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Nicolò Bellin a,*, Mattia Calzolari b, Giulia Magoga c, Emanuele Callegari b, Paolo Bonilauri b, 
Davide Lelli b, Michele Dottori b, Matteo Montagna c, Valeria Rossi a 

a University of Parma, Department of Chemistry, Life Sciences and Environmental Sustainability, Parco Area delle Scienze, 11/A 43124 Parma, Italy 
b Istituto Zooprofilattico Sperimentale della Lombardia e dell’Emilia Romagna ‘‘B. Ubertini’’ (IZSLER), Brescia, Italy 
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A B S T R A C T   

Geometric morphometric analysis was combined with two different unsupervised machine learning algorithms, 
UMAP and HDBSCAN, to visualize morphological differences in wing shape among and within four Anopheles 
sibling species (An. atroparvus, An. melanoon, An. maculipennis s.s. and An. daciae sp. inq.) of the Maculipennis 
complex in Northern Italy. Specifically, we evaluated: (1) wing shape variation among and within species; (2) the 
consistencies between groups of An. maculipennis s.s. and An. daciae sp. inq. identified based on COI sequences 
and wing shape variability; and (3) the spatial and temporal distribution of different morphotypes. UMAP 
detected at least 13 main patterns of variation in wing shape among the four analyzed species and mapped 
intraspecific morphological variations. The relationship between the most abundant COI haplotypes of An. daciae 
sp. inq. and shape ordination/variation was not significant. However, morphological variation within haplotypes 
was reported. HDBSCAN also recognized different clusters of morphotypes within An. daciae sp. inq. (12) and An. 
maculipennis s.s. (4). All morphotypes shared a similar pattern of variation in the subcostal vein, in the anal vein 
and in the radio-medial cross-vein of the wing. On the contrary, the marginal part of the wings remained un-
changed in all clusters of both species. Any spatial-temporal significant difference was observed in the frequency 
of the identified morphotypes.  Our study demonstrated that machine learning algorithms are a useful tool 
combined with geometric morphometrics and suggest to deepen the analysis of inter and intra specific shape 
variability to evaluate evolutionary constrains related to wing functionality.   

1. Introduction 

The occurrence of cryptic sibling-species (morphologically similar 
but genetically distinct species) is far more common than previously 
thought (Pfenninger and Schwenk, 2007). On the other hand, due to 
phenotypic plasticity, i.e. the ability of a genotype to produce different 
phenotypes in response to environmental stimuli, conspecific specimens 
may be assigned to different taxa (DeWitt and Scheiner, 2004; West--
Eberhard, 2005; Sommer, 2020). Moreover, populations adapted to 
local conditions, which are ecotypes, show specialization and 
geographic variation within species, responsible for generating a range 
of phenotypes in response to different environmental cues (Begon et al., 
2006). Ecotypes are the result of the strict interaction between genetic 

heritage and specific environments. The distinction between local eco-
types and polymorphic populations is not always clear and easy to 
identify. Molecular methods greatly improve our ability to recognize 
cryptic species, phenotypic plasticity and ecotypes but the results can in 
some cases be biased due to, for instance, incomplete sampling (in time 
and space) or the markers used (Vrijenhoek et al., 2009; Magoga et al., 
2021) . 

The occurrence of cryptic sibling-species, phenotypic plasticity and 
ecotypes may lead to significant problems in surveillance and control 
when morphologically similar species differ in vector capacity due to 
differences in their ecology, ethology and thus in the propensity to bite 
humans (Gildenhard et al., 2019; Francuski et al., 2019; Kareemi et al., 
2021). 
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The Anopheles genus includes more than 480 species, 70 of which are 
known to transmit malaria (Manguin et al., 2008). The genus includes 
several complexes of species, often indistinguishable at morphological 
level, and with different vectorial capacity (Manguin et al., 2010). The 
most dangerous vectors of malaria in the Holarctic region belong to the 
Anopheles maculipennis complex (hereafter Maculipennis complex). 
Among the 22 species in this group, Anopheles messeae is the most widely 
spread and genetically diverse species in Eurasia (Bertola et al., 2022). 
Recently, a new taxon close to Anopheles messeae named Anopheles daciae 
was defined based on ITS2 polymorphisms (Nicolescu et al., 2004; Lilja 
et al., 2020), but it taxonomic status is still under debate (Artemov et al., 
2021), so we refer to this taxon as Anopheles daciae species inquirenda 
(sp. inq.). 

