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Abstract Geometric morphometrics—a set of methods for
the statistical analysis of shape once saluted as a revolutionary
advancement in the analysis of morphology—is now mature
and routinely used in ecology and evolution. However, a fac-
tor often disregarded in empirical studies is the presence and
the extent of measurement error. This is potentially a very
serious issue because random measurement error can inflate
the amount of variance and, since many statistical analyses are
based on the amount of “explained” relative to “residual” var-
iance, can result in loss of statistical power. On the other hand,
systematic bias can affect statistical analyses by biasing the
results (i.e. variation due to bias is incorporated in the analysis
and treated as biologically-meaningful variation). Here, I
briefly review common sources of error in geometric morpho-
metrics. I then review the most commonly used methods to
measure and account for both random and non-random mea-
surement error, providing a worked example using a real
dataset.
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Introduction

Measurement error is ubiquitous in empirical scientific work and
morphometrics is no exception. However, its presence and im-
pact has often been overlooked in geometric morphometric stud-
ies. Morphometrics—the statistical analysis of morphological
traits and their covariation with other variables (Bookstein
1991; Dryden andMardia 1998)—has undergone a “revolution”
(Rohlf and Marcus 1993) when methods retaining the geometri-
cal properties of objects—collectively dubbed “geometric mor-
phometrics”—were developed (for historical perspectives see
Bookstein 1993; Adams et al. 2004; Adams et al. 2013). These
methods have gained, over the course of the last 20 years, ex-
treme popularity and can nowadays be considered standard tools
in biological research. One of the reasons for their popularity is
that they combine statistical rigour and ease of interpretation.
Indeed, geometric morphometric analyses preserve the statistical
rigour that was typical of traditional morphometric methods—
mainly concerned with the analysis of linear distances. At the
same time, however, geometric morphometrics allows the inter-
pretation of results in terms of shape changes. This was earlier a
prerogative of descriptive approaches to the study of morpholo-
gy, where one would describe with words the shape of biological
structures. Landmark-based geometric morphometrics is the
most commonly used geometric morphometric approach and,
as the name implies, it is based on sets of homologous points
(landmarks). This approach has then be extended to include
points along curves and surfaces—called “semilandmarks”—
which are not strictly homologous (i.e. they are not type
I landmarks sensu Bookstein 1991) but retain positional
correspondence (Gunz and Mitteroecker 2013). In a
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typical geometric morphometric analysis, data is acquired in the
form of x,y(,z) coordinates of landmarks (and semilandmarks),
subjected to generalized Procrustes analysis (Rohlf and Slice
1990; Bookstein 1997) and then analyzed with multivariate
statistical methods. Most of the statistical analyses performed
in geometric morphometric studies are the same analyses used
in traditional morphometrics, such as general linear models or
principal component analysis (Hotelling 1933). However, an
ever-growing array of methods are being developed for (or
adapted to) geometric morphometric data, with examples com-
prising approaches to study the covariation between parts
(Rohlf and Corti 2000; Klingenberg 2009; Fruciano et al.
2013; Bookstein 2015), analyses of variation in geographic
space (Cardini et al. 2007; Cardini and Elton 2009; Fruciano
et al. 2011a, b), phylogenetic comparative analyses (Rüber and
Adams 2001; Rohlf 2002; Sidlauskas 2008; Klingenberg and
Gidaszewski 2010; Adams and Felice 2014) and quantitative
genetic analyses (Klingenberg et al. 2001; Posnien et al. 2012;
Franchini et al. 2014; Maga et al. 2015). Geometric morpho-
metric methods are now routinely used across the tree of life
and represent standard tools in biological research.

Despite being largely used in all sorts of biological studies, a
factor that is often disregarded in empirical studies is the presence
and the extent of random measurement error and bias. Here, I
will use the term “random measurement error” referring to any
random variation in a sample that has no biological origin (i.e. it
is artifactual). I will, instead, use the term “bias” to indicate non-
random error (or systematic, i.e. error that is systematically dis-
tributed with respect to the true value). An increase in random
measurement error results in an increase in variance (as the total
variance will comprise the variance due to true biological varia-
tion plus the variance due to measurement error) but no variation
in mean. On the other hand, in the case of systematic error the
estimated quantity is systematically different from the true quan-
tity (i.e. it has a different mean). The presence of random and/or
systematic error in geometric morphometric datasets can have
profound consequences on the results of these analyses.
Random measurement error can inflate the amount of variance
and, since many statistical analyses are based on the amount of
“explained” relative to “residual” variance, can result in loss of
statistical power (Yezerinac et al. 1992; Arnqvist andMårtensson
1998). In otherwords, in presence of highmeasurement error, the
level of “noise” can obscure the “biological signal”. For instance,
when comparing two groups and testing the null hypothesis of no
difference in means (whether with parametric or non-parametric
approaches), one might end up not rejecting the null hypothesis
because of the high amount of variation within each group due to
measurement error (Fig. 1). The effect of measurement error can,
however, be more subtle, especially when there is a non-
negligible proportion of systematic error. For instance, when
combining data from two different operators, a simple difference
in the amount of measurement error introduced by each operator
could result in apparent patterns of variation in disparity/

morphospace occupation and, at the same time, obscure true
differences in means (Fig. 1). Obviously, different operators
could introduce not only different levels of measurement error
but also differences in its direction (inter-operator difference in
means). Such a concern is clearly growing in importance as
researchers increasingly share morphometric data and some even
“crowdsource” the process of data acquisition (Chang andAlfaro
2015). Similarly, the use of automated systems for the acquisition
of morphometric data (Loy et al. 1996; Bromiley et al. 2014)
obviously relies on their accuracy. Measurement error from var-
ious sources can also interact with other kinds of error such as the
incorrect estimation of the population multivariate mean when
using small sample sizes (Cardini and Elton 2007). When feasi-
ble, the quantification of measurement error is, therefore, of par-
amount importance. Arnqvist and Mårtensson (1998) have writ-
ten the most detailed treatment of the subject to date. Although
their study is certainly still important and relevant, new empirical
data on the subject has been accumulating over the last 18 years
and a review covering such advances seems appropriate.
Therefore, here, I briefly review common sources of measure-
ment error in geometric morphometric studies and current
methods used to measure and reduce it.

Sources of measurement error

Measurement error is ubiquitous and can be introduced at any
phase of a morphometric analysis. Considering that any exper-
imental procedure normally introduces some level of error and
that the acquisition of geometric morphometric data is com-
posed of different phases, we can expect some error to be intro-
duced during all these phases. The question is, then, which
phases introduce a non-negligible amount of error and what
can be done to limit its effects. What has been described as
“error due to specimen preparation” (Arnqvist and Mårtensson
1998) is produced by a heterogeneous array of causes.
Specimens subjected to morphometric analyses have, in fact, a
history that often includes collection, preservation and presenta-
tion of the specimen to the device that acquires morphometric
data (for instance a camera or a laser scanner). The effect of
preservation on geometric morphometric data has been already
assessed in a number of studies. The commonly used fixation of
fish in formalin (whether or not preceded by freezing) followed
by long-term storage in ethanol produces significant differences
in body shape relative to fresh specimens (Martinez et al. 2013;
Vergara-Solana et al. 2014). Similarly, differences in fish body
shape have been described—relative to the shape of fresh spec-
imens—for both frozen specimens and specimens kept in 95 %
ethanol (Valentin et al. 2008; Berbel-Filho et al. 2013). In gen-
eral, these studies show that combining fish preserved in differ-
ent ways can have important effects on morphometric analyses
(for instance, differences due to different preservation methods
could be mistaken for biologically-relevant differences). It is
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also entirely possible that the extent of measurement error in-
duced by preservation varies from species to species. These
empirical results also suggest that different preservationmethods
can have different effects on adult fish body shape. However, to
test for this—and possibly for the variation of error among spe-
cies—studies investigating multiple preservation techniques on
the same fish (and possibly on multiple species) should be un-
dertaken. Interestingly, however, a study of this kind
(Nikolakakis et al. 2014) has been recently performed on larvae
of a marine fish species, the European seabass Dicentrarchus
labrax. The Authors studied the effect of four different preser-
vation approaches, the use of anaesthesia and multiple micro-
scope slide mounting techniques. Apart from the main specific
results of this study (i.e. that fixing the larvae in glutaraldehyde
after anaesthesia did not induce significant differences in body
size and shape), it is important to notice that this study confirms
the perhaps intuitive notion that different preservation proce-
dures induce different levels of morphometric variation. On
the other hand, another study failed to find differences in adult
body shape between fish preserved in ethanol relative to fish
preserved in formalin (Hood et al. 2000). The effect of preser-
vatives has also been documented to alter the craniofacial mor-
phology of mouse embryos (Schmidt et al. 2010). Interestingly,
an analysis of the effect of formalin on mouse embryonic brains
(Weisbecker 2012) has shown temporal patterns: their size first
increased and then slowly decreased while their shape changed
abruptly in the first 24 h and then remained relatively stable.
This shows that the temporal component of preservation should
be considered (i.e. mixing specimens which have been pre-
served for a different time—especially if some of them are “al-
most fresh” while others are “long preserved”—can induce ar-
tifactual variation in a sample). Differences in the way speci-
mens are positioned in front of the data-acquisition device (i.e.
photocamera, laser scanner, CT scanner) have been long recog-
nized as another source of measurement error. For instance,
Bonneau et al. (2012) found that the shape of dry human pelvic

