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Exploring morphological variation of Rough periwinkle (Littorina

saxatilis) shells along exposed and sheltered rocky shores, with three

data transformation methods

INTRODUCTION

Rocky shore is a spatially and temporally heterogeneous environment (Witman,
1985; Helmuth and Hoffman, 2001). Gastropod mollusc morphology,
concentrating on shape, size, and colour of the shell and size of the foot (Clarke
et al., 1998; Trussell 1997, Reimchen, 1974), shell strength (Vermeij and
Currey, 1980) can be used for modelling strategies of adaptation to such
environment on a small (De Wolf et al., 1997; Sundberg, 1988) and also large

geographic scale (Etter, 1988; Trussell 2000).

Phenotypic plasticity (Agrawal, 2001) can lead to different ecotypes as a result
of local adaptation (Hollander et at., 2006; Janson, 1982). Littorina saxatilis is
one of the most polymorphic species of winkles, having different ecotypes
based on their shell morphology, predators and distribution on sea shores

(Figure 1, Table 1; Reid, 1996; Hull et al., 1996; Johannesson, 2003).

Spain Britain Sweden

Figure 1. The morphological variation (aperture area, thickness of shell) in L. saxatilis along
sea shores are suggested to be mainly correlated with wave action and crab predation in
several countries (Johannesson, 2003)
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Morphological constraint on coiled shells can be explained mathematically
(Raup, 1961; Vermeij, 1971; Kemp and Bertness, 1984). The aperture growth
determines the overall shell form and snail foot size (Trussell, 1997), so it is one
of the main morphological shell character. Whorl expansion and apical angle
are also main factors generating the great variety of shells in L. saxatilis and L.

arcana (Clarke et al., 1999; Thompson, 1942).

Environmental conditions, such as wave action (risk of dislodgement, Trussell
etal., 1993), can force a shift in the covariation between several traits (Grahame
and Mill, 1986; Trussell, 1977; Heller, 1976). This leads to an overall change in
morphology. Therefore, when considering shell morphology it is important to

use covariate matrixes, not singular features (Schindel, 1990; Béguinot, 2014).

Table 1. Many L. saxatilis ecotypes have been identified in different countries. These studies mostly concentrate
on wave exposure and crab predation leading to shape variation. However, biologically important factors (e.g.
sexual maturity and accommodating brood)should also be consider (Walker and Grahame, 2011; Conde-Padin et
al., 2007 and 2009).

L. saxatilis

Description Country Reference
ecotype
Moderately exposed boulder shores, relatively large .
SIEEEELE (>10mm), thick and the aperture is relatively narrow 2 O, ke
Wave- Exposed shores, less crab predation more exposed to
exposed dislodgement, smaller in size (4-6 mm), thin-walled, larger UK Reid, 1996
P foot, larger aperture
Barnacle Eilgrt:lt:rl]a)r in shape, dark in colour and very small in size UK Johannesson, 2003
H On large boulders (3-4m diameter), in the upper part of the UK Hull et al., 1996;
intertidal zone Johannesson, 2003
On moderately sizes boulders (1-2m) in the mid-intertidal Hull et al., 1996;
M UK
zone Johannesson, 2003
. . . Johannesson et al.,
RB Rldge.d and banded, assoglated WIFh the barnacle belt from Spain 1993: Johannesson et
the mid to upper shore, twice the size than SU al. 1995
. . Johannesson et al.,
Su Smooth and unba_mded, in the mussel belt from mid to lower Spain 1893: Johannesson et
shore, aperture size SU>RB
al., 1995
E Large aperture, thin shell Sweden ‘:gzgn and Sundberg,
S Smaller aperture and thick shell Sweden #gzgn and Sundberg,

Between E and S for few meters Sweden ‘:gg%n and Sundberg,
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The aim of this study was to (1) look for morphological changes in shells of L.
saxatilis between sheltered versus exposed rocky shores with Principal
Component Analysis (PCA) and (2) to explore if ratios of measurements or (3)
the transformation methods applied by Clarke at al. (1999) capture the
morphological variation more efficiently. With a combination of multivariate

statistical methods, detailed shape differences were explored.

MATERIALS

We collected L. saxatilis specimens from two transects, 20 meter long each, at
two different sites at Combe Martin beach in North Devon on 24 March, 2017.
Site A (51°12'29.6"N 4°02'24.8"W) was exposed, described by flat rock surface
and, site B (51°12'27.7"N 4°02'24.7"W) was a sheltered area, alongside a rock
face, with many crevices and rock pools (Figure 2). We collected all winkles at
two meter interval within a 1 m? area along transects (na=128, ns=79). Control
group consisted of ten flat periwinkle (L. obtusata) shells collected at

Watermouth beach (Site C, 51°12'56.9"N 4°04'27.8"W) and one dog whelk (Site

SR Tty 3 ol

Figure 2. Sampling at Combe Martin beach, North Devon. Site A was moderately exposed as there
was a man-made sea defence. Site B was alongside a rock face, providing shelter for organisms.
Site A was 57.6 m away from site B. Satellite images from Google Maps.
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B, Nucella lapillus). Samples were measured using a digital calliper recording
Madec and Bellido’s (2007) measurements (Figure 3) with 0.1 mm accuracy.
Measuring was uniform as one student measured constantly two characters
and then the following student measured the next two measurements of each
shell. Data was directly put into an Excel data sheet. For each sampling station

along transects, we truncated sample size at 20 winkles.