In Northern Italy, the distribution of the species belonging to the 
Maculipennis complex was recently updated by extensive field sam-
pling, during which the following four species were identified: Anopheles 
atroparvus, Anopheles melanoon, Anopheles maculipennis sensu stricto (s. 
s.) and Anopheles daciae species inquirenda (sp. inq.; Calzolari et al., 
2021). In Calzolari et al. (under revision), some very distinct and 
monophyletic groups of individuals (based on the COI gene) were 
identified in this area. Specifically, two groups within An. maculipennis s. 
s. and two within An. daciae sp. inq. were recognized. In a comple-
mentary study, a machine learning algorithm, support-vector machine 
(SVM), integrated into geometric morphometric analysis, was used for 
the discrimination of two sibling species of the Maculipennis complex 
(Bellin et al., 2021). This analysis correctly classified 83% of An. mac-
ulipennis s.s. and 79% of An. daciae sp. inq. and revealed a clear differ-
entiation in mean wing shape (Bellin et al., 2021). In particular, three 

main landmarks (11, 15 and 16) were identified on the wing as the most 
important in species recognition within the complex (Fig. 1). Landmark 
11 is linked to the shape of the anal vein and is a trait used to discrim-
inate between two different mosquito genera (Uranotaenia and Culex) 
(Severini et al., 2009; Becker et al., 2010). Landmarks 15 and 16, in the 
center of the wing, are the extremities of the radiomedial veins and are 
used as discriminative traits in identification of species of the Culiseta 
genus (Severini et al., 2009; Becker et al., 2010). 

In this study, geometric morphometric analysis was combined with 
unsupervised machine learning techniques (UMAP and HDBSCAN) to 
investigate the variation in wing shape in individuals belonging to the 
four species of the Maculipennis complex in Northern Italy. Specifically, 
we aim to distinguish between phenotypic plasticity and ecotypes by 
evaluating: (1) wing shape variation among and within species; (2) the 
morphometric analytic support of inter group consistencies of An. 
maculipennis s.s. and An. daciae sp. inq. identified based on genetic in-
formation (Calzolari et al. under revision) and the variability of wing 
shape; and (3) the spatial and temporal distribution of different mor-
photypes of An. maculipennis s.s. and An. daciae sp. inq. 

2. Materials and methods 

2.1. Study area 

The surveyed area included the plain areas in Emilia-Romagna and 
Lombardy, two densely populated regions of Northern Italy, with 14.5 
million people. We sampled mainly in the Po Valley area of the two 
regions, the most suitable environment for mosquitoes, featured by vast 

Fig. 1. In panel A right wing of an An. daciae sp. inq. female with the 19 landmarks. In panel B right wing representation with depicted the principal veins: subcostal 
(SC), radius (R), radius 1 (R1), radius 2 (R2), radius 3 (R3), radius 2 + 3 (R2+3), radius 4 + 5 (R4+5), radial sector (RS), radiomedial (RC), media (M), media 1 (M1), 
media 2 (M2), media 2 + 3 (M2+3), media 3 + 4 (M3+4) mediocubital (MC), cubitus anterior (CA), anal (AV). 
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areas of agricultural land, often interspersed with industrial-urban 
areas. The agricultural land is predominantly cropland with fields 
sometimes bordered by green strips, few and scattered trees and a dense 
irrigation network. Natural areas are rare, consisting mainly of river 
banks, characterized by riparian vegetation, or protected and re- 
naturalized areas. The surveyed area features a wide variety of 
breeding sites suitable for Anopheles mosquitoes, such as rice fields (e.g. 
Lomellina area) or the wetlands near the Po river delta, one of the largest 
wetland areas in Europe (Valli di Comacchio and Po River Delta). 

2.2. Mosquitoes sampling and genetic data generation 

In 2017 and 2018, we collected mosquitoes using manual aspirators 
in farms or adult overwintering sites at 43 sites and using carbon 
dioxide-baited traps at 103 sites included in the WNV surveillance plans 
(Calzolari et al., 2021). Manual aspirations were performed on farms 
with a variety of animals (cattle, horses, goats and poultry), suitable for 
the collection of engorged and host-seeking mosquitoes, and in unin-
habited buildings, suitable for the collection of overwintering 
mosquitoes. 

