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ABSTRACT

In intertidal marine crustaceans, phenotypic variation in physiological and life-history traits is pervasive along latitudinal clines. However, organisms have complex
phenotypes, and their traits do not vary independently but rather interact differentially between them, effect that is caused by genetic and/or environmental forces.
We evaluated the geographic variation in phenotypic integration of three marine crab species that inhabit different vertical thermal microhabitats of the intertidal
zone. We studied seven populations of each species along a latitudinal gradient that spans more than 3000 km of the Chilean coast. Specifically we measured nine
physiological traits that are highly related to thermal physiology. Of the nine traits, we selected four that contributed significantly to the observed geographical
variation among populations; this variation was then evaluated using mixed linear models and an integrative approach employing machine learning. The results
indicate that patterns of physiological variation depend on species vertical microhabitat, which may be subject to chronic or acute environmental variation. The
species that inhabit the high- intertidal sites (i.e., exposed to chronic variation) better tolerated thermal stress compared with populations that inhabit the lower
intertidal. While those in the low-intertidal only face conditions of acute thermal variation, using to a greater extent the plasticity to face these events. Our main
results reflect that (1) species that inhabit the high-intertidal maintain a greater integration between their physiological traits and present lower plasticity than those
that inhabit the low-intertidal. (2) Inverse relationship that exists between phenotypic plasticity and phenotypic integration of the physiological traits identified,
which could help optimize energy resources. In general, the study of multiple physiological traits provides a more accurate picture of how the thermal traits of
organisms vary along temperature gradients especially when exposed to conditions close to tolerance limits.

1. Introduction
Physiological patterns that characterize different populations are
strongly defined by environmental conditions (Hoffmann and Parsons,
1989; Somero, 2002; Khaliq et al., 2014) that, among others, determine
distribution ranges, tolerance capacities, and ultimately organismal
fitness. One of the main abiotic factors that affects physiological
changes in ectotherm organisms is temperature (Johnston and Bennett,
2008; Castañeda et al., 2005; Mora and Maya, 2006; Angilletta, 2009;
Lardies et al., 2011). Specifically, temperature has been shown to influence basic organismal functions, biochemical rates, locomotion,
growth and reproduction (Kingsolver and Huey, 2008; Somero, 2010;
Gaitán-Espitia et al., 2013a, 2013b, 2014). Therefore, temperature
plays a fundamental role in species distribution patterns (Somero, 2005;
Deutsch et al., 2008; Calosi et al., 2008). Latitudinal gradients along
with intertidal gradients provide natural variation that can be used to
investigate how temperature affects thermal physiology (Stillman and
Somero, 2000; Helmuth et al., 2006). Coastal areas can be considered as
natural laboratories where resident organisms may differ in terms of
local adaptation and/or phenotypic plasticity, both mechanisms that
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allow populations to maximize fitness in response to environmental
heterogeneity (Gardiner et al., 2010; Yampolsky et al., 2014).
Variations in physiological traits along environmental gradients are
causes and consequences of phenotypic divergence in natural populations (Torres Dowdall et al., 2012), conferring local fitness advantages
(Kawecki and Ebert, 2004). In general, these evaluations of phenotypic
differentiation have been often correlated usually with latitude
(Lindgren and Laurila, 2009; Zippay and Hofmann, 2010). Overall, The
problem is that the statistics are limited due to the lack of flexibility by
incorporating only univariate and linearity for estimations (Naya et al.,
2011; Sunday et al., 2014; Weber et al., 2015) with a limited capacity of
data interpretation. Others have shown that environmental variation
affects integrated phenotypes involving several co-dependent traits
(see, Salazar-Ciudad, 2007; Armbruster et al., 2014). Furthermore,
phenotypic integration provides an explanation for how phenotypes are
sustained by relationships between traits (Pigliucci and Preston, 2004).
Because physiological traits play an important role in fitness (Ricklefs
and Wikelski, 2002), the environmental characterization plays an important role in the local adaptation for the effectiveness in the survival
and reproduction of the populations (McLean et al., 2014). In this sense,
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understanding how environmental gradients (for example, temperature) have effects on physiological traits is desirable to understand how
the increase in global temperature can affect different populations
(Magozzi and Calosi, 2015). In general, measuring physiological traits
in a population reflects the costs and benefits associated with somatic
maintenance in thermal environments (Heusner, 1985; Clarke and
Johnston, 1999; Watson et al., 2014). Metabolic rate is the main
parameter used to measure subsistence energy costs being directly related thermal sensitivities (Ruel and Ayres, 1999; Kovac et al., 2014)
and thermal safety (see Sunday et al., 2011). Recovery time after critical thermal events also provides an index of how sensitive species are
to climate (Castañeda et al., 2004, 2005). Also, morphometric characteristics have been shown to follow some biogeographic patterns,
mainly latitudinal patterns (Angilletta et al., 2004; Bidau and Martí,
2007; Zamora‐Camacho et al., 2014).
Analyses involving computational intelligence could provide an
understanding of the patterns that emerge from the interaction between
organismal traits and how these interactions can be modified by the
environment (Park and Chon, 2007). In most cases, these interactions
between traits are often too complex and do not meet the assumptions
of conventional statistical procedures (Recknagel, 2001; Kampichler
et al., 2010). Machine learning has many applications (see Olden et al.,
2008; Thessen, 2016), but notably it has been shown to be useful when
disentangling associated variables to gain a deeper understanding of
multiple interactions (Peters et al., 2014). In this sense, the phenotypic
divergence in an integrated phenotype has been related to the relatively
low amounts of phenotypic covariance in closely related populations
(Game and Caley, 2006; Renaud et al., 2006) and other studies have
shown otherwise (Arnold and Phillips, 1999), generally adjusting
multivariate linear models. Therefore, more studies comparing the relationships between the traits are clearly necessary to understand the
link in the divergence between populations. The number of methods
used for integration in machine learning has grown steadily (Acevedo
et al., 2009; Valletta et al., 2017). Therefore, there are multiple models
that differ in the technique of integrating the variables. Overall, in
order to better understand associations between multiple associated
variables, a reduction in dimensionality is a key factor in the simplification of analysis (Kasun et al., 2016). Machine learning methods, in
general can fall into two categories: (1) unsupervised learning (i.e.,
clustering), that identifies patterns in a heuristic way (Sathya and
Abraham, 2013) and (2) supervised learning (i.e., classification) which
can be used to infer a function from labeled training data. Due to the
existence of many methods that perform similar machine learning
functions, it is pertinent to compare different algorithms, since the
performance of each algorithm differs given the clustering/classification problem (Caruana and Niculescu-Mizil, 2006; Übeyli, 2007), in
order to unmask the patterns of association between the traits that
emerge from the population divergence.
Using three crab species, which are distributed along a small vertical intertidal gradient (i.e. intertidal zone), we analyzed variation in
thermal exposure at different spatial/temporal scales. Specifically,
crabs in the lower intertidal experience acute thermal variation because
they are exposed to periods of greater thermal changes only in periods
of extremely low tides, while those in the high intertidal experience
chronic thermal variation determined by daily tidal cycles. In addition,
different populations of these species are distributed along a latitudinalenvironmental gradient that covers more than 3000 km and is marked
by gradual thermal variation (Barría et al., 2014; Gaitán-Espitia et al.,
2014). We performed trait integration using machine learning, which
allowed us to unravel differences that exist in the degree of association
among physiological traits of crabs and their relation with phenotypic
plasticity (see Gianoli and Palacio‐López, 2009). To investigate the
physiological divergence among these closely related organisms that
inhabit different habitats, we determined the variation in the phenotypic matrix. Finally using both conventional statistics and machine
learning methods, we investigated the thermal geographic variation of