Figure 3. One 20 m transect was used per site, periwinkles were collected at 2m
intervals. The scales on the photographs are representatives of 1 cm. The exact locations
of the samples were recorded with pencil and placed in the sample tubes. Molluscs often
use crevices, holes and surface irregularities as shelters against environmental stressors
(Pardo and Johnston, 2004).
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Littorina saxatilis shape differences on exposed versus sheltered shores were

investigated using (1) Principal Component Analysis (PCA, normal and

Bayesian, Table 2), (2) Cluster Analysis (CLA, hierarchical and model based,

the latter not discussed in this paper, Fraley and Raftery, 1998) and (3)

Nonmetric Multidimensional Scaling (NMDS). General terms and approaches

are described by Paily and Shankar (2016) (Table 3).

Table 2. Several mathematical changes can be applied to PCA and in the last decade,
many PCAs have been developed for different data sets.

PCA name

References

Probabilistic PCA

Tippings and Bishop, 1999

Partially Bayesian PCA
Fully Bayesian
Multiscale PCA
Maximum likelihood PCA

Exponentially weighted moving PCA

Bayesian PCA

Nakajima et al., 2011
Bishop, 1999
Bakshi, 1995
Wentzell et al., 1997
Wold, 1994

Nounou et al., 2002

Table 3. The three multivariate analysis used in this paper and their description and drawbacks.

Assumed
Analysis Data matrix relationship Description Output Drawbacks References
It operates within orthogonal Represents the Pearson
sparse coefficient matrix, one largest gradient of o
Orthogonal o f d variabl bility in the d 1901; Paily
sparse containing transforme variables variability in the data Information about range and
g (scores) and the other matrix set decreases on the L
coefficient . ) ) of variation and the mean  Shankar,
PCA L Linear containing the new axes of different PC axes. ; . .
matrix in - : " PR value of PC loading and 2016; Abdi
S rotation (loadings) retaining the The distribution of . .
Euclidian PN . ; scores is not available. and
. most variation in the original data.  objects correspond L
distance . e AR Williams,
The loadings maximize the to the similarity of the 2010
variations found by the PCA. variable’s scores.
A small number of ordination axes Not an elgenvegtor-bgged
are chosen prior to the analysis gradlefnt anal;rl]gls |bUt itis Kelnkgl 1and .
Dissimilarity and the data is fitted to those A ‘map’, representing :Jeselisz;?;ﬁgnlcl?also g;tc))i(;:;)w?ti&
matrix in dimensions. It ranks the distances ranks of pairwise P P o
NMDS - Any . . L loads all variance onto the  1975; Paily
Euclidian among all distances and then it dissimilarities among two axes. and it is easier and
distance finds N-dimensional ordination objects. ’
space that best matches to see b.Ut does pot Shankar,
differences in ranks provide information of 2016
) variable contributions.
For a cluster with AU Suzuki and
Matrix of p-value > 0.05, SﬁizrlrJloleri]ra
observations Computes multiscale bootstrap Clusters with AU Hard to tell how correct a 2006 and ’
- resampling to calculate p-values larger than 95% are cluster is supported by )
CLA and objects Any : . LS 2004
in Euclidian for each cluster after hierarchical highlighted by the data. It can be used Shim’odaira
distance clustering. rectangles, which are  only for visualisation. 2004 and ’
strongly supported 2002

by data.
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The analyses were performed on the three different data sets (loge transformed,

ratios, geometric mean transformed), separately for exposed, sheltered and the

combination of the two (Figure 4). Normal PCA was performed in Multivariate

Statistical Package (MVSP 3.1, Kovach 1999), the other methods were carried

out in R 3.4.0 (R scripts, raw data available on WinkleStats, 2017). See data

Data sets
Natural log Ratios GM
v r | v v v ' Y
Data
subsets Exposed | |Sheltered Both Exposed | |Sheltered Both Exposed | |Sheltered Both
] A Appendix 2 4. Va_lriable_z cqn_tribution and Appendix 5 7. Check‘and compare _
Analysis 1. Correlation i quality of individuals (Cos2) | PP NMDS with PCA results Figure 11
steps and coefficients *|("EactoMiner" package, ™| ("vegan" package, Oksanen
output ("corrplot” package) Husson et al., 2016 ) et al., 2007)
/
2. PCA and outlier Figure 5 5. Bayesian PCA, posterior | Table 7 8. Guassian finite model B
: ) Eigenvalue and explained and 8 fitted by EM algorithm,
removal visually variance distribution ("bPCA" selected by Bayesian Not
(MVSP) package, Pter, 2016) Information Criterion (BIC) discussed
and hirearchial clustering in
‘ ‘ ("mclust" package) this
> paper,
3. Varimax rotation 6. Hierarchial clustering with | Figure 6 + see
("GPArotation" P-values on used 9. Eigenvalue WinkleStats
package, Jennrich, clharacters and individuals Decomposition Discriminant (2017)
2001) ("pvclust” package, Suzuki Analysis (EDDA) (“mclust”
and Shimodaira, 2006) package) )

Figure 4. Data sets and data analysis for exploring shell morphology on exposed and sheltered shores.

