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Abstract Unambiguous classification is a prerequisite for the study of polymorphism, but

accurate delimitation of continuous morphological characters can be challenging. Finite

mixture modeling is a rigorous and flexible approach for delimiting continuous variables

with unknown prior membership, but its application to morphological studies remains

limited. In this study, the lengths of scapular setae of the eriophyoid mite Abacarus

panticis Keifer collected from 18 sites in Taiwan were used as an example to evaluate the

eligibility of finite mixture models. We then tested the hypothesis that longer scapular setae

can facilitate dispersal. Lastly, we investigate morphological variation in various seta

morphs by geometric morphometric techniques. Finite mixture models can satisfactorily

classify scapular setae of A. panticis into long and short seta morphs. Abacarus panticis of

the long morph only occurred in five sites whereas the short seta morph existed in all study

sites. Geometric morphometric analyses revealed a more elongated coxal area in indi-

viduals of long morph than in those of short morph. Because the short morph is more

widespread in geographical distribution than the long morph, longer scapular setae seem

unlikely a specialized adaptation for dispersal. Further studies should capitalize on the

finite mixture model in the delimitation of continuous morphological characters.
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Introduction

Polymorphism has long been a central issue in evolutionary biology studies (Ford 1945).

The investigation of occurrence and mechanism underlying the maintenance of intra-

specific polymorphism has helped reveal the adaptive significance of different morphs,

thus the potential scenario of speciation (Skulason and Smith 1995; Roulin 2004). How-

ever, an important prerequisite for studying polymorphism is that morphs are correctly

classified; otherwise, the association between morphs and fitness can become ambiguous or

even misleading.

Categorization of continuous data is especially challenging because of the difficulties in

determining character boundaries unequivocally (Reid and Sidwell 2002). Tixier (2012)

recommended using mean and 95 % confidence interval to delimit seta lengths of Phy-

toseiidae mites and other similarly continuous morphological characters, but the analyzed

data sets need to be normally distributed and not highly skewed. Besides, it is debatable

that an arbitrary 5 % cut-off criterion is adequate for delimiting morphs for all organisms

(Ezard et al. 2010). Alternatively, a visual inspection of character frequency distribution

might reveal gaps and thus assist the classification of character states (Almeida and Bisby

1984), but such non-statistical method could lead to equivocal results when a clear-cut

boundary does not exist. Recently, Ezard et al. (2010) developed a clustering method based

on a combination of morphological traits using principal component analysis, but to our

knowledge, a more sophisticated statistical approach for classifying a single continuous

morphological character with unknown prior membership is still lacking.

Finite mixture modeling is one method that can objectively classify continuous vari-

ables without information on prior membership. The finite mixture model springs from

Pearson (1894) about 100 years ago (McLachlan and Peel 2005). The flexibility of this

method benefits by taking a lot of parameters into account, but at the same time it is

computationally intensive. Thanks to the great progress in computer capability along with

a recent development of efficient numerical algorithms, however, the technique has been

well greeted and has been applied to many fields, including medical research (McLachlan

and Chang 2004), botany (Zhang et al. 2001; Jaworski and Podlaski 2012), fishery

(Macdonald and Pitcher 1979; Millar 1987), and avian ecology (Kéry et al. 2005). Com-

pared with conventional cluster analysis, the primary strength of finite mixture model is its

flexibility in fitting data sets with various candidate distributions without prior knowledge

of the number of groups or categories. Such flexibility would be very useful for handling a

variety of data when we typically have little information at the beginning of data analysis.

Since it is a model-based method, its performance fully depends on the pattern and size of

data (observations). Many criteria are available for assessing the feasibility of selected

model, and using these quantitative measures can objectively determine a model that fits

the working data well. The approach we applied here is firstly to find a probability model

that can fit the surveyed dataset well and subsequently determine a threshold for delimiting

boundaries of morphological characters. The model-based method offers some advantages

when comparing with traditional approaches: for data of interest, it is able to depict the

shape of each component; it gives estimates associated with means and standard deviation
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for each component; its statistical fitness can be evaluated by several theoretical measures

(Fonseca and Cardoso 2007). Notwithstanding these advantages, finite mixture model has

rarely been applied to delimit continuous morphological characters.