bones after reassembly was different relative to the shape of the
complete fresh pelvis. Another analysis on a sample of carabid
beetles (Alibert et al. 2001) showed a relatively large amount of
measurement error due to presentation associated with the sec-
ond principal component. Clearly, using a 2D projection for 3D
structures has also the potential of introducing non-trivial
amounts of measurement error (Cardini 2014). The extent of
measurement error induced by acquiring 2D data from 3D ob-
jects has been found—using multiple approaches—to be rela-
tively small (Cardini 2014). However, this error was sensibly
higher inmore spherical structures (crania) compared to relative-
ly flat objects (hemimandibles). Photo cameras also produced
more accurate representations of 3D structures relative to
flat-bed scanners (Cardini 2014). Incidentally, while one can
worry about the error introduced by using 2D projections for
3D objects, measurement error can certainly be introduced also
when generating 3D data. In particular, a potential concern
comes from the use of multiple pictures to generate 3D data
(Fadda et al. 1997; Olsen and Westneat 2015). Fadda et al.
(1997), when evaluating themeasurement error in repeatedmea-
surements of their photo camera-based device to acquire 3D
morphometric data found, however, levels of error lower than
digitization error. An issue related to the projection of a
three-dimensional object in two dimensions (such as when tak-
ing a picture) is the effect of parallax, which occurs when the
photo camera is placed too close to the object (Mullin and Taylor
2002). Apart from placing the camera farther from the object,
this source of error is not expected to affect the analysis as long
as all the specimens are affected in the same way (Mullin and
Taylor 2002). This, in turn, can be obtained by standardizing the
data acquisition procedure. An often overlooked source of arti-
factual variation, which can be considered as a presentation er-
ror, is the one arising by positioning different subjects in differ-
ent parts of a photo camera field. A study (Riaño et al. 2009) has
quantified measurement error due to optical distortion by taking
pictures in different positions of the focal field of a camera and
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Fig. 1 Schematic representation of some problems induced by
measurement error. The graphs have been produced by drawing 50
random samples from two multivariate normal distributions. The mean
of each multivariate distribution [(1,1) and (3,3), respectively] from
which the samples are drawn is the same across the three panels, only
the covariance matrix differs. In all cases, empty symbols represent the
randomly drawn observations, filled symbols the averages of each

sample. a. Random samples with limited variance, here used to
represent the case of no or very low measurement error and shows a
good separation of the two groups. b. The variance is increased due to
high measurement error and the groups are not as clearly distinct as in
panel a. c. The variance is increased due to highmeasurement error just in
one of the two groups, this could happen, for instance, when the data from
a more reliable operator and a less reliable operator are combined
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found that the first few principal components were not affected
much by measurement error but there were increasing levels of
measurement error in higher-order principal components.
Unfortunately, due to the fact that measurement error was mea-
sured for each principal component separately and was reported
only for the first three principal components, it remains hard to
evaluate the level of measurement error relative to total variation
in multivariate space. The next typical step in geometric mor-
phometric analyses is to acquire data in the form of x,y(,z)
(semi)landmark coordinates. This is often termed “digitization”,
in particular when referring to 2D landmarks from photographs.
Given that recording landmark coordinates multiple times is
obviously easier than acquiring data frommultiple presentations,
digitization error is the source of measurement error most com-
monly quantified in empirical studies. The digitization error re-
ported in empirical studies is typically low relative to the varia-
tion among individuals (Debat et al. 2003; Breuker et al. 2006;
Kitthawee and Dujardin 2009; Klingenberg et al. 2010;
Takahashi et al. 2010; Ayala et al. 2011; Takahashi 2013).
Interestingly, digitization error has been found to be low even
in a dataset of primate three-dimensional landmarks where part
of the sample was re-digitized two years later (Singh et al. 2012).
The quantification of measurement error, and in particular of
digitization error, is often performed in studies of asymmetry
(Breuker et al. 2006; Klingenberg et al. 2010). The rationale
for this is that the statistical effect of asymmetry is normally
small relative to other potential sources of variation so it is im-
portant to check that levels of measurement error are not too
high as this might potentially obscure the biological effect, if
any (Leamy and Klingenberg 2005; Klingenberg et al. 2010).
Intuitively, one might expect digitization error to be lower than
presentation error. This could often be the case but studies show-
ing similar levels of measurement errors (Verhaegen et al. 2007;
Barrow and Macleod 2008) or even a digitization error higher
than presentation error (Verhaegen et al. 2007) suggest that such
a natural expectation is not always met. The involvement of
multiple operators in any of the various phases detailed above
can be an additional source of random and/or systematic mea-
surement error. The logical expectation that experience and
learning have an effect on the levels of measurement error has
been recently documented (Osis et al. 2015). In fact, Osis et al.
(2015) by comparing a novice and an expert operator and by
tracking the novice operator over time show that the novice
operator learns receiving suggestions from more experienced
researchers. It should be noticed, however, that it is not clear
how independent from each other and from the expert operator
were the suggestions that the two experienced researchers gave
to the novice. Clearly, different levels of experience are not the
only factor affecting the inter-operator measurement error.
Fagertun et al. (2014) show that inter-operator variation was
associated to particular landmarks, perhaps reflecting the intui-
tive notion that certain landmarks are easier to visualize/digitize
and, therefore, contain less measurement error

(Campomanes-Álvarez et al. 2015). Inter-operator variation
has the potential of being a very important source of measure-
ment error and it has been previously found that inter-operator
digitization error was higher than intra-operator digitization error
(Wilson et al. 2011).

In general, measurement error has a very high number of
potential sources and it is each researcher’s responsibility to iden-
tify the most likely sources of artifactual variation in a certain
study and the feasibility of measuring and testing for them. It
should also be noticed thatmost probably there is a reporting bias
in the levels of measurement error reported in empirical studies.
That is, one can safely assume that datasets where high measure-
ment error is found during the analysis are then improved before
being used for the final analysis and publication. For this reason,
the typical levels of measurement error in real-life datasets might
be higher than the empirical results reported above suggest.

Assessing measurement error

Essentially, two different conceptual approaches have been used
to date to assess measurement error: repeated measures and com-
parisons to a “gold standard”. These two approaches clearly
serve two different purposes and the latter is often not practical
due to the absence of such “gold standard” in the first place. As
suggested by a reviewer of this paper, a “gold standard” could be
constructed ad hoc by producing unwarped images or 3Dmodels
starting from known average shapes and distributions. This
would allow the study of measurement errors already knowing
the true underlying shapes and quantifying measurement error
precisely. It has to be noticed that sometimes a comparison to a
“gold standard” is implicit. For instance, the underlying assump-
tion of studies comparing bi-dimensional configurations of land-
marks with their three-dimensional counterparts (Cardini 2014)
is that the three-dimensional version of the dataset represents a
“gold standard”. While this assumption is often justified—like in
the case of the example—there is a risk of neglecting sources of
error in the “gold standard”. Repeated measures designs—
whether implicitly referring to a gold standard or not—are by
far the most commonly used way of quantifying measurement
error. In this approach, one generates data multiple times on the
same subjects and then measures how much (and possibly how)
different measures differ. For instance, when assessing the extent
of digitizing error, one repeats the digitization step multiple times
on the same pictures (in the case of most 2D morphometric
studies) and then quantifies how similar different digitizations
are to each other. The typical way of using this approach is to
use a statistic to quantify the amount of random measurement
error in terms of agreement among different measurements. As
an alternative to using a statisticmeasuring the level of agreement
among multiple measurements, plots of the scores along the first
few principal components are also often used (O’Higgins and
Jones 1998; Viðarsdóttir et al. 2002; Franklin et al. 2007) to
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check for clustering of repeated measurements of the same indi-
vidual. That is, if repeated measurements of the same individual
tend cluster together, measurement error is deemed to be low.
While these approaches are most commonly used to assess the
extent of measurement error, nothing speaks against using a re-
peated measure design to identify the directions of measurement
error (i.e. how multiple measurements differ from each other). In
the example above, one could ask him/herself whether over time
digitizations of the same specimens tend to produce a different
shape. A perhapsmore useful case would bewhen the agreement
between multiple operators is of interest. In that case, after mul-
tiple operators have digitized the same specimens, one might be
interested in knowing not only in how much the different digiti-
zations of different operators agree but also if there is some
specific, non-random, pattern of disagreement (i.e. for instance,
one operator could consistently digitize more elongated shapes
relative to another operator).

