K) are higher (Supplementary Figs
S20 and S23), Evanno’s delta K supports K=3 for the 75%
and 95% B datasets (Supplementary Figs S21 and S24). Delta
K for the 100% dataset supports K =8, but, as with clade A,
this is again attributable to a steep drop in mean InP(K)
between K=8 and K=9 (Supplementary Figs S26 and S27).
There is a second peak in delta K at K=4, but this is weakly
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Table 1. Summary of results from UML, ASAR and morphology, overlaying geography and ecology of samples

Weinrich et al.

Clade (from UCE  Species ASAP (COI)  Morphology US states Host genera
phylogeny) hypothesis
(UML/UCE)
A A A Phylloxeroxenus sp. 1A, MO, Andpricus, Disholcaspis, Melikaiella,
OH, KY, TX Neuroterus, Phylloteras
B1 B1 B1 Eurytoma hecale Walker 1843 PA, KY, IA, IL, Acraspis, Amphibolips, Callirbytis,
WI, MO, TN Druon, Dryocosmus, Kokocynips,
Melikaiella, Philonix
B2 B2+B3 B2 Eurytoma querci Fullaway 1912 OH, IA Andricus, Disholcaspis, Neuroterus
(syn: E. californica)
B3 B3 Eurytoma californica CA Andricus
Ashmead 1887
B4 B4 B4 Eurytoma prunicola Walsh 1870 1A, OH, PA, TN Ampbhibolips, Andricus
BS B5+B6 BS Eurytoma sphaera Bugbee 1967 IA, IL Andpricus
B6 B6 Eurytoma brevivena Bugbee 1958 AZ, KY, OH Disholcaspis
B7 B7+B8 B7 no morphological ID AZ Disholcaspis
B8 B8a/B8b no morphological ID IA, TX Callirhytis
C1 C1 C1 Eurytoma querciglobulil 1A, IL, Disholcaspis
(Fitch 1859) KY, MO, TN
C2 C2+C3+C4 C2a/C2b Eurytoma studiosa Say 1836 1A, WI Acraspis, Andricus, Callirbytis,
Neuroterus
C3 n/a (no Eurytoma studiosa Say 1836 ME Amphibolips
mtCOI
sequence)
C4 C4 Eurytoma studiosa Say 1836 AZ,CA Andricus, Callirbytis, Xanthoteras
() CS Cs Eurytoma studiosa Say 1836 IA, KY, MO, NY,  Acraspis, Andricus, Amphibolips,
PA, TN, TX Callirbytis, Druon, Neuroterus,

Philonix

“U.S. States” and “Host genera” indicate the locations of collections for samples in this paper and are not inclusive of collections of the same morphological
species from other studies. Genus names in bold type are novel hosts for this species.

supported, and the plot of mean InP(K) is essentially flat
before the drop at K=9.

At K=3, visual inspection of STRUCTURE plots
(Supplementary Figs S19, S22, and S25) shows B1-3 as primar-
ily assigned to 1 population, B4-5 primarily assigned to a sec-
ond, B7+8 assigned in split proportions to the first 2
populations, and all samples in B1-3 and B6-8 also having
partial assignment to a third population. STRUCTURE plots
show many spurious populations with low assignment across
many or all samples, starting at K=2 and increasing as K
increases. We note that a recurring pattern seen in replicates at
various K values and in all datasets is a B1, B2-3 + B5-6, B4,
B7-8 split. This pattern is notable for its similarity to the B
100% UML results.

C clade

Mean InP(K) and Evanno’s delta K both support K=3 for the
95% and 100% datasets (Supplementary Figs S32, S33, S35,
and S36). However, Evannos’s delta K supports K=6 for the
75% dataset (Supplementary Fig. S30), and it appears that the
high K for 75% is due to a sharp decrease in mean InP(K)
between K=6 and K=7 (Supplementary Fig. S29). Visual
inspection of the STRUCTURE plots and the graphs for mean
InP(K) and delta K for values less than K=7 suggest K=3 is
likely a more appropriate value for the 75% dataset
(Supplementary Figs S28 to S30). At K=3, the STRUCTURE
plots for 95% and 100% (Supplementary Figs S31 and S34)
show C1, C2, and C5 forming distinct populations. C3 and C4
are primarily assigned to the same population as C2 but also
show partial assignment to the other clusters. This is true for

3/5 replicates for 75% as well, although 2 replicates show C1
+ C5 as 1 population, C2 to 4 as a second, and partial assign-
ment of all samples to a third.