In this study, we use eriophyoid mites (superfamily Eriophyoidea) as an example to

demonstrate the strength and feasibility of finite mixture model. Eriophyoid mites, also

known as gall, blister, erineum, bud, or rust mites, include more than 300 genera and about

3,700 species (De Lillo and Amrine 2003). They differ from other mites by having only

two pairs of legs at anterior part and by their obligate phytophagous habits. The vermiform

body is minute in size (80–250 lm), with most of the setae reduced (Amrine et al. 2003).

When examining eriophyoid mites collected on Yushan cane Yushania niitakayamensis

((Hayata) Keng f.; Poaceae) (Wang and Huang, 2011), we observed that the length of

scapular setae of an eriophyoid mite, Abacarus panticis Keifer, appears to be bimodally

distributed (Fig. 1). Although eriophyoid mites can be passively dispersed through trans-

location of plant parts or they can actively disperse by walking out or by adhering to

animals of better mobility, aerial dispersal, especially dispersal by wind, is considered to

be the primary avenue (see reviews by Michalska et al. 2010 and Galvão et al. 2012).

Krantz (1973) suggested that the scapular setae could facilitate wind dispersal; neverthe-

less, probably due to their minute size and their inclination to hide inside plants (Lindquist

and Oldfield 1996), difficult direct observation makes such evaluation challenging. The

likely differential scapular seta morphs of A. panticis thus offer a good opportunity to test

whether longer scapular setae could facilitate their dispersal when combined with infor-

mation on distribution of different seta morphs. The continuous variation in the length of

setae renders a threshold in differentiating morphs not easily determined by conventional

methods, but this can be rigorously solved by using finite mixture model.

The aim of this study is firstly to test the feasibility of a number of finite mixture models

in fitting the frequency distribution of lengths of scapular setae of A. panticis. We then

tested the hypothesis that longer scapular setae could assist in wind dispersal by comparing

the geographic distribution of two identified morphs, that is, long versus short seta morphs.

We expect long seta morph to be more widespread if long scapular setae do facilitate

dispersal. Lastly, we evaluated whether different seta morphs also vary in shape and size

by using geometric morphometric analyses to cast light on the potential mechanism

underlying divergence in seta morphism. Relative to conventional morphometric methods

that simply focus on a few basic linear measurements (such as body size, length of seta

etc.), geometric morphometric techniques retain much wealthier information on shape and

size that is valuable for further analyses (Adams et al. 2004; Zelditch et al. 2004). Although

this study focuses on length of setae of an eriophyoid mite, finite mixture models we apply

here should be applicable to delimit similarly continuous morphological characters of other

taxa as well.

Materials and methods

Specimens and survey sites

Between 1993 and 2008, leaves of Y. niitakayamensi suspected with eriophyoid mites were

collected in the mountains of Taiwan at 18 sites in Taiwan (Fig. 2). We follow Kuo et al.

(2013) in the preparation of eriophyoid mites for measurement. Leaves were later pre-

served in 75 % ethanol with saturated sugar for at least 1 week. Eriophyoid mites were

removed from leaves by spinning the preserved liquid in a centrifuge at 1,500 rpm for three
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minutes and were then transferred to the preparatory medium in a concavity slide. The

concavity slide was placed on a hotplate heated to 100 �C and the preparatory medium was

stirred continuously using a probe until turning dark brown. Eriophyoid mites were later

transferred to another concavity slide filled with wash medium and were left in the wash

medium for at least 1 week to clean the mites. Finally, mites were singly slide-mounted in

the final medium (formula recipes for the preparatory, wash and, final medium are acquired

from H.H. Keifer) and were examined under a phase-contrast microscope (Leitz Laborlux

S, Leica, German; objective: Plan Phaco 2, 40/0.65; eyepiece: 12.5X/18 M). Sex was

determined based on the existence of genital coverflap on the females. Length of scapular

setae (lm) of A. panticis was measured with an objective micrometer.