Intraclass correlation coefficient

A relatively large number of geometric morphometric studies
have used the intraclass correlation coefficient (Fisher 1958)—
often termed also “repeatability”—to quantify measurement er-
ror in repeated measures designs. The intraclass correlation co-
efficient is a useful measure of the extent of random measure-
ment error as the variation among repeated measures is com-
pared to the variation among individuals. It can be computed
performing a one-way ANOVA on repeated measurements
using the individual as categorical variable and then applying
the formula (Fleiss 1977; Sokal and Rohlf 1995; Arnqvist and
Mårtensson 1998):

R ¼ S2A= S2W þ S2A
� � ð1Þ

Where S2A is the among-individuals variance component
and S2W is the within-individuals variance component. S2A
and S2W can, in turn, be computed as:

S2A ¼ MSamong− MSwithin
� �

=n ð2Þ

S2w ¼ MSwithin ð3Þ
where n is the number of repeated measurements while
MSamong and MSwithin are, respectively, the among-groups
and within-groups ANOVA sum of squares.

The repeatability value that would be obtained averaging
repeated measurements can be estimated using the formula
(Fleiss 1977; Arnqvist and Mårtensson 1998):

Rn ¼ nR= 1þ n−1ð ÞR½ � ð4Þ

where R is the value of repeatability computed with Eq. 1 and
n is the number of repeated measures.

From Eq. 1, it is, then, clear how the intraclass correlation
coefficient reflects the relative amount of measurement error:
the among-individuals variance component (S2A, that in our bio-
logical application we can assume to be reflective of biological
variation) is divided by the total variation in the sample (i.e. the
among-individuals component summed to the within individuals
component, the latter reflecting measurement error). Clearly, the
closer this ratio gets to one, the smaller (in a relative sense) is the
within individual variation (i.e. the smaller the variation among
repeated measures of the same subjects, reflective of measure-
ment error). The intraclass correlation coefficient has been used
in empirical geometric morphometric studies to assess the rela-
tive measurement error due to digitization (Kitthawee and
Dujardin 2009; Henry et al. 2010; Takahashi et al. 2010), pre-
sentation (Riaño et al. 2009), variation among operators
(Dujardin et al. 2010; Gonzalez et al. 2011). One of the main
limitations to the use of the intraclass correlation coefficient is the
absence of reference values based on which one can decide
whether the amount of measurement error present in a sample
is reasonably small. This can be considered a subjective decision
and often there is a disagreement among practitioners on what
constitutes a “good” repeatability (Costa-Santos et al. 2011). A
number of other problems with the intraclass correlation coeffi-
cient have been recognized based on statistical grounds. For
instance, the value of the intraclass correlation coefficient is de-
pendent on the range of the measuring scale and on the number
of repeated measurements (Müller and Büttner 1994). While the
formulation given above is the most frequently encountered, oth-
er intraclass correlation coefficients have been described (Shrout
and Fleiss 1979) and they produce different values when applied
on the same data. The most important limitation to the use of the
intraclass correlation coefficient in geometric morphometrics is,
however, its univariate definition [although multivariate exten-
sions have been proposed; see Ahrens (1976)]. This is obviously
a serious limitation in the case of inherently multidimensional
data, such as shape data. Despite these limitations, the intraclass
correlation coefficient can still be considered a useful exploratory
tool to gauge the extent of random measurement error in a sam-
ple, especially in pilot studies. It can, for instance, be used to
measure the level of repeatability of centroid size, which is a
univariate measure. It should be noticed, however, that the re-
peatability of centroid size in empirical studies has been normally
found to be quite high and higher than the repeatability of shape
variables across a range of organisms and traits (Arnqvist and
Mårtensson 1998; Sinclair and Hoffmann 2003; Langerhans
et al. 2007; Simmons and Kotiaho 2007; Simmons and
Garcia-Gonzalez 2011; Van Heerwaarden and Sgrò 2011).
Multiple studies have also computed the intraclass correlation
coefficient on scores along each principal component separately
(Arnqvist and Mårtensson 1998; Simmons and Kotiaho 2007).
Although this would imply that each principal component can be
interpreted separately—which is something problematic and nor-
mally not suggested—this approach could still be useful as an
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exploratory tool prior to dimension reduction. That is, if the
principal components with the lowest repeatability are the ones
of highest order one can assume that the “biological signal” is
concentrated in the first few principal components while the
following principal components are more affected by measure-
ment error. This information can then be used to decide—
possibly assisted by other approaches (Anderson 1963;
Mitteroecker and Bookstein 2011)—whether dimensionality
reduction would be an appropriate choice. Although no spe-
cialized morphometric software computes the intraclass corre-
lation coefficient, its computation is extremely easy if one
obtains the mean square estimates from a general statistical
package and applies the formulas above. Considering that
the intraclass correlation coefficient equals the Pearson corre-
lation coefficient in the case of two repeated measurements, a
logical extension to multivariate data in the case of two mea-
surements would seem the Escoufier RV coefficient (Escoufier
1973). This coefficient is being increasingly used after being
proposed (Klingenberg 2009) for geometric morphometric
studies of modularity and implemented in the free and
easy-to-use software MorphoJ (Klingenberg 2011). The reason
why the Escoufier RV coefficient would seem at first an ideal
choice is that this coefficient has been described as a “multi-
variate analogue” of the correlation coefficient. However, the
value of the RV coefficient has been shown to depend on
sample size (Smilde et al. 2009; Fruciano et al. 2013) and this
would make its interpretation even more problematic than the
interpretation of the intraclass correlation coefficient. Perhaps
the use of resampling-based approaches to obtain sample
size-corrected values of the RV coefficient (Fruciano et al.
2013; El Ghaziri and Qannari 2015) could produce results
easier to interpret. Ideally, such approaches should be
complemented by tests of the null hypothesis of perfect asso-
ciation between the two datasets. This is possibly an area of
future research.

Procrustes ANOVA

Another popular approach for quantifying measurement error
is Procrustes ANOVA (Klingenberg and McIntyre 1998;
Klingenberg et al. 2002). This method has been implemented
in the software MorphoJ and it is popular for analyzing both
measurement error (White and Searle 2008; Laffont et al.
2009; Singh et al. 2012; Leamy et al. 2015; Schmieder et al.
2015) and patterns of asymmetry (Breuker et al. 2006; White
and Searle 2008; Klingenberg et al. 2010; Leamy et al. 2015).
Procrustes ANOVA is based on the fact that the algorithm of
generalized Procrustes analysis (Rohlf and Slice 1990)—
which is at the core of current geometric morphometric prac-
tice—optimally superimposes landmark configurations (i.e.
individual observations) by minimizing the sum of squared
distances of all objects and the consensus (mean) configura-
tion. For this very reason, then, the sum of squared deviations

from the mean configuration of each coordinate can be
partitioned in different terms in a two-factor ANOVA.
This sum of squares for different effects can then be
summed across all the coordinates. Mean squares can then
be computed by dividing the total sum of squares for an
effect by the relevant degrees of freedom (Klingenberg and
McIntyre 1998). The beauty of this approach in the context
of the quantification of measurement error is that, by
obtaining mean squares for different terms of an
ANOVA, one can have an estimate of the relative contri-
bution of each factor to the total variation. That is, one can
observe if the mean squares is “large” relative to the bio-
logical effect of interest (for instance, a term describing
variation in shape among individuals or a term describing
levels of asymmetry). This, as mentioned, is particularly
r e l e v a n t i n s t u d i e s o f a s ymme t r y wh e r e t h e
biologically-relevant effects are often small relative to the
variation among individuals and sometimes relative to the
variation induced by measurement error. Apart from
MorphoJ, this method has been implemented in other soft-
ware such as the R package geomorph (Adams and
Otárola-Castillo 2013). As for the intraclass correlation
coefficient, one potential problem is represented by the
difficulty of interpreting the difference in sum of squares
when the measurement error mean squares are not much
larger than the mean squares for the biological effect of
interest. In other words, how much larger should the mean
squares for the biological effect of interest should be rela-
tive to the measurement error? As in the case of the
intraclass correlation coefficient, this is probably a subjec-
tive decision. Informally, one could also use the mean
squares obtained from the Procrustes ANOVA table to
compute repeatability estimates using the formula for the
intraclass correlation coefficient (Eqs. 1, 2 and 3 above).
Although this would not overcome the problems with the
interpretation of the results, it would give a number com-
prised between zero and one, similar to the intraclass cor-
relation coefficient.