physiological traits in intertidal crabs to determine the variation in a
complex phenotype along the latitudinal and intertidal gradients.
2. Materials and methods
2.1. Model species and intertidal variability
Samples of three species of intertidal crustaceans (i.e., Cyclograpsus
cinereus, Petrolisthes violaceus, and Petrolisthes tuberculosus) were used
for this study. Specifically, samples were collected at three different
levels within the intertidal zone: High (0.6–1.0 m), Middle (0.3–0.5 m)
and Low (0.1–0.2 m). The high intertidal is characterized by chronic
environmental variability, the low intertidal experiences acute variability, and the middle intertidal can be considered as a transition zone.
The species used here have broad latitudinal distributions: C. cinereus
(from Ancon, Peru to Calbuco, Chile), P. violaceus (Callao, Peru to
Peninsula de Taitao, Chile) and P. tuberculosus (Callao, Peru to Chiloe,
Chile) (Zagal and Hermosilla, 2007). The samples were collected from
seven locations along the coast of Chile: Iquique (20° 19′ 07.5′′), Antofagasta (23° 46′ 30.8′′), Talcaruca (30° 29′ 32.9′′), El Tabo (33° 27′
23.8′′), Lenga (36° 45′ 36.6′′), Playa Rosada (39° 49′ 46.4′′), and Playa
Brava (41° 52′ 00.4′′) (see SM1; Fig. 1). The sampled locations cover
almost the complete geographic range of these species in Chile
(3000 km). It should be noted that within the wide latitudinal range
that covered our study, two barrier with strong environmental changes
could be identified: 1) biogeographic break at 30°S has been identified
within the latitudinal range sampled. Specifically, the composition and
abundance of biota differ on either side of this break (Navarrete and
Wieters, 2000; Navarrete et al., 2014). 2) Environmental barrier of
lower intensity at 36°S has also been documented in coastal zones (see
Fig. 1) and has been attributed to the Neogene development of a
shallow oxygen minimum zone (OMZ) (Martinez-Pardo, 1990) and
wind-induced coastal upwelling. In each sample site, we monitored the
temperature of the intertidal continuously using high-resolution loggers
(Tidbit®, Onset Computer Corp., MA, USA). The thermal loggers used
track both sea surface temperature as well as air temperature during
extreme tides; thus, we recorded the environmental temperature fluctuations characterizing these sites every 30 min during three years.
The crabs were collected during spring of 2012–2013 (see SM1),
and to remove possible effects of sex, only male crabs were collected
and used in the physiological measurements. Covered with icepacks
and placed in a cooler, sampled individuals were transported to the
laboratory of evolutionary ecology at the University Adolfo Ibáñez,
Santiago, Chile. Crabs were acclimated for three weeks to the following
conditions: artificial seawater at 33 psu (Instant Ocean®), temperature
of 14 °C, photoperiod of 12:12 light/darkness, aeration and constant
feeding (Instant Algae, Shellfish Diet® and TetraFin Food Flakes®).
2.2. Physiological traits
2.2.1. Metabolic Rate 14 °C (MR14) and 20 °C (MR20)
The metabolic rate was calculated based on the oxygen consumption during a period of time (Gaitán-Espitia et al., 2014, 2017). After
acclimation, each crab was incubated in artificial seawater at 14 °C and
placed in 113 ml respirometric chambers. The oxygen concentration
within the chamber was quantified every 15 s for a maximum of 2 h an
optical sensor connected to an Oxygen register MINI-OXY-4 (PreSens,
GmbH, Germany), If the concentration is reduced below 75% of the
initial oxygen concentration, the incubation is over. The sensor was
calibrated with synthetic seawater (saturated: 100%) and a sodium
sulfite solution (0%). We determine the metabolic rates of the crab at
14 °C (mean temperature of the coast of Chile; see Gaitán-Espitía et al.,
2017). Then, we acclimated the crabs to 20 °C for a period of three
weeks to estimate the metabolic rate at that temperature. The 6 °C of
thermal increase in our experimental treatments are consistent with the
trend of the increase in the average ambient temperature expected for
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Fig. 1. Geographic and environmental gradient of the study area and thermal tolerances of the study organisms along the southern Pacific. (A) Study sites along the
Chilean coast. Mean (black points, mean ± standard deviation), maximum (red points) and minimum temperature registered (blue points) at the sampling sites.
Critical temperatures of the different studied organisms; (B) Cyclograpsus cinereus; (C) Petrolisthes violaceus and (D) Petrolisthes tuberculosus. (blue line = Critical
Thermal Minimum, red line = Critical Thermal Maximum, mean ± standard deviation). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

