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Exploring Machine Learning for Species Delimitation in the Trimerotropis
pallidipennis Complex (Othoptera: Acrididae)
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RESULTS & DISCUSSION

INTRODUCTION & AIM

* The genus Trimerotropis Stdl (Orthoptera: Acrididae) is distributed from Canada to Argentina, with 49 Pert] Bolivia Argentina Figure 2
valid species mainly inhabiting dry and tfemperate regions (1), likely originated in North America and colonized KB N & @ & e Y . Cluster from previous analysis:
South America during the Pleistocene, after the closure of the Isthmus of Panama (2-3). () 1 andeana north
(2) T. andena south
(3) T. sp north
* North America has the largest number of species, including Trimerotropis pallidipennis (Burmeister, 1838), 4) T. sp Leon
which is the only one with an amphitropical distribution (3-4). 5) T. sp
(6) T. sp PI
(7) T. ochraceipennis
* In South America, the number of valid species was reduced from nine to four: T. pallidipennis, T. andeana, (8) T. sp Uspallata Mixed

T. atacamensis, and T. ochraceipennis (with two subspecies) (1)

Figure 3
*Previuos molecular studies have revealed a lack of clear genetic boundaries among these taxa, with some a) PCA +DAPC b(1) RF cMDS-DAPC
s comprising multiple genetic lineages (3,5). As a result, Husemann et al. (2013) proposed that the South R - v S - : sl
groups comprising multiple genetic lineages (3,5). As a result, Husemann et al. proposed that the Sou & 4 o .!* .
American representatives of the genus be treated as a species complex, referred to as the Trimerotropis . - ﬁ." . ® .‘: N g ' @ T. andena north b
pallidipennis species complex. (Figure 1) % s i % . & '_'3. o .'. @) T. sp north
E § 1 g © _h' > . *»_ 4 T. sp Leon
% o © g‘ = - ?" . * i ® T.sp
*One of these genetic lineages, hereafter referred to as Trimerotropis sp. (3), has a broad geographic and g 7 % @ ®
environmental distribution across Argentina. It is distinguished from the others by the presence of ? g 4 - . ';, ™ T. ochraceipennis
[ -
polymorphic chromosomal inversions, whose frequencies exhibit an altitudinal cline (2,4,6,7,8). Furthermore, S A
Guzmdn et al. (2020) identified two distinct genetic lineages within a single clinal transect and found evidence _2!0 :3 2|0 4|0 e:o {;_2 {;_1 0{0 0; sz
of hybrid zones. Scaling Dimension 1 Scaling Dimension 1
The band-winged grasshopper Trimerotropis pallidipennis species complex b(2) RF CMDS-Gap cluster ¢) RF isoMDS Cluster from RF
o H .
(Orthoptera: Acrididae) has attracted attention for over a century due to its N s 7 & isoMDS:
o * o, " o M T. andeana north a
broad distribution, low morphological variation and complex evolutionary history. T ! 5% .‘: @ T. andena north b
‘ _é ° : oy :"' _§ -0 . *e g S 3 T. sp north
Ll el EE TR R e
AIM: Explore the evolutionary history of T. pallidipennis 5 _ s, il 2 - 5 3 . . ® T. sp + Uspallata
through  unsupervised machine learning (UML) and £ ] sl S L |%ea . )
Convolutional Neural Network (CNN), and compared those - A . . o 5 ¢ g ™ T. ochraceipennis
~ with traditional model-based validation methods using b S p q . + Tsp Pl
7 previous genome-wide SNP datasets generated through S ¢ . .
ddRAD_seq | | | I I I | I I I I
02 01 00 01 02 02 01 00 01 02 03
Scaling Dimension 1 Scaling Dimension 1
M ETH O D Seven to eight clusters were identified with standard genetic
d)':SNE clus‘rer'inlg analyses (PCA, DAPC and STRUCTURE) (Figure 2 and figure
New analyses were conducted on previously generated ddRAD-seq datasets from a total of 192 8 - o ) 3a), recovering more lineages than those determined a priori by
individuals from 24 localities. The samples correspond to individuals of Trimerotropis ochraceipennis § \ morphological point view.
from Chile, T. andeana from Bolivia and Peru, and Trimerotropis sp. from Argentina, collected across g .. ’ S * All clustering approaches via UML analyses resulted in an optimum of
(] @ 3 _ 5 . 3
34 localities (Fig. 1). % Y F K =7, except for gap statics clus‘.re.r'mg.m Random forest of cMDS (K
We applied two unsupervised machine learning (UML) approaches to the SNP datasets: o = 5, where T. sp from Uspallata join with T. sp and Leon, and T. sp
(1) Random Forest (RF) on scaled DAPC data — proximity matrix for cMDS and isoMDS (10,11). 3 s from PI con T. ochraceipennis).
(2) t-SNE on PCA-reduced SNPs (12). Three clustering approaches were applied to UML outputs to oo 50 o s 100 All K =7 UML clustering assignments were similar, differing only in
verify consistency with DAPC and STRUCTURE results: (1) PAM clustering using cluster (K from T — whether the hybrid population was grouped with T. sp PT or T. sp, and
DAPC) (13); (2) PAM with K determined by gap statistic(14); and (3) hierarchical clustering (mclust, in distinguishing (or not) the T. andeana populations.
(15)) using PCDimension ( 16). The scenario depicting expansion in both lineage was selected as the most explanatory demographic
Define three d hi : : . :
To explore the demographic history of Trimerotropis sp. modelsfor your two popultions model with a posterior probability (PP) higher than 0.99.
Figure 2: Clustering results for the Trimerotropis pallidipennis complex based on SNP dataset from STRUCTURE plot previously obteained (Guzman et al.
Iineages, we tested three evoluﬁonary scenarios (Parallel l 2024). Figure 3: Clustering results for the Trimerotropis pallidipennis complex based on SNP dataset (a) PCA plot with DAPC clusters (K = 7) (b1) Random

