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Abstract

Brood parasitized and/or colonial birds use egg features as visual identity signals, which
allow parents to recognize their own eggs and avoid paying fithess costs of misdirecting
their care to others’ offspring. However, the mechanisms of egg recognition and discrimina-
tion are poorly understood. Most studies have put their focus on individual abilities to carry
out these behavioural tasks, while less attention has been paid to the egg and how its
signals may evolve to enhance its identification. We used 92 clutches (460 eggs) of the
Eurasian coot Fulica atra to test whether eggs could be correctly classified into their corre-
sponding clutches based only on their external appearance. Using SpotEgg, we character-
ized the eggs in 27 variables of colour, spottiness, shape and size from calibrated digital
images. Then, we used these variables in a supervised machine learning algorithm for
multi-class egg classification, where each egg was classified to the best matched clutch out
of 92 studied clutches. The best model with all 27 explanatory variables assigned correctly
53.3% (Cl = 42.6—63.7%) of eggs of the test-set, greatly exceeding the probability to classify
the eggs by chance (1/92, 1.1%). This finding supports the hypothesis that eggs have visual
identity signals in their phenotypes. Simplified models with fewer explanatory variables (10
or 15) showed lesser classification ability than full models, suggesting that birds may use
multiple traits for egg recognition. Therefore, egg phenotypes should be assessed in their
full complexity, including colour, patterning, shape and size. Most important variables for
classification were those with the highest intraclutch correlation, demonstrating that individ-
ual recognition traits are repeatable. Algorithm classification performance improved by each
extra training egg added to the model. Thus, repetition of egg design within a clutch would
reinforce signals and would help females to create an internal template for true recognition
of their own eggs. In conclusion, our novel approach based on machine learning provided
important insights on how signallers broadcast their specific signature cues to enhance their
recognisability.
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Introduction

The ability to identify other individuals is an essential cognitive skill of animals. Identification
is important because it is necessary to recognize mates [1], own offspring [2, 3], competitors
[4], predators [5] or preys [6], among other animal interactions [7, 8]. There are a great variety
of mechanisms to identify other individuals according to their unique chemical (e.g., odour
and taste) or physical (e.g., sounds and appearance) features [9]. Birds rely mainly on their
visual and auditory sense to collect information about their environment [10-12] (but see [13,
14]). There is substantial evidence on the ability of birds to discriminate voices at individual
level [1-4, 15-19], while the mechanisms underlying individual visual recognition are still
poorly understood [1, 20-22]. Recognition processes associated with brood parasitism stand
out as an exception, since evolutionary ecologists have paid great attention to the arms race
between hosts and their brood parasites as a classical model of coevolution [23]. Due to the fit-
ness costs paid by parasitized hosts, their ability to identify their own progeny and discriminate
it from the parasite confers an obvious adaptive advantage [24-27].

Offspring recognition is also critical for colonial breeding birds [2, 28-32]. This task may
be sometimes challenging, as nests can be placed close to each other in huge and dense colo-
nies on uniform substrates, where birds may easily make mistakes in nest recognition and mis-
direct their parental care to the broods of conspecifics. Gaston et al. [33] argued that murres
(Uria spp.) recognized and retrieved their own eggs more than foreign eggs, although these
authors did not provided information on egg similarity. Recently, Hauber et al. [30, 34]
showed that females laid eggs with repeatable patterning in different breeding attempts by con-
trolling the physiochemical properties of the eggshell. These researchers concluded that such
adaptive mechanism would help murres to recognize eggs by fixing an internal template of
their own eggs. Murres, consequently, would not need to learn again their own egg patterns in
future breeding attempts. In addition to the potential confusion problems, colonial birds often
suffer from conspecific brood parasitism [27, 35-37], which adds another selective pressure
for the evolution of reliable egg recognition mechanisms [26, 38].

Most studies on brood parasitism have put the focus on the ability of hosts (i.e., the signal
receiver) for individual recognition and their subsequent egg rejection behaviour [39, 40]. To
study this behaviour, an essential step is to characterize egg phenotypes, since host decisions
depend on them [26, 41-44]. Traditionally, eggs have been characterized simplistically by one
or a few phenotypic features, often focussing exclusively on eggshell coloration, which has
been usually quantified by punctual measurements with spectrophotometers (e.g., [45-47]).
This approach may be suitable for plain eggs, but it appears clearly insufficient for species with
complex eggshell patterns (speckles, spots and patches). In these cases, a de visu categorization
of the pattern has been a habitual approach [43, 45, 48-50], but it appears an arbitrary method
subjected to biases by observer’s perception [51-54]. For this reason, digital pictures with a
posterior objective image processing have gained popularity during the last decade as the most
suitable way to quantify complex egg phenotypes [52]. However, there is no consensus on how
to analyse and quantify images yet. Some authors employed available tools in commercial soft-
ware, such as Photoshop, to determine colours and proportion of eggshell covered by marks
(e.g., [30, 55, 56]). This approach can circumvent the problems of subjective de visu quantifica-
tion in some cases, but suffers from a number of drawbacks due to its simplicity, as usually
requires a handcraft image processing, subsamples small areas of the eggshell, and does not
provide synthetic variables for the entire egg phenotype. Thus, several software packages have
been designed to deal specifically with processing of complex egg images [21, 52, 57, 58].
Despite of this panoply of powerful tools, their application to study individual egg recognition
has been quite limited yet (e.g., [59, 60]). The ability of these tools to detect and quantify
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patterns of variation undetectable to human eye seems suitable for the study of egg phenotype
variation and shed light into how birds are able to recognize their own eggs.

The aim of our study was to investigate which egg phenotype features can be a signal for its
individual recognition. For this purpose, we characterised egg phenotypic traits using SpotEgg
[58] and evaluated which of these traits presented higher intraclutch correlation coefficient
(hereafter, ICC). ICC has been widely used to quantify the degree of resemblance of the eggs
belonging to the same clutch [30, 55, 60, 61]. Then, we used a supervised machine learning
algorithm to determine whether or not eggs from the same clutch can be mathematically dis-
criminated according to their features. Due to our limited understanding of the cognitive
mechanisms used by the receiver (i.e., the bird [21]), we adopted an approach from the signal-
ler (i.e., the egg) perspective [62], focusing our attention on egg traits, their patterns of varia-
tion, and how they can be objectively discriminated. We expected a positive correlation of the
ICC with the most important egg features chosen by the classifier algorithm. This positive cor-
relation was expected because identity signals of eggs should be condition independent, highly
variable among individuals, and repeatable over individual’s lifetime (i.e., genetically deter-
mined) [21, 61, 63].

We used clutches of the Eurasian coot Fulica atra, a common waterbird with protoporphy-
rin spotted eggs (Fig 1; [64]), as a model species to test our hypotheses. The Eurasian coot is
neither a high-density colonial bird or a regular host of interspecific brood parasites, so
females are not apparently subjected to a high selective pressure to lay individually distinctive
eggs. Nevertheless, as in other related rail species [26, 38, 49, 65-68], conspecific brood parasit-
ism seems fairly common in this species [69, 70], and thus Eurasian coots may actually be
under some evolutionary pressure to recognize own eggs [27].

Materials and methods

Study sites and image collection

We studied coots at three nesting sites in central Poland: £odz (51° 46’ N, 19° 28’ E), Sarnow
(51° 51’ N, 19° 07’ E), and Zeromin (51° 37’ N, 19° 37 E). L6dZ was an urban area (large city
with ca. 700.000 inhabitants), while the other two sites were fishponds located in rural areas.
At each site we searched for coot nests in the available nesting habitat (mostly reeds) and, if
found at the laying stage, we monitored the clutches until completion.

In our study population, the median clutch size was seven eggs with the lower and upper

quartiles of six and nine eggs, respectively. The mean egg volume was 35.59 + 0.15 (SE) cm”.

Fig 1. Phenotype variability in Eurasian coot eggs. Five example eggs from different clutches. Differences in colour, spottiness, shape and size are
very subtle and hardly perceptible by human eye.

https://doi.org/10.1371/journal.pone.0248021.g001
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Most breeding pairs had only one breeding attempt (second clutches were laid by ca. 3% of
pairs), although repeated clutches were often recorded following breeding failures. Incubation
period lasted 21-24 days and adults cared for young for up to two months. In our study popu-
lation, laying started at the end of March and lasted until the beginning of July, although most
first clutches were laid before the end of May.