1. PCA on log transformed raw data

Continuous raw data showed linear relationship between the measurements.
This linear relationship justified using PCA (Paily and Shankar, 2016). First,
preforming centred PCA (Abdi and Williams, 2010) on our original data (na=128,
ne=79) of measurements with loge- transformation, six outliers were identified
with a scatterplot (B.12, B.20, B37, and FW.5, FW. 6) and were removed. Axis

1 contributed 96.12% of the variance, and consisted of only positive loadings,


https://winklestats.wordpress.com/
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followed by 1.504% (Axis 2) and the residual 2.376% was explained by the

remaining four axes (Table 4). The control group was identified easily with the

PCA, forming a cluster (Figure 5). This was removed for calculating PCA

loadings. Spearman correlation between the raw variables were all positive and

significant (P<0.001 in all cases) which did not add new information.

Table 4. Results of PCA on loge transformed measurements excluding outliers
and the control group. On axes 1 and 2, all variables show significant variable
loadings (shown in bold, <+ 0.1).

PCA variable loadings Axis 1 Axis 2 Axis 3 Axis 4 Axis 5 Axis 6
In BE 0.334 0.11 0.906 0.206 -0.034 -0.109
In EF 0.434 -0.893 -0.063 0 -0.072 -0.076
In FG 0.427 0.273 -0.11 -0.477 -0.709 -0.015
InCD 0.408 0.241 -0.372 0.784 -0.129 -0.074
In AB 0.407 0.212 -0.154 -0.311 0.572 -0.585
In BG 0.432 0.113 -0.031 -0.137 0.383 0.797
Eigenvalues 1.223 0.019 0.015 0.009 0.005 0.001
Percentage 96.12 1.504 1.185 0.684 0.393 0.114
Cum. Percentage 96.12 97.624 98.81 99.493  99.886 100
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Figure 5. Axis 2 and 3 showing PCA results. These axes show morphological differences. The
control group (red circles) is a clearly identified cluster. The exposed (blue triangle) and sheltered
(yellow upside down triangle) overlap greatly. The dogwhelk (pink square) sits in the overlapping

area.
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Hierarchical clustering of Euclidian distance matrices of the loge transformed

data was performed with P-values via multiscale bootstrap resampling with

‘pvclust” R package (Figure 6, Suzuki and Shimodaira, 2006). The average

clustering showed that based on P-values total width (AB), total height (BG)

and aperture width (FG) are the most correlated measurements. As the PCA

showed that 95.308% of the variation is explained by axis 1 and the total width

and height are the most significant measurements according to the cluster

analysis, it is justified that axis 1 is associated with size.

Cluster dendrogram with AU/BP values (%)
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Figure 6. Hierarchical clustering with P-values via multiscale bootstrap resampling.
Bootstrapping was set to 1000. AB (total width) and BG (total height) and FG (aperture
width) are the most significant with high AU (Approximately Unbiased) and BP (Bootstrap
Probability) P-values. These characters are highly correlated.


https://cran.r-project.org/web/packages/pvclust/pvclust.pdf
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Enhanced hierarchical clustering with the hclust() function

“fastcluster”
package), the individual shells were clustered according to their distribution

(exposed vs sheltered, Figure 7) with a node a showing a mixture of the two.

The PCA and CLA is showing clear difference between the sizes of the shells
on the two sites.

Cluster Dendrogram

TSI T

B

i

B&A A

Figure 7. Enhanced hierarchical clustering in Euclidian pairwise distance matrices separating
exposed (A) and sheltered (B) sites. Sample ID labels were removed for clearer

representation. When performed on raw data, outliers were identified again.

2. Normal PCA on ratios of measurements

The aim of performing PCA on ratios between measurements was to test if this
data set can show a more clear difference between shell morphology on the
two different shores, as shown in other studies (e.g. Grahame and Mill, 1989;
Smith, 1981; Chapman, 1995). The following ratios were calculated: BG/AB,

BG/BE, BG/FG, AB/CD and EF/BE in Excel. After preforming PCA on this


https://cran.r-project.org/web/packages/fastcluster/fastcluster.pdf
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dataset with loge transformation, six outliers were removed (A.126, B.37, B.12,
B.20, FW.6, and FW.5). The control group was within the overlapping area
(Figure 8). After its removal, the PCs accounted for 89.336% on Axis 1 (size)
for total variance, followed by 6.333% (Axis 2) and 5.152% (Axis 3). Hierarchical
clustering with P-values showed that AB/FG - BG/FG, AB/CD — FG/CD and

BG/BE — EF/BE ratios were the most correlated pairs (Figure 9).

Comparing the first PCA (Figure 5) and the second PCA Figure 6), the variance
contribution on axis 1 decreased from 95.308 to 89.34% and on the second
axis from 1.5 to 6.33% (Table 5). So the PCA performed on ratios has
decreased the “size” effect and hence, a better differentiation of morphology of

the two shores.

0.0457—
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Figure 8. Axis 2 and axis 3 of PCA on ratio data showing a clear separation of the two sites with overlap.
Control group (red) are found in the overlap area and the dogwhelk (pink) can be found outside the clusters.

Table 5. Comparing the eigenvalues, and the loading percentages between the log. transformed raw data
and the ratios on the first three PC axes. Ratios decreased the explained variance (%) on Axis 1.

Eigenvalues Percentages Cum. Percentage
loge Ratios loge Ratios loge Ratios
Axis 1 1.223 1.456 96.12 89.336 96.12 89.336
Axis 2 0.019 0.103 1.504 6.333 97.624 95.669
Axis 3 0.015 0.07 1.185 4.271 98.81 99.94
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Cluster dendrogram with AU/BP values (%)
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Figure 9. Hierarchical clustering with P-values and bootstrapping interestingly did not
cluster the ratio of total length and total width (BG/AB). The ratios of other measurement’s
to the aperture (FG) width were all significant. This suggest the for the ratio data set, most
variance is explained by the ratio of aperture width.