From each collected specimen, the internal transcribed spacer 2 
(ITS2) was PCR amplified using as a template the DNA extracted from a 
single leg; the PCR amplicons were then sequenced to identify the in-
dividual species (data from Calzolari et al., 2021). To investigate the 
intraspecific genetic variability and its congruence with intraspecific 
wing shape variation, a fragment of the mitochondrial COI was PCR 
amplified (Calzolari et al., 2021) for a subset of randomly selected in-
dividuals belonging to An. maculipennis s.s. and An. daciae sp. inq. The 
COI sequences obtained were aligned using MUSCLE (Edgar 2004) with 
the default parameters and then the different haplotypes were identified 
using R version 3.6.2 (R Core Team, 2019) and the library haplotypes 
(https://biolsystematics.wordpress.com/r/). The morphometric ana-
lyses considered only haplotypes consisting of more than five in-
dividuals. K2P (Kimura, 1980) nucleotide distances were estimated 
between the selected haplotypes using the library ape (Popescu et al., 
2012), as in Magoga et al. (2018). 

According to the ITS2 sequences, the four following species were 
identified: An. daciae sp. inq. (322), An. maculipennis s.s. (124), An. 
atroparvus (10), and An. melanoon (4) (Calzolari et al., 2021; Bellin et al., 
2021). Haplotype diversity within species was computed using the 
Shannon-Wiener diversity index (Shannon and Wiener, 1963). 

2.3. Inter-specific diversity of wing shape in embedding space (UMAP) 

For geometric morphometric analysis, the right wing of each female 
was dissected and mounted as reported in Bellin et al. (2021). To obtain 
a set of coordinates, scaled to unit-centroid size and rotated using a 
least-squares criterion, for each specimen, the landmarks were stan-
dardized using the Generalized Procrustes Analysis (GPA) (Bookstein, 
1991; Goodal, 1991, 1996; Klingenberg, 2013; Tatsuta et al., 2018). This 
new data set was further processed with a dimensionality reduction al-
gorithm (UMAP) (McInnes et al., 2018) that reduced the dimension of 
the dataset from 38 dimensions (19 pairs of landmarks coordinates, x 
and y) to two dimensions (UMAP 1 and UMAP 2). The UMAP algorithm 
is driven by two important hyperparameters: the first is the number of 
neighbors, which evaluates how the algorithm balances the local versus 
global structure of the data. Low neighbor values force UMAP to capture 
local structure, while high values capture global structures, losing finer 
and local relationships. To obtain a good global interspecific represen-
tation of the shape of the Maculipennis complex’s, a neighbor value of 
70 was set. The second hyperparameter is the minimum distance among 
neighbors: this evaluated how tightly similar points are grouped in the 
embedding. Low values result in clumpier embedding. To highlight 
differences among groups of species a distance value of 0 was set. The 
species identity information obtained from DNA barcoding analysis was 
superimposed on UMAP. To get a general idea of the wing shape 

variation represented by UMAP embedding, an inverse transformation 
approach was used. A convex hull that encompasses the embedding 
space was drawn and a grid of 13 points equispaced in the convex hull 
area were sampled. The sampled points were inverse transformed to 
obtain the representation of 13 wing shapes. Using wireframe graphs, 
the sub sample of wing shapes obtained by the inverse transformation 
was superimposed and compared with the mean shape of the Mac-
ulipennis complex. The Generalized Procrustes Analysis (GPA) was 
performed with the R package geomorph (Adams et al., 2020). UMAP 
analysis was performed in the Python umap library (https://github. 
com/lmcinnes/umap). 

2.4. Intra-specific diversity of wing shape in An. maculipennis s.s. and An. 
daciae sp. inq 

To find possible relationship between shapes and genetic markers 
and to capture local representations of the data, UMAP embedding was 
computed for An. maculipennis s.s. and An. daciae sp. inq. For this pur-
pose, the first hyperparameter (number of neighbors) was set to a value 
of 15 while the second hyperparameter (minimum distance) was 
maintained at 0. For each species, the genetic information of the COI 
groups obtained from DNA barcoding analysis was superimposed on 
each UMAP embedding. To test differences in wing shapes of individuals 
belonging to the two different groups identified based on the COI gene 
tree, a PERMANOVA test was performed on shapes coordinates with 999 
permutations (Anderson, 2001). The correlation between K2P nucleo-
tide distance (Kimura, 1980) among the identified haplotypes and the 
mean wing shape of each haplotype was computed by Mantel test using 
Spearman’s method and 999 permutations. 