To assess eggshell phenotype, we randomly selected five eggs per clutch and took a photo-
graph of them in 2017 and 2018 (from March to July). In total, we photographed 92 clutches
(460 eggs), most of which originated from the urban population of £6dz (64 clutches). Each
egg was cleaned with a cloth and all vegetation particles were removed from shell surface. All
photographs were taken following recommendations by Gomez and Lifian-Cembrano [58]:
eggs were placed on a grey standard (Lastolite Ezybalance, 30 cm, 18% reflectance), next to a
standard colour chart (ColorChecker Passport, USA X-Rite), and photographed from a dis-
tance of approximately 30 cm. The photographs were taken in RAW format (5202x3464 pixels)
using a Canon EOS 6D digital camera. Exposure settings were adjusted accordingly with light-
ning conditions, yet the ISO value was set constant at 400. After collecting photographs, all
eggs were returned immediately to their nests.

Ethics statement

The study was conducted in accordance with the current laws of Poland, where it was per-
formed under the permission of the Local Bioethical Commission for Experiments on Animals
in £6dz.

Image processing

Conventional digital cameras employ a non-linear radiometric transfer function to produce
visually appealing images at the expense of a reduction of the contrast in the areas where con-
trast is originally low. In consequence, images need to be linearized with respect to irradiance
to obtain meaningful reflectance results [58]. For this reason, we transformed images into
equivalent reflectance images based on the information from the pixels and using the grey
scale of the standard colour chart. Once the spottiness was detected and spot images were cre-
ated, we estimated the percentage of the eggshell covered by spots (degree of spottiness) plus
other variables related with the spottiness (Table 1). Spot detection for each picture was exe-
cuted using an image-processing parameterised algorithm that basically relies on defining
optimised spatially variant thresholds to segment spots from the background. After that, we
obtained the red, green and blue colour channels for the whole eggshell as well as for the spots
and the background separately. The volume and other size-related egg variables were also cal-
culated (Table 1). All image processing and variable calculations were performed with the free
software SpotEgg [58], which was originally run through the Matlab (MathWorks, Natick,
MA, USA), but now it can be executed via an.exe file (for detailed information on how to
download the version 1.0 of the program visit: https://guslicem.wixsite.com/spotegg). We used
the background colour constancy option.

Statistical analyses

We used Support Vector Machines (SVMs) as a proxy of the perception of any observer (e.g., a
bird female). SVMs are supervised algorithms which sort data into categories (classifiers).
SVMs use multidimensional surfaces to define the relationship between features and out-
comes. In other words, they use a boundary called a hyperplane to split data into groups of
similar class values [71, 72].
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Table 1. List and description of the 27 variables calculated by SpotEgg software to characterise egg phenotype.

Variable Description

Volume Volume from integrating your Region of Interest (Rol) as a revolving surface shape generator
(mm?).

Area Area from integrating your Rol as a revolving surface shape generator (mm?).

Length Major axis length of the ellipse that has the same second order moments as your Rol (mm).

Width Minor axis length of the ellipse that has the same second order moments as your Rol (mm).

NumSpots Number of detected Spots in the Rol.

TotAreaSpots % of Rol covered by spots.

AvgSpotSize Mean spot size (%) for the spots in this Rol.

AvgEccentricity Mean eccentricity for the spots in the Rol. The eccentricity is the ratio of the distance between
the foci of the ellipse that has the same second order moments as your Rol and its major axis
length.

FractalDim Fractal dimension for the spottiness pattern in the Rol.

TotalR Mean equivalent reflectance in the camera’s Red channel for all the pixels in the Rol.

TotalG Mean equivalent reflectance in the camera’s Green channel for all the pixels in the Rol.

TotalB Mean equivalent reflectance in the camera’s Blue channel for all the pixels in the Rol.

SpotsR Mean equivalent reflectance in the camera’s Red channel for all the spots in the Rol.

SpotsRSTD Standard deviation for the equivalent reflectance for the spots in the Rol in the camera’s Red
channel.

SpotsG Mean equivalent reflectance in the camera’s Green channel for all the spots in the Rol.

SpotsGSTD Standard deviation for the equivalent reflectance for the spots in the Rol in the camera’s
Green channel.

SpotsB Mean equivalent reflectance in the camera’s Blue channel for all the spots in the Rol.

SpotsBSTD Standard deviation for the equivalent reflectance for the spots in the Rol in the camera’s Blue
channel.

BackGroundR Mean equivalent reflectance in the camera’s Red channel for the background in the Rol.

BackGroundRSTD | Standard deviation for the equivalent reflectance for the background in the Rol in the
camera’s Red channel.

BackGroundG Mean equivalent reflectance in the camera’s Green channel for the background in the Rol.

BackGroundGSTD | Standard deviation for the equivalent reflectance for the background in the Rol in the
camera’s Green channel.

BackGroundB Mean equivalent reflectance in the camera’s Blue channel for the background in the Rol.

BackGroundBSTD | Standard deviation for the equivalent reflectance for the background in the Rol in the

Per_vs_Area

EquivAxisL

Max_Spot_Con

camera’s Blue channel.

Mean perimeter/area ratio for the spots on the Rol. It gives an insight on the average shape
roughness of spots.

Length (from 0—pointy end- to 1) across the longitudinal axis of the spots when one can
consider that all the spots are concentrated. It is a kind of longitudinal center of mass for
spottiness.

Length (from 0—pointy end- to 1) across the longitudinal axis of the spots when the
maximum spottiness occurs.

https://doi.org/10.1371/journal.pone.0248021.t001

To evaluate the classification performance of different models we took into account two

aspects of the SVM: the number of explanatory variables and the number of eggs used during
model training. On the one hand, we compared SVMs with a different number of explanatory
variables. As it has been suggested that SVMs might be possibly sensitive to multicollinearity
[73], we checked model performance without the most correlated variables to avoid potential
overfitting and enhance the generality of the classifier. For this purpose, we set two arbitrary
thresholds from the Spearman’s correlation among variables (S1 Fig): 0.97 (extremely corre-
lated) and 0.75 (highly correlated). For each pair of correlated variables, we left those more rel-
evant a priori. For example, we kept the green channel instead of the correlated red or blue
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channels because of the greater importance of green wavelengths in avian vision [13]. In the
reduced set of variables with r, < 0.97, we removed 12 out of the 27 variables (Area, TotalR,
TotalG, TotalB, SpotsR, SpotsB, BackgroundR, BackgroundB, SpotsRSTD, SpotsBSTD, Back-
GroundBSTD and BackGroundRSTD). In the reduced set of variables with 7, < 0.75, we
removed five more variables (Volume, TotAreaSpots, FractalDim, SpotsGSTD, and Back-
GroundGSTD). We kept in the latter subset both SpotsG and BackGroundG despite their rela-
tively strong correlation (7 = 0.84), to have at least one variable to characterize the coloration
of the spots and the background. Therefore, we obtained three different sets of models with 27
(i.e., the total number of variables calculated by SpotEgg), 15 (variables with r, > 0.97
removed) and 10 (variables with r, > 0.75 removed, but see the exceptions above) explanatory
variables.

On the other hand, we run four SVMs that were trained with 1, 2, 3 and 4 eggs, respectively,
in each one of the three previous sets of explanatory variables. This comparison might help to
understand how repeatability of an egg design within a clutch may reinforce the message sent
by the signaller.

We randomly selected the training-set and the test-set for each triplet of models. We
applied a repeated (N = 3) cross-validation of K = 10 for the test-sets and a radial basis kernel
Gaussian algorithm for all SVMs. Cost value was optimised to 15. Because this is a multi-class
classification problem, the probability to assign one egg to its correct label (i.e., its own clutch)
is much lower than to assign it to one of the remaining 91 labels. Consequently, the probability
to assign correctly by chance one egg to a nest (N = 92) was 1/92 (Random accuracy = 1.1%).
We used the accuracy as a measurement of performance of the classification task. Accuracy
was calculated as the overall success of the labelling process of each test-set. On the other hand,
the importance of each variable in the classifier was calculated averaging the results of 50
SVMs run with 27 variables and trained with 4 eggs to get more robust estimations.