the year 2100 under the business-as-usual scenario (Gatusso et al.,
2015) In both cases, we used four respirometric chambers simultaneously, of which three chambers contained animals and one chamber
was used as a blank. We used for metabolic rate estimations at least 30
individuals by each population.

placed on a paper towel to eliminate the excess of water and then the
wet body mass (WW) was recorded using a 0.0001 precision analytical
balance (Shimadzu AUX220®). In addition to recording the measurements of cephalothorax width (CW) and cephalororax length (CL) with
a 0.1 mm precision caliper.

2.2.2. Thermal traits
To examine the responses of the different populations to thermal
shock, the thermal performance of the animals was analyzed by measuring the righting response or rollover speed (i.e., the speed at which
an individual changed from an inverse position to an upright position)
(see Lutterschmidt and Hutchison, 1997; Castañeda et al., 2004). Crabs
were exposed to thermal shock in individual acrylic chambers
(160 × 110 × 40 mm) with six subdivisions (50 × 50 × 40 mm). The
chambers were placed within a thermoregulatory bath (© Lab. Companion RW-2025 ± 0.5 °C), which was manipulated to increase or
decrease the temperature. The crab roll-over speed was measured every
1 °C changing the temperature of water bath every 30 min from 9 °C to
0 °C to search the critical thermal minimum (CTmin), and from 25 °C to
40 °C for critical thermal maximum (CTmax). If after 10 min of evaluation, the crab was not able to roll-over into a vertical position, then the
minimum and maximum temperature when such an event occurred was
considered as CTmin and CTmax, respectively (Castañeda et al., 2004).
The difference between CTmax and CTmin was the thermal range in
which organisms were able to maintain their normal motor functions.

2.3. Trait selection, comparisons of physiological trait means and
phenotypic plasticity index
Using the nine traits recorded we trained a classifier using Learning
Vector Quantization (LVQ); adjusting the model with each population
of the crabs studied, using these as class label. Using a greedy approach,
traits were removed one by one and after each removal the effects on
the classification performance were measured. From this, we were able
to select the relevant traits using the absolute value of the t-statistic for
each parameter of the models; this was done using the varImp function
extracted from the CARET package (Kuhn, 2008). Also, we removed
features that were redundant, particularly those that were highly correlated (i.e., absolute correlation coefficient > 0.85). Then, traits that
are eliminated in the subset of data are those traits that have a lower
ranking depending on the pre-classification made, in other words ROC
curve analysis is conducted on each predictor. The sensitivity and
specificity are computed for each cutoff and the ROC curve is computed. The trapezoidal rule is used to compute the area under the ROC
curve. This area is used as the measure of variable importance.
Using a generalized linear mixed model (GLMM), we evaluated the
effect of latitude on the selected physiological traits, taking into account the nested structure of our design (i.e., sample sites nested within
the regions defined according to the two environmental barriers mentioned above). Hence, we considered two zones with abrupt environmental differences along the latitudinal gradient: 1) biogeographic
break located at 30°S near the Talcaruca site and 2) an environmental
barrier at 36°S near the Lenga site. These breaks allow us to divide our
study area into northern, central, and southern regions (see Fig. 1A).

2.2.3. Recovery time from CTmin (RTC)
Once the CTmin for crabs was determined, the crabs were placed at
14 °C inside an aquarium with seawater (33 psu), and then we registered the time it took them to recover their ability to move, i.e. their
Recovery time (see Castañeda et al., 2005).
2.2.4. Morphometric measurements
Before and after the physiological measurements, the crabs were
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Table 1
Generalized linear mixed model of physiological traits (cephalothorax length, heat coma, chill coma and metabolic rate) for the three crab species (significant
differences at different levels: 0.001 = "***", 0.01 = "**", 0.05 = "*", 0.1 = "*").
Coefficients

Fixed Effect
Intercept
Latitude
Random Effect
σ2
τ00, Geo
Biogeographic
breaks
North-Center
Center-South
Observations
AIC

Coefficients

Fixed Effect
Intercept
Latitude
Random Effect
σ2
τ00, Geo
Biogeographic
breaks
North-Center
Center-South
Observations
AIC

C. cinereus
P. violaceus
Metabolic Rate at 14 °C

P. tuberculosus

C. cinereus
Chill Coma

P. violaceus

P. tuberculosus

Estimate (Conf. Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

1.61 (0.13–3.09)
−0.05 (−0.09 to 0.00)

2.07 (−0.73 to 4.88)
−0.06 (−0.15 to −0.02)

5.04 (1.67–8.42) **
−0.16 (−025 to −0.06) ***

5.25 (3.70–6.80) *
−0.05 (−0.10 to 0.00)

6.90 (6.52–7.28) **
−0.06 (0.07 to −0.05) *

5.23 (4.48–5.98) *
−0.01 (−0.04 to 0.01)

0.737
0.107

0.953
0.662

0.864
1.772

0.994
0.108

0.323
0.000

0.673
0.013

***

***
*
186
540.320

183
515.913

***
192
562.885

***
**
186
336.379

183
465.122

192
506.180
C. cinereus
Heat Coma

P. violaceus

P. tuberculosus

C. cinereus
P. violaceus
Cephalothorax Length

P. tuberculosus

Estimate (Conf.
Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

Estimate (Conf.
Int.)