3. Normal PCA on geometric mean transformed data

The following data transformation was developed by Grahame and Mill (1989)
to minimise effect of size. It was further developed by Clarke et al. (1999) and
incorporated with extended eigenshape method (MacLeod 1999) by Walker
and Graham (2011). Calculations were done in Excel (Appendix 3). The apical
angle (aa, the pointedness of the shell), assuming that the natural shape of the
unconstrained aperture is a circle (Morita, 1991) was also calculated according
to Clarke et al. (1999) (Figure 10). The spire expansion rate (W), one parameter

from Raup (1961) for simple shell growth modelling, was calculated by the ratio
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of the first (CD) and second whorl width. Note that our measurements were not

precisely the same as the whorl radiuses in Clarke et al.’s (1999) calculations.

+r

Whorl
2

Shell axis

W = CD/
aa=4sin (W -r)/(W +r))

Figure 10. Calculations used for the geometric mean (GM) transformed data.
Whorl expansion (W) was calculated from the width of the second and first whorl
width. Apical angle (aa) describes the shell doming and was calculated by W and
the radius of last and second whorl’s width, and ris the initial radius generating
the curve (illustration adopted from Clarke et al., 1999, Appendix 3).

The PCA on GM transformed measurements did not show a significant change
of the explained variance percentages (Axis 1 95.013%, Axis 2 3.667, residuals
contribute 1.32%) or eigenvalues compared to the PCA on the normal

measurements.
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Table 6. PCA results for GM data, showing a combination of positive and
negative loadings. Significant variable loadings are shown in bold (<£ 0.1).

PCA variable

loadings Axis 1 Axis 2 Axis 3 Axis 4 Axis 5 Axis 6
w 0.114 0.843 0.225 -0.328 -0.235 -0.25
Aa 0.966 0.028 -0.107 0.147 0.13 0.126
BGt -0.091 0.204 0.103 -0.09 -0.109 0.959
FGt -0.1 0.194 0.141 -0.145 0.954 0.029
Eft -0.162 0.387 -0.862 0.274 0.072 0.029
BEt -0.095 0.243 0.406 0.876 0.014 -0.02
Eigenvalues 1.37 0.053 0.011 0.006 0.002 0
Percentage 95.013 3.667 0.761 0.417 0.1 0.031
Cum. Percentage 95.013 98.68  99.441 99.859  99.969 100

As the GM measurements did not show linear relationship, NMDS was used

which showed clear separation between the two sites (Figure 11). Clustering

showed that the variables are highly correlated, however W and aa are on a

separate node (Figure 12) and a regression in Excel showed a decreasing

linear relationship between them (Figure 13).

NMDS2
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Figure 11. NMDS using the “vegan” package (Oksanen et al., 2013) on GM transformed data set showing

clear separation of the two sites with considerable overlap. Control group did not overlap and was removed.
The PCA of this data set showed complete overlap. NMDS led to a better presentation because it does not
assume linear relationship between variables.


https://www.researchgate.net/profile/Gavin_Simpson/publication/228339454_The_vegan_Package/links/0912f50be86bc29a7f000000.pdf
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Figure 12. Hierarchical clustering with P-values and bootstrapping (Suzuki and
(Shomodaira, 2006) showed that all variables are significant and W and aa form
separate node.
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Figure 13. The apical angle is decreases with shell size (total length, BG), which
is common in periwinkles (Reid, 1996; Clarke et al., 1999). This leads to a more
rounded top of the shell.
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4. Explaining PCA axes

With Bayesian PCA (“bPCA” package; Nounou et al., 2002; Li and Tao, 2012),
the range of posterior eigenvalue distribution (Table 7) and explained variance
was calculated (Table 8). This revealed patterns of variable contribution to
different PC axes (Table 9). By combining the information from Bayesian PCA,
variable contribution and squared cosine (cos?, it indicates the contribution of a
component to the squared distance of the sample, Abdi and William, 2010),
PCA axes can be explained fully (Figure 14). The steps and packages used for
these steps are explained in Figure 4. The output for square cosine of different

data sets is in the Appendix 4-10 (graphs are summaries of the output). Axes

are referred to as PC1, PC2 etc. For variable contribution visualisation at the

two sites on PC1, PC2 and PC3 axes see Appendix 11-13.

Table 7. With Bayesian PCA, the distribution of explained variance on different PC axes was investigated. As the
hierarchical clustering proved, PC1 is explained by the size of shells. The different percentages of PC2 shows
how the different data sets’ outputs represent shape contribution. For example, both log. and GM transformed
data shows that on exposed shores, the variance explained by PC2 is larger than on sheltered shores. Ratios
show a very different pattern — PC2 is explained by 1.402-1.759% on exposed shores but on sheltered shores
this percentages is 14.918-18.994%. It can be concluded that the different shell shapes are more expressed on
sheltered PC2 axis than on the other data set’'s PC2.