Finally, we used ICC to estimate the repeatability of eggshell features within clutches [74].
We estimated the real ICC and a simulated ICC by replacing randomly one egg of each clutch
by another egg from another clutch. The latter ICC aims to assess how the ICC changes in sim-
ulated nests with one parasitic egg. If eggs resemble each other within clutches more than
among clutches, as we expected, the simulated ICC will be lower than the real ICC. We used
1,000 parametric bootstraps for interval estimation and 10 permutations to calculate p-values.

P-values were adjusted for multiple testing using the Benjamini and Hochberg [75] correc-
tion. All statistical analyses were carried out in R statistical software version 3.6.3 [76]. The
package used for SVM analyses was kernlab version 0.9-29 [77], which implements a one-
against-all SVM. The package used for ICC calculations was rptR version 0.9.22 [78]. Signifi-
cance level was set at o. = 0.05.

Results
Support vector machines

The best classification was achieved when the algorithm used the 27 variables calculated by
SpotEgg and was trained with 4 eggs per clutch (Table 2). It classified correctly de novo 49 of
92 eggs (accuracy = 53.3%) from the test-set, which greatly exceeded the random accuracy
(1.1%) in this multi-class classification problem.

Accuracy of SVMs increased by adding either more training eggs and/or more variables
(Table 2). A single training egg produced relatively poor classification results (accuracy 12.8-
19.6%), which were notably enhanced by adding the second training egg (accuracy 22.5-
35.5%; Table 2). Adding a third training egg did not improve much the results compared to
the SVMs with two eggs, while the addition of a fourth training egg made the SVMs notably
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Table 2. Comparison of the accuracy (%) reached by the 12 Support Vector Machines run using a different num-
ber of training eggs and sets of explanatory variables. The percentage of egg classification by random (random accu-
racy) was 1.1%.

Training eggs No. variables Accuracy 95% CI

1 10 12.8 [9.5-16.6]
15 18.2 [14.4-22.5]
27 19.6 [15.6-24.0]

2 10 225 [17.7-27.8]
15 30.1 [24.7-35.8]
27 35.5 [29.9-41.5]

3 10 25.5 [19.4-32.5]
15 34.8 [28.0-42.1]
27 36.4 [29.4-43.8]

4 10 39.1 [29.1-49.9]
15 46.7 [36.2-57.4]
27 53.3 [42.6-63.7]

The best model is highlighted in bold. The 95% confident intervals (CI) for the accuracy are shown.

https://doi.org/10.1371/journal.pone.0248021.t1002

better. The greater improvement was achieved during transition from 10 to 15 variables, while
the transition from 15 to 27 increased the accuracy to a lesser extent (Table 2).

Eggshell coloration variables had the highest importance for classification, followed by
those related to some characteristics of the spottiness, egg shape and size, yet the less important
features were those related to the distribution of the spottiness across the eggshell (Fig 2). As
predicted, variable importance showed a strong positive correlation with the real ICC values
(rs=0.814, p < 0.001).

Intraclutch correlation coefficients (ICC)

Most variables had a high repeatability within clutches (Table 3). Actually, only five variables
showed poor repeatability (ICC < 0.5; Table 3), yet they were significantly greater than zero,
except for Max_Spot_Con (P = 0.053). However, as we expected, ICC dropped drastically under
the simulation of a parasitic egg added to the clutch (Table 3). In fact, on average, repeatability was
0.283 (SD = 0.094) lower in the clutches with a simulated parasitic egg than in the real ICC values.

Discussion

The machine learning algorithm provided an objective way to correctly classify more than half
of the eggs into their original clutches based exclusively on their external features. This is a
good achievement taking into account that the algorithm faced a multi-class classification
problem where probability of classification success by chance was only ca. 1%. This achieve-
ment also appears good due to the extraordinary resemblance of eggs among clutches of the
studied Eurasian coots, at least, from a human eye perspective (see Fig 1). In fact, this accuracy
level was similar to the discriminatory ability found in several bird species towards parasitic
eggs [23, 25, 42, 43]. Therefore, coupling image processing software, such as SpotEgg, with
advanced classification algorithms may help to decipher the non-patent visual identity signals
of eggs. These visual identity signals of the egg phenotype can be used for its individual recog-
nition, which is a great adaptive advantage in the context of brood parasitism [21, 26, 43, 59,
79] and colonial breeding [2, 28, 32]. For this reason, it is not surprising that eggs have devel-
oped reliable identity signals in bird species exposed to these evolutionary scenarios.

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 7/17


https://doi.org/10.1371/journal.pone.0248021.t002
https://doi.org/10.1371/journal.pone.0248021

PLOS ONE Individual egg recognition

100 -

N
&)
|

Variable importance (%)
N (@)
(@) o
| ]

o
|

rr1trrrrr+tt 11T $P TP 1P 1111177 17117 1T 1T 1"
A4 A 40OV ODODOODODTDNNN T - — U m
Qgg'oc'ommmmmmcvcéaog§§m§??mg
P H999222229299982023<c03 X3/ <
TOBCOERRNNOO0LEEE58303 3o xs 5
DOWEESssss 2 P® S83° “goll %
NN eeccccc =2 S w3 >
444555353535 S8 o TN
OoUaoaaaoaaa = oo a3
6O W0XDOWEO o) =
nwmwn - <
— =
OO0

SpotEgg variable

Fig 2. Variable importance (%) in the best Support Vector Machine (SVM). Best SVM contained 27 variables and 4 training eggs. Colours group related egg features
(ochre: coloration; blue: size and shape; black: spottiness).

https://doi.org/10.1371/journal.pone.0248021.g002

As we predicted, we found a strong positive correlation between intraclutch correlation
(ICC) values and the variable importance during the classification procedure. Therefore, the
algorithm relied primarily on the most repeatable eggshell features to achieve individual recog-
nition. This finding perfectly agrees with the theoretical prediction that individual signals
should be replicable or repeatable [21, 63]. Several studies demonstrated that females of some
bird species lay eggs with the same colour and patterning (i.e., they are highly repeatable) dur-
ing their whole life [30, 42, 43, 60, 80], but here, to the best of our knowledge, we provided the
first demonstration that such repeatability may be indeed linked to egg individual recognition.

The most important variables for individual visual recognition were related to the colora-
tion features of the egg, followed by some variables related to the spottiness and to the size or
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Table 3. Real and simulated Intraclutch Correlation Coefficients (ICC) for egg variables calculated by SpotEgg.

Variable

Volume

Area

Length

Width

NumSpots
TotAreaSpots
AvgSpotSize
AvgExcentricity
FractalDim
TotalR

TotalG

TotalB

SpotsR
SpotsRSTD
SpotsG
SpotsGSTD
SpotsB
SpotsBSTD
BackGroundR
BackGroundRSTD
BackGroundG
BackGroundGSTD
BackGroundB
BackGroundBSTD
Per_vs_Area
EquivAxisL
Max_Spot_Con

See Table 1 for variable description. The 95% confident intervals (CI) are shown.

https://doi.org/10.1371/journal.pone.0248021.t003

Real ICC [CI]
0.704 [0.613-0.771]
0.701 [0.615-0.764]
0.667 [0.573-0.738]
0.682 [0.602-0.748]
0.652 [0.561-0.721]
0.613 [0.513-0.691]
0.432 [0.327-0.520]
0.214 [0.117-0.310]
0.620 [0.530-0.694]
0.810 [0.749-0.852]
0.807 [0.748-0.853]
0.801 [0.728-0.845]
0.689 [0.602-0.755]
0.778 [0.708-0.828]
0.666 [0.573-0.735]
0.779 [0.709-0.827]
0.670 [0.582-0.744]
0.782 [0.714-0.836]
0.812 [0.746-0.856]
0.885 [0.844-0.913]
0.809 [0.743-0.853]
0.868 [0.820-0.902]
0.803 [0.737-0.849]
0.850 [0.801-0.885]
0.439 [0.334-0.528]
0.232 [0.137-0.325]
0.058 [0.000-0.133]