UML Species Discovery
Overview

Results were variable across datasets and across methods
(Figs 2 to 4). In general, datasets with lower completeness
resulted in greater differences between methods and more vari-
ability across replicates within methods. Overall, C datasets
produced results with the greatest agreement among different
methods, and B produced results with the least agreement. The
combined ABC datasets were intermediate. Of the 3 UML algo-
rithms, RF was the most consistent across replicates, both in
terms of individual cluster assignment and range of best K. VAE
was least consistent and generally produced the highest K val-
ues. All clustering algorithms produced identical or highly
similar results, although this varied by dataset, with 75% and
95% B dataset results varying more than others. When clus-
tering methods deviated, K-means was slightly more likely to
produce a different result compared to the HC methods. The
ordination method appeared to have minimal effect on RF
results, although minor differences for a particular ordination
+ clustering method can be seen in most datasets.

ABC

For all 3 completeness datasets, RF and VAE both support a
separation of the A, B, and C clades (Fig. 2; Supplementary
Figs S37 and S38). For 75% and 95%, t-SNE results cluster A
(excluding sample 680_019_13B), C5, and 680_019_13B +
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Fig. 1. Maximum likelihood UCE phylogeny. Phylogeny based on 80% completeness matrix of 102 focal Eurytoma, plus 55 Eurytomid samples from
Zhang et al. (2025). Focal Eurytoma tip labels include numeric specimen ID, morphological ID, host gall, host tree, and state. Node support is based on
1000 UFB replicates and 1000 SHaLRT replicates. Bootstrap values are displayed as “[UFBI/[SHaLRT]" and only show UFB scores <95 and SHaLRT
scores <80.
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Fig. 2. UML species discovery results—all samples (A + B + C), 100% data completeness. The cladogram shows the ML tree topology and the position
of the alphanumerically labeled clades. Each column represents the results of a UML dimensionality reduction plus clustering method. Horizontal bars
within each column represent the proportion of times an individual was assigned to a given cluster across replicates, with different colors representing
different clusters. Horizontal bars are aligned to the tips of the cladogram. Within each method (column), clusters were compared pairwise across
replicates via normalized mutual information (NMI), and the replicate with the highest average NMI was chosen as the reference replicate. Cluster
labeling (coloring) was then standardized to the reference replicate via the Hungarian method. Cluster labeling is not standardized between different

methods.

B1-8 + C1-4 as the major division, with some individual rep-
licates suggesting further divisions within that pattern
(Supplementary Figs S37 and S38). At 100% completeness,
t-SNE separates A and B+C, although about half of the
K-means replicates support the A, B, and C division (Fig. 3).

B clade

B datasets produced results that are difficult to interpret,
especially for the lower completeness datasets where there
is little agreement between methods and across replicates
(Supplementary Figs S39 and S40). At 100%, there is better
agreement between methods and across replicates, but the
most common clusterings in the RF results are B1, B2-3 +
B5-8, B4 or B1, B2-3 + B5-6, B4 + B7-8, both of which
contain polyphyletic groups given the ML tree topology
(Fig. 3). The ¢-SNE results are similar, although B7 and 1
member of B8 tend to be placed with B1. VAE results are
inconclusive.

C clade

The results of RF and #-SNE for all 3 datasets support a delim-
itation of C into 3 groups, C1, C2-4, and C35, with some meth-
ods suggesting a further separation of C4 or C3-4 from C2

(Fig. 4; Supplementary Figs S41 and S42). The latter delimita-
tion is clearest in the cMDS + K-means results for the 100%
dataset, but similarities can be seen in the lower completeness
datasets as well (Supplementary Figs S41 and S42). Due to the
higher K values and greater inconsistency across replicates,
VAE results are harder to interpret, although they do not
appear incompatible with either a C1, C2-4, C5 or C1, C2,
C3-4, C5 clustering.