Explained variance (%)

In Ratio GMt
Quartile 0.025 0.5 0.975 0.025 0.5 0.975 0.025 0.5 0.975
Exposed Range > > >
PC1 91.100 91.910 92.730 95.980 96.330 96.680 91.720 92.470 93.160
PC2 5.291 5.903 6.654 1.402 1.558 1.759 4.485 5.018 5.618
PC3 0.987 1.098 1.228 0.938 1.049 1.180 1.310 1.457 1.627
PC4 0.716 0.807 0.889 0.561 0.629 0.707 0.693 0.773 0.874
Sheltered
PC1 93.550 94.320 94.960 69.470 72.240 74.810 96.200 96.690 97.120
PC2 2.221 2.551 2.929 14.918 16.825 18.994 2.280 2.671 3.092
PC3 1.631 1.847 2.143 5.167 5.904 6.732 0.287 0.333 0.387
PC4 0.806 0.924 1.084 3.100 3.490 3.999 0.179 0.207 0.240
Both
PC1 88.330 89.280 90.260 81.690 82.860 83.930 93.720 94.230 94.720
PC2 5.288 5.900 6.564 7.580 8.227 8.940 4.158 4.576 5.044
PC3 2.735 3.020 3.399 4.379 4.720 5.166 0.605 0.665 0.727
PC4 0.788 0.883 0.986 3.092 3.362 3.652 0.332 0.366 0.403



https://cran.r-project.org/web/packages/bpca/bpca.pdf
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Table 8. Eigenvalues represent the ‘strength’ of each PC loading. With Bayesian PCA the range of eigenvalues between first,
middle and last quartile shows how PC loadings are affected by eigenvalues. For example, both loge and GM data, PC1
values are always larger than PC2 ones. For ratio, interestingly on exposed shore, the range is the widest 0.95) and the first
quartile on PC2 is larger than on PC2. For GM data, the eigenvalues double on sheltered shores and the range on PC1
(0.354) is the second largest on the data set. This gives an insight how PC loadings and therefore, variable contributions are
calculated for PCA.

In Ratio GMt
Quartile 0.025 0.5 0.975 0.025 0.5 0.975 0.025 0.5 0.975
Exposed > > ———Range
PC1 0.851 0.932 1.018 0.025 0.500 0.975 0.793 0.868 0.947
PC2 0.055 0.060 0.065 0.399 0.433 0.468 0.044 0.047 0.051
PC3 0.010 0.011 0.012 0.261 0.282 0.307 0.013 0.014 0.015
PC4 0.008 0.008 0.009 0.187 0.201 0.218 0.007 0.007 0.008
Sheltered
PC1 0.992 1.114 1.237 0.512 0.583 0.641 1.404 1.566 1.758
PC2 0.027 0.030 0.033 0.120 0.134 0.149 0.039 0.043 0.048
PC3 0.020 0.022 0.024 0.042 0.047 0.052 0.005 0.005 0.006
PC4 0.010 0.011 0.012 0.025 0.028 0.031 0.003 0.003 0.004
Both
PC1 1.000 1.097 1.193 1.381 1.477 1.583 1.450 1.554 1.676
PC2 0.067 0.072 0.079 0.224 0.241 0.257 0.070 0.076 0.081
PC3 0.035 0.037 0.040 0.081 0.087 0.093 0.010 0.011 0.012
PC4 0.010 0.011 0.012 0.060 0.064 0.068 0.006 0.006 0.006

Table 9. Variable contributions to different PC axes. For the loge and GM transformed data set, the first axis is explained by
multiple variables (within 2% difference). For ratios, axis 1 is explained by one variable, the next variable is 5% less.

The first and third data set shows the same pattern of variable contribution on exposed and sheltered shores. These variables
are in the same order as the hierarchical clustering (Fig 9) identified them to be correlated. The ratio data set show a different
pattern, it is clear that different variables contribute to the variance on the two different sites. This helps understanding how the
PCA axes are produced.

Exposed Sheltered Both

PC1 PC2 PC3 PC4 PC1 PC2 PC3 PC4 PC1 PC2 PC3 PC4
In BE 14.91 55.31 28.38 0.88 15.95 = 73.92 0.43 5.68 16.03  52.91 29.27 0.18
In EF 15.03 43.96 40.94 0.02 16.01 8.15  70.05 0.35 16.08 4550  33.90 419
In FG 17.38 0.11 460 37.56 16.89 226 15.05 22.58 17.15 0.33 5.87 2.62
InCD 17.18 0.35 11.26  58.52 16.49 15.63 9.04 57.91 16.80 0.00 23.48 14.98
In AB 17.60 0.27 10.07 1.47 17.18 0.05 5.29 12.66 17.25 0.00 6.05 0.70
In BG 17.89 0.00 4.74 1.55 17.47 0.00 0.14 0.82 16.69 1.26 1.44 77.33
AB/CD 22629 12.626 9.609 9.028 29.17 3.72 9.10 4.57 26.926 10.446 12.491 0.610
AB/FG 27.525 2.305 21.261 0.003 18.06 12.62 1.21 30.29 27.348 8.810 9.986 6.583
BG/AB 3426 3430 3.527 68.010 5.65 26.73 3.29 33.11 5,552 1.600 5.585 62.267
BG/BE 7.143 28.498 11.813 0.522 6.23 0.14  49.75 0.49 1.088 29.434 20.742 0.496
BG/FG 22177 0.266 15.740 19.988 579 48.74 0.05 0.87 17.447 14.584 22.556 4.224
CD/BG 15.345 22.326 17.583 1.754 23.17 0.00 6.17 30.64 20.891 7.935 6.620 22.504
EF/BE 1.755 30.549 20.468 0.696 11.94 8.05 30.44 0.03 0.747 27.191 22.018 3.317
w 1.605 80.571 1.373  0.983 11.934 60.520 1.682 3.554 3.456 81.385 0.585 1.577
aa 22.161 9.404 0.132 2.185 19.710 9.286  0.249 0.042 20.673 6.928 0.269 1.383
BGt 22.060 3.403 0.233 15.259 20.187 3.471  0.339 1.654 20.997 2.136  0.203 9.045
FGt 21.948 1.036 0.171 18.940 17.507 2.810 1.428 58.429 20.332 1.548 0.282 33.294
EFt 17.194 0.938 38.109 42418 16.082 3.929 61.766 9.591 17.835 2915 38.674 37.520