Simulated ICC [CI]
0.350 [0.252-0.446]
0.344 [0.242-0.436]
0.328 [0.222-0.420]
0.346 [0.241-0.441]
0.443 [0.340-0.538]
0.394 [0.288-0.491]
0.304 [0.206-0.406)
0.142 [0.050-0.223]
0.393 [0.284-0.480]
0.458 [0.358-0.549]
0.463 [0.359-0.555]
0.466 [0.365-0.557]
0.391 [0.293-0.488]
0.440 [0.332-0.526]
0.377 [0.280—0.474]
0.447 [0.338-0.543]
0.385 [0.282-0.475]
0.454 [0.343-0.548]
0.461 [0.356-0.549]
0.515 [0.417-0.597]
0.465 [0.353-0.554]
0.509 [0.401-0.594]
0.468 [0.362-0.560]
0.493 [0.385-0.583]
0.247 [0.148-0.341]
0.083 [0.010-0.171]
0.018 [0.000-0.085]

shape of the egg. This order of importance agrees with previous studies in some passerine spe-
cies, such as the Tawny-flanked prinia Prinia subflava [81] or the Village weaverbird Ploceus
cucullatus [42, 43]. In contrast, egg discrimination in the Common quail Coturnix coturnix
[55, 80] and the Goldeneye Bucephala clangula [82, 83] relied on the eggshell patterning or egg

morphology, respectively. Such discrepancies among studies were expected under an evolu-

tionary perspective, since there is no single evolutionary pathway to develop individual egg
recognition. Each species has phenotypic traits more prone to evolve towards identity signals
than others, as egg phenotypic traits may be also constrained by other important functions
[79, 84, 85], such as camouflage [80, 86], protection against radiation [87], or flight biome-
chanics [88]. This fact may explain why in some species most variation among eggs arises in

colour [42, 43, 46, 81], while in others the eggs primarily vary in shell marks [28, 55, 80], shape
and size [82, 83], or a combination of different traits [21, 30, 60, 89]. Theory predicts that indi-
vidual recognition traits must be independent [63], so they can maximize the diversity of com-

binations among individuals and contain the greatest amount of information [32, 34, 81].

Such independence among traits guarantees free evolutionary trajectories for each trait and
this fact would explain the variety of phenotypic solutions for egg recognition found in nature

[21, 79].
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We used a large array of variables obtained automatically by the image processing software
SpotEgg [58] to describe objectively the egg phenotype in its full complexity. Not surprisingly,
some of these variables were strongly inter-correlated. For instance, the average size of spots is
expected to decrease as their number increases for a certain eggshell area (see S1 Fig). On the
other hand, the colour of the egg results from the combination of the spots and background
colours and, thus, the full egg colouration will, by definition, be correlated with the colouration
of its components. Despite of these redundancies in the information encoded by our variables,
classification accuracy of the algorithm dropped when we removed the most correlated vari-
ables. This fact was unexpected, since variables removed from the model did not contain much
unique information. This result would demonstrate that egg phenotype is highly complex and
should be quantified in all its possible variation axes of colouration, spot pattern, shape and
size, even if they seem redundant. In this sense, image processing by algorithms that allow a
simultaneous quantification of multiple traits [21, 32, 52, 57, 58, 81] should be used in future
studies of the egg phenotype. Traditional approaches that focused on a single trait or one trait
category (e.g., colour, [46, 47, 56, 61]; spots, [48, 50]; or shape and/or size [70, 82, 83]), espe-
cially when estimated de visu [26, 48-50], may be insufficient to appropriately quantify infor-
mation that eggs convey, limiting our ability to understand the evolution of egg individual
signals and the mechanisms by which birds interpret them. For example, we quantified col-
ouration by 15 different variables that separately described spots and background, which is not
always feasible using punctual measures provided by spectrophotometers [52, 58]. Spottiness
has usually been quantified just as the percentage of the surface of the egg covered by marks
(e.g., [30, 55]). Once again, simple approaches may often lead to simplistic conclusions and,
thus, we strongly encourage to use mathematical algorithms designed to objectively parame-
terize both quantitative (number, size) and qualitative (distribution, shape) aspects of egg spot-
tiness (e.g., [21, 52, 57]). For example, Gomez et al. [90] recommended spottiness fractal
dimension as one of the key spottiness parameters, as it is well correlated with the amount of
protoporphyrin pigments in the shell (see also [34]). Therefore, only by an appropriate mathe-
matical quantification of the complexity of spot patterns, we may successfully reveal the iden-
tity signals encrypted in eggshells. Finally, we also encourage researchers to quantify UV egg
reflectance whenever possible because it may improve egg recognition, as birds have a tetra-
chromatic colour space [12].

Egg size and shape played a medium role for determination of egg identity in our study spe-
cies. This result was to some extent unexpected, as egg size is frequently condition dependent
(best condition females produce bigger eggs) and, in consequence, it was not predicted to be
more useful for individual recognition than other spottiness-related features [62, 63]. How-
ever, egg features related with shape and size had medium-to-high ICC in our model species,
which may explain why those features were moderately important for the classification. On the
other hand, there is some controversy in the scientific literature about the role played by the
shape and size of the eggs in the rejection rates, which may be dependent on the species stud-
ied. Victoria [42] found that Village weaverbirds did not reject foreign eggs, even if they were
20% bigger than their own eggs, as long as they showed similar colour and maculation pattern,
the traits actually used for own egg recognition. Rothstein [40], during a series of experiments
on several songbird species, also found that egg volume was not used to recognize and reject
alien eggs, yet he also found the opposite in American robins Turdus migratorious. However,
egg shape and size has already proved useful in detection of conspecific (e.g., [26, 82, 83]) or
non-conspecific (e.g., [91]) brood parasitism by birds. Cheng et al. [69] showed that by using
only variability of length and diameter of eggs within clutches of the Eurasian coot, they could
determine whether or not a clutch was parasitized. Paradoxically, egg dimension was not suffi-
ciently accurate to identify the parasite egg in most clutches and, consequently, individual egg
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recognition was not possible relying only on egg shape and size. Although, theoretically, egg
size and shape should not be relevant for individual recognition as they are condition depen-
dent [62, 63], they may show some degree of consistency within a single clutch. As clutches are
laid in a short time frame (usually within a few days), one may expect that most of them would
be produced under similar physiological condition of the female, they would receive a similar
investment, and consequently they would have a similar size. Even if females lay eggs that vary
in size and/or shape between first and second clutches or between consecutive breeding sea-
sons (e.g., [30, 92]), it should not impact their ability to identify eggs from the same clutch.
This is exactly what we found in our study and, for this reason, egg size and shape were more
relevant than expected.

Algorithm classification performance improved with each extra egg added to train the
SVM. Moreover, the accuracy did not show signs of flattening up to four training eggs, suggest-
ing that the classifier could go beyond by using more than four training eggs. This would be fea-
sible, as the Eurasian coot usually lays larger clutches than five eggs and thus, females have in
natural conditions more information than our algorithm. The improvement of the algorithm
with extra training eggs would suggest that sibling eggs act jointly to reinforce their signalling,
supporting the true recognition hypothesis [38, 40-42]. The algorithm would create and
improve an egg template for each clutch in an analogous process to learning found in some bird
species [43, 80, 93, 94]. The more “observed” eggs by the algorithm (or female), the more accu-
rate the template is, and consequently it should be able to better identify the eggs belonging to
the same clutch. In our case, this resulted in a better classification performance, while in nature
this ability could be translated into a better rejection of parasitic eggs [38, 41-44, 80].