Estimate (Conf. Int.)

Estimate (Conf. Int.)

22.66
(14.69–30.63) **
0.30 (0.14–0.47) *

34.48 (29.79–39.18) ***

33.73 (30.01–37.45) ***

7.83 (2.27–13.39) *

−10.61 (−25.19 to 3.96)

−5.30 (−15.73 to 5.12)

−0.22 (−0.35 to −0.10) **

−0.24 (−0.34 to −0.14) *** 0.05 (−0.10 to 0.20) 0.74 (0.40–1.09) ***

0.52 (0.23–0.82) **

2.271
27.805

1.469
4.275

0.874
2.890

2.314
5.508

9.717
70.511

8.638
15.666

***
***
192
727.295

***
***
186
622.280

***

***
***
192
727.735

***
***
186
971.602

***

183
518.712

Field sampling included sites within different regions (i.e. north, center
and south). In the model, then these interzones were used as a structure
of dependency as random factor and the sampling sites were included as
fixed effects. Akaike's Information Criterion (AIC) was used to choose
the best model. Statistical analyses were performed using the lme4
package (Bates et al., 2007) implemented in the R platform 2.15.0 (R
Development Core Team 2009).
We quantify the phenotypic plasticity, based on the phenotypic
distance between individuals of a given species, exposed to different
environments, which is summarized in a relative distance plasticity
index (Relative Distance Plasticity Index: RDPI), which translates as
phenotypical Absolute Distances between individuals of the same genotype and different environments, divided by one of the two phenotypic
values. The RDPI values range from 0 (no plasticity) to 1 (maximum
plasticity) and can be obtained for each species as:

RDPI =

(dij

i j /(x i j

183
932.378

patterns and to evaluate how they vary biogeographically along the
Chilean coast. For this, unsupervised and supervised machine learning
algorithms were employed and compared using the physiological data
matrix that included the four variables shown in Table 1. All these
analyses were carried out using the statistical software R.
2.4.1. Unsupervised learning
We used unsupervised learning to know a priori the physiological
behavior of the species distributed along the environmental gradients.
In this sense, the application of unsupervised algorithms helped us to
group the physiological behavior of the species and to determine if they
were correlated with geographic variation and/or environmental gradients. For the above, we used two different algorithms: k-means and
expectation maximization (EM), which are similar in their iterative
forms, but differ in their metric performances (Jung et al., 2014):

+ x ij ) ) / n

2.4.1.1. k-means. The well-known k-means clustering algorithm is used
to discover natural groupings within a data set. The number of clusters
(k) must be specified by the user before running the algorithm. To
overcome this problem, several methods for automatically selecting the
most plausible number of clusters have been developed. Here, we
selected k by computing Dunn's cluster validity index (Havens et al.,
2008).

where n is the total number of distances, x ij is a trait in a rectangular
matrix where i (rows) represents a given level of the environmental
treatment, and j (column) refers to the individual number identification
long a given row. Specifically, it is defined the distance among trait
values dij i j for all pairs of individuals for which i is different from i as
x ij when i i , and obtain relative
the absolute value of difference x i j
distances by dividing this difference by the sum (x i j + x ij ) (for more
details on the calculation of RDPI see Valladares et al., 2006; Grassein
et al., 2010; Ameztegui, 2017).

2.4.1.2. Expectation maximization algorithm (EM). The EM algorithm is
an iterative procedure to compute the Maximum Likelihood (Ml)
estimate for the presence of missing or hidden data. With this, it is
possible to estimate the model parameter(s) for which the observed
data are the most plausible. In this study, as an alternative to k-means,
we used the EM algorithm for clustering as well, where the missing or

2.4. Phenotypic integration with machine learning
Multivariate analyses were performed to identify physiological
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hidden data corresponded to the cluster labels of each instance (row) of
the data matrix, using a priori from two to eight mixtures (i.e. clusters)
(see Fort and Mungan, 2015; Garriga et al., 2016). While k-means uses a
distance measure (typically Euclidean distance) to assign each data
point to a cluster, the EM algorithm computes the posterior probability
of each data point belonging to a cluster.

times, so that each partition is used as a test set once. The correct
classification or accuracy of the test set is averaged to obtain a final
estimation of the performance of the classifier. In this study, n = 10 was
used as suggested in Witten and Tibshirani (2011).
For this study we used the following packages implemented in R
Software language Open source: clValid package (Brock et al., 2011) for
calculating the Dunn index and Mclust (Fraley and Raftery, 2006) for
the EM algorithm. For classification using naive Bayes, LDA, Neural
Networks, and knn the following packages were used, e1071, MASS,
Class, nnet (Dimitriadou et al., 2006; Ripley, 2015; Ripley et al., 2016),
respectively.