Fig. 1 Frequency distribution of length of scapular setae (histogram) imposed by correspondingly fitted
distribution for each of the four finite mixture models with a solid line. The dashed line stands for the pdf of
each component distribution for the fitted distribution. The three solid triangles indicate the three
components means; the corresponding values are explicitly showed in Table 2
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Finite mixture model

The frequency distribution of the lengths of scapular setae of A. panticis reveals a bimodal

shape (Fig. 1). From a Bayesian viewpoint, finite mixture models are very flexible in fitting

such datasets and can be used to categorize and define morphs of the scapular setae. Assume

that there are j components in a finite mixture model, where j is fixed. Define the random

variable Y as the length of seta and assume that given X = i (component i), Y follows a

distribution with the conditional probability density function (pdf) fY|X(y|i), where the random

variable X represents the component indicator with the probability mass function

PðX ¼ iÞ ¼ pi; i ¼ 1; 2; . . .; j;

where 0 \pi B 1, i = 1, 2,…,j and
Pj

i¼1 pi ¼ 1: However, we have no information about

the observed lengths (Y) of setae belonging to which component (X) from our dataset.

Thus, we can just fit the surveyed data to the unconditional distribution of Y, whose

probability density function can be derived as

fYðy; hÞ ¼
Xj

i¼1

pifY jXðyjiÞ: ð1Þ

Note that h is an unknown parameter vector associated with the conditional models

fY|X(y|i) for all i and the distribution of X. Though the candidate distributions of fY|X(y|i) in

Eq. (1) can be different between distinct components, here we consider the same distri-

bution over different components but with parameters varying with component. Based on a

well-fitted model, we can estimate the posterior probability

PðX ¼ ijY ¼ yÞ ¼ pif ðyjiÞ
p1f ðyj1Þ þ � � � þ pjf ðyjjÞ ; ð2Þ

i.e., the probability of the observation y belonging to component i, i = 1, 2, …, j. Thus,

Fig. 2 Sites of collection of
eriophyoid mite Abacarus
panticis in Taiwan. Open circle
sites with short scapular seta
morph only; filled circle sites
with coexistence of short and
long scapular seta morphs
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each individual can be categorized into a unique component according to the estimated

posterior probabilities for different components. Four promising models—Weibull,

gamma, lognormal, and normal distributions—are employed to be candidate distributions

of the finite mixture model for categorizing or defining morphs of the scapular setae. Let li

and ri
2 denote the conditional mean EðY jiÞ and the conditional variance VarðYjiÞ of

fY|X(y|i), respectively. The pdf of each distribution is enumerated as below and the

parameter vector is denoted by h ¼ ðl1; . . .; lj; r
2
1; . . .; r2

j; p1; . . .; pjÞ with
Pj

i¼1 pi ¼ 1:

• Weibull distribution

fY jXðyjiÞ ¼
gi

ki

y

ki

� �gi�1

exp � y

ki

� �gi
� �

; y� 0;

where gi [ 0 and ki [ 0 are the shape and the scale parameters of the Weibull distribution.

For comparison purpose, the two parameters of the distribution are reparameterized by the

mean li ¼ kiCð1þ 1=giÞ and the variance r2
i ¼ k2

i Cð1þ 2=giÞ � l2
i .

• Gamma distribution

fY jXðyjiÞ ¼
ygi�1

CðgiÞk
gi

i

exp � y

ki

� �� �

; y� 0;

where gi [ 0 and ki [ 0 are the shape and the scale parameters of the gamma distribution.

Similar to the preceding case, the two parameters of the distribution are also reparame-

terized by the mean li ¼ kigi and the variance r2
i ¼ gik

2
i .