Our machine learning classifier achieved unexpectedly good rates of accuracy with the Eur-
asian coot eggs, although it is not a species breeding in dense colonies neither a typical host of
interspecific brood parasitism, the classical study models for egg individual recognition. These
good rates of classification can be possible only if there is a higher variability among than
within clutches, a typical evolutionary scenario where selection favoured the development of
identity signals to distinguish own eggs. In fact, we found that intraclutch correlation in all
phenotype traits dropped by adding a foreign egg to the clutches, supporting the hypothesis
that eggs within a clutch resemble more than among clutches. It is known that the Eurasian
coots suffers from conspecific brood parasitism [69, 70]. In a sister species, the American coot
Fulica americana, it has been shown that such conspecific brood parasitism has similar fitness
costs than those reported for songbirds most heavily parasitized by cuckoos [26]. Therefore,
one should not be surprised to find mechanisms for individual recognition of eggs in the Eur-
asian coot, as a primary defensive weapon against conspecific parasite females [27]. We had no
information about the current degree of conspecific brood parasitism in the study population,
but it was expected to be low or even negligible. Most clutches used in this research were from
an urban site, where pairs were scattered over small waterbodies in parkland areas. Many of
these sites were occupied by a single breeding pair and in most cases, we did not observe non-
breeding birds during the reproductive season. Thus, potential for conspecific brood parasit-
ism was highly limited by bird distribution in our study population and clutches could hardly
contain parasite eggs. This particular configuration of the breeding population distribution is
quite different from the high breeding densities found in other studied populations [69, 70]. In
the latter ones, birds would easily access neighbouring nests, which could enhance conspecific
brood parasitism. Thus, it is possible that birds from our study populations may still preserve
egg identity signals as a reminiscence of previous strongly selective scenarios of parasitism [21,
51,79, 95; but see 45]. Therefore, our approach may be useful to reveal past or current selection
processes leading to the evolution of individual egg recognition signals in the traditionally
overlooked conspecific brood parasite systems [26, 27, 37, 38].
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Although parasitism is a strong pressure for the development of individual recognition
mechanisms, egg phenotype is usually subjected to other selective pressures (e.g., camouflage,
thermoregulation, protection against radiation, microbes or rupture of the eggshell, etc. [56,
84-87, 96, 97]). These processes may indirectly lead females to produce personalized and rec-
ognizable patterns of colouration and spottiness on their eggs. For example, ground-nesting
birds seem aware about the appearance of their eggs and lay them in a specific substrate to
improve camouflage [86, 98]. If females specialize in or segregate by nesting substrates, this
may lead to the appearance of different egg phenotypes among females, each one adapted to
maximize camouflage and increase female fitness. Egg phenotype may also be affected be sex-
ual selection [99]. Recently, Minias et al. [100] have found in the Eurasian coot that females in
better condition and greater ornamental expression produced eggs with more spots, which
may be a signal for males to increase their parental investment. This condition dependence
contravenes the theoretical properties of any identity signal [62, 63], but, as explained previ-
ously, in our study context of single clutches, even this type of traits may work as identity sig-
nals. Actually, the number of spots was the third most important variable in the process of egg
recognition among the variables employed to quantify maculation patterns (see Fig 2). A
female coot in good condition would lay eggs with more spots and this characteristic of her
eggs may help both to signal her quality to the male and to enhance distinctness from parasitic
eggs laid by females in worse condition (with less spots).

Our approach based on machine learning aimed to be a proxy of the sensory and cognitive
tasks of a bird (i.e., the receiver) challenged to identify its own eggs (i.e., the signallers). Interest-
ingly, our algorithm achieved a similar discriminatory capacity to that shown by birds. For
instance, Victoria [42] reported rejection rates <50% in most of their experiments with Village
weaverbirds faced to discriminate against foreign spotted eggs. Lahti and Lahti [43] found rejec-
tion rates between 25 and 85% depending on the degree of difference between the parasitic egg
and the own eggs in the same species. Qien et al. [25] found that only 38% of Reed warblers
Acrocephalus scirpaceus realized that their nest had been parasitized by cuckoos Cuculus canorus.
Finally, Lyon [23] reported that only 42.9% of parasitized females in American coots rejected at
least one egg. Obviously, our approach does not allow to disentangle the complex neuro-physio-
logical processes in the avian brain and visual systems of birds, as we focussed on the usually
neglected signaller [62]. However, we have found important properties in the egg phenotype
that may help to understand how signallers broadcast their specific signature cues to enhance
their recognisability. First, birds would probably not use a single egg trait, such as colour, marks
or size. They would probably assess the egg as a whole, as the more variables were included in
the model, the better was its classification ability. Second, the egg features with higher intra-
clutch correlation were those more important for egg classification, demonstrating the theoreti-
cal prediction that individual recognition traits are repeatable or fixed. Third, repetition of a
specific egg design in the same clutch would reinforce the overall message sent to the receiver
(i.e., the parents), as this would help to create an internal template and true recognition. Fourth,
labile traits, as those condition dependent, may also play a relevant role in egg recognition. As
egg phenotype is an ephemeral signal (it works at most during the short time frame from laying
to hatching), the physiological conditions of the female during the laying period may left indi-
rectly a particular fingerprint in each clutch, which may help to increase the information
encoded in the eggs and make clutches even more different and identifiable among females.

Supporting information

S1 Fig. Correlation matrix for the 27 explanatory variables obtained with SpotEgg. Vari-
ables were ordered using hierarchical clustering. Spearman’s correlation coefficients were
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coloured depending on their value following the scale plotted on the right.
(JPEG)

S1 Dataset. Variables obtained from SpotEgg image processing. Each row is an image (egg).
See Table 1 for variable description. A nest identifier to group sibling eggs is also available.
(TXT)

Acknowledgments
We thank Radostaw Wlodarczyk for his help in image collection.

Author Contributions

Conceptualization: Jesus Gomez, Oscar Gordo, Piotr Minias.
Data curation: Piotr Minias.

Formal analysis: Jesus Gomez.

Investigation: Piotr Minias.

Methodology: Jesus Gomez.

Resources: Piotr Minias.

Validation: Jesus Gomez, Oscar Gordo.

Visualization: Jesus Gomez, Oscar Gordo.

Writing - original draft: Jesis Gomez, Oscar Gordo, Piotr Minias.

Writing - review & editing: Jesus Gomez, Oscar Gordo, Piotr Minias.

References

1. Brecht KF, Nieder A. Parting self from others: Individual and self-recognition in birds. Neurosci Biobe-
hav Rev. 2020; 116:99-108. https://doi.org/10.1016/j.neubiorev.2020.06.012 PMID: 32534901

2. Buckley PA, Buckley FG. Individual egg and chick recognition by adult royal terns (Sterna maxima
maxima). Anim Behav. 1972; 20: 457-462.

3. Beecher IM, Beecher MD. Sibling recognition in bank swallows (Riparia riparia). Z Tierpsychol. 1983;
62: 145-150.

4. Grether GF, Losin N, Anderson CN, Okamoto K. The role of interspecific interference competition in
character displacement and the evolution of competitor recognition. Biol Rev. 2009; 84: 617—635.
https://doi.org/10.1111/j.1469-185X.2009.00089.x PMID: 19681844

5. VeenT, Richardson DS, Blaakmeer K, Komdeur J. Experimental evidence for innate predator recogni-
tion in the Seychelles warbler. Proc R Soc B. 2000; 267: 2253-2258. https://doi.org/10.1098/rspb.
2000.1276 PMID: 11413640

6. Mueller HC. The development of prey recognition and predatory behaviour in the American Kestrel
Falco sparverius. Behaviour. 1974; 49: 313-324.

7. Anne O, Rasa E. Dwarf mongoose and hornbill mutualism in the Taru Desert, Kenya. Behav Ecol
Sociobiol. 1983; 12: 181-190.

8. Hurd CR. Interspecific attraction to the mobbing calls of black-capped chickadees (Parus atricapillus).
Behav Ecol Sociobiol. 1996; 38: 287-292.