2.4.2. Supervised learning (classifiers)
We used supervised learning to determine if the physiological patterns integrated using different machine learning models followed a
distribution in function of predetermined data subsets. The two predetermined subsets were defined: a fine model, in which we constructed
one subset for each sample site (seven subsets in total), and a coarse
model where three subsets were constructed to represent the three regions previously described (north, center and south). This design was
chosen to identify the most important traits and potential grouping
between close or environmentally similar sites. We recognized the
possibility that traits could vary integrally or could vary interdependently of the environmental gradients. Overall, this analysis was
employed to provide knowledge of whether differences among traits
were determined by environmental pressure at small or large spatial
scales. Here, algorithms that differ mainly in their metrics were used to
integrate the traits. We also evaluated the yields of each classifier to
know the integration strategy of the physiological traits in marine invertebrates inhabiting environmental gradients. We considered the
following classifiers:

3. Results
3.1. Thermal variability in the intertidal
The 12 month high resolution temperature data showed a clear latitudinal cline; temperature decreased towards higher latitudes with a
thermal difference of 4.5 °C between the north and south extremes in
the studied sites (Fig. 1B, C, D). The largest annual thermal range (i.e.,
the difference between the warmest and coolest temperatures) was
found at the Talcaruca site located at the biogeographical break
(13.8 ± 2.88 °C, mean ± sd - annual statistic). Comparing the temperature dynamics with the tolerance capacities (CTmin and CTmax, respectively) showed that crabs from the high-intertidal exhibit higher
thermal safety at high temperatures than individuals inhabiting the
lower intertidal. Here it was found that individuals in the lower intertidal sometimes experience temperatures that exceed their CTmax
(Fig. 1A, B, C, D). Additionally, individuals from sites in the south experience thermal conditions very close to their CTmin (Fig. 1B, C, D).

2.4.2.1. Linear discriminant analysis (LDA). This classification
technique divides the sample space into sub-spaces by hyperplanes
that best separate the study groups (Rao, 1948). In particular, CluniesRoss and Riffenburgh (1960) and Press and Wilson (1978) define a
discriminant function for the case when the assumptions of equal
covariance matrices are met.

3.2. Traits selection, comparisons of the physiological traits and phenotypic
plasticity index

2.4.2.2. Naive Bayes (NB). This is a probabilistic model that assumes
strong independence among traits, assuming, in a “naive” way, that all
traits are conditionally independent given the classification variable.
Here the model classifies each example given a set of attributes using
the Bayes rule (Murphy, 2006).

Four informative traits (out of a total of nine traits) were identified
using the trait selection algorithm. These four informative traits included cephalothorax length (CL), CTmax, CTmin, and metabolic rate at
14 °C (MR). It should be noted that the classification model did not lose
significant statistical power after reducing the traits (p > 0.05).
Comparison of the means of physiological traits using mixed models
indicated that the traits vary with latitude (see Fig. 2; Table 1). Furthermore, the most drastic changes in physiological traits in the latitudinal gradient were found for organisms that inhabit chronically
variable environments (i.e., high-intertidal), and these differences were
due to the effect of environmental breaks. Overall, the biogeographic
break had a greater effect on the physiological components of C. cinereus, inhabits high-intertidal, and P. violaceus, inhabits mid-intertidal, compared to P. tuberculosus. Additionally, the greatest variation in
physiological traits was within the biogeographic break (30°S) between
the Peruvian Province and the Intermediate Province; where specifically, significant differences in the mean values of almost all of the
studied traits were found (see Table 1). On the other hand, the physiological traits of P. tuberculosus, which inhabits the low intertidal,
differed according to latitude rather than due to the presence of the two
environmentals barrier (see SM1, Table 1 and Fig. 1 to identify environmental barrier).
In all the species studied it was possible to appreciate that the
metabolic rate determined at 14 °C is the trait that had the greatest
plasticity according to the RDPI. On the contrary, the trait studied to
which has a lower plastic capacity is CTmax, whose tendency was similar
for all the species studied. It is also observed that for the four physiological traits the species that showed a lower plastic capacity (i.e. lower
RDPI) was C. cinereus, evidenced by significant differences in: MR14 (F
= 156.42,453; p < 0.01), CL (F = 29.452,453; p < 0.01), CTmin (F =
22882,453; p < 0.01) y CTmax (F = 25752,453; p < 0.01), (see Fig. 3).