• Lognormal distribution

fY jXðyjiÞ ¼
1

y
ffiffiffiffiffiffi
2p
p

gi

exp � lnðyÞ � kið Þ2

2g2
i

" #

; y� 0;

where fY|X(y|i) is derived from the pdf of a normal distribution with mean ki and variance

gi
2. The two parameters of the distribution are reparameterized by the mean li ¼

expðki þ g2
i

�
2Þ and the variance r2

i ¼ expð2ki þ 2g2
i Þ � expð2ki þ g2

i Þ.

• Normal distribution

fY jXðyjiÞ ¼
1
ffiffiffiffiffiffi
2p
p

ri

exp � y� lið Þ2

2r2
i

" #

; y� 0:

Model fitting and checking

Since the number of components j of the finite mixture model is fixed here, ideally the

unknown parameters in the model can be estimated by the maximum likelihood estimation

(MLE), i.e, to maximize the likelihood function derived from Eq. (1) as a function of the

parameter h when observations y1, …, yn are given. Whereas the parameter h is on a

(3j - 1)-dimensional space, a conventional way is to apply the expectation–maximization

(E–M) algorithm (Flury 1997) to find the MLE of h.Further, Macdonald and Du (2011)
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provided an R package (mixdist) in the R software environment (R Development Core

Team 2009) for analyzing various finite mixture models. Though the acceptability of the

considered models can be evaluated by several measures, four widely used measures are

suggested for this study and are characterized as below.

• The test statistic for the likelihood ratio is denoted by

v2 ¼ �2
Xb

i¼1

Oi log
Ei

Oi

� �

; ð3Þ

which asymptotically follows a Chi square distribution with b - (3j - 1) – 1 degrees of

freedom, where b stands for the number of bins/intervals for the analyzed data, Oi and Ei

are respectively the observed and the expected/predicted number of setae in the ith bin,

where Ei is evaluated from the considered model with parameters estimated by the MLE.

Intuitively, if the discrepancy between the observed and expected numbers in each bin is

negligible, the resulting statistic v2 will tend to be small and thus indicates a reasonable

fitting for the data.

The p value is to compute the probability of that the Chi square statistic is larger than

the value v2 computed by Eq. (3). In theory, if the data is promising from the indicated

model, the p value should be larger than a significant level, say 0.05 or 0.01. Namely, the

magnitude of p value is used to reveal the applicability regarding the indicated model.

Meanwhile, the value v2 is not too large to coincide with a large p value.

• The root mean square errors (RMSE) is also a conventional way for checking the

adequacy of an underlying model for a dataset and is computed by

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pb

i¼1 Oi � Eið Þ2

b

s

:

Similar to the test statistic v2, the RMSE is to measure the discrepancy between the

observed and expected numbers in each bins but with a different measurement. If the

underlying model is reasonable to fit the data, the minor difference between the observed

and expected numbers in each bins can make the computed RMSE small and be evidence

of favoring the indicated model.

• The Bayesian information criterion (BIC) is defined by

BIC ¼ �2
Xn

i¼1

logðfYðyi; ĥÞÞ þ ð3j� 1Þ logðnÞ;

where n (sample size) is the number of individuals in the given data and ĥ is the MLE of

the parameter vector h. Note that ĥ is obtained by maximizing the likelihood function

derived from Eq. (1) or equivalent to minimizing �2
Pn

i¼1 logðfYðyi; hÞÞ in the first term of

the BIC formula. In contrast, the second term of the BIC can be treated as a penalty for

adjusting the well fitness of an underlying model is caused by increasing the sample size

n or the number of parameters 3j - 1. As a result, a favored model requires having a

smaller BIC value than other competitive models.

For our dataset of the lengths of scapular setae, the four measures were computed for

each model we have considered and tabulated in Table 1. Though the four candidate

distributions are relevant to portray our data set at the significance level a = 0.05
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compared with the p values, we suggest using the Weibull or gamma distribution based on

simultaneously taking the four criterions into account. Thus, the parameters of the two

favored finite mixture models were estimated by means of the R package mixdist and

enumerated in Table 2. Though our data set shows a bimodal shape, two components

(j = 2) may be a good starting. Whereas, since the p values associated with the four

models are extremely smaller than a = 0.05 when j = 2 and j C 4, we have only showed

the results at j = 3 for Tables 1 and 2. The E–M algorithm adopted in the package mixdist

was discussed in Du (2002) in detail. First of all, the working data needs to be binned first.