9. Bradbury JW, Vehrencamp SL. Principles of animal communication. 2nd ed. Oxford: Oxford Univer-
sity Press; 2011.

10. Zeigler HP, Bischof HJ (eds.). Vision, brain, and behavior in birds. Cambridge: MIT Press; 1993.

11. Hart NS. The visual ecology of avian photoreceptors. Prog Retin Eye Res. 2001; 20: 675-703. https://
doi.org/10.1016/s1350-9462(01)00009-x PMID: 11470455

12. Scanes PD. Sturkie’s avian physiology. 6th ed. London: Academic Press; 2015.

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 13/17


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248021.s002
https://doi.org/10.1016/j.neubiorev.2020.06.012
http://www.ncbi.nlm.nih.gov/pubmed/32534901
https://doi.org/10.1111/j.1469-185X.2009.00089.x
http://www.ncbi.nlm.nih.gov/pubmed/19681844
https://doi.org/10.1098/rspb.2000.1276
https://doi.org/10.1098/rspb.2000.1276
http://www.ncbi.nlm.nih.gov/pubmed/11413640
https://doi.org/10.1016/s1350-9462%2801%2900009-x
https://doi.org/10.1016/s1350-9462%2801%2900009-x
http://www.ncbi.nlm.nih.gov/pubmed/11470455
https://doi.org/10.1371/journal.pone.0248021

PLOS ONE

Individual egg recognition

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Nielsen BL, Jezierski T, Bolhuis JE, Amo L, Rosell F, Oostindjer M, et al. Olfaction: an overlooked sen-
sory modality in applied ethology and animal welfare. Front. Vet. Sci. 2015; 2: 69. https://doi.org/10.
3389/fvets.2015.00069 PMID: 26664995

Shutler D. Some important overlooked aspects of odors in avian nesting ecology. J Avian Biol. 2019;
50: e02003.

Beer CG. Individual recognition of voice in the social behavior of birds. Adv Study Behav. 1971; 3: 27—
74.

Lambrechts MM, Dhondt AA. Individual voice discrimination in birds. Curr Ornithol. 1995; 12: 115—
139.

Gentner TQ, Hulse SH. Perceptual mechanisms for individual vocal recognition in European starlings,
Sturnus vulgaris. Anim Behav. 1998; 56: 579-594. https://doi.org/10.1006/anbe.1998.0810 PMID:
9784206

Elie JE, Theunissen FE. Zebra finches identify individuals using vocal signatures unique to each call
type. Nat Comm. 2018; 9: 4026. https://doi.org/10.1038/s41467-018-06394-9 PMID: 30279497

Leedale AE, Simeoni M, Sharp SP, Green JP, Slate J, Lachlan RF, et al. Cost, risk, and avoidance of
inbreeding in a cooperatively breeding bird. Proc Natl Acad Sci USA. 2020; 117: 15724—15730.
https://doi.org/10.1073/pnas.1918726117 PMID: 32571952

Soto FA, Wasserman EA. Visual object categorization in birds and primates: integrating behavioral,
neurobiological, and computational evidence within a ‘general process’ framework. Cogn Affect Behav
Neurosci. 2012; 12: 220-204. https://doi.org/10.3758/s13415-011-0070-x PMID: 22086545

Stoddard MC, Kilner RM, Town C. Pattern recognition algorithm reveals how birds evolve individual
egg pattern signatures. Nat Commun. 2014; 5: 4117. https://doi.org/10.1038/ncomms5117 PMID:
24939367

Fleischman S, Terkel J, Barnea A. Visual recognition of individual conspecific males by female zebra
finches, Taeniopygia guttata. Anim Behav. 2016; 120: 21-30.

Feeney WE, Welbergen JA, Langmore NE. Advances in the study of coevolution between avian brood
parasites and their hosts. Ann Rev Ecol Evol S. 2014; 45: 227-246.

Soler M, Martinez JG, Soler JJ. Effects of brood parasitism by the great spotted cuckoo on the breed-
ing success of the magpie host: an experimental study. Ardeola. 1996; 43: 87-96.

Jien IJ, Moksnes A, Raskaft E, Honza M. Costs of cuckoo Cuculus canorus parasitism to reed war-
blers Acrocephalus scirpaceus. J Avian Biol. 1998; 29: 209-215.

Lyon BE. Egg recognition and counting reduce costs of avian conspecific brood parasitism. Nature.
2003; 422: 495-499 https://doi.org/10.1038/nature01505 PMID: 12673243

Lyon BE, Eadie JM. Conspecific brood parasitism in birds: a life-history perspective. Ann Rev Ecol
Evol S. 2008; 39: 343-363.

Shugart GW. Individual clutch recognition by Caspian terns, Sterna caspia. Anim Behav. 1987; 35:
1563-1565.

Schaffner FC. Egg recognition by elegant terns (Sterna elegans). Colonial Waterbirds. 1990; 13: 25—
30.

Hauber ME, Luro A, McCarty CJ, Barateli K, Cassey P, Hansen ES, et al. Interannual repeatability of
eggshell phenotype in individual female Common Murres (Uria aalge). Can J Zool. 2019; 97: 385—
391.

Liu J, Cheng C, Liang W. Egg recognition and chick discrimination in colonial breeding birds. Behav
Process. 2019; 168: 103955. https://doi.org/10.1016/j.beproc.2019.103955 PMID: 31493492

Quach L, Miller AE, Hogan BG, Stoddard MC. Egg patterns as identity signals in colonial seabirds: a
comparison of four alcid species. J Exp Zool Part B. in press https://doi.org/10.1002/jez.b.22945
PMID: 32400035

Gaston AJ, Leah N, Noble DG. Egg recognition and egg stealing in murres (Uria spp.). Anim Behav.
1993; 45: 301-306.

Hauber ME, Bond AL, Kouwenberg AL, Robertson GJ, Hansen ES, Holford M, et al. The chemical
basis of a signal of individual identity: shell pigment concentrations track the unique appearance of
Common Murre eggs. J R Soc Interface. 2019; 16:20190115. https://doi.org/10.1098/rsif.2019.0115
PMID: 30966949

Brown CR. Laying eggs in a neighbor’s nest: benefit and cost of colonial nesting in swallows. Science.
1984; 224:518-519. https://doi.org/10.1126/science.224.4648.518 PMID: 17753777

Rohwer FC, Freeman S. The distribution of conspecific nest parasitism in birds. Can J Zool. 1989; 67:
239-253.

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 14/17


https://doi.org/10.3389/fvets.2015.00069
https://doi.org/10.3389/fvets.2015.00069
http://www.ncbi.nlm.nih.gov/pubmed/26664995
https://doi.org/10.1006/anbe.1998.0810
http://www.ncbi.nlm.nih.gov/pubmed/9784206
https://doi.org/10.1038/s41467-018-06394-9
http://www.ncbi.nlm.nih.gov/pubmed/30279497
https://doi.org/10.1073/pnas.1918726117
http://www.ncbi.nlm.nih.gov/pubmed/32571952
https://doi.org/10.3758/s13415-011-0070-x
http://www.ncbi.nlm.nih.gov/pubmed/22086545
https://doi.org/10.1038/ncomms5117
http://www.ncbi.nlm.nih.gov/pubmed/24939367
https://doi.org/10.1038/nature01505
http://www.ncbi.nlm.nih.gov/pubmed/12673243
https://doi.org/10.1016/j.beproc.2019.103955
http://www.ncbi.nlm.nih.gov/pubmed/31493492
https://doi.org/10.1002/jez.b.22945
http://www.ncbi.nlm.nih.gov/pubmed/32400035
https://doi.org/10.1098/rsif.2019.0115
http://www.ncbi.nlm.nih.gov/pubmed/30966949
https://doi.org/10.1126/science.224.4648.518
http://www.ncbi.nlm.nih.gov/pubmed/17753777
https://doi.org/10.1371/journal.pone.0248021

PLOS ONE

Individual egg recognition

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Yom-Tov Y. An updated list and some comments on the occurrence of intraspecific nest parasitism in
birds. Ibis. 2001; 143: 133-143.

Lyon B. Mechanism of egg recognition in defenses against conspecific brood parasitism: American
coots (Fulica americana) know their own eggs. Behav Ecol Sociobiol. 2007; 61: 455—463.

Rothstein SI. Mechanisms of avian egg-recognition: do birds know their own eggs? Anim Behav.
1975; 23:268-278.

Rothstein SI. Successes and failures in avian egg and nestling recognition with comments on the utility
of optimality reasoning. Am Zool. 1982; 22: 547-560.

Swynnerton CFM. Rejections by birds of eggs unlike their own: with remarks on some of the cuckoo
problems. Ibis. 1918; 60: 127-154.

Victoria JK. Clutch characteristics and egg discriminative ability of the African village weaverbird Plo-
ceus cucullatus. Ibis. 1972; 114: 367-376.