Quantifying the effect of projection in two dimensions

The method recently suggested to measure the effect of using
a bi-dimensional projection for three-dimensional structures
(Cardini 2014) can be considered in part an extension of the
Procrustes ANOVA approach to this specific case. Cardini’s
approach consists in adding a third zero coordinate to the 2D
dataset, performing a common generalized Procrustes analysis
using both the 2D and 3D datasets, computing the residuals of
shape from the group mean and analyzing the residuals with
the same approaches used for other kind of error sources
(Procrustes ANOVA, sequential nested agglomerative cluster-
ing). In particular, Cardini suggests using Procrustes ANOVA
to quantify the amount of shape variation accounted by the
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bi-dimensional projection. In terms of the clustering method
used, Cardini uses UPGMA—after his procedure that in-
volves subtracting from the 2D and 3D datasets their respec-
tive means—as an exploratory tool. The rationale is that if 2D
data is an accurate representation of the 3D objects, these
would tend to cluster by individual (i.e. 2D and 3D represen-
tations of the same individual should be in most or all cases
“sister leaves” in the resulting phenogram). One can speculate
that other clustering approaches—not creating nested clusters
—could also be used. For instance a k-means algorithm—
which does not construct nested clusters—with k (number of
clusters) set equal to the number of specimens could be a
sensible choice. On the other hand, an algorithm producing
nested clusters allows the identification of individuals highly
affected by measurement error. For instance, in the case of
specimen 14 in Figure 7a of Cardini (2014), not only different
representations of the same specimen do not cluster together,
but they also occupy very distant portions of the phenogram.
One could also compute statistics such as the adjusted Rand
index (Hubert and Arabie 1985) to quantify how closely the
pattern resulting from the clustering algorithm resembles the
expected pattern of all measurements (2D and 3D) of the same
individual being in the same cluster. For instance, when com-
puting the adjusted Rand index on the clustering observed in
Figure 7a of Cardini (2014), I obtain a value of 0.77, signifi-
cant (p<0.001; based on 1000 permutations) using a recently
proposed procedure (Qannari et al. 2014) to test for the sig-
nificance of the agreement between expected and observed
clustering. These results based on the adjusted Rand index
are substantially in agreement with the ones obtained by the
Author of the original publication. A more direct approach
could also involve simply checking if 2D and 3D versions
of the same individual are nearest neighbours in multivariate
space. In any case, the part of Cardini’s approach using clus-
tering algorithms remains exploratory in nature. As noticed by
a reviewer of this paper, Cardini’s approach might also pro-
duce different results when carried out using partial Procrustes
fit (as opposed to the full Procrustes fit implemented in
MorphoJ, as used by Cardini). It can be argued that perhaps
few researchers have access to devices to acquire 3D data and
then decide to use 2D geometric morphometrics. However, I
predict that, as methods to acquire 3D data from pictures are
developed and perfected (Olsen andWestneat 2015), it will be
more and more common for researchers to investigate the
costs and benefits of using a 3D or 2D approach on a given
biological sample.

Testing for non-random measurement error

Clearly, the procedures presented so far generally quantify the
extent of measurement error but do not take into account if
measurement error has a specific direction (i.e. bias). For in-
stance, it is entirely possible that different operators impart

specific shape features to the data they collect. Similarly, one
might also be interested in if and how a certain preservation
method affects shape. The typical approach to study this prob-
lem is, again, to use a repeated measures design on a set of
specimens. That is, in our first example different operators
would gather data on the same set of specimens and in our
second example the same specimens would be measured fresh
and after preservation. The repeated measures design induces
non-independence between the two groups of observations and
this non-independence should be taken into account.
Unfortunately, generally the empirical geometricmorphometric
studies evaluating measurement error in this kind of design
have used hypothesis testing approaches which do not take into
account this non-independence. For instance, multiple studies
on the effects of preservation techniques (Berbel-Filho et al.
2013; Martinez et al. 2013; Vergara-Solana et al. 2014) have
used the permutation procedures based on Hotelling’s T2 or
Procrustes distances implemented in MorphoJ (Klingenberg
2011) or in the IMP package (Sheets 2003) to compare the
same specimens prior and post-preservation. These procedures
are designed to test for difference in mean shape between
groups of independent observations. In fact, these approaches
use a resampling procedure where the empirical distribution of
a test statistic (T2 or Procrustes distance between groups) is
generated under the null hypothesis of no difference between
groups by randomly “shuffling” the observations between the
two groups. In these procedures, any observation (individual
specimen) of one group can, under the null hypothesis, be
allocated in the other group and replaced by any other obser-
vation of the second group. However, in the case of a repeated
measures design both groups contain the same observations/
individuals but under two different treatments/conditions.
Research in the methods for the statistical analysis of this kind
of data—called also “multivariate longitudinal data”—is cur-
rently very active (Bandyopadhyay et al. 2011; Verbeke et al.
2014) and outside of the scope of this review. However, the
most trivial logical extension of the procedures developed for
independent groups of observations is to change the resampling
scheme so that treatments are “shuffled” only within subjects.
In this case, in fact, the null hypothesis is of no effect due to
treatment so, under the null hypothesis, the treatments of the
same subjects are exchangeable.

Identifying subjects with high levels of measurement error

When acquiring geometric morphometric data, one might of-
ten want to identify the specimens with higher levels of mea-
surement error so that they can be either excluded from the
analysis or that better-quality data can be acquired for them
prior to the final analysis. Different exploratory procedures
have been proposed to identify such specimens. For instance,
in an informal online protocol (Adriaens 2007) for testing
error in landmark-based geometric morphometrics, Adriaens
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suggests inspecting for outliers the plots of Procrustes dis-
tances against tangent Procrustes distances available in
tpsUtil (Rohlf 2015). Groups of observations lying separately
from the others might, in fact, reveal specimens with high
measurement error (due, for example, to switching the order
of two landmarks during the digitization). Similarly, an in-
spection of scatterplots of the first two principal components
in any of the commonly used morphometric software could
also reveal clear outliers. The advantage of this kind of soft-
ware is that plots of the shape changes accounted for by the
first principal component are readily available and immensely
helpful in identifying landmarks that are clearly misplaced.
MorphoJ implements a more complex exploratory procedure
for the identification of outliers. Here, the cumulative curve of
pairwise distances between observations expected for a mul-
tivariate normal distribution fitted to the data and the cumula-
tive curve observed in the dataset at hand are compared. An
inspection of such curve can help identifying the presence of
outliers and a list of the specimens with their distance from the
average shape is also provided with the possibility of exclud-
ing one or more specimens and evaluating how the observed
curve changes. Importantly, the deviations for each specimen
from the average shape can also be visualized as vectors at
each landmark. This is, in turn, very helpful to identify not
only landmarks whose labels have been swapped but also
more subtle cases of errors in the digitization. These ap-
proaches are extremely useful during the preliminary analysis
of a new dataset as they allow the identification of many
errors. However, for the most part they can be considered
procedures for the identification of outliers. Many procedures
for the identification ofmultivariate outliers exist (Rohlf 1975;
Penny and Jolliffe 2001; Jobe and Pokojovy 2014) and, al-
though they can certainly help in identifying specimens with
high levels of measurement error, they do not analyze mea-
surement error per se. Rather, when repeated measurements of
the same individual exist one could simply identify individual
observations with high measurement error by looking at the
individuals with the highest Procrustes distance among repeat-
ed measurements. Plots of the distribution of the distance
among repeated measurement of the same individuals might,
then, be a useful graphical aid.