To identify different intraspecific wing morphotypes, an unsuper-
vised clustering method was used that considered hierarchical esti-
mates, Hierarchical Density-Based Spatial Clustering (HDBSCAN) 
algorithm (Campello et al., 2013). Clustering organized the data into a 
finite set of categories. In the density-based clustering paradigm, clusters 
are defined as dense areas separated by sparse regions. HDBSCAN out-
performs others density clustering algorithms as it separates points that 
belong to clusters with outliers. The algorithm also assigns a soft 
partition value expressed as probability; for each observation, the 
probability is proportional to its membership (probability of belonging a 
particular cluster). HDBSCAN is driven by two main hyper parameters: 
min_cluster_size and min_samples. To find the best combination of 
HDBSCAN hyper parameters, a randomized grid search procedure was 
used. Along the two hyperparameters ranges, different values were 
randomly sampled. The best couple was selected according to the 
maximization of a validity measure (DBCV) proposed by a clustering 
density approach (Moulavi et al., 2014). HDBSCAN clustering analysis 
was performed in the Python hdbscan library (https://github.com/sciki 
t-learn-contrib/hdbscan) and scikit-learn library (https://scikit-learn.or 
g/stable/about.html). For both Anopheles species, the mean shape of 
different morphotypes was compared by PERMANOVA test with 999 
permutations and considering the residual randomization. The mean 
shapes of different morphotypes were compared by a pairwise post-hoc 
test based on Euclidean distance. To visualize landmark pattern varia-
tion among intraspecific morphotypes, the cluster’s mean shape was 
superimposed on the mean shape of each taxon by wireframe graph. 

To test intraspecific spatial-temporal differences in morphotype 
abundance, a GLMM model was used with Poisson family function and 
with a maximum likelihood method (Laplace approximation). The 
model accounted for random and fixed effects. The random effects 
included a nested temporal structure for sampling dates (day in month) 
and a nested spatial structure for sampling sites (locality in province). 
The estimated intercept varied between crossed random effects (month 
and province). The fixed effect included the type of trap used to capture 
the specimens (CO2 or manual), the morphotype and the interaction 
among factors. GLMM models were computed by R package lme4 (Bates 
et al., 2015). 
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3. Results 

3.1. Inter-specific diversity in embedding space (UMAP) 

By analyzing 460 wings, one for each of the 460 molecularly iden-
tified individuals (322 An. daciae sp. inq., 124 An. maculipennis s.s., 10 
An. atroparvus and 4 An. melanoon), in the embedding space generated 
by UMAP, An. melanoon clustered separately from An. atroparvus spec-
imens along UMAP 2: the first at the bottom and the second at the top 
(Fig. 2 panel A). Most An. maculipennis s.s. specimens were arranged in 
the top-left of the plot, with other specimens spread along the maps. An. 
daciae sp. inq. specimens showed the highest dispersion, with a major 
concentration of specimens in the bottom-right region of the maps. The 
wireframe graphs obtained by UMAP inverse transformation showed the 
13 main pattern variations in wing shape among species within the 
Maculipennis complex (Fig. 2 panel B). Differences in An. atroparvus and 
An. melanoon were clearly shown by the distance between the centroids 
(Fig. 2 panel A) and the wing shapes 3 and 13, respectively (Fig. 2 panel 
B). The pattern of differentiation is less clear between An. daciae sp. inq. 
and An. maculipennis s.s. considering the centroids and, most of all, the 
continuum of different shapes. 

3.2. Intra-specific diversity of An. daciae sp. inq. and An. maculipennis s. 
s 

The 166 An. daciae sp. inq. and 80 An. maculipennis s.s. individuals 
analyzed in this study were found to belong to 77 and 45 haplotypes, 
respectively, based on COI gene (Table 1). The three most abundant 
haplotypes were identified within An. daciae sp. inq. COI group A 
(Calzolari et al. under revision), namely h2, h27 and h11, which 
included 23, 14, 10 individuals, respectively. Within An. daciae sp. inq. 
COI group B, the two most abundant haplotypes were h20 and h15, 
including 7 and 6 individuals, respectively. For An. maculipennis s.s. COI 
group 1 (Calzolari et al. under revision) only one abundant haplotype 
(h1) was detected, including 8 individuals, while in COI group 2, no 
haplotype including more than 5 individuals was found. Haplotype di-
versity (Shannon-Wiener index) was very similar in An. daciae sp. inq. 
(3.80) and in An. maculipennis s.s. (3.59). 