Lahti DC, Lahti AR. How precise is egg discrimination in weaverbirds? Anim Behav. 2002; 63: 1135—
1142.

Stevens M, Troscianko J, Spottiswoode CN. Repeated targeting of the same hosts by a brood parasite
compromises host egg rejection. Nat Commun. 2013; 4: 2475. https://doi.org/10.1038/ncomms3475
PMID: 24064931

Lahti DC. Evolution of bird eggs in the absence of cuckoo parasitism. Proc Natl Acad Sci USA. 2005;
102: 18057—-18062. https://doi.org/10.1073/pnas.0508930102 PMID: 16326805

Polacikova L, Honza M, Prochazka P, Topercer J, Stokke BG. Colour characteristics of the blunt egg
pole: cues for recognition of parasitic eggs as revealed by reflectance spectrophotometry. Anim
Behav. 2007; 74: 419-427.

Hanley D, Grim T, Igic B, Samas P, Lépez AV, Shawkey MD, et al. Egg discrimination along a gradient
of natural variation in eggshell coloration. Proc R Soc B. 2017; 284:20162592. https://doi.org/10.
1098/rspb.2016.2592 PMID: 28179521

Gosler AG, Barnett PR, James Reynolds S. Inheritance and variation in eggshell patterning in the
great tit Parus major. Proc R Soc B 2000; 267: 2469-2473. hitps://doi.org/10.1098/rspb.2000.1307
PMID: 11197121

Jamieson IG, McRae SB, Simmons RE, Trewby M. High rates of conspecific brood parasitism and
egg rejection in coots and moorhens in ephemeral wetlands in Namibia. Auk. 2000; 117: 250-255.

Kiss VA, Pripon LR, Marton A. Differences in eggshell pigmentation pattern between Common Moor-
hen Gallinula chloropus and Eurasian Coot Fulica atra eggs. Ornis Hungarica. 2020; 28: 176—180.

Stoddard MC, Stevens M. Pattern mimicry of host eggs by the common cuckoo, as seen through a
bird’s eye. Proc R Soc B. 2010; 277: 1387—1393. https://doi.org/10.1098/rspb.2009.2018 PMID:
20053650

Stevens M. Avian vision and egg colouration: concepts and measurements. Avian Biol Res. 2011; 4:
168-184.

Brulez K, Cassey P, Meeson A, Miksik |, Webber SL, Gosler AG et al. Eggshell spot scoring methods
cannot be used as a reliable proxy to determine pigment quantity. J Avian Biol. 2014; 45: 94-102.

Brulez K, Choudhary PK, Maurer G, Portugal SJ, Boulton RL, Webber SL, et al. Visual scoring of egg-
shell patterns has poor repeatability. J. Ornithol. 2014; 155: 701-706.

Sezer M, Tekelioglu O. Quantification of Japanese quail eggshell colour by image analysis. Biol Res.
2009; 42: 99-105. https://doi.org//S0716-97602009000100010 PMID: 19621137

Polacek M, Bartikova M, Hoi H. Intraclutch eggshell colour variation in birds: are females able to iden-
tify their eggs individually? Peerd. 2017; 5: e3707. https://doi.org/10.7717/peerj.3707 PMID:
28875071

Schmitz Ornés A, Herbst A, Spillner A, Mewes W, Rauch M. A standardized method for quantifying
eggshell spot patterns. J Field Ornithol. 2014; 85: 397-407.

Gomez J, Lifan-Cembrano G. SpotEgg: An image-processing tool for automatised analysis of colora-
tion and spottiness. J Avian Biol. 2017; 48: 502-512.

Spottiswoode CN, Stevens M. Host-parasite arms races and rapid changes in bird egg appearance.
Am Nat. 2012; 179: 633—648. https://doi.org/10.1086/665031 PMID: 22504545

Rahn K, Schmitz Ornés A. Individuality in egg colouration of black-headed gulls Chroicocephalus ridi-
bundus across the years confirmed through DNA analyses. Ardea. 2020; 108: 83-93.

Avilés JM, Soler JJ, Soler M, Mgller AP. Rejection of parasitic eggs in relation to egg appearance in
magpies. Anim Behav. 2004; 67: 951-958.

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 15/17


https://doi.org/10.1038/ncomms3475
http://www.ncbi.nlm.nih.gov/pubmed/24064931
https://doi.org/10.1073/pnas.0508930102
http://www.ncbi.nlm.nih.gov/pubmed/16326805
https://doi.org/10.1098/rspb.2016.2592
https://doi.org/10.1098/rspb.2016.2592
http://www.ncbi.nlm.nih.gov/pubmed/28179521
https://doi.org/10.1098/rspb.2000.1307
http://www.ncbi.nlm.nih.gov/pubmed/11197121
https://doi.org/10.1098/rspb.2009.2018
http://www.ncbi.nlm.nih.gov/pubmed/20053650
https://doi.org/S0716-97602009000100010
http://www.ncbi.nlm.nih.gov/pubmed/19621137
https://doi.org/10.7717/peerj.3707
http://www.ncbi.nlm.nih.gov/pubmed/28875071
https://doi.org/10.1086/665031
http://www.ncbi.nlm.nih.gov/pubmed/22504545
https://doi.org/10.1371/journal.pone.0248021

PLOS ONE

Individual egg recognition

62.

63.

64.

65.
66.

67.

68.

69.

70.

71.
72.
73.

74.

75.

76.

77.

78.

79.

80.
81.

82.

83.

84.

85.

86.

87.

Tibbetts EA, Dale J. Individual recognition: it is good to be different. Trends Ecol Evol. 2007; 22: 529—
537. https://doi.org/10.1016/j.tree.2007.09.001 PMID: 17904686

Dale J, Lank DB, Reeve HK. Signaling individual identity versus quality: A model and case studies with
ruffs, queleas, and house finches. Am Nat. 2001; 158: 75-86. https://doi.org/10.1086/320861 PMID:
18707316

Kennedy GY, Vevers HG. A survey of avian eggshell pigments. Comp. Biochem. Physiol B. 1976; 55:
117-123. https://doi.org/10.1016/0305-0491(76)90183-8 PMID: 947658

Arnold TW. Conspecific egg discrimination in American Coots. Condor. 1987; 89: 675-676.

Lyon BE. Conspecific brood parasitism as a flexible female reproductive tactic in American coots.
Anim Behav. 1993; 46: 911-928.

McRae SB. Conspecific brood parasitism in the tropics: an experimental investigation of host
responses in common moorhens and American purple gallinules. Ecol Evol. 2011; 1: 317-329.
https://doi.org/10.1002/ece3.26 PMID: 22393503

Meniaia Z, Samraoui F, Alfarhan AH, Samraoui B. Nest-site selection, breeding success and brood
parasitism in the common moorhen Gallinula chloropus in Algeria. Zool Ecol. 2014; 24: 305-313.

Samraoui F, Samraoui B. The reproductive ecology of the Common Coot (Fulica atra) in the Hauts Pla-
teaux, northeast Algeria. Waterbirds. 2007; 30: 133—-139.

Cheng K, Zong C, Cai T, Ha L. The effectiveness of egg morphology for detecting parasitized nests
and eggs for common coots (Fulica atra) in Heilongjiang, China. Waterbirds. 2016; 39: 306-311.

Vapnik V. The nature of statistical learning theory. 2nd ed. New York: Springer-Verlag; 2000.
Steinwart I, Chistmann A. Support Vector Machines. New York: Springer; 2008.

Dormann CF, Elith J, Bacher S, Buchmann C, Carl G, Carré G, et al. Collinearity: a review of methods
to deal with it and a simulation study evaluating their performance. Ecography. 2013; 36: 27—-46.

McGraw KO, Wong SP. Forming inferences about some intraclass correlation coefficients. Psychol
Methods. 1996; 1: 30—46.

Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to
multiple testing. J Roy Stat Soc B. 1995; 57: 289-300.

R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical
Computing, Vienna, Austria. https://www.Rproject.org; 2020

Karatzoglou A, Smola A, Hornik K, Zeileis A. kernlab-an S4 package for kernel methods in R. J Stat
Soft. 2004; 11: 1-20.