2.4.2.3. k nearest neighbors (knn). The knn does not include a learning
algorithm or a training phase, in fact it carries out the classification
directly using the training dataset. It uses a distance measure, typically,
the Euclidean distance, to assign the class label of a new example based
on the labels of the k nearest neighbors of that example (Liu et al.,
2005).
2.4.2.4. Artificial neural networks (ANN). The complexity of the human
brain to recognize patterns has led the scientific community to
understand and relate these capabilities in a computational way. In
this method, artificial neural networks are used to simulate
mathematically biological neurons that are called nodes (Haykin and
Principe, 1998). Their non-linear capabilities makes them a powerful
tool for modeling complex relationships between inputs and outputs
(Mohandes et al., 1998). We use this algorithm to know if the nonlinear relationships between the selected physiological traits could
explain the interactions between them and the differentiation of these
interactions with the environment.
2.5. Model evaluation
To evaluate the performance of all classifiers for all of the species we
used n-fold cross validation (Witten and Tibshirani, 2011). In n-fold
cross validation, the original data set is randomly divided in n equally
sized groups. Then, n-1 partitions are used to train the classifier, and
the remaining partition is used for testing. This process is repeated n
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Fig. 2. Latitudinal effect on various morphological and physiological traits (cephalothorax length, heat coma, chill coma, and metabolic rate). Cyclograpsus cinereus
(A, B, C, D), Petrolisthes violaceus (E, F, G, H) and Petrolisthes tuberculosus (I, J, K, L). Both lines model the tendency of the data, in particular the red line is a linear
regression whereas the blue line is a polynomial regression adjusted to the means values of each trait. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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violaceus (74% correct assignments) or P. tuberculosus (63% correct
assignments), and this held for all classifiers used. Such results reflect
that, like using a pre-classification with the sampling sites, it was found
that C. cinereus maintains a greater integration of the physiological
traits compared to P. violaceus and P. tuberculosus (ANOVA, P < 0.05,
31.032,108) (Fig. 4B). It should be noted that the significant differences
were only at the species level and that there were no significant differences between classifiers (Fig. 4).
4. Discussion
Variation in the phenotypes of ectothermic organisms has been
shown to be associated with thermal gradients, which are known to
generate strong gradients of selection (Angilletta et al., 2002; Yamahira
et al., 2007). In order to understanding how physiological traits vary
spatially, it is necessary to quantify the degree of association between
the traits of spatially distributed populations (Via and Hawthorne,
2005). Here, we show that the integration of traits of species that inhabit acute thermal environments is reduced, and therefore greater
plasticity can be achieved. Therefore, in highly heterogeneous habitats
with extreme acute thermal events, individuals often show adaptive
phenotypic plasticity (Schulte et al., 2011) (see SM1), which allows for
improved fitness in response to local micro-environmental factors.
Conversely, in environments with constant and chronic environmental
variability, organisms can experience less variable trait expression
given that costs to plasticity are sufficiently strong and the selection for
plasticity is likely weaker in these environments, benefiting a more
local adaptation (Baythavong, 2011).
As was expected, the temperature at the sampling sites increased
towards lower latitudes, showing a clear environmental gradient (see
Fig. 1B, C, D). The highest thermal means were found at the northern
site (i.e., Iquique), and then decreased gradually towards the southern
region due to oceanographic and climatic processes (Broitman et al.,
2001; Barros and Silvestri, 2002). Also, high thermal variation was
observed at 30°S likely due to local oceanographic patterns including
semi-permanent coastal upwelling (Aravena et al., 2014); this result
reinforces the existence of a biogeographic break at this latitude (30°S).
Additionally, we found the environmental conditions of the intertidal
zones studied to be highly variable, reaffirming that organisms inhabiting this ecosystem must face extreme thermal conditions (Helmuth
and Hofmann, 2001; Helmuth et al., 2006, 2016; Harley et al., 2009).
Luckily, many organisms can perform behavioral thermoregulation
(Chapperon and Seuront, 2011), especially those found in intertidal
habitats (Harley, 2011; Evans and Hofmann, 2012).
The results reflect that the effects on the physiological traits from a
univariate perspective can have a differential behavior between the
species and between the traits studied, that is, some traits may increase
with latitude and vice versa (see Table 1; Fig. 2). Using the holistic
approach, we can suggest that populations could present differences in
their adaptive mechanisms, where populations that inhabit chronic
thermal environments could prevail local adaptation, while in populations inhabiting acute thermal environments could prevail phenotypic
plasticity. Therefore, the physiological traits studied here may be more
influenced by environmental or other types of variation at large spatial
scales than at local scales. Such effects have also been found for example in several species of plants (Messier et al., 2017).

Fig. 3. Relative distance plasticity index (RDPI) estimated for each species and
calculated for each trait along the latitudinal gradient. The figure shows the
mean and standard deviation for the three species studied. Different letters
indicate significant differences between crabs species (Tukey post hoc, error
5%).
Table 2
Number of clusters that best represent the data according to the EM algorithm
(Expectation – Maximization) for the different species under study, n is the
sample size, df represents degrees of freedom, BIC represents Bayesian information criterion, and ICL represents Integrated Complete-data Likelihood.
Species

log likelihood

n

df

BIC

ICL

Number of
clusters

C. cinereus
P. violaceus
P. tuberculosus

− 603.75
− 917.62
− 600.06

192
186
183

98
41
69

− 1722
− 2049
− 1559

− 1744
− 2099
− 1603

8
7
6

3.3. Phenotypic integration with machine learning
In unsupervised learning, the number of clusters increased or decreased depending on the species and the shore level. These results
indicate the physiological traits studied here grouped according to
habitat specifically, the traits of individuals inhabiting the lower intertidal grouped into few clusters, while traits of individuals inhabiting
locations in the upper intertidal grouped into more clusters.
Specifically, we observed that the trait values for C. cinereus, which
inhabits the high-intertidal grouped into eight cluster according to the
EM algorithm and were higher than those of individuals of P. violaceus
and P. tuberculosis, which inhabit the mid-intertidal and lower intertidal, respectively. The traits of P. violaceus and P. tuberculosus grouped
into seven and six clusters respectively, and these were distributed
along the coast (Table 2). According to the k-means analysis where
k = 2 to k = 8 were tested, the traits of each species grouped into the
following amount of putative clusters: C. cinereus (8 clusters), P. violaceus (6 clusters), and P. tuberculosus (3 clusters). The above-mentioned
results show that the traits of C. cinereus grouped largely according to
sample site, while the traits of crabs from low intertidal, the grouping
was smaller, because populations could share similar physiological
characteristics across the latitudinal gradient.
According to the supervised classification algorithms: in a fine
model where the species were pre-classified according to the sampling
sites, they showed that the highest classification percentage belonged to
C. cinereus (48%), then P. violaceus (43%) and finally P. tuberculosus
(34%). These differences were shown for all the classifiers used (i.e.,
NB, Knn, LDA, ANN), which suggests that the integration of the traits is
stronger in C. cinereus than P. violaceus and P. tuberculosus (ANOVA,
P < 0.01, 3.316,108) (Fig. 4A). As mentioned in the methods, the species were also grouped into one of three regions (i.e. north, center, and
south). Fig. 4B shows the percentage of correct assignments for each
species in geographic site using the different classifiers. Using supervised classification algorithms to classify each species to a geographic region, a statistically higher percentage of correct assignments
was obtained for C. cinereus (80% correct assignments) than for P.