BEt 15.031  4.647 59.983 20.216 14.580 19.983 34.535 26.729 16.708  5.088 59.988 17.181
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In Ratio
Quartile 0.025 05 0975 0.025 05 0.975 1. Eigenvalue range and distribution
on axes
Exposed > >
PC1 0.851 0.932 1.018 0.025 0.500 0.975
PC2 0.055 0.060 0.065 0.399 0.433 0.468
PC3 0.010 0.011 0.012 0.261 0.282 0.307
PC4 0.008 0.008 0.009 0.187 0.201 0.218
Sheltered
PC1 0.992 1.114 1.237 0512 0.583 0.641
PC2 0.027 0.030 0.033 0.120 0.134 0.149
PC3 0.020 0.022 0.024 0.042 0.047 0.052
PC4 0.010 0.011 0012 0025 0.028 0.031
Explained variance (%)
In Ratio . .
Quartile 0.025 05 oo 0.025 05 0975 z Exp:ﬁ's':ﬁgl‘l’t?;':gﬁ‘e;j:sge and
Exposed Range > >
PC1 A 91100 91910 92730 o 95980 96.330 96.680
PC2 e 5201 5903 6.654 If 1.402 1.558 1.759
PC3 0.987 1.098 1228 | 0.938 1.049 1.180
PC4 0.716 0.807 0.889 | 0.561 0.629 0.707
Sheltered
PC1 93.550 94.320 94 960 69.470 72.240 74.810
PC2 2221 2.551 2929 14918 16.825 18.994
PC3 1.631 1.847 2.143 5.167 5.904 6.732 3. Variable contribution to
PC4 0.806 0.924 1.084 3.100 3.490 3.999 axes
Sheltered
— PC1 pC2 PC3 PC4
In BE 15.95 73.92 0.43 5.68
In EF 16.01 8.15 70.05 0.35
InFG 16.89 2.26 15.05 2258
InCD 16.49 15.63 9.04 57.91
4. Plotting cos2 and In AB 1718 005 529 12.66
identifying axes for In BG 17.47 0.00 0.14 0.82
interpreting shape [r—
BGI/BE variances ABICD 2917 3.72 9.10 4.57
contributes ABIFG 18.06 1262 1.21 3029
49.75% to PC3 BG/AB 565 26 73 329 33.11
I BG/BE 6.23 0.14 49.75 0.49
_— BGIFG 579 48.74 0.05 0.87
B.27 B17 CD/IBG 2317 0.00 6.17 30.64
88 ’ EF/BE 11.9 805  30.44 0.03
B.23
2 B.44 . B"SZ B .41
cos2
g 075
z 50 BGIFG contributes
E SN 48.74% to PC2
= = BEs & Finding individual shells
. B.13 ”m".ﬁ]gf B3k with the most
© g3 contribution: they can be
B_wj g ‘explained" with the = eF
2 e axes's help what £ ED,/J‘\
3 morphology separates
oo them from 'the others' AB 2| BG
3 0 3 - - “7/ \
NF

Figure 14. Flowchart of how the PCA axes can be explained by understanding the posterior eigenvalue, explained variance
distribution, then the variable contribution to different axes. This example is for sheltered ratio data. After plotting cos?, each
shell’s contribution can be explained by referring back to variable contribution to the axes. For example, B.41 shell has a high
contribution to PC2 and PC3 (colour red), it shows high BG/FG (4.3) ratio, but it has a lower BG/BE ratio (3.2) than B.27 shell
(6.9) (see Appendix 4). By plotting each data set separately and explaining the PC axes in this way, most samples can be

explained this way.
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DISCUSSION

The aim of this paper was to investigate different shell shapes on exposed and
sheltered shores. A combined multivariate approach was suggested for finding
underlying shape differences. The most variance was caused by the shells’
sizes, exposed shells were smaller than the ones collected at the sheltered site.
PCA is the most widely used multivariate analysis, however in most cases, the
contribution of each variable and consequently each individual is not examined
(Smith, 1981; Johannesson et al., 1993; Chapman, 1997). PC loadings on loge
data was similar to result reported by Johannesson et al.’s (1993) who could
not detect a clear pattern of PC2s of their 13 quantitative shell characters. By
investigating the posterior distribution of eigenvalues and their effect of the
explained variance of different PC axes, and the contribution of each variable

can be investigated.

Bayesian PCA showed that for the loge transformed raw data, three or four
variables contributed to PC1 associated with length, width and aperture width.
For ratios, one measurement was significantly more than the others (AB/FG on
exposed and AB/CD on sheltered). For GM transformed data, interestingly W
contributed the most to PC2 as opposed to Walker and Grahame (2011), where
W was mostly contributing to PC1. Clarke et al. (1999) and Walker and
Grahame (2011) found that apical angle (aa) decreases with shell size which

was the same (Figure 13) for this study.