Quantifying measurement error at specific landmarks

Sometimes, especially in the first stages of a morphometric
study, a researcher might be concerned about the quality of
chosen landmarks. In particular, he/she might want to choose
to discard specific landmarks with high measurement error to
keep a dataset of more reliable landmarks. Identifying land-
marks with high measurement error is relatively difficult in
common geometric morphometric studies as the generalized
Procrustes analysis which is at the core of current geometric
morphometric practice induces a non-independence in the

error among landmarks. Therefore, a particularly high varia-
tion at one landmark is “distributed” to other landmarks—
something that has also been dubbed “Pinocchio effect”
(Chapman 1990; Zelditch et al. 2004). For this reason, often
variation at a particular landmark or coordinate has relatively
little meaning. This is also one of the reasons why chiefly
multivariate statistical methods are used in the analysis of
geometric morphometric data. Sometimes this problem can
be overcome through a comparison to a “gold standard”. For
instance, in a recent study on bird bone shape (Provini et al.
2013) the Authors digitized a first set of landmarks eight times
and then—for each landmark—compared the distance be-
tween the average landmark location and each of the eight
separate measurements, discarding landmarks where the aver-
age distance was higher than twice the precision of the acquir-
ing device (as declared by the constructor). Most of the time,
however, researchers have been assessing measurement error
at each landmark after generalized Procrustes analysis (thus
being affected by the non-independence of errors created by
this procedure). For instance, Adriaens’ protocol (Adriaens
2007) suggests an exploratory approach where one removes
from a dataset potentially problematic landmarks one at a time
(or two at a time) and each time checks how this change
affects the observed patterns of the scores along the first few
principal components. Similar exploratory approaches are al-
so common in the literature and include cases in which prin-
cipal component analyses of repeated measures of a single
individual are used to identify the landmarks that are most
variable due to measurement error (Bastir et al. 2006).
Another approach (Singleton 2002) consists in evaluating
the variation across repeated measurements of the distance
between each landmark and the centroid of the configuration
of points, identifying landmarks with higher level of variation
as more problematic. However, it has been shown that this
approach can underestimate measurement error at selected
landmarks if such error is not collinear with the vector
connecting the centroid of the configuration of points and
the true position of the landmark (von Cramon-Taubadel
et al. 2007). A more recent approach (von Cramon-Taubadel
et al. 2007) consists on superimposing the target configuration
of points based only on three landmarks so that the measure-
ment error at the other landmarks is retained and not
“smeared” across them. Although this method is useful as it
sidesteps the “Pinocchio effect”, it has a potentially limiting
set of assumptions. In fact, the three landmarks used as refer-
ence landmarks should have spherical measurement error, all
of them should have the same levels of error and, possibly,
they should also be far from each other relative to the complete
configuration of points (von Cramon-Taubadel et al. 2007).
One can imagine that it can be hard in some—or many—
empirical datasets to find three reference landmarks to be used
for this approach. When this method cannot be used, the ex-
ploratory approaches based on principal component analysis
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of repeated measurements of a single individual can currently
being considered a good working solution. A perhaps more
articulated version of these exploratory methods could com-
bine principal component analyses and averaging of repeated
measurements (Fig. 2). In particular, one could produce plots
of the variation accounted for by the first principal component
in both the dataset with repeatedmeasurements and the dataset
where repeated measurements have been averaged. The ex-
pectation, then, would be that (often) landmarks containing
high levels of random measurement error should load heavily
along the first principal component in the dataset with repeat-
ed measurements but not in the dataset where repeated mea-
surements have been averaged (Fig. 2). It should be noticed,
however, that this approach can be considered only an exten-
sion of other exploratory approaches and it does not overcome
the problems connected to the “Pinocchio effect”.

Accounting for and minimizing measurement error

As mentioned, measurement error is ubiquitous in scientific
research. One can only hope to account for and minimize the
amount of error so that one gains higher biologically-relevant
signal to noise ratio and this, in turn, produces higher statisti-
cal power. Obviously, many of the techniques used to identify
and assess measurement error can also be used to make sub-
jective decisions aimed at decreasing measurement error. For
instance, after identifying subjects with high levels of mea-
surement error, one can decide to exclude them from the anal-
ysis or acquire again the data. There are, however, two main
non-mutually exclusive approaches whose goal is to account
for and reduce measurement error: averaging of repeated mea-
sures and explicitly modelling error.

Averaging of repeated measurements

Taking multiple measurements and averaging them is perhaps
the most commonly used technique to reduce measurement
error both in geometric morphometric studies (Arnqvist and
Mårtensson 1998; Fruciano et al. 2011b, 2012, 2014) and in
other research fields (de Vet et al. 2003; Viswanathan 2005).
The general idea behind this approach is that measurement
error is random so averaging repeated measurements will

approximate the unknown true value better than each separate
measurement. One of its advantages is its simplicity as aver-
ages of repeated measurements are easily obtained in simple
spreadsheets, general statistical software and in the widely
used morphometric software MorphoJ. It should, however,
be noticed that the rationale of this approach makes it ideal
to reduce random measurement error but that in presence of
non-random measurement error it can even have detrimental
effects (Fig. 3). Another important point is that measurements
should be repeated relative to one or more likely sources of
measurement error. Perhaps not surprisingly, many empirical
geometric morphometric studies (Muñoz-Muñoz et al. 2011;
Fruciano et al. 2014) have used averages of repeated digitiza-
tions of the same specimens while much fewer studies have
computed averages of repeated presentations, which require
more effort to be obtained (but see Dvorak et al. 2006;
Fruciano et al. 2011b, 2012; Schmieder et al. 2015).
However, presentation can be a non-trivial source of error
(see above).

Explicitly modelling measurement error

A different strategy—which is clearly more suitable when
accounting for non-random measurement error—is to explic-
itly model the artifactual variation in a sample. This strategy
has been used in a number of empirical studies (Fruciano et al.
2011b, 2012, 2014; Franchini et al. 2014; Ingram 2015), al-
though it has been certainly less popular than averaging of
repeated measures. It should, however, be stressed that explic-
itly modelling measurement error and averaging of repeated
measures serve two different purposes and they are not
mutually-exclusive. This strategy has been often applied to
the problem of fish body arching—i.e. the fact that fish, being
usually elongated, can be presented in different ways in front
of the photo camera, which in turn generates artifactual vari-
ation due to different levels of body arching in a sample. An
early application to this problem (Glasbey et al. 1995) as-
sumed three landmarks to lie on a straight line in an unbent
fish and then derived a geometrical transformation to
“straighten” these three and all the other landmarks. These
Authors also reported improved correct classification in linear
discriminant analysis for the samples subjected to this correc-
tion for measurement error. A similar approach to the same
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Fig. 2 Schematic representation (based on fictitious data) of an
exploratory approach that can be used to identify error at specific
landmarks. One can compare plots of the shape variation accounted for
by the first principal component when using repeated measurements (a)

and after averaging repeated measurements (b). Notice how the vector at
point 9 changes considerably between the two plots, while the rest
remains relatively similar. Point 9 could then be a landmark extremely
variable for non-biological reasons
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problem—involving fitting of a quadratic function—has been
since long implemented in the software tpsUtil (Rohlf 2015)
and allows, by defining three points which should lie on a line
in the unbent fish, to correct for a U-shaped arching. More
recently, the software has been updated to fit a cubic function
—requiring at least 4 points that are assumed to stay on a line
in the unbent fish—thus also allowing for the correction of an
S-shaped arching. Having been implemented in an easy-to-use
software, it is not surprising that this function—aptly named
‘Unbend specimens’—has been used in many empirical stud-
ies (Genner et al. 2007; Haas et al. 2010, 2015; Arbour et al.
2011; D’Anatro and Lessa 2011; Hirsch et al. 2013;
Dennenmoser et al . 2015; Larouche et al . 2015;
Santos-Santos et al. 2015). These methods, although power-
ful, rely on a specific set of assumptions. Namely, that the
artifactual variation in presentation can be adequately de-
scribed by the chosen function and that a certain set of points
lies on a straight line in the unbent fish. These assumptions
should be carefully considered when using this kind of ap-
proach as disregarding them can have negative consequences
on downstream analyses. In fact, the position of the chosen
reference points can have an effect on the final results and
points assumed to lay along a straight line in unbent fish might
not be present or easy to identify. Perhaps more importantly,
any biologically-relevant variation in the position of the points
chosen as reference is transferred to other points in the land-
mark configuration. A more general and flexible approach to
modelling artifactual variation consists in modelling it as a
multivariate vector and then projecting the original data to
the multivariate subspace orthogonal to said vector. This type
of approach has long been suggested as a way to account for