Since a larger binned size can result in a smaller degrees of freedom for the Chi square test

and thus the test is difficult to detect the violation for the data to an underlying model.

Reversely, the Chi square test will be sensitive to detecting the discrepancy between the

observed and expected numbers in each bin and can be in company with a large type I error

(the dataset is truly from the candidate distribution, but the Chi square test is significant

and give a conclusion to abandon the candidate distribution). As a consequence, the binned

size in our study was set at 2.5 (lm). In addition, the pdfs of the four fitted distributions

were also imposed on the histogram of frequencies of lengths of scapular setae for ref-

erence; see the solid lines of Fig. 1. From the figure, it reveals that the four considered

models are fitted satisfactorily and showed why there needs three components in the finite

mixture models (Fig. 1).

Geometric morphometric analyses

The difference in shape and size between short and long seta morphs was analyzed by

geometric morphometric techniques. Eight pairs of ventral setal tubercles locating in

opisthosoma and coxigenital region were selected as landmarks for further analyses

(Fig. 3). Images of body of A. panticis were obtained using a camera system consisting of a

phase contrast optical microscope attached to a computer. These 16 landmarks were

Table 1 Finite mixture models evaluated by four measures regarding the adequacy of model fitting

Weibull Gamma Lognormal Normal

v2 21.23 21.72 24.97 28.71

p value 0.93 0.92 0.81 0.63

RMSE 1.62 1.39 1.53 2.17

BIC 2,094.95 2,090.67 2,092.48 2,097.99

Table 2 The estimates of component means and variances for two favored models. In addition, the range of
each component for a given model is used to define two scapular seta morphs

Component (i) Weibull Gamma

1 2 3 1 2 3

p̂i 0.32 0.50 0.18 0.31 0.52 0.17

l̂i 8.98 20.48 81.59 9.10 20.68 82.78

r̂2
i

1.54 9.11 9.55 1.64 10.41 8.21

Minimum 5.88 4.20 54.60 5.88 4.20 63.70

Maximum 11.65 46.62 99.70 11.65 56.20 99.70
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recorded by tpsDig software (Rohlf 2010) and were expressed as Cartesian coordinates.

Shape differences between short and long seta morphs were investigated using generalized

least-square (GLS) Procrustes superimposition methods (Rohlf and Slice 1990) to separate

shape information from orientation, position, and size (Zelditch et al. 2004). Relative warp

analysis with a = 0 was used to compare shape difference between the two morphs. The

partial warp scores were then calculated by the thin-plate spline. The uniform and non-

uniform shape components were used for a Hotelling’s T2 test to examine the differences in

shape between the two seta morphs. Discriminant analysis was used to test the successful

classification rate. Centroid size, the square root of the sum of the squared distance

between the centroid and all landmarks (Bookstein 1991), was used to evaluation differ-

ences in size between short and long seta morphs and is tested by t test. We performed a

multivariate regression of shape variables on centroid size to detect any allometric effects

for two seta morphs separately. Centroid size was logarithmically transformed before

analysis. All the geometric morphometric analyses were implemented in PAST ver. 2.07

(Hammer et al. 2001).