4.1. Traits selection, comparisons of the physiological traits and phenotypic
plasticity index
Trait selection is different than analyses that reduce the dimensionality of datasets (for example, principal components analysis
“PCA”) (Saeys et al., 2007; Janecek et al., 2008). Both methods seek to
reduce the number of traits, but typically dimensionality reduction
establishes new combinations of traits that confer more variance in the
dataset. Conversely, the selection of traits through machine learning
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Fine model

Coarse model
(B)

(A)

Fig. 4. Correct assignments with performance measures for the different algorithms used to classify the three species: Naive Bayes (NB); Linear discriminant analysis
(LDA); k nearest neighbors (knn); Neural networks (ANN). (A) Fine model. (B) Coarse model.

includes and excludes traits without modifying them (Hira and Gillies,
2015), the traits selected have been shown by others to be highly plastic
in marine crustaceans (Sokolova and Pörtner, 2003; Le Lann et al.,
2011). The four variables selected vary directly depending on the
temperature; CTmin and CTmax, and are directly linked to the average
acclimatization temperature in their habitat (Peck et al., 2009). Metabolic rates have been shown to differ along latitudinal gradients (Weber
et al., 2015), and morphometrics are often related to biogeographic
rules such as Bergmann's rule (Walczyńska et al., 2017).
Thermal sensitivities (i.e., critical temperatures and metabolic rate)
of the studied species vary in relation to geographic spatial scale. The
critical temperatures of the studied crabs decreased with latitude, a
pattern that has been shown for several other ectotherms (Deutsch
et al., 2008; Gaston et al., 2009; Schulte et al., 2011; Angert et al., 2011;
Gaitán-Espitia et al., 2014; Dowd et al., 2015). This pattern is clearly
supported by data in ectotherm terrestrial organisms, however for
marine species the evidence is less strong (Sunday et al., 2011). The
physiological differences among populations that inhabit the high-intertidal were more abrupt than differences among populations of the
lower intertidal. These results could be related to the effects of temperature that are probably damped by the higher heat capacity of the
ocean compared to high-intertidal microhabitats (Okafor, 2011). We
have shown that organisms that inhabit low intertidal, where the
temperature is generally more stable, tend to live closer to their critical
temperatures than organisms that inhabit higher latitudes where the
thermal variance is greater. Furthermore, our results show that crabs
habiting the high-intertidal are more adapted to these fluctuating environments than many other crabs (Stillman, 2002; Somero, 2002,
2010). It should be noted that in some sites, the upper thermal limits of
the crabs inhabiting the lower intertidal exceeded the thermal maximum; as such these organisms may be seriously impacted to potential
increases in temperature. Despite this, behavioral mechanisms could be
used to avoid the negative effects of increased temperature (i.e., Bogert
effects, see Mitchell et al., 2013).
Oxygen limitation may play a crucial role in the regulation of
thermal tolerance (Pörtner, 2001, 2010; Pörtner and Knust, 2007),
especially for intertidal ectotherms that can maximize their PO2 during
normoxy to maintain their heart rate and thereby not affect their
thermal tolerance (Pörtner et al., 1985; Bjelde et al., 2015). There are
no clear patterns of metabolic rates along environmental gradients,
nevertheless Fusi et al. (2016) have shown that high-intertidal organisms are better adapted to thermal stress due to the physiological
benefits provided by atmospheric oxygen (see also Lardies et al., 2011).
Despite this, it is known that low temperatures are expected to reduce
metabolic rates (Yamahira and Conover, 2002; Gaitán-Espitia and
Nespolo, 2014; Gaitan-Espitia et al., 2017), and sometimes organisms
have to make compensations if there is a reduction, for example, in
fitness (Fangue et al., 2009). Similar to the results of Gaitan-Espitia
et al. (2017) for P. violaceus and Monaco et al. (2010) for P. granulosus,
here we found no differences in the metabolic rates of C. cinereus and P.