variation in a sample due to allometry (Burnaby 1966; Rohlf
and Bookstein 1987). More recently, the same idea has been
applied to modelling and removing artifactual variation in
articulated structures (Adams 1999) and datasets of human
heads (Gharaibeh 2005) and fish bodies (Valentin et al.
2008; Fruciano et al. 2011b, 2012, 2014; Franchini et al.
2014; Ingram 2015). In its most recent formulation as a meth-
od for removing artifactual variation (Valentin et al. 2008),
this approach consists in acquiring data on the same specimen,
purposely presenting it at different levels of artifactual varia-
tion (for instance, different levels of body arching in fish or
different levels of turning in human faces). Then a principal
component analysis is performed and if the vast majority of
the variance is explained by the first principal component, this
is considered a good approximation of themodelled artifactual
variation. To avoid that choosing a particular specimen as a
model would affect the analysis, it is generally preferred to use
multiple specimens for the same procedure (Valentin et al.
2008) and then compare the angles among vectors (i.e. the
first principal component obtained for each of the specimens).
If the pairwise angles between vectors are reasonably low—
meaning that there is limited variation among models—then
an average vector is computed. Finally, the Burnaby’s proce-
dure (Burnaby 1966) is used to project the original data in the
multivariate subspace orthogonal to the average vector. The
final result of this procedure is a set of landmark coordinates in
which the modelled artifactual variation has been removed
and that can be used in downstream analyses. The advantage
of this technique is that it is relatively simple yet extremely pow-
erful and flexible. In fact, artifactual variation can be modelled
without choosing a priori a specific mathematical function but,
rather, producing the expected deformation from the available
samples. The set of assumptions of this approach is relatively
limited and can be easily tested. In fact, the assumption that most
of the artifactual variation can be modelled by a single vector in
multivariate space is easily tested by checking the amount of
explained variance while pairwise angles between vectors can
be easily computed with the formula

ai j ¼ arcos i⋅ jð Þ ð5Þ

where aij is the angle between each pair of vectors i and j and the
operator · is the dot product. The choice of what constitutes an
adequate amount of explained variance and how small should
pairwise angles between vectors be is partly subjective, although
one could test the latter using the formulas (Li 2011) implement-
ed in MorphoJ or simulation procedures. One of the advantages
of this method is its flexibility. It can, for instance, be used to
remove the potentially confounding effect of sexual dimorphism
in a sample comprising observations of unknown sex if
sub-samples of individuals of known sex are available
(Fruciano et al. 2014). Burnaby’s procedure can also be used to
project data to the subspace orthogonal not only to a single
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Fig. 3 Hypothetical situation in which averaging across repeated
measurements can be detrimental. Each point represents a landmark in
two dimensions. The star represents the true, unknown, position of the
landmark, the square is the landmark as digitized by a hypothetical expert
operator, the empty circles are hypothetical digitization from three novice
operators. Finally, the diamond is the average of both the “novice” and the
“expert” digitizations. It can be seen that there is a non-random pattern of
measurement error, which differs between the “expert” and “novices”.
Using only the “expert” digitization would approximate better the true
position of the landmark compared to taking an average of all
measurements
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direction (axis) but, potentially, even to an entire subspace of the
total original multivariate space (comprising more than one di-
rection). Considering the simplicity and flexibility of this ap-
proach, it is perhaps unfortunate that it has been used relatively
scarcely in empirical studies. Perhaps, the implementation of this
approach in easy-to-use software will favour its morewidespread
adoption. An interesting extension of the approach is to project
the original dataset not to the subspace orthogonal to the vector
chosen to represent artifactual variation but, rather, to project it on
the vector. This would return scores along this vector for each
observation of the original dataset which could, in turn, be used
to identify specimens particularly affected by a given source of
measurement error. These specimenswith extreme levels ofmea-
surement errormight, in fact, have specific artifactual features not
present in specimens with milder levels of error.

A practical example

Dataset

Here, I use an existing dataset to show some of the approaches
described above. An overview of the methods presented in this
review can be found in Table 1, together with examples of soft-
ware implementing them (including the ones used in the example
here). This is not meant to be an exhaustive application of all
possible approaches to assess and account formeasurement error.
The dataset has been previously used in two empirical morpho-
metric studies (Fruciano et al. 2011b, 2012), where further details
can also be found—with the addition of twoEgyptian individuals
used in a genetic study (Fruciano et al. 2011c). It comprises a
total of 265 specimens of the labrid fishCoris julis collected at 10
Mediterranean sampling sites. Shortly after collection, fish were
preserved in 95 % ethanol and individually marked. Pictures of
the left side of each specimen were taken using a digital camera
mounted on a copy stand with an experimental design in which
every specimen had two presentations (two pictures) and two
digitizations of landmarks for each presentation, for a total of
four sets of coordinates. Twenty points (both landmarks and
semilandmarks; Fig. 4) were digitized using the software
tpsDig2 (Rohlf 2015). Throughout the data gathering phase, sev-
eral measures have been taken to avoid, as much as possible, bias
and error. In fact, pictures were taken using a relatively long
camera-subject distance (495 mm) to minimize the effect of par-
allax (Mullin and Taylor 2002). Prior to taking pictures, each
specimen was kept shortly (approximately 10 min) in water to
rehydrate and then kept straight by running a long needle of
appropriate length through the right side of the body from the
caudal peduncle to the head (Windsor Aguirre, pers. comm.),
evaluating by eye that the specimen was not dorso-ventrally
arched relative to the antero-posterior axis of the body and that
it stayed approximately “flat” and orthogonal with respect to the
optical axis of the camera. The rehydration step facilitates the

insertion of the above-mentioned needle. To better visualize the
position of certain landmarks in the pictures, entomological pins
were used. Each picture contained a scale bar. The gathering of
data for geometric morphometric analyses was set up as a series
of “sessions” (which were numbered consecutively for subse-
quent analyses). Each session comprised a “picture-taking” part
and a digitization part. During the “picture-taking” phase each
specimen was: put in water to rehydrate (approximately 10 min),
straightened with the help of an appropriately-sized needle,
marked with entomological pins, put in position and
photographed for the first time; then all the pins (both the ones
for landmark location and the one to straighten the fish) were
removed, the fish put back in water for about 2 min then the
whole process was repeated to take the second picture after
which the specimen was put back in the storing jar and the
process was started again with a new specimen. The aim of such
a way of obtaining repeatedmeasures is to take into account both
preparation-related error (i.e. slightly different insertion of land-
mark pins) and presentation-related error (i.e. slightly different
ways of presenting the fish relative to the digital camera).

In no case the digitization of landmarks took place on a
different day. The same equipment (digital camera, copy stand,
laptop computer, mouse, software) was used for all the sessions
to avoid introducing further sources of variation; in a similar
fashion, all the steps of the analysis were performed by the same
operator to avoid inter-observer variation in the data.
Individuals from each population were arranged in different
sessions (days) so that amanageable number of specimenswere
photographed and digitized in a single day. Populations were
not photographed and digitized as a whole (all the specimens of
a certain population on a single day) but, instead, each popula-
tion was divided in small sub-samples that were photographed
and digitized in different sessions and in “rounds” so that each
session usually comprised specimens from different popula-
tions and sub-samples of a certain population were always
photographed in different, non-successive, sessions. The fish
were also processed randomly with respect to body size. Such
a design was employed to avoid that a potential change in time
in the way the operator performed his tasks could produce bias
in the analyses as the main biological effect of interest were the
variation among populations (Fruciano et al. 2011b) and the
morphological variation across growth (Fruciano et al. 2012).
After all the specimens had been photographed and landmarks
digitized, the position of landmarks/semilandmarks was care-
fully checked again by eye for each specimen in the dataset
looking for sub-optimally placed points. Obtained landmark/
semilandmark configurations were then subjected to a general-
ized Procustes analysis with the sliding of semilandmarks
(Bookstein 1997). Sliding of semilandmarks and alignment of
configurations were performed with tpsRelw (Rohlf 2007)
using ten iterations and setting as sliding criterion the minimi-
zation of the squared Procrustes distance; this criterion was
chosen because it removes all the tangential variation along
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outlines whereas choosing the criterion of minimizing bending
energy some of the tangential variation is retained (Perez et al.
2006). Centroid size was also computed in tpsRelw.