Stoffel MA, Nakagawa S, Schielzeth H. rptR: repeatability estimation and variance decomposition by
generalized linear mixed-effects models. Methods Ecol Evol. 2017; 8: 1639-1644.

Caves EM, Stevens M, Iversen ES, Spottiswoode CN. Hosts of avian brood parasites have evolved
egg signatures with elevated information content. Proc R Soc B 2015; 282: 20150598. https://doi.org/
10.1098/rspb.2015.0598 PMID: 26085586

Pike TW. Egg recognition in Japanese quail. Avian Biol Res. 2011; 4:231-236.

Spottiswoode CN, Stevens M. Visual modeling shows that avian host parents use multiple visual cues
in rejecting parasitic eggs. Proc Natl Acad Sci USA. 2010; 107: 8672-8676. https://doi.org/10.1073/
pnas.0910486107 PMID: 20421497

Pdysa H, Lindblom K, Rutila J, Sorjonen J. Reliability of egg morphology to detect conspecific brood
parasitism in goldeneyes Bucephala clangula examined using protein fingerprinting. J Avian Biol.
2009; 40: 453-456.

P&ysé H, Runko P, Ruusila V, Milonoff M. Identification of parasitized nests by using egg morphology
in the common goldeneye: an alternative to blood sampling. J Avian Biol. 2001; 32: 79-82.

Gomez J, Pereira Al, Pérez-Hurtado A, Castro M, Ramo C, Amat JA. A trade-off between overheating
and camouflage on shorebird eggshell coloration. J Avian Biol. 2016; 47: 346—353.

Kilner RM. The evolution of egg colour and patterning in birds. Biol Rev. 2006; 81: 383—406. https://
doi.org/10.1017/S1464793106007044 PMID: 16740199

Godmez J, Ramo C, Troscianko J, Stevens M, Castro M, Pérez-Hurtado A, et al. Individual egg camou-
flage is influenced by microhabitat selection and use of nest materials in ground-nesting birds. Behav
Ecol Sociobiol. 2018; 72: 142.

Gomez J, Ramo C, Stevens M, Lifian-Cembrano G, Rendén MA, Troscianko JT, et al. Latitudinal vari-
ation in biophysical characteristics of avian eggshells to cope with differential effects of solar radiation.
Ecol Evol. 2018; 8: 8019-8029. https://doi.org/10.1002/ece3.4335 PMID: 30250681

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 16/17


https://doi.org/10.1016/j.tree.2007.09.001
http://www.ncbi.nlm.nih.gov/pubmed/17904686
https://doi.org/10.1086/320861
http://www.ncbi.nlm.nih.gov/pubmed/18707316
https://doi.org/10.1016/0305-0491%2876%2990183-8
http://www.ncbi.nlm.nih.gov/pubmed/947658
https://doi.org/10.1002/ece3.26
http://www.ncbi.nlm.nih.gov/pubmed/22393503
https://www.Rproject.org
https://doi.org/10.1098/rspb.2015.0598
https://doi.org/10.1098/rspb.2015.0598
http://www.ncbi.nlm.nih.gov/pubmed/26085586
https://doi.org/10.1073/pnas.0910486107
https://doi.org/10.1073/pnas.0910486107
http://www.ncbi.nlm.nih.gov/pubmed/20421497
https://doi.org/10.1017/S1464793106007044
https://doi.org/10.1017/S1464793106007044
http://www.ncbi.nlm.nih.gov/pubmed/16740199
https://doi.org/10.1002/ece3.4335
http://www.ncbi.nlm.nih.gov/pubmed/30250681
https://doi.org/10.1371/journal.pone.0248021

PLOS ONE

Individual egg recognition

88.

89.

90.

91.

92.

93.

94,

95.

96.

97.

98.

99.

100.

Stoddard MC, Yong EH, Akkaynak D, Sheard C, Tobias JA, Mahadevan L. Avian egg shape: Form,
function, and evolution. Science. 2017; 356: 1249-1254. https://doi.org/10.1126/science.aaj1945
PMID: 28642430

L’Herpiniere KL, O’Neill LG, Russell AF, Duursma DE, Griffith SC. Unscrambling variation in avian
eggshell colour and patterning in a continent-wide study. Roy Soc Open Sci. 2019; 6: 181269.

Gomez J, Lifian-Cembrano G, Castro M, Pérez-Hurtado A, Ramo C, Amat JA. The protoporphyrin
content of Kentish Plover Charadrius alexandrinus eggshells is better predicted by the fractal dimen-
sion of spottiness than by colour. J Ornithol. 2019; 160: 409—415.

Marchetti K. Egg rejection in a passerine bird: size does matter. Anim Behav. 2000; 59: 877—-883.
https://doi.org/10.1006/anbe.1999.1388 PMID: 10792943

Amat JA, Fraga RM, Arroyo GM. Intraclutch egg-size variation and offspring survival in the Kentish
Plover Charadrius alexandrinus. |bis. 2001; 143: 17-23.

Petrie M, Pinxten R, Eens M. Moorhens have an internal representation of their own eggs. Naturwis-
senschaften. 2009; 96: 405—407. hitps://doi.org/10.1007/s00114-008-0486-5 PMID: 19082574

Molina-Morales M, Martinez JG, Martin-Gélvez D, Dawson DA, Burke T, Avilés JM. Cuckoo hosts
shift from accepting to rejecting parasitic eggs across their lifetime. Evolution. 2014; 68: 3020-3029.
https://doi.org/10.1111/evo.12471 PMID: 24916150

Avilés JM. Egg rejection by Iberian azure-winged magpies Cyanopica cyanus in the absence of brood
parasitism. J Avian Biol. 2004; 35: 295-299.

Morales J, Sanz JJ, Moreno J. Egg colour reflects the amount of yolk maternal antibodies and fledging
success in a songbird. Biol Lett. 2006; 2: 334-336. https://doi.org/10.1098/rsbl.2006.0471 PMID:
17148396

Ishikawa Sl, Suzuki K, Fukuda E, Arihara K, Yamamoto Y, Mukai T, et al. Photodynamic antimicrobial
activity of avian eggshell pigments. FEBS Lett. 2010; 584: 770—774. https://doi.org/10.1016/j.febslet.
2009.12.041 PMID: 20036664

Lovell PG, Ruxton GD, Langridge KV, Spencer KA. Egg-laying substrate selection for optimal camou-
flage by quail. Curr Biol. 2013; 23: 260-264. https://doi.org/10.1016/j.cub.2012.12.031 PMID:
23333313

Moreno J, Osorno JL. Avian egg colour and sexual selection: does eggshell pigmentation reflect
female condition and genetic quality? Ecol Lett. 2003; 6: 803—806.

Minias P, Gémez J, Wiodarczyk R. Egg spottiness reflects female condition, physiological stress, and
ornament expression in a common rallid species. Auk. 2020; 137(4): ukaa054 https://doi.org/10.1093/
auk/ukaa054

PLOS ONE | https://doi.org/10.1371/journal.pone.0248021 March 4, 2021 17/17


https://doi.org/10.1126/science.aaj1945
http://www.ncbi.nlm.nih.gov/pubmed/28642430
https://doi.org/10.1006/anbe.1999.1388
http://www.ncbi.nlm.nih.gov/pubmed/10792943
https://doi.org/10.1007/s00114-008-0486-5
http://www.ncbi.nlm.nih.gov/pubmed/19082574
https://doi.org/10.1111/evo.12471
http://www.ncbi.nlm.nih.gov/pubmed/24916150
https://doi.org/10.1098/rsbl.2006.0471
http://www.ncbi.nlm.nih.gov/pubmed/17148396
https://doi.org/10.1016/j.febslet.2009.12.041
https://doi.org/10.1016/j.febslet.2009.12.041
http://www.ncbi.nlm.nih.gov/pubmed/20036664
https://doi.org/10.1016/j.cub.2012.12.031
http://www.ncbi.nlm.nih.gov/pubmed/23333313
https://doi.org/10.1093/auk/ukaa054
https://doi.org/10.1093/auk/ukaa054
https://doi.org/10.1371/journal.pone.0248021