violaceus distributed along a latitudinal gradient. However, we did detect significant differences in the metabolic rates of P. tuberculosus along
the gradient studied, which could be related to metabolic compensations (Catenazzi, 2016).
As mentioned above, metabolic rate was the trait that increased
phenotypic plasticity according to the RDPI. Metabolism plays a central
role in all biological processes; therefore the degree of flexibility that
adjusts to the metabolic rate could allow the animals to face the constant extreme thermal variations of the intertidal. Conversely, the traits
of thermal sensitivities would be adjusted by local adaption at the
temperature most frequently experienced by animals, thus the phenotypic flexibility of these traits is weaker.
4.2. Phenotypic integration with machine learning
It is known that natural selection by local thermal environments
leads to population divergence (Dillon et al., 2009; Gangloff et al.,
2015). Thus, the thermal physiology of ectothermic organisms is likely
subject to strong selection (Artacho and Nespolo, 2009; May et al.,
2017). Here, using machine learning, we found differences in the
physiological performance among the studied species, and these differences were mainly related to the environmental variability of the
habitat in which the species are present. Our results suggest adaptive
divergence of the integrated physiological traits of the intertidal crabs
studied. The previous is in agreement with recent studies showing that
environmental gradients can exert strong selection on the thermal
physiology of ectotherms (Richter-Boix et al., 2010). The degree of
divergence among the integrated traits is likely related to the level of
thermal environmental heterogeneity experienced because phenotypic
plasticity is directly linked to phenotypic integration (Gianoli and
Palacio‐López, 2009). Here, the highest degree of trait integration was
found for organisms in the high-intertidal in the greatly variable environmental. We hypothesize that the chronic variability of the highintertidal does not favor plasticity but rather encourages adaptation.
Greater phenotypic integration was found for C. cinereus according to
samples sites, this was contrary to that found for population that inhabit low-intertidal zones, where lower thermal variability would likely
promote plasticity to cope with sporadic thermal events occur such in
extreme low tides, which can also be reflected in the RDPI (see Fig. 3).
In this sense, in a functional and integrated phenotype, any canalization, homeostasis or absence of plasticity of a certain trait should reflect
some type of damping of plasticity in some other trait (Forsman, 2015).
Interestingly, the classification accuracy of the machine learning algorithms used here decreased with increased depth in the intertidal (see
Fig. 4A, B; Table 2). This result could be due to the more stable physical-chemical features of the low-intertidal (Stillman and Somero,
1996; Somero, 2002; Stillman, 2002), which could facilitate the
maintenance of homeostasis. Here the unsupervised machine learning
algorithms (EM algorithm and k-means) showed that maintained a
clustering associated to the study sites, that is, the groups assigned were
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similar to the number of localities used in the study, the results of which
were similar in both algorithms (i.e., EM algorithm and k-means), even
having different types of metrics (Jung et al., 2014). Both methods
showed that the level of associations of populations that are distributed
in the latitudinal gradient varies depending on the crab species, this
means that the degree of plasticity of the species is inversely linked to
the level of associations between the traits. On the other hand, all of the
supervised learning algorithms used showed similar results. Here the
classification values were distributed within two standard deviations of
the mean (see Fig. 4A, B). According to the results of the classifications,
it is surprising to observe that the non-linear methods had similar results with the linear modeling (NB, LDA and knn).
Machine learning is an important tool for incorporating trait integration and possibly local adaptation when classifying groups.
According to Amzallag (2000) and Guerrero-Bosagna and Skinner
(2012), the heritability of a trait decreases with the degree of connection it has with other traits, and this degree of connection is inversely
involved in plasticity. At the phenotypic level, the study of integration
may have evolutionary implications because selection should favor a
series of traits that result in a functional phenotype (Cheverud, 1996;
Pigliucci and Preston, 2004). Mechanistically, it is clear that physiological performance of organisms is the result of an integrated phenotype
and that such integration depends on the environmental variability
where these organisms inhabit. For example, the close relationship
between the metabolic rates and the thermal tolerance capacities (in C.
cinereus populations) can be attributed to the fact that these organisms
are more likely to experience chronic thermal variations compared to
organisms that are distributed in the low-intertidal. Furthermore, we
found that the crab C. cinereus exhibited high metabolic rates with
elevated energy costs as compensation to tolerate to extreme temperatures (see also Berger and Emlet, 2007). Namely, energy costs can
decrease fitness in environments where organisms are often subjected
to their thermal extremes (Sokolova et al., 2012; Sokolova, 2013;
Kingsolver et al., 2013).
These results highlight the complexity of adaptive thermal responses of multiple traits in natural populations and the role of local
thermal variation as a selective force that drives diversity in physiological traits. Consequently, the integration of physiological traits provides an understanding more holistic of the thermal effects to environmental change and how this could affect different species on small
or large spatial scales. Nevertheless, we cannot discard a possible
phylogenetic effect on thermal physiological traits in the studied crabs
because two species are closely related and only future analysis with
more species added and applying phylogenetically independent contrasts to comparative data could help us to clarify this aspect. Despite
this, our results increase the understanding of physiological integration
along environmental gradients and how to analyze phenotypic plasticity of integrated phenotypes
In relation to using machine learning in this study, we can point out
as strengths, the fact that the clustering algorithms used (unsupervised
learning) can effectively discover the natural grouping of the data for
this application. These clusters are identified regardless of the data
sample size. The trait selection algorithm (commonly known as feature
selection in machine learning) uses a wrapper approach, this means
that the selected traits are obtained based on the effect of these on the
predictive performance of the classifier. Here the purpose was to
identify a subset of traits, regardless of the relation (or not) amongst
them, but that obtained the best predictive performance which is the
final goal. Of course, there are limitations or weaknesses when using a
machine learning approach that cannot be neglected. For example,
given that machine learning is data-driven, with little intervention of a
domain expert, the first assumption is that the input data is correct and
reliable. Any conclusion drawn from the models will be conditioned to
the quality of the data. This means that how the experimental data is
acquired and what type of data preprocessing was used are fundamental. Also, unlike the unsupervised learning techniques, the

predictive performance of the supervised learning algorithms depends
on the training sample size, moreover, the evaluation of the generalization power of the predictive models depends of the test set sample
size. These limitations (and others) should not be forgotten when using
a machine learning approach. In this work, we have adopted some
strategies to reduce the effect of these limitations, through the use of nfold cross validation which allowed us to get the most out of the data to
train and test the models. Also, for classification, we have not assumed
one specific machine learning technique beforehand to use, instead we
have evaluated several techniques of different nature, some of these
which do not learn any parameters, like k-nn, in comparison with artificial neural networks, that must learn from the training set the
parameters of the network (weights and biases). Also, standard experimental protocols were employed throughout the data acquisition
process to ensure the quality of the input data to the algorithms.
Overall, future studies should aim using machine learning algorithm's
to make precise predictions about the distribution range shifts of
marine ectotherm organisms in the scenario of global warming.
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