Assessing measurement error

Aprincipal component analysis of this dataset (comprising a total
of four configurations of points per specimen) in MorphoJ

reveals that variation attributable to body arching is considerable
(Fig. 5a), even if extra care had been taken to present the fish as
straight as possible. Computing averages of repeated measure-
ments for each specimen slightly reduces the problem but it does
not seem to solve it (Fig. 5b). Computing repeatability for each
relative warp (principal component) of the raw data by
performing a one-way ANOVA in a general statistical package
and then using Eqs. 1, 2 and 3 above reveals values that can be

Table 1 Overview of methods for assessing and accounting for
measurement error in geometric morphometric studies. The list of
software implementation is not meant to be comprehensive and most of

the methods, including the ones currently without a proper software
implementation, can be implemented either manually or with limited
effort in a scripting language

Purpose Method Software implementation

Measuring global agreement
among measurements

Intraclass correlation coefficient PAST (Hammer et al. 2001), SPSS
R packages irr (Gamer et al. 2012), psy

(Falissard 2012), psych (Revelle 2015)
Manual (one-way ANOVA/Procrustes

ANOVA and formulas based on
mean squares)

Measuring global agreement among
measurements

Procrustes ANOVA MorphoJ
R package geomorph

Quantifying the effect of using a
2D projection for 3D structures

Addition of a zero coordinate, common generalized
Procrustes analysis and subtraction of group means
followed by typical approaches to quantify/explore
measurement error

Partly manual, partly with MorphoJ and
general statistical packages

Testing for bias Permutational procedures based on Procrustes distances
with appropriate permutation scheme

–

Identifying subjects with high levels
of measurement error

Detection of outliers with exploratory procedures tpsSmall, MorphoJ, general statistical
software (ordinations)

R package geomorph

Identifying subjects with high levels
of measurement error

Inspection of Procrustes distances among repeated
measurements

tpsSmall, NTSYSpc (to compute
Procrustes distances)

Identifying landmarks with high levels
of measurement error

Inspections of principal component plots of repeated
measurements/comparison of the patterns after
averaging repeated measurements

Most morphometric and general
statistical software

Identifying landmarks with high levels
of measurement error

Analysis of the variation across repeated measurements
of the distance between each landmark and the
centroid of the configuration

–

Identifying landmarks with high levels
of measurement error

Superimposition based only on a subset of landmarks –

Reducing random measurement error Averaging of repeated measurements MorphoJ

Removing explicitly modelled
measurement error

Fitting a mathematical function and applying the
inverse function to the configuration of points

tpsUtil (fish body arching)

Removing explicitly modelled
measurement error

Burnaby’s method for projecting the data in the
subspace orthogonal to a given vector/subspace

NTSYSpc

Fig. 4 Configuration of points
used in the example. Filled circles
represent landmarks, empty
circles semilandmarks
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considered medium-high with no pattern of low repeatability
being concentrated in the higher-order principal components
(Table 2). Performing a Procrustes ANOVA in MorphoJ on the
same dataset using as error terms presentation and digitization
reveals a non-trivial amount of measurement error (Table 3). In
particular, a considerable—and significant—amount of variation
among replicates can be attributed to presentation error as the
mean squares for this term is more than 10 % than the mean
squares for the “individual” term. On the other hand, the residual
mean squares are only about 1.5 % than the mean squares for the
“individual” term. This suggests that, following a reasonable
expectation, presentation error is much larger than digitization
error in this dataset. By performing a Procrustes ANOVA using
only the “individual” term and the residual term (i.e. pooling the
variation attributable to both presentation and digitization) and
applying informally the Eqs. 1, 2 and 3 above to obtain a single
number comprised between zero and one, we obtain a value of
0.84, similar to the values observed computing repeatability es-
timates for each relative warp separately. The repeatability for
centroid size is 0.996; the estimated repeatability that would be
obtained averaging across all four centroid size measurements is
0.999 (i.e. as observed in previous empirical studies, the repeat-
ability for centroid size is higher than the repeatability for shape
variables).

Reducing measurement error

The analyses above on the example dataset show that there is a
certain amount of measurement error that is related to body
arching and that cannot be taken into account by averaging
repeated measurements. For this reason, I decided to subject
the full dataset comprising four landmark configurations for
each specimen to a procedure based on Burnaby’s projection
to remove the effect of body arching (Valentin et al. 2008), and
then average the resulting coordinates of each specimen. The
rationale for this choice is that first a certain type of error
(which has a precise direction in shape space and it is unlikely
to be distributed randomly around the mean in a small number
of repeated measures) is removed as much as possible, then
the residual error is further reduced by averaging the repeated
measures.

To this end, a specimen from each population was
photographed in six different positions related to different

levels of arching. In particular, while this artifactual variation
is normally modelled as a C-shaped dorso-ventral arching of
the fish (Valentin et al. 2008), being C. julis an elongated fish,
I decided to model this variation as both a C-shaped dorso-
ventral arching and an S-shaped arching (i.e. head and tail
pointing in opposite directions). I then digitized the 20 land-
mark and semilandmark points on each set of six pictures. I
then separately subjected each set of six landmark configura-
tions to a generalized Procustes analysis with the sliding of
semilandmarks (Bookstein 1997) followed by a computation
of the first eigenvector in NTSYSpc 2.2 (Rohlf 2005). I also
computed pairwise angles among the first eigenvectors
(scaled to unit size) of each principal component analysis
using Eq.. 5 above. Being the angles between vectors relative-
ly small (Table 4), I decided to use the average vector and I
subjected the whole dataset comprising the four configura-
tions per individual to a projection into the subspace orthogo-
nal to such vector using the software NTSYSpc. After
performing a new generalized Procrustes analysis with sliding
of semilandmarks, a principal component analysis on this new
dataset—now corrected for body arching—reveals that the
main variation corresponds to how deep the body is (Fig. 6),
which is a pattern that has clear biological explanations
(Fruciano et al. 2011b, 2012) and that is maintained when
averages of repeated measurements are computed (Fig. 6b).
Computing the repeatability of each relative warp (Table 1)
results in most cases in better values. Similarly, when
performing a Procrustes ANOVA on this new dataset
corrected for body arching (Table 5), we notice that variation
among presentations is still the main source of error but now
the mean squares for this term is lower (less than 8 % than the
mean squares for the “individual” term), while the measure-
ment error associated to digitization is still negligible (around
1.5 %). When pooling the multiple repetitions in a single
Procrustes ANOVA term and applying informally the Eqs. 1,
2 and 3 above, we obtain a value of 0.87, slightly higher than
the one obtained in the dataset affected by body arching. From
these analyses one can conclude that, although the repeatabil-
ity of each relative warp is good, it is a good idea to take
averages of repeated measurements to increase the quality of
the data. Perhaps, if this was a pilot study, one could also
decide to take only repeated presentations but not repeated
digitizations in the full dataset, as the error due to digitization

a b

Fig. 5 Shape variation accounted for by the first principal component in
the original dataset with repeated measurements (a) and after averaging
across the repeated measurements (b). In both cases, the points in grey

represent the average shape while the shape in black represents the shape
predicted by the first principal component at a score about double the
observed extreme
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is extremely low in the first place. Looking at the values of
repeatability and to the results of the Procrustes ANOVA be-
fore and after the procedure of removal of body arching, one
might think that this procedure has a limited effect on the
quality of the dataset. Quite to the contrary, the method for
the removal of body arching acts on a different type of error,
which is not necessarily reflected bymeasures of repeatability.
I also tested for the effect of the removal of body arching by

computing in NTSYSpc the tangent Procustes distances
among different repetitions of the same individual in each
dataset and then computing their averages. I, then, compared
tangent Procustes distances among repeated measures before
and after the application of the method for removal of body
arching effect using in STATISTICA (StatSoft, Inc.) a
Wilcoxon signed-rank test (Wilcoxon 1945), which is appro-
priate in the case paired samples. This test shows a significant

Table 2 Repeatibility for each of
the 36 relative warps both as raw
data and after the removal of body
arching effect. Estimates of the
repeatability after averaging the
four repeated measures are also
provided

Raw data Dataset after removal of body arching

Repeatibility Repeatibility after
averaging

Repeatibility Repeatibility
after averaging

RW1 0.789 0.937 0.822 0.949

RW2 0.839 0.954 0.919 0.978

RW3 0.720 0.912 0.721 0.912

RW4 0.825 0.949 0.867 0.963

RW5 0.918 0.978 0.838 0.954

RW6 0.749 0.923 0.762 0.928

RW7 0.859 0.961 0.921 0.979

RW8 0.824 0.949 0.776 0.933

RW9 0.832 0.952 0.773 0.931

RW10 0.667 0.889 0.841 0.955

RW11 0.839 0.954 0.852 0.958

RW12 0.805 0.943 0.860 0.961

RW13 0.801 0.941 0.728 0.915

RW14 0.840 0.955 0.762 0.928

RW15 0.831 0.952 0.837 0.954

RW16 0.698 0.902 0.823 0.949

RW17 0.910 0.976 0.885 0.969

RW18 0.842 0.955 0.811 0.945

RW19 0.890 0.970 0.925 0.980

RW20 0.849 0.958 0.937 0.984

RW21 0.824 0.949 0.840 0.954

RW22 0.916 0.977 0.926 0.980

RW23 0.848 0.957 0.779 0.934

RW24 0.770 0.930 0.760 0.927

RW25 0.897 0.972 0.895 0.972

RW26 0.898 0.972 0.855 0.959

RW27 0.598 0.856 0.748 0.922

RW28 0.795 0.939 0.826 0.950

RW29 0.816 0.947 0.892 0.971

RW30 0.934 0.983 0.874 0.965

RW31 0.773 0.932 0.900 0.973

RW32 0.852 0.958 0.891 0.970

RW33 0.834 0.953 0.907 0.975

RW34 0.798 0.941 0.913 0.977

RW35 0.770 0.931 0.763 0.928

RW36 0.890 0.970 0.875 0.966

Mean 0.821 0.947 0.842 0.954
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reduction (p<0.001) in the average tangent Procustes distance
among repeated measurements after performing the adjust-
ment for body arching. This in practice means that, although
the values of repeatability are relatively unaffected by the
adjustment for body arching, body arching was still an impor-
tant source of artifactual variation in the dataset.