For both the most abundant taxon (An. daciae sp. inq. and An. mac-
ulipennis s.s.), the superimposition of COI groups and haplotypes did not 
support the correlation between COI information and shape ordination 
(Fig. 3). This result was confirmed by PERMANOVA test (Tables 2 and 
S1) and the correlation between haplotype COI nucleotide distance and 
haplotype shape difference was not significant (Mantel statistic: 0.049 
and p-value: 0.44). 

The best set of HDBSCAN’s hyperparameters was min_cluster_size =
5 and min_samples = 5 for both An. daciae sp. inq. and An. maculipennis 
s.s. with a cluster validity metric (DBCV) values of 0.12 and 0.20, 
respectively. HDBSCAN identifies 12 morphotypes for An. daciae sp. inq. 
and 4 morphotypes for An. maculipennis s.s. (Fig. 4). In both taxa, the 
MANOVA test revealed a significant difference in wing shape among 
morphotypes. All pairwise comparisons between morphotypes were 
significant (Table S2). 

In An. daciae sp. inq., the most frequent pattern of variation from the 
mean shape involved landmark 2 (in 7 out 12 clusters), located in the 
subcostal vein, and landmark 11, located in the anal vein (in 7 out of 12 
clusters) (Figs. 1 and 5). Other frequent patterns of variation observed 
involved the radio medial cross veins (landmarks 15, 16 and 17) and the 
cubitus veins (landmark 10) (Figs. 1 and 5). Cluster C did not diverge 
from the mean shape of the species. The highest difference in variation 
was observed for cluster D. In An. maculipennis s.s., the most frequent 
pattern of variation from the mean shape involved landmark 2, 10, 11 
and 16 (in 2 out of 4 clusters). Another pattern of variation was observed 
in the radio medial cross veins (landmarks 15 and 17), in the medio 
cubital cross vein (landmark 12) and in the bifurcation of the radius vein 
(R2+3) (landmark 18). The landmarks from 4 to 8, located in the 

marginal part of the wings, did not change in any clusters for both taxa. 
Considering the capture techniques, morphotype abundance did not 

show significant intraspecific spatial-temporal differences (Table S3). 

4. Discussion 

We used a combined machine learning and geometric morphometric 
approach which was useful to investigate shape variation when taxa are 
difficult to discern using standard taxonomic approaches (Lorenz et al., 
2012, 2015a, 2015b; Wilke et al., 2016). In order to investigate the 
relationship between wing shape and genetic markers, and to capture 
intraspecific differentiation of the four sibling species of the Mac-
ulipennis complex, we combined the geometric morphometric approach 
with the unsupervised machine learning algorithms UMAP and 
HDBSCAN. 

As reported in Bellin et al. (2021), the use of machine learning 
improved the use of geometric morphometrics and allowed us to 
describe and recognize variability patterns among and within sibling 
species. 

In the analysis of shape, especially in sibling species, the combined 
approach of UMAP and geometric morphometrics is unusual. Unlike 
PCA and most common eigenvector analysis, UMAP was able to capture 
data nonlinearity (Yang et al., 2021). In a previous study, carried out on 
the same data set, we showed that the first two PCs explained only 33% 
of the total variance and appeared not very useful for discriminating 
among all species of the complex as well as An. maculipennis s.s. from An. 
daciae sp. inq. (Bellin et al., 2021). The correct classification of 83% An. 
maculipennis s.s. and 79% of An. daciae sp. inq. was obtained by the 
integration of geometric morphometric analysis and a supervised ma-
chine learning algorithm such as the support-vector machine (Bellin 
et al., 2021). Here, we showed that UMAP, an unsupervised machine 
learning algorithm, allowed us to describe the wing shape variation 
patterns among the four sibling species of Maculipennis complex, 
namely An. atroparvus, An. melanoon, An. maculipennis s.s., and An. 
daciae sp. inq. In addition, it mapped the morphological variation within 
species. UMAP dimensionality reduction did not allow a clear distinction 
between morphotypes of An. maculipennis s.s. and An. daciae sp. inq. 
and confirmed that several specimens of both taxa were not completely 
split in the UMAP embedding. However, the centroids position might 
indicate evolutionary trajectories that have differentiated the species. 
UMAP algorithm was used in Saccharomyces cerevisiae to identify groups 
of genes related to protein structures, protein complexes and pathways 
(Dorrity et al., 2020) and to find fine-scale relationships and cryptic 
structures in the geography, genotypes and phenotypes in human pop-
ulations (Diaz-Papkovich et al., 2019). This procedure should be tested 
in other complex or cryptic species to verify its effectiveness and 
generalizability. 