UML Synthesis

After analyzing the results of all clustering methods and the
phylogeny, we identified a clustering that is at least partially
supported by UML methods, is concordant with the tree topol-
ogy, and approximates species-level differences. In general, we
gave greater weight to the higher completeness datasets and to
the HC results when there were inconsistent results between
clustering methods. We also tended to give greater weight to
RF when there were inconsistent results between UML methods
because RF results were less likely to be polyphyletic and thus
easier to reconcile with the tree (although see results for B). In
the specific case of the B data, we chose to reconcile the 100%
UML results with the tree topology by splitting polyphyletic
clusters into monophyletic groups. Therefore, based on the
results of phylogenetic, STRUCTURE, and UML analyses, we
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Fig. 3. UML species discovery results—B clade, 100% data completeness. The cladogram shows the ML tree topology and the position of the
alphanumerically labeled clades. Each column represents the results of a UML dimensionality reduction plus clustering method. Horizontal bars within
each column represent the proportion of times an individual was assigned to a given cluster across replicates, with different colors representing different
clusters. Horizontal bars are aligned to the tips of the cladogram. Within each method (column), clusters were compared pairwise across replicates via
normalized mutual information (NMI), and the replicate with the highest average NMI was chosen as the reference replicate. Cluster labeling (coloring)
was then standardized to the reference replicate via the Hungarian method. Cluster labeling is not standardized between different methods.

propose an initial species hypothesis comprised of the following
clusters: A, B1, B2 + B3, B4, BS + B6, B7 + BS, C1, C2 to
4, and CS5.

Morphology and mtCOI

Representative wasps from all clades that we examined
matched existing species descriptions, though we noted several
apparent differences between our specimens and descriptions
of types and found that the Bugbee (1967) key was ambivalent
on several characters. All wasps in clade A ran to
Phylloxeroxenus in the DiGiulio (1997) key. This identification
is supported by the placement of clade A wasps sister to
Phylloxeroxenus from the Zhang et al. (2025) UCE dataset
(Fig. 1). There are no prior records of Phylloxeroxenus asso-
ciated with North American oak galls (UCD Community
2023). Other collections were Eurytoma. A full report on mor-
phology can be found in Supplemental Document S2.

UML methods typically matched results from the ASAP
(mtCOI) approach (Table 1), with 4 major exceptions, all of
which involved ASAP splitting clades that UML methods
lumped. First, UML combined wasps in the B2 and B3 clades,
while ASAP split them. Clades B2 and B3 wasps best fit the
morphologies, respectively, of Eurytoma querci Fullaway and
Eurytoma californica Ashmead, 2 species that were syn-
onymized by Grissell (1973). UML methods support this

synonymy while ASAP does not. Second, ASAP also split
clades BS and B6 (morphologically Eurytoma sphaera Bugbee
and Eurytoma brevivena Bugbee), while UML methods gen-
erally lumped them. Third, ASAP split apart C2 and C4 (no
C3 mtCOI sequences were available), while UML methods
generally combined C2 + C3 + C4. Wasps from clades C2 to
CS all keyed to the named species Eurytoma studiosa Say,
such that whichever species discovery method is followed E.
studiosa appears to consist of at least 2 species. Finally, wasps
in clades B7 and B8 were split by ASAP but lumped by UML.
These had no morphological ID due to a lack of surrogate
material.

Discussion

UML methods produced species hypotheses that generally
aligned with results gleaned from a parallel species discovery
effort using mtCOI, and that also generally matched existing
morphological species definitions. UML methods thus appear
to be useful for situations where researchers have low confi-
dence in morphological IDs, and when—as is increasingly
common—a sub-genomic sequencing dataset has already been
collected for other research purposes. We here discuss variation
in outcomes across methods, make general recommendations
for future study, and offer thoughts on what these results mean
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Fig. 4. UML Species Discovery Results—C clade, 100% data completeness. The cladogram shows the ML tree topology and the position of the
alphanumerically labeled clades. Each column represents the results of a UML dimensionality reduction plus clustering method. Horizontal bars within
each column represent the proportion of times an individual was assigned to a given cluster across replicates, with different colors representing different
clusters. Horizontal bars are aligned to the tips of the cladogram. Within each method (column), clusters were compared pairwise across replicates via
normalized mutual information (NMI), and the replicate with the highest average NMI was chosen as the reference replicate. Cluster labeling (coloring)
was then standardized to the reference replicate via the Hungarian method. Cluster labeling is not standardized between different methods.

for the study of the diversity of North American Eurytoma
parasites of oak galls.