The PCA did not entirely separate the two group as (1) Littorina move across
the shore (Gendron, 1977; Janson, 1983; Rolan-Alvarez et al., 1997,
Erlandsson et al., 1998), (2) their morphology can be affected by sex and

reproductive stage (Takada, 2003; Pardo and Johnson, 2004) and (3) they



Winkiestat
hybridize (Boulding, 1990; Cruz et al., 2001). Habitat selection (Erlandsson et
al., 1998; Jones and Boulding, 1999), different rock surfaces, habitat complexity
(Rolan-Alvarez et al., 1997; Pardo and Johnson, 2003; Queiroga et al., 2011),
salinity are also variables to consider in Littorina distribution (Smith, 1981;
Johannesson, 1986). Growth rate and snail density also affects shell shape
(Kemp and Bertness, 1984; Kitching and Lockwood, 1974; Trussell et al., 2006)

and therefore the resource availability should also be considered.

In this study, neither the age nor the sex (nor reproductive stage) of the
individual rough periwinkles was determined which would have added valuable
information to our data’s interpretation. Chapman (1995) found that the size and
shape mean values differed between high shore sites within a 50 meter interval.
It would have been useful to have the transects further apart (instead of 54

meter).

The evolution of shell ecotypes is still debatable as they are genetically similar
despite their morphology (Johannesson et al., 1993; Trussell, 2002; Wildling et
al., 2001). It could be a target of selection (Scheiner, 1993; Rolan-Alvarez et
al., 2015; Conde-Padin et al., 2009) or a by-product (Via, 1994; Cruz et al.,
2004). Therefore, if all of the above variables and genetic analysis would be
collected in further studies, with precise multivariate modelling, we could gain a

full understanding of Littorina distribution.
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Appendix 1. Describing the data sets by mean + SE. Sample sizes after outlier
removal with the help of scatterplot visualisation.

n=204 Mean + SE n=188 Mean + SE n=202 Mean + SE
In BE 0.854 + 0.040 w 1.836 + 0.022 AB/CD 1.845 + 0.022
In EF 0.836 £+ 0.052 aa -0.716 + 0.086 AB/FG 1.280 £ 0.011
In FG 2.081 £ 0.038 BGt 0.773 £ 0.009 BG/AB 1.245 + 0.006
InCD 1.724 £ 0.039 FGt 0.581 + 0.009 BG/BE 5.513+0.084
In AB 2.309 + 0.035 EFt 0.044 + 0.016 BG/FG 1.579 £ 0.013
In BG 2.512 £ 0.037 BEt 0.052 + 0.011 CD/BG  0.458 £ 0.004
EF/BE 1.053 + 0.023
Appendix 2. Correlation matrices for each data set.
InBE InEF InFG InCD InAB BG/AB BG/BE AB/CD BG/FG EF/BE
In EF | 0.877 BG/AB | -0.107
InFG | 0.927 0.921 BG/BE | -0.383 0.023
InCD | 0.907 0.909 0.959 AB/CD | 0.196 0.122 0.098
InAB | 0.926 0.927 0.978 0.965 BG/FG | 0.133 0.512 -0.118 0.002
InBG | 0.907 0.917 0.945 0.933 0.953 EF/BE | -0.377 0.185 0.299 0.831 -0.071
W aa BGt FGt EFt
aa 0.536
BGt -0.028 -0.831
FGt -0.118 -0.825 0.878
EFt -0.090 -0.710 0.719 0.706
BEt -0.029 -0.604 0.686 0.665 0.504

Appendix 3. Calculation of GM data set.

The geometric mean (GM) of all measurement is the logarithm of each

measurement divided by the number of measurements:

GM = log10

(

6

_1,10910(BE) + log10(EF) + log,1o(FG) + log,o(CD) + log,0(AB) + loglO(BG))



Then each measurement is transformed in this way (example of BG):

Whorl expansion was the ratio of the first whorl width (CD) and the second whorl

BG
BG, = 10910(G_M)

width (in this case AB, total width):

Apical angle (aa) was calculated as the unconstrained natural shape of an

aperture is suggested to be a circle (Morita, 1991):

W =

aa = 4sin~

CD
AB

W=7

(W +r1)

Where r is half of the first whorl width (CD).
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Appendix 4. Cos? for sheltered ratios data set. Individual shells are organised in a
descending order per PC. Examples used in text highlighted.

ID
B.66
B.25
B.31
B.19
B.74
B.50
B.65
B.17
B.41
B.26
B.46
B.11
B.36
B.2
B.62

PC1
7.069
6.703
6.097
5.840
5.594
5.582
4.749
4175
3.602
2.901
2.689
2.268

14.710
1.810
1.691

PC2
0.617
0.107
1.481
0.393
0.124

14.570
0.004
0.737

43.137
0.084
1.158
0.176
0.382
1.894
0.776

PC3
0.869
0.179
0.911
0.244
3.507
2.339
0.399
6.379
3.191
1.281
0.497
0.374
0.506
0.882
0.799

Column continued...