In this study, UMAP allowed us to describe the occurrence of 
discontinuous wing shape morphotypes in the four analyzed species and 
highlighted the great inter and intra specific variability of the Mac-
ulipennis complex. COI mtDNA region is often used as barcoding region 
for species identification but also for a first assessment of the genetic 
population structure (e.g., Brunetti et al., 2019; Zheng et al., 2019; 
Doorenweerd et al., 2020). Due to the intraspecific variability of the COI 
we found in An. daciae sp. inq and in An. maculipennis s.s., it was 
interesting to investigate the morphological variability of COI haplo-
types also considering that this mitochondrial marker is mostly used, 
sometimes in association with others, in integrated taxonomic studies. 
Within the two most abundant taxa (An. daciae sp. inq. and An. mac-
ulipennis s.s.), two different groups and several haplotypes were 
described based on COI sequences. The number of haplotypes is higher 
in An. daciae sp. inq than in An. maculipennis s.s. but the diversity index is 
very similar in the two species. However, UMAP ordination and statis-
tical tests indicated that the correlation between COI variation and 
shape ordination/variation was not significant. This result is not sur-
prising because as well as other possible factors, wing shape is a 
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Fig. 2. A. UMAP embedding space relative to the four species wing shapes (An. daciae sp. inq., An. maculipennis s.s., An. melanoon and An. atroparvus) of the 
Maculipennis complex; the species centroid (greater size points) and the position of equispaced sampled points in the convex hull were reported; dashed lines and 
numbers indicate the wing shape of the complex reported in panel B. B. wings shapes obtained by inverse transformation (black color) superimposed on the mean 
shape of the complex (red color). 
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multigenic trait with high hereditability and selective pressures acting 
on the underline genes may be different from those of the COI (Gilchrist 
and Partridge, 2001; Hoffmann and Shirriffs, 2002; Moraes et al., 2004; 
Patterson and Klingenberg, 2007; Henry et al., 2010). 

Morphological variation described within haplotype gives inter-
esting results in the framework of phenotypic plasticity, i.e. the ability of 
a genotype to produce different phenotypes in response to stimuli or 
inputs from the environment (DeWitt and Scheiner, 2004; 

West-Eberhard, 2005; Sommer, 2020). Phenotypic plasticity may ac-
count for population responses to rapid environmental change or fluc-
tuation and to adaptive tracking on an ecological time scale (Rudman 
et al., 2022). Within species, regardless of haplotypes, the HDBSCAN 
unsupervised ML algorithm clustered different morphotypes: 12 in An. 
daciae sp. inq. and 4 in An. maculipennis s.s. Each morphotype shared a 
similar pattern of variation in the subcostal vein, in the anal vein and in 
the radio medial cross veins of the wing. Interestingly, in the two species 
An. daciae sp. inq. and An. maculipennis s.s., there were several similar 
morphotypes and patterns of variation. At the same time, in the mar-
ginal part of the wings, no variation was detected in both species. Ac-
cording to our previous results (Bellin et al., 2021), two coordinates 
relative to variation in radio medial cross veins (landmarks 15 and 16; 
Fig. 1), are important in the discrimination between sibling species 
(Severini et al., 2009; Becker et al., 2010). In many species of Culicidae, 
landmarks located on the center of the wing showed higher variability 
(Beriotto et al., 2021). In contrast, landmarks with lower variability 
were found on the margin of the wing, suggesting that landmarks with 
aerodynamic restrictions are evolutionarily preserved (Bomphrey et al., 
2017). Interestingly, several morphotypes, pattern of variation and 
morphological stasis were similar in the two species. Morphological 

Table 1 
Summary of statistics for the analyzed An. daciae sp. inq. and An. maculipennis s. 
s.  