Comparison of Methods

Of all UML methods, RF more consistently produced results
that were concordant with tree topology, had less variability
between replicates, and were more easily interpretable.
Clustering and ordination methods both had relatively minor
effects on the outcome of RF results, although the clustering
method (particularly K-means vs HC) had a slightly larger
effect. Martin et al. (2021) found that RF (particularly the
c¢MDS ordination with PAM clustering and highest mean sil-
houette width K selection) produced fewer spurious clusters
than other clustering methods, but that it only detected the
deepest phylogenetic bifurcation in the data. Interestingly, the
authors suggested that RF may detect further divisions when
performed separately on divergent subtrees. Indeed, we found
that RF only picked up deep bifurcations in the ABC datasets
(Fig. 2) but identified further divisions when repeated on the B
and C sample partitions alone (Figs 3 and 4).

Except for the ABC dataset lumping B and C, our #-SNE
results for all 3 100% datasets showed otherwise remarkable
agreement with other methods. This stands in contrast to other
projects using this method for delimitation that found #-SNE
was prone to over-splitting and often produced

phylogenetically spurious clusters (Mussmann et al. 2020,
Martin et al. 2021, but see Derkarabetian et al. 2019).
Conversely, we did observe phylogenetically spurious groups
in lower completeness ABC datasets and over-splitting in lower
completeness B datasets, especially for B1. This is consistent
with the data filtering results of Martin et al. (2021) in suggest-
ing that #-SNE performs better on datasets with less miss-
ing data.

However, we also note that none of our ¢-SNE results showed
the “horizontal striping” seen in Martin et al. where all +--SNE
replicates show the exact same spurious clusters, which is pecu-
liar given that -SNE is a randomly seeded algorithm with a
non-deterministic outcome. We attribute this behavior to an
unintentional bug in the original script, which did not set a
new random number generation seed each run, and we believe
our modification to the script to explicitly set the random seed
at the start of each replicate both addresses this bug and
explains why our #-SNE results show more variation between
replicates.

In the B and C datasets, VAE results were inconsistent
across replicates and demonstrated a tendency to over-split
compared to other methods. However, VAE performed well
on the ABC data, demonstrating clear agreement with other
methods and greater consistency across replicates. The
results for B and C contrast with previous projects where
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VAE produced results that were highly consistent across rep-
licates and yielded clusters that were more concordant with
phylogeny compared to other UML methods (Derkarabetian
et al. 2019, Martin et al. 2021). It is unclear why this is the
case, but is plausibly due to differences in the underlying
data, such as sample selection, as well as biological differ-
ences between study systems. Given the ABC results, one
interpretation is that VAE is better suited to detect clusters
when there is greater genetic separation, such as when eval-
uating deeper splits in phylogeny or when species are
well-isolated. Shallower splits in phylogeny, reticulation,
incomplete lineage sorting, or gradient variation across geo-
graphic range may adversely affect VAE performance.
Additionally, the results of many UML methods, including
VAE, are sensitive to hyperparameter settings, and finding
optimal settings can be a major challenge. Future work using
t-SNE or VAE for species discovery should consider imple-
menting grid search methods to tune hyperparameters as
Martin et al. (2021) did for their #-SNE perplexity.

Effects of Missing Data

We compared the effects of different amounts of missing data
by creating datasets with different levels of completeness (75 %,
95%, and 100%) for each of the sample subsets (ABC, B, and
C). Here, completeness is defined as the minimum number of
samples a UCE locus must be present in to be retained in the
final data matrix. While each locus must be present in X% of
samples, filtering is agnostic to which samples they are present
in, and samples can thus have a different number of missing
loci on a per-individual basis.

Datasets with lower completeness showed more phylogenet-
ically spurious clusters, greater inconsistency across replicates,
greater discordance between methods, and higher K values
(over-splitting) than datasets with greater completeness, but
the extent to which this was true varied by dataset. We found
that more missing data had minimal effect on the results of C,
but the lower completeness datasets for B are nearly uninter-
pretable. Mussmann et al. (2020) found that RF and +-SNE
both tended to cluster individuals with proportionally high
missing data together, and Martin et al. (2021) observed more
noise in the form of spurious cluster formation and inconsis-
tency across replicates as missing data increased. One possible
interpretation of these results is that more missing data intro-
duces more noise that obscures the phylogenetic signal.
However, it may also be that missing data are nonrandomly
distributed and recovered UCE loci with high completeness are
prone to ascertainment bias. In that case, overly stringent fil-
tering could potentially lead to obfuscation of signals like intro-
gression or hybridization.