Results

The definition of two scapular seta morphs

Length of scapular setae of 414 A. panticis was measured, including 266 females, 127

males and 21 nymphs. Because of the difference in length of scapular setae among females,

males, and nymphs (Kruskal–Wallis test, H = 20.9, p \ 0.001) and the small sample size

Fig. 3 Sixteen landmarks (8 pairs) on ventral region of eriophyoid mite Abacarus panticis for geometric
morphometric studies
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of males and nymphs, only females were analyzed. Based on the two favored models

(Weibull and gamma distribution), we calculated the posterior probabilities for the data set

using the formula in Eq. (2) with the estimated parameters enumerated in Table 2. The

observation y is categorized to the ith component if P(X = i|Y = y) is the maximum over

P(X = x|Y = y), x = 1, 2, 3. Though there are three components in the two selected

mixture distributions, the lengths of scapular setae are only categorized into two morphs

due to the overlapped length ranges for components 1 and 2. From Fig. 1, it is observed

that the first two dashed lines (the pdfs of the first two components) are greatly overlapped.

Similarly, Table 2 also shows that the range of the first component is a subset of that of the

second component, i.e., the interval [5.88, 11.65] of the first component is included in

[4.20, 46.62] of the second component. Moreover, it is reasonable to characterize the data

as a bimodal pattern based on the corresponding pdfs of the two favored mixture models.

Consequently, the short morph is defined as the combination of the first two components

and the long morph as the third component. Based on the finite Weibull mixture model,

lengths of scapular setae of short morph range from 4.2 to 46. 62 lm and long morph from

54.6 to 99.7 lm. A total of 219 and 47 females belong to the short and long morph,

respectively. For the finite gamma mixture model, short seta morph ranges from 4.2 to

56.2 lm and long seta morph from 63.7 to 99.7 lm. Short and long morph include 221 and

45 females, respectively. The long and short morphs co-occur at five sites, while the other

13 sites only contain the short morph (Fig. 2).

Geometric morphometric analyses

A total of 124 female A. panticis, including 88 of short seta morph and 36 of long seta

morph, were mounted in dorsoventral position and are selected for further evaluation of

shape/size variation between the two seta morph types. There was a significant difference

in shape between the short and long morphs (MANOVA, Wilks’ k = 0.69; F25, 161 = 2.9;

p \ 0.01), but centroid size was similar between the two morphs (t test, t = 0.5; p = 0.6;

mean CS for short morph = 743.7; mean CS for long morph = 700.5). The overall suc-

cessful classification rate is 81.5 %, with 80.6 and 83.3 % for short and long morph,

respectively. Variation in shape was correlated with centroid size in short morph (Wilks’

k = 0.44, F28, 2408 = 5.5, p \ 0.0001), but was unrelated to centroid size in long morph

(Wilks’ k = 0.13, F28, 952 = 0.74, p = 0.82). The first two relative warps (RW) accounted

for 42.3 % of variation in shape, with 23.6 % for RW1 and 18.7 % for RW2, respectively.

In general, A. panticis of long morph was more elongated than those of short morphs in

coxal area but less elongated in the caudal part of opisthosoma (Fig. 4).

Discussion

Continuous variation in the length of scapular setae might render an arbitrary classification

of different morph types untenable. Relative to some typical methods such as discriminant

analysis and cluster analysis based on deterministic methods that require several mor-

phological variables to establish categorizing rules, our aim is firstly to determine a

threshold for classifying length of scapular seta, and subsequently to investigate mor-

phological variation between different morphs. More specifically, our classification solely

relies on length of setae, so a model-driven method is employed in this study. Among

several available models in statistical textbooks or in the literature, we suggest using four

widely used models to more objectively classify seta morphs and find two of them, gamma
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and Weibull, satisfactory in fitting our data and successful in categorizing length of

scapular seta of A. panticis into long and short morphs. Similar approach should be

applicable to objectively classify continuous morphological characters of other organisms,

but in our knowledge this has still been rarely applied. To facilitate the usage of finite

mixture model in other similar topics, a flowchart on data analyses has been included

(Fig. 5).