Other analyses

I decided to use the same dataset for a few more analyses of
methodological interest. As mentioned above, each “session”
of data gathering was consecutively numbered. I then decided
to test if time (session number) or size of the specimen had an
effect on the consistency of the operator. To this aim, I used a
regression approach by regressing the average tangent Procrustes
distance among repetitions (a measure of measurement error for
each specimen) on either session number or centroid size. To
avoid that a particularly “good” or “bad” day (or a few speci-
mens) would affect the analysis, I have also used an
outlier-removal procedure based on studentized residuals. This
choice was motivated by the fact that preliminary plots of aver-
age tangent Procustes distances among repeated measures on
session number and centroid size showed a possible linear rela-
tionship but with a few outliers with very high average distance
among repeatedmeasures. Given that these outliers did not show
any particular association with certain sessions or certain size

classes, given that the general pattern of association among var-
iables was of interest, and given that linear regressions are well
known to be sensitive to the presence of outliers, an outlier re-
moval procedure was deemed appropriate. Therefore, in
STATISTICA, I performed separate regressions for average dis-
tance among repeated measures on session number and centroid
size and computed studentized residuals. Cases whose
studentized residual was higher than 1.9 (value subjectively
deemed conservatively appropriate based on a t-distribution ta-
ble) were then removed. The reduced datasets were then used to
perform a new regression. Both the regression of average dis-
tances among repeated measurements on session number
(R=0.4, p< 0.001 for raw data and R=0.5, p<0.001 for
body-arching-adjusted data) and on centroid size (R=0.2,
p = 0.001 for raw data and R = 0.4, p < 0.001 for
body-arching-adjusted data) are significant, indicating that the
average distances among repeated measurements tend to drop
as the session number or the centroid size grow. This, in practice,
confirms that the operator becomes more consistent as he/she
accumulates experience and, possibly, that higher consistency
is achieved with larger specimens as these are easier to handle.

To test if there was a non-random error affecting shape over
time (session) when measures to reduce the measurement er-
ror have been taken and the allometric component has been
removed, I performed in STATISTICA a regression of shape
(relative warp scores) on session number using the dataset of

Table 3 Procrustes ANOVA on
the raw example dataset Effect SS MS df F p Intraclass

correlation

Individual 0.662 6.96E-05 9504 9.84 <0.0001 0.84

Photo 0.068 7.08E-06 9540 6.8 <0.0001

Residual (digitization) 0.020 1.04E-06 19080

For each effect, the sum of squares (SS), mean squares (MS), degrees of freedom (df), F statistics and its
significance are provided. Notice that under the “Intraclass correlation” heading, the value based on pooling
multiple digitizations is provided, as discussed in the text

Table 4 Pairwise angles between eigenvectors of each model used to summarize artifactual dorso-ventral arching. The names correspond to the
sampling site where the specimen was collected

Augusta Lecce Mallorca Mazara Naples Oristano Pantelleria Riposto Split

Augusta – – – – – – – – –

Lecce 11.26 – – – – – – – –

Mallorca 16.85 15.04 – – – – – – –

Mazara 10.75 10.94 18.70 – – – – – –

Naples 15.76 16.54 16.28 15.72 – – – – –

Oristano 16.32 15.95 22.74 13.85 20.25 – – – –

Pantelleria 12.35 12.03 16.11 9.99 16.16 9.72 – – –

Riposto 13.76 9.29 13.08 15.09 18.13 19.74 15.08 – –

Split 15.38 14.81 19.36 10.17 15.31 12.80 11.66 18.23 –

For further details on sampling sites and biologically-relevant results, see Fruciano et al. (2011b); (Fruciano et al. 2011c); Fruciano et al. (2012)
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shapes after the correction for body arching, averaging of
repeated measures and regression-based removal of
size-related allometric component [that is, the same dataset
used for the biological analysis of shape differences in geo-
graphic space; (Fruciano et al. 2011b)]. Regression of shape
on session number using shapes with reduced measurement
error and size-related allometric component removed is highly
significant (p= 0.00004) but explains very little variance
(1.83 % of total variance). This can be interpreted with a small
bias accumulating as the operator gets more experienced. The
relatively small amount of explained variance, however, sug-
gests that this aspect might be of very little practical
significance.

To study the effect of certain confounding factors on the
procedure of removal of body arching, I computed a series of
correlations—testing their significance with Mantel tests
(Mantel 1967) in NTSYSpc—between on one hand the
pairwise angles between the model eigenvectors and, on the
other hand, distances among the specimens used to create the
models. In particular, a binary matrix encoding if two speci-
mens used as models had the same colour phase [these fish are
protogynous hermaphrodites that change colour and body
shape as they change sex, see Fruciano et al. (2012) for de-
tails] was used to test for the effect of difference in colour
phase on the angles, while differences in centroid size were
used to test the effect of using specimens of different size to
produce the models. Finally, coordinates for the specimens
used as models were obtained from the dataset used in biolog-
ical analyses (that is, coordinates after correction for body
arching and averaging of repeated measures) and aligned via
a generalized Procustes analysis, computing then pairwise
tangent Procustes distances. These pairwise tangent
Procustes distances were used to test for the effect of the shape
of specimens used as models on the angles. These correlations
of pairwise angles between the model eigenvectors and,

respectively, difference in centroid size, difference in colour
phase and pairwise tangent Procustes distances among model
specimens are all low (range 0.19–0.3) and always not signif-
icant (p>0.05). These results suggest that none of these fac-
tors (size or shape of the specimens used as models) seems to
affect the modelling of the artifactual variation, at least in this
dataset. It should be, however, noticed that, while the models
used here comprise specimens with different shape due to
sexual dimorphism, the variation among them is probably still
relatively small. It is, then, entirely possible that in analyses of
multiple species the choice of species to model artifactual
variation could affect the analyses to a larger extent.

Conclusions and final remarks

Here, I have briefly reviewed, in the light of the latest empir-
ical findings, the most common sources of measurement error
and commonly used approaches to assess and account for it. It
cannot be stressed enough that, beingmeasurement error ubiq-
uitous, sources of error can be found at many different stages
of a geometric morphometric study. It is noteworthy that, apart
from the obvious sources of measurement error, more subtle
sources of measurement error, such as changes in operator
consistency over time, do exist. It is, therefore, the responsi-
bility of each researcher to take into consideration possible
sources of measurement error and take decisions about which
sources of error should be assessed and corrected for. In fact, a
‘one fits all’ solution does not exist as the feasibility of differ-
ent procedures depends on the specific experimental design.
For instance, accounting for presentation error will be impos-
sible in certain cases, such as when dealing with live speci-
mens to be released as soon as possible to minimize stress.
The fact that many of the procedures to assess and account for
measurement error are exploratory in nature and provide no

a b

Fig. 6 Shape variation accounted for by the first principal component in the dataset corrected for body arching using repeated measurements (a) and
after averaging across the repeated measurements (b). Plots produced as for Fig. 5

Table 5 Procrustes ANOVA on
the dataset corrected for body
arching

Effect SS MS df F p Intraclass
correlation

Individual 0.471 4.95E-05 9504 12.65 <0.0001 0.87

Photo 0.037 3.91E-06 9540 5.12 <0.0001

Residual (digitization) 0.015 7.65E-07 19080

Abbreviations as in Table 2
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exact cut-offs on which to base decisions, makes such deci-
sions also partially subjective. Nonetheless, assessing mea-
surement error allows the researcher—and readers of empiri-
cal studies—to have a perception of the robustness of a given
dataset and of the inferential results based on it. Although
assessing measurement error can be generally considered a
cost in terms of time and resources, this practice can also help
in saving time and using resources in a more productive way.
In this context, the widely held suggestion to assess measure-
ment error in a small pilot study can be certainly recommend-
ed as, although estimates of error will be less robust, this
approach can help using time and resources in the most pro-
ductive way. Imagine, for instance, that a pilot study shows
that levels of measurement error are negligible relative to the
biological effect of interest: in this case, one can perform the
same planned study without taking repeated measurements,
thus completing the study in less time or using the time and
resources to increase sample sizes, which increase statistical
power. For these reasons, although measurement error is cur-
rently for the most part neglected in empirical geometric mor-
phometric studies, one can only hope that more and more
researchers will start measuring and accounting for it in the
future.
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