While other studies using these methods for delimitation
have used completeness cutoffs near 70% (Derkarabetian et al.
2019, Mussmann et al. 2020, Martin et al. 2021), we find that
the 75% data matrix produced results that were less consistent
and harder to interpret than the more complete datasets, espe-
cially for clade B. Why our results appear to be more affected
by missingness is unclear, although it may be due to peculiar-
ities of the different study systems, such as relatively more
complex genetic structure in our focal wasps, or differences in
sampling, such as more unequal collection across species and/
or geographic ranges.

n

Resolution at Different Scales

The ABC datasets showed clear separation between the 3 clades
but did not indicate any finer phylogenetic resolution. However,
analyzing the B and C datasets separately produced results with
finer resolution within each clade. Based on the ML phylogeny,
it appears that each clade (A, B, and C) is more proximate to
a genus-level grouping compared to the combined ABC dataset,
which contains several genera. Thus, when analyzing the whole
dataset, UML methods resolved genera but not species.
Although this is not a problem unique to UML methods, these
results highlight the importance of careful sample selection,
data curation, and iterative analyses to better target the desired
level of phylogenetic hierarchy.

The C 100% dataset alone produced remarkably concordant
results across the RF and #-SNE results for all completeness
datasets. We note that while the final delimitation clearly delin-
eate C1, C2-4, and CS5, individuals from C3 and C4 are occa-
sionally placed in separate populations. This is similar to the
STRUCTURE results at K =3, which show C3 and C4 as jointly
assigned to the separate C2 and CS populations. We note that
C2 samples were collected from Iowa, C3 was collected from
Maine, and C4 samples were collected from California and
Arizona. Given the different sampling locations, one plausible
interpretation is that C2-4 is a single species, and the placement
of C3 and C4 into separate clusters by some methods is a
consequence of isolation by distance.

Compared to C, B produced more phylogenetically spurious
groups and less consistent results, even in the higher complete-
ness datasets. In the 100% data, we found that B grouped B2-3
with B5-6 or B5-8, and B4 was consistently delineated as either
a separate population or grouped together with B7-8. The pat-
tern of separating B4 from the rest of B2-6 was also observed
in several STRUCTURE plot runs. There are many possible
explanations for why these polyphyletic groupings seem so well
supported. First, it is possible that the phylogeny is incorrect;
however, this seems unlikely given the support values for the
topology. Although the branching pattern within each alpha-
numeric subclade is not well-supported, the placement of sub-
clades relative to each other is. UML methods could, however,
be detecting phenomena such as hybridization, introgression,
or incomplete lineage sorting that are obscured by the phylog-
eny. As discussed above, the lower completeness datasets could
also be suffering from too much missing data, whereas the
100% dataset may have lost information by filtering
non-randomly missing loci or may be too small in terms of the
total number of SNPs. A high completeness dataset, but with
a greater number of SNPs/UCE loci, may show improved
results.

Another possibility is that B4 wasps contain some shared,
derived genetic signature that better enables UML methods to
differentiate them from the other B samples. Here, we note that
where other B subclades are collected from various gall species,
B4 samples were all collected from the same gall host type
across different geographic locations. This is suggestive of host
specialization, seen elsewhere in the Disholcaspis gall specialists
of clade C1. A specialist species might have less genetic variance
than more generalist clades if specialization involves strong
selection that reduces variance (either genome-wide or region-
ally). Conversely, even if the remaining B clades are all repro-
ductively isolated from one another, a more generalist habit

920z Ae |z uo 3sanb Aq $566898/1.206EXI/E/01/001HE/PSI/W0D"dNOo*OlWapede//:SdRY Woly papeojumoq



12

may translate into insufficient signal to separate them in the
current datasets.

Finally, it is also important to consider the UML programs
themselves. Because these programs are not trying to fit clusters
under a phylogenetic framework or an explicitly biological
model, it is somewhat expected that some clusters will not
always be concordant with phylogeny. Second, the perfor-
mance of the algorithms is dependent on the quality of training
they receive. Although B contained a similar number of indi-
vidual samples to C, those samples belong to a larger number
of species. Additionally, species are not represented equally,
with B1 making up more than half of the samples in B. Both
features are likely to adversely affect the learning of UML meth-
ods. Separately, there may also be more complex genetic struc-
ture within populations in B relative to C, which could require
more data to provide adequate training.