forest cMDS plot, with clusters identified via PAM and mclust (K= 7), and (b2) gap statistic (K=5). (c) Random forest isoMDS plot, all clustering algorithms

Simulat Calculat
expansion one “neage expansion only and No expansion) using gler:gt?/;es anf;:ri favored K= 7 (d) t- SNE plot, all clustering algorithms favored K = 7 except for gap algorithms that favoured K 1 and a suboptimal in K 7.
' ' under those statistics for
: del imulati
convolutional neural networks (CNNs). We performed 10,000 . i C O N C LU S I O N
coalescent simulations per model with species-specific I I

Unsupervised machine learning methods improved cluster visualization and interpretation like standard

Train CNN for model selection

parameters and incorporated the same proportion of missing P e

for your data multivariate analyses, revealing hidden genetic structure in morphologically cryptic taxa. These approaches
data observed in empirical SNP datasets. The CNN architecture | : - : , T
represent powerful, fime-efficient complements to conventional species delimitation fools.
i i i Train CNN f t timati
was adapted from Kirschner et al. (2022) and calibrated using u;aclir;rselec?;dp?nr?)rc:‘;fzfécrzl?glon Recent advances combining deep learning and ABC have improved inference of demographic history and
. . .. . parameters for simulations
temperature scaling to improve model prediction. The trained 7 hybridization from genomic data. Here we initiated CNN model training to explore demographic scenarios and
network was then applied to empirical SNP data to identify the ABC: cross-validation and posterior potential hybrid zones in the T. pallidipennis species complex, extending applications of neural networks in
with Ioclln.eall’ or rejection, using
CNN predictions as SuSt systematics and phylogenomics.

most likely demographic scenario for Trimerotropis sp.
This work emphasizes the complexity of species boundaries in the Trimerotropis pallidipennis and the value

A . . _ . .

of integrative frameworks combining morphology, cytogenetics, and genomics.

T andeana

< These appoaches and future analyses may eventually help fo incorporate CNNs trained with genomic,
T, ochraceipennis - ) . . ) . o )
/ cytogenetic, and morphological data to achieve a deeper understanding of this fasinating species complex.
Uspallata
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