Species COI groupa Haplotypesb Nc 

An. daciae sp. inq. A 46 107 
B 31 59 

An. maculipennis s.s. 1 25 47 
2 20 33 

Note:. 
a COI group identified by Calzolari et al. (under review);. 
b number of identified haplotypes;. 
c number of individuals. 

Fig. 3. Superimposition of the COI genetic groups (top panels) and the COI haplotypes (low panels) on the embedding space of UMAP. In low panels OH (others) 
referred to haplotypes including less than six individuals. 

Table 2 
PERMANOVA test of shape differences among genetic COI groups with 999 random permutations. For each taxon, the degree of freedom (Df), the sum of squares (SS), 
the means squared error (MS), the coefficient of determination of the test (Rsq), the F statistic, the effect sizes (Z) and the p-value of the test were reported.  

An. daciae sp. inq.  Df SS MS Rsq F Z p-value  

COI groups 1 0.0014 0.0014 0.0090 1.4 1.1 0.13  
Residual 164 0.16 0.0009 0.99     
Total 165 0.16      

An. maculipennis s.s. COI groups 1 0.00070 0.00070 0.0084 0.6 − 0.73 0.75  
Residual 78 0.083 0.0010 0.99     
Total 79 0.083       
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similarity and the shape of wing resulting from evolutionary adaptations 
might be related to various functional roles and responses to selective 
pressures, or different ontogenetic processes (Zelditch et al., 2006; 
Aytekin et al., 2007; De Morais et al., 2010). The stasis or variability of a 
landmark is probably regulated by phylogenetic and functional con-
straints. As in other insects, the mosquito wings are complex 
three-dimensional structures that are mainly evolved for locomotion but 
have several functions under selective pressures (Krishna et al., 2020). 
The structure and architecture of the veins are crucial for the biome-
chanical properties of the wings and determine wing deformation during 
flight (Combes and Daniel, 2003; Appel et al., 2015; Rajabi et al., 2016a; 
Sun et al., 2021). The veins also enhance the fracture toughness of 
heavily stressed wings, mitigate collision damage and the tapered shape 
improves span efficiency during root-flapping (Dirks and Taylor, 2012; 
Mountcastle and Combes, 2014; Rajabi et al., 2015). The current shape, 
however, is probably from the sole result of an evolutionary selection 
process towards maximum aerodynamic performance (Ray et al., 2016). 
Insect wings generally serve for more than flight; wing-beat frequency, 
for instance, is important in male and species recognition, territorial or 
sexual signaling that are fundamental evolutionary requirements 
affecting the organism’s fitness and reproductive isolation in sympatric 
populations of closely-related mosquito species (Gibson et al., 2010; 
Chapman et al., 2003). Moreover, insect wings may be involved in other 

biological functions, such as protection and defense, thermoregulation, 
self-cleaning and have super-hydrophobic and antimicrobial properties 
(Byun et al., 2009; Ivanova et al., 2013; Pogodin et al., 2013; Kuitunen 
et al., 2014; Nguyen et al., 2014; Pass, 2018). 

In both An. daciae sp. inq. and An. maculipennis s.s., the lack of cor-
relation between COI genotype and wing shape and the same spatial- 
temporal distribution among different morphotypes indicated that 
they cannot be considered ecotypes (Gildenhard et al., 2019). 

The recurrent variations or stasis observed among species and within 
species may have a phylogenetic and functional origin. Variability 
among and within sympatric species could be related to environmental 
factors (e.g. temperature, water scarcity, anthropic action, land use and 
chemicals). Such factors not only determine the species distribution, 
habitat suitability and niche dimension but may affect developmental 
plasticity by altering gene-expression patterns and give rise to poly-
phenisms (Gilbert, 2001; Rodriguez and Beldade, 2020). The occurrence 
of genotypes that differ in the amount and direction of plasticity that 
they are able to express is major mechanism of rapid adaptation and 
response to environmental and global change (Behera and Nanjundiah, 
2004; Fox et al., 2019). Looking ahead, the effect of temperature during 
egg development on different morphotypes of An. daciae sp. inq. and in 
An. maculipennis s.s. could be evaluated (Kingsolver and Buckley, 2017; 
Rodriguez and Beldade, 2020; Bertola et al., 2022). 