B.69
B.16
B.13
B.8

B.15
B.39
B.9

B.33
B.10
B.52
B.60
B.53
B.24
B.18
B.35
B.70

1.631
1.540
1.462
1.303
1.216
1.187
1.130
1.060
0.959
0.945
0.862
0.820
0.790
0.787
0.693
0.676

0.216
0.014
2.101
0.081
0.349
0.047
0.000
0.435
0.023
0.152
0.577
0.103
2.049
0.076
0.220
2.787

1.699
0.153
1.313
8.451
0.480
1.515
0.805
0.105
3.370
3.116
0.037
0.033
0.139
5.586
1.193
0.005



B.3

B.67
B.30
B.47
B.63
B.5

B.21
B.7

B.48
B.58
B.1

B.54
B.42
B.77
B.79
B.64
B.49
B.51
B.61
B.55
B.78
B.43
B.23

0.553
0.462
0.417
0.379
0.337
0.298
0.288
0.275
0.264
0.258
0.245
0.241
0.233
0.222
0.214
0.212
0.206
0.202
0.196
0.185
0.182
0.166
0.160

6.027
0.092
0.360
0.199
1.491
0.438
0.770
0.504
0.160
0.384
0.668
0.075
0.025
0.404
0.310
0.071
0.001
0.719
0.695
0.108
0.054
0.753
0.723

0.988
0.126
0.180
0.194
0.150
3.819
0.839
4.444
0.284
0.153
2.898
1.397
0.143
0.054
0.470
0.480
0.208
1.108
0.624
0.591
0.318
0.064
3.693

Column continues on page 21)....

Appendix 5.* Cos? for sheltered loge data set. Axis 2 BE (73.92%), Axis 3 EF
(70.05%).
*Please note that the author is aware that raw data is expected to be reported in the

B.6

B.34
B.44
B.29
B.27
B.28
B.57
B.4

B.45
B.38
B.40
B.22
B.72
B.59
B.73
B.68
B.71
B.76
B.32
B.75
B.56

Juniper Kiss
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0.158 0.726 4.220
0.140 0.013 2.185
0.140 2.085 3.227
0.139 0.004 0.253
0.136 1.826 6.896
0.114 0.013 1.277
0.106 0.016 0.195
0.059 1.148 0.377
0.045 0.292 0.254
0.043 1.414 0.444
0.038 0.553 0.833
0.028 0.148 0.285
0.026 0.063 0.238
0.025 0.036 0.530
0.024 0.037 1.205
0.010 0.165 0.457
0.009 0.222 0.787
0.009 0.204 0.160
0.008 0.095 0.245
0.005 0.219 1.047
0.003 0.819 1.302

appendix, but to satisfy the word limit without losing valuable information justifies including
araphs in the appendix.

1-ga7
B2 B4
B.26
* B.A7
B.52 0
0-—------ B2 s " B-88e-5
. Eegﬂr
B2A
B.18 B21™
B4

B.50

Dim2 (5.1%)

cos2
0.8

0.6
0.4
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Appendix 6. Cos?for sheltered ratios data set. Axis 2 is associated with BG/FG
(48.74%) and Axis 3 with BG/BE (49.75%). Percentages indicate variable

contribution.

i B.AT
B.1§ | .
B23 g7u !
2- B4 s B32 B.41
o B.50
 php|
B2 B4 | B.62
G BS%pes  *
B24 * . BT6 T;;B;j5 B 63 cos2
. T 2 B43 .
B.?D 0.75
0—----mm e 511 e e a
B oag.meraf B.58 0.50
B'_?é'),'a'S o= 88815 0.25
B3 Teso BT
. B.13 52873
. B69 * o .
* B3k
5 1q B.1
-2- " %ﬁ.a
BS !
. i . .
-3 0 3 6
Dim2 (25.2%)

Appendix 7. Cos?for sheltered GM data set. Axis 2 associated with W (60.52%),
and Axis 3 with EF(61.766%). Percentages indicate variable contribution.
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Appendix 8. Cos?for exposed loge data set. Axis 2 associated with BE (55.31%),
and Axis 3 with EF (40.94%). Percentages indicate variable contribution.
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Appendix 9. Cos? for exposed ratio. Axis 2 associated with EF/BE (30.549%),
and Axis 3 with AB/FG (21.261) and EF/BE (20.468%). Percentages indicate
variable contribution.
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Appendix 10. Cos?for exposed GM. Axis 2 associated with W (80.571%), and
Axis 3 with BEt (59.983%). Percentages indicate variable contribution.
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Appendix 11. PCA on loge data with varimax rotation comparing the two sites. First graph
showing Axis 1 and Axis 2, graph below showing Axis 2 and Axis 3. Contribution of variables are
plotted in Euclidian distance matrix, and their colour’s intensity indicates the level of contribution.
First graph separates shells according to their sizes, while in the second graph, the sheltered site
‘sits’ in the exposed shell morphology (mostly explained by EF and BE).
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Appendix 12. PCA on ratios with varimax rotation comparing the two sites. First graph showing
Axis 1 (27. 348% of AB/FG and 26.926% of AB/CD) and Axis 2 (29.434% of BG/BE and
27.191% of EF/BE), graph below showing Axis 2 and Axis 3 (20.742% of BG/BE, 22.556% of
BG/FG, and 22.018% of EF/BE). Percentages indicate variable contribution. Second graph

resembles Appendix 11.
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10
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Appendix 13. PCA on GM data with varimax rotation comparing the two sites.
First graph showing Axis 1 (20.673% of aa, 20.997% of BG, an 20.332% of FGy)
and Axis 2 (81.385% of W), graph below showing Axis 2 and Axis 3 (59.988% of
BE:). Percentages indicate variable contribution.
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