Knowledge on how and why eriophyoid mites disperse is still limited despite its sig-

nificance for pest management (Michalska et al. 2010). For instance, the coconut mite

Fig. 4 Relative warps (RW) of opisthosoma and coxigenital region of Abacarus panticis. a Scatterplot of
individual scores from RW analysis (short (?); long(x)); b positive deviation of RW1; c negative deviation
of RW1; d positive deviation of RW2; e negative deviation of RW2
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(Aceria guerreronis) is one of the most devastating coconut pests worldwide and elucidates

how they disperse could assist its control (Galvão et al. 2012; Navia et al. 2013). Because

disperse by wind is considered to be the primary dispersal mode for eriophyoid mites

(Michalska et al. 2010; Galvão et al. 2012), it is critical to evaluate whether eriophyoid

mites evolve specialized morphological characters, such as longer scapular setae, to

facilitate aerial dispersal. Scapular setae of A. panticis can be classified into long and short

morphs, and both morphs coexist in some study sites (Fig. 2). If the scapular setae could

facilitate wind dispersal (Krantz 1973; Lindquist and Oldfield 1996; Sabelis and Bruin

1996), it would be expected that A. panticis of long seta morph will be more widely

distributed than the short seta morph for their higher dispersal capability. On the contrary,

Fig. 5 The procedure for finite
mixture model analyses
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we found that short morphs occurred over wider areas (Fig. 2). Accordingly, longer

scapular setae seem unlikely a specialized adaptation for aerial dispersal. Whether long

seta morph develops under specific environmental conditions, is maintained by neutral

mutation, or is reproductively isolated from short morph cannot be assessed from the

current study and related studies on eriophyoid mites are still lacking. Indeed, a study on

Nenteria pandioni mite (Acari: Uropodina) concluded that causes for individual variation

in setal morphology should be complex, and might depend on age, developmental con-

ditions, or genetic variation (Adamski et al. 2008). Because setae in general could serve

sensory functions, are potentially receptors of chemical particles (Nuzzaci and Alberti

1996), or could help orient in the habitat as in the feather mite (Acari: Astigmata) (Proctor

2003), whether longer scapular setae could facilitate A. panticis in locating food or

escaping from predators warrant further study.

Modern geometric morphometric techniques enable the preservation of detailed shape

information while at the same time allowing for sophisticated statistical analyses in

comparative morphological research (Zelditch et al. 2004). Unsurprisingly, geometric

morphometrics has gained much attention in recent decades and has been widely applied to

several research topics and fields of studies (Rohlf 1998; Richtsmeier et al. 2002; Adams

et al. 2004; Slice 2007; Mitteroecker and Gunz 2009). Among these, unraveling intra-

specific variation in morphology and exploring potentially causative forces underlying the

differentiation is commonly employed (Lawing and Polly 2010). For example, Idaszkin

et al. (2013) revealed shape difference in carapace of one crab species between two habitat

types using geometric morphometric methods. Similarly, variation in cranial shape of an

Australian marsupial and their association with latitudes were also investigated with

geometric morphometric techniques (Dawson and Milne 2012). Baran et al. (2011) applied

similar approach to differentiate species of oppiid mites. Nevertheless, the application of

geometric morphometrics to eriophyoid mites remains very rare (but see Navia et al. 2006)

despite some species are important agricultural pests and investigating geographic varia-

tion in morphology is insightful for adopting more efficient pest control strategy (Navia

et al. 2006). Navia et al. (2006) compared morphology of an eriophyoid mite A. guerre-

ronis, a worldwide coconut pest, from America, Africa, and Asia, and found more mor-

phmetric variation among mites from America than those from Africa and Asia, suggesting

its American origin and the potential to find suitable natural enemies over there. In this

study, we applied 16 landmarks and found shape difference between A. panticis of long vs.

short seta morph, with a satisfactory successful classification rate of 81.5 %. This dem-

onstrates that geometric morphometrics can be effectively applied to differentiate closely

related morph of minute creatures such as eriophyoid mites. Further studies could take

advantage of this comprehensive and rigorous method in quantifying morphometric vari-

ation and in helping resolve dilemmas regarding species or subspecies classification in

eriophyoid mites. Moreover, combined with other ecological information, such as distri-

bution or habitat use, geometric morphometrics should advance our understanding of

important mechanisms leading to divergence in eriophyoid mites.
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