Fig. 4. Panel A (An. daciae sp. inq.) and panel B (An. maculipennis s.s.) reported the result of HDBSCAN algorithm. The colors represented the morphological clusters 
identified by the algorithm. The size of each point was proportional to the membership values estimated by HDBSCAN. Outliers that are not assigned to the clusters 
were removed and considered as noise. 
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The use of an instrument to capture images and wingbeat frequency 
and the analysis of such data by artificial intelligence and deep learning 
are innovative approaches in biology and ecology (Christin et al., 2019). 
Convolutional Neural Networks (CNNs) have demonstrated high accu-
racy in performing image classification tasks, including spectrogram 
classification (Hershey et al., 2017; Dong et al., 2018). Advances in 
automated mosquito identification could provide critical tools to 
monitor mosquito populations and surveillance in real-time (Kim et al., 
2021). 

Author statement 

N.B., M.C, G.M., M.M. and V.R. conceptualized and designed work 
M.C., G.M., E.C., P.B., D.L., M.D and M.M. collected data 
N.B. and V.R. provided data analysis and interpretation 
N.B., M.C., G.M., M.M. and V.R drafted the article 
All authors contributed to manuscript writing, critically revised the 

article and approved the final version to be published. 

Declaration of Competing Interest 

The Authors declares that there is no conflict of interest. 

Acknowledgments 

NB was supported by the PhD program in Evolutionary Biology and 
Ecology (University of Parma, agreement with University of Ferrara and 
University of Firenze). This research was carried out as part of the 
‘COMP-HUB’ Initiative, funded by the ‘Departments of Excellence’ 
Project of the Italian Ministry for Education, University and Research 
(MIUR) and by the Italian Ministry of Health, PRC “Identification of 
mosquito species of the Maculipennis Complex through biomolecular 
and morphometric approaches”, code E88C16000190001, IZLER code 
PRC2015017. 

Supplementary materials 

Supplementary material associated with this article can be found, in 
the online version, at doi:10.1016/j.actatropica.2022.106585. 

References 

Adams, D.C., Collyer, M.L., and Kaliontzopoulou, A. (2020). Geomorph: software for 
geometric morphometric analyses. R package version 3.2.1. https://doi.org/https:// 
cran.r-project.org/package=geomorph. 

Anderson, M.J., 2001. A new method for non-parametric multivariate analysis of 
variance. Aust. Ecol. 26 (1), 32–46. https://doi.org/10.1111/j.1442- 
9993.2001.01070. 

Fig. 5. For each species the mean wing shapes obtained by HDBSCAN clustering (black) was superimposed on the mean shape of the species (red). For each wing, the 
number referred to the cluster reported in Fig. 3. The arrows indicated the main landmarks variation with the respect to the mean shape of the species. 

N. Bellin et al.                                                                                                                                                                                                                                   

https://doi.org/10.1016/j.actatropica.2022.106585
https://doi.org/10.1111/j.1442-9993.2001.01070
https://doi.org/10.1111/j.1442-9993.2001.01070


Acta Tropica 233 (2022) 106585

9

Appel, E, Heepe, L, Lin, C P, Gorb, S N, 2015. Ultrastructure of dragonfly wing veins: 
composite structure of fibrous material supplemented by resilin. J. Anat. 227, 
561–582. https://doi.org/10.1111/joa.12362. 

Artemov, G.N., Fedorova, V.S., Karagodin, D.A., Brusentsov, I.I., Baricheva, E.M., 
Sharakhov, I.V., Gordeev, M.I., Sharakhova, M.V., 2021. New Cytogenetic Photomap 
and Molecular Diagnostics for the Cryptic Species of the Malaria Mosquitoes 
Anopheles messeae and Anopheles daciae from Eurasia. Insects 12 (9), 835. https:// 
doi.org/10.3390/INSECTS12090835, 2021, Vol. 12, Page 835.  

Aytekin, A.M., Alten, B., Caglar, S.S., Ozbel, Y., Kaynas, S., Simsek, F.M., Kasap, O.E., 
Belen, A., 2007. Phenotypic variation among local populations of phlebotomine sand 
flies (Diptera: psychodidae) in southern Turkey. J. Vector Ecol. 32 (2), 226. 
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