Diversity of North American Oak Gall-Associated
Eurytoma and Phylloxeroxenus

While a major goal of this research was to assess the perfor-
mance of UML methods, we also learned about the animals
themselves. One major outcome of this work is the finding that
at least 1 wasp species from genus Phylloxeroxenus is a com-
mon and widespread associate of oak galls in North America.
This discovery could be construed simply as arising from a
sampling oversight by our group (ie the inclusion of wasps from
the wrong genus in a study focused on Eurytoma), but the fact
that this is clearly a common association that had not previ-
ously been discovered in association with oak galls despite
massive collection efforts (eg Kinsey 1930, Weld 1959, Ward
et al. 2022a) suggests that these wasps have been consistently
lumped with Eurytoma. We submit this as another clear symp-
tom of the current taxonomic impediment for Eurytoma, a
paraphyletic genus with poor taxonomic resources in great
need of revision (Zhang et al. 2025).

We also find evidence that E. studiosa consists of at least 2
species. All molecular methods separate C2 + C3 + C4 from
CS (all morphologically E. studiosa), and some UML methods
further separate members of C3 +C4 from C2. While genetic
differences among C2, C3, and C4 could be ascribed to geo-
graphic distance (our collections were from the midwestern,
eastern, and southwestern/pacific United States, respectively),
the geographic range of C5 overlaps with that of C2, demon-
strating clear evidence of reproductive isolation between these
2 “E. studiosa” species. Future work should approach a revi-
sion of this apparent species complex.

Other morphological species were lumped by UML methods.
Clades B2 and B3 wasps were morphologically identified as E.
querci and E. californica, respectively. These species were both
originally described from wasps collected in California, United
States, but were later synonymized by Grissell (1973) under E.
californica. UML results agree with the synonymy, but ASAP
did not, and wasp in the 2 clades ran to different species in
Bugbee’s (1967) (admittedly problematic) key. It would be
worthwhile to collect more specimens, including from some of
the original hosts of E. querci in CA, to further interrogate
these relationships. Clades BS and B6, respectively, E. sphaera
and E. brevivena, were also combined by UML methods. Clade
B6 wasps were collected across a large geographic area (Arizona
to Kentucky/Ohio), while clade BS wasps were collected just
in Iowa and Illinois. Without additional collections, it not clear
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whether these should be maintained as 2 distinct species or
synonymized.

It is also worth noting that clade “B” does not group with
the rest of Eurytoma s.s. but instead forms a sister relationship
with Kavayva, a South American seed-feeding genus with dis-
tinct morphology and host (Zhang et al. 2021). This is partic-
ularly surprising given the morphological, ecological, and
geographic similarities between clades “B” and “C,” highlight-
ing the limited understanding of North American oak gall par-
asitoids. A taxonomic revision of North American Eurytoma
is necessary to resolve this polyphyly.

A broader goal of our research group’s work is to understand
the evolutionary histories of many different parasitic wasp gen-
era associated with North American oak galls. Several of these
genera have proved to be much more species-rich and
host-specific than previously thought, often limited to attacking
galls induced by just 1 or a few species of gall wasp and/or on
a small subset of oak tree species (Ward et al. 2020, 2024,
Sheikh et al. 2022, Zhang et al. 2022). This first molecular look
at the oak gall-associated Eurytoma suggests that some species
are considerably less specialized than species in other
gall-associated parasitoid genera. Several species in this study
(eg B1, C2 + C3 + C4, and including A1, the new species of
Phylloxeroxenus) were reared from oak galls induced by >8
different gall wasps and on diverse oak tree species. These spe-
cies host ranges echo those of some polyphagous generalist
Palearctic Eurytoma, some with >75 known gall hosts (Askew
et al. 2013). Other species in our collections do appear more
specialized (eg B4 and C1). This intra-generic variation in spe-
cialization is similar to the mix of specialization, oligophagy,
and generalism found in another eurytomid oak gall parasitoid
genus, Sycophila Walker (Zhang et al. 2022). As such, North
American Eurytomidae may make a useful model for studying
the underlying causes of specialization versus generalism. An
obvious starting point for this future work would be to look
at ecological differences (mode of attack, relative ability to feed
on insect or gall material, timing of attack, etc.) and to place
those differences in a phylogenetic context.

Conclusions

Our results demonstrate that UML methods are a viable
approach for de novo species discovery without a priori pop-
ulation assignment. This approach may be useful when
multi-locus data are available from taxonomy-agnostic
sequencing projects or when it is preferable to single-locus
approaches, and/or when taxonomic/morphological resources
(including expertise) are limited or prove difficult to work with.
Although discovery is just the first step in delimiting and ulti-
mately describing new species, it provides a necessary founda-
tion to begin asking questions about the biology, ecology, and
life history of the focal organisms.
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