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Abstract

A fuzzy rule-based system combining empirical data on hydraulic preferences and literature
information on temperature requirements was used to foresee the brown trout (Salmo ftrutta
L.) spawning habitat degradation induced by climate change. The climatic scenarios for the
Cabriel River (Eastern Iberian Peninsula) corresponded to two Representative
Concentration Pathways (4.5 and 8.5) for the short (2011-2040) and mid (2041-2070) term
horizons. The hydraulic and hydrologic modelling were undertaken with process-based
numerical models (i.e., River2D® and HBV-light) while the water temperature was modelled
by assembling the predictions of three machine learning techniques (M5, Multi-Adaptive
Regression Splines and Support Vector Regression). The predicted rise in the water
temperature will not be compensated by the more benign lower flows. Consequently, the
suitable spawning habitat will be reduced between 15.4-48.7%. The entire population shall
suffer the effects of climate change and will probably be extirpated from the downstream

segments of the river.

LIST OF ACRONYMS

CV — Cross-Validation

DE - Differential Evolution

GAM — Generalised Additive Model
HDC — Habitat Duration Curve

MARS — Multi-Adaptive Regression Splines



NSE — Nash-Sutcliffe Efficiency

Q - Flow rate

RCP — Representative Concentration Pathway
SA — Suitable Area

Sn — Sensitivity

Sp — Specificity

SVR - Support Vector Regression

TSK — Takagi-Sugeno-Kang fuzzy rule-based system
TSS — True Skill Statistic

wMSE — weighted Mean Squared Error

WSE — Water Surface Elevation

WUA — Weighted Usable Area

1 Introduction

Despite the increasing number of notorious climate change deniers in the current post-truth
era (Ratuva, 2017), where scientific evidence is systematically questioned (Rabin-Havt,
2016), 2016 was the third consecutive year to set a new global annual temperature record
(NASA, 2017). Freshwater fish species are not immune to the effects of global warming
(Comte et al., 2013). Accordingly, coinciding with a corroborated warming trend, the range
shifts of freshwater fish have, over the centuries, been an ongoing phenomenon (Clavero et

al., 2017). However, although global warming may impact other fish families similar to the



Salmonidae family (e.g., Sanchez-Hernandez and Nunn, 2016), it has been assumed that
global warming may benefit warm-water species (Comte et al., 2013). In accordance,
studies about salmonids prevail over any other family (Comte et al., 2013), due to their
crucial role within cold-water food webs and the number of ecosystem services they provide

(Kovach et al., 2016).

One paradigmatic salmonid is the brown trout (Salmo trutta L., 1758), which has been
successfully introduced across the globe due to its ecological tolerance and its reputation
as fine food and good sport (Klemetsen et al., 2003). Brown trout is a well-known indicator
species because it is strictly a cold-water species and thus, sensitive to rising temperatures
(Clavero et al., 2017; Tisseuil et al., 2012). In accordance, significant shifts in the brown
trout distribution range are expected as global temperatures increase over the century

(Santiago, 2017; Comte et al., 2013; Lassalle and Rochard, 2009).

Contemporary studies (e.g., Santiago et al., 2017; Mufioz-Mas et al., 2016b) are typically
only based on adults, neglecting the environmental requirements of life-history stages such
as embryos or larvae (Réalis-Doyelle et al., 2016; Louhi et al., 2008). However, rising
temperatures, and peak events, may have asymmetrical effects depending on the
development life stage (Santiago, 2017), with later developmental stages (e.g., adults)
depicting lower temperature sensitivity than earlier stages (Lahnsteiner, 2012; Elliott and
Elliott, 2010). The thermotolerance of brown trout has been studied and reported over the
centuries to satisfy aquaculture needs (Reéalis-Doyelle et al., 2016; Ojanguren and Brania,
2003; Embody, 1934; Norris, 1868), which supplies a vast amount of data — hardly
obtainable in natural streams — that can be used to develop temperature suitability models
(Noack et al., 2017). In accordance with these studies, in some Mediterranean climates,
global warming is likely to affect the sessile stages (e.g., embryos) to a greater extent

because they present a narrower thermal tolerance (Elliott and Elliott, 2010), while mobile
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individuals may be, on one hand, able to tolerate a larger range of water temperature and,
on the other hand, may potentially be able to find available thermal refugia (Elliott and
Elliott, 2010; Elliott, 2000). Brown trout spawning, and subsequent recruitment (i.e., the
number of fish surviving to enter the fishery), can govern population density and production
(Lobdén-Cervia, 2009), which highlights the importance of studying the future climate-

induced degradation of the spawning habitat to foresee future population dynamics.

Successful trout incubation requires suitable temperatures, favoured by egg burial (Hansen,
1975), with deviations compromising embryo survival (Wes Stonecypher et al., 1994).
Lower temperatures prolong incubation, which favour pathogen outbreaks (Meyer, 1991;
Barker et al., 1989), while higher temperature tend to increase the ratio of malformations
(Réalis-Doyelle et al., 2016), despite accelerating trout hatching (Ojanguren and Brafa,

2003; Jungwirth and Winkler, 1984; Embody, 1934).

Increased stream temperatures are one of the primary — but not the sole — potential
outcomes of rapid global warming (Hauer et al., 2013) because such a phenomenon is
embedded within the alteration of the precipitation patterns (i.e., climate change), which is
leading to modified flow regimes (Van Vliet et al., 2013). Freshwater organisms have
evolved and adapted specifically to the natural flow regime (Poff et al., 1997; Townsend
and Hildrew, 1994) and thus, changes in the frequency of magnitude, timing and duration of
the different flows may lead to remarkable changes or to ecosystem collapses (Perkins et
al., 2010). Therefore, while some regions in the world expect increases in water yield (Van
Vliet et al.,, 2013), others, such as the Eastern Mediterranean region of the Iberian
Peninsula (Marcos-Garcia and Pulido-Velazquez, 2017; Salmoral et al., 2015; Chirivella
Osma et al., 2014), are likely to be characterised by a continued decrease in water yield,
which may result in a population bottleneck for species survival (e.g., Mufioz-Mas et al.,

2016b).



The most basic analytical approach successfully related temperature with future species
distribution (e.g., Santiago et al., 2015; Isaak and Rieman, 2013), although river flow may
also impact species distribution (Hauer et al., 2013; Wenger et al., 2011). This
methodological framework enjoys popularity because water temperature can be easily
predicted, with considerable accuracy, based on air temperature (Santiago et al., 2017;
Piccolroaz et al., 2016). This task can also be addressed either by using flexible statistical
models (Laanaya et al., 2017), such as Generalised Additive Models (GAMs) (Hastie and
Tibshirani, 1990), or by employing machine learning techniques (e.g., Mufioz-Mas et al.,

2016b); for instance, M5 model trees (Quinlan, 1992).

Certainly, these temperature-based approaches allow the evaluation of large areas, for
instance, by employing stream isotherms (Isaak and Rieman, 2013). However, even though
they usually account for the future flow regime (e.g., Santiago et al., 2017; Sanchez-
Hernandez and Nunn, 2016; Tisseuil et al., 2012), the confounding influence of channel
morphology should discourage the sole use of the flow regime, and related statistics, as
proxies of changes in hydraulic conditions (i.e., flow velocity and water depth) (Turner and
Stewardson, 2014). In accordance, studies applying frameworks accounting for a broader
number of elements (e.g., temperature, flow and hydraulics), such as the physical habitat
simulation approach (Bovee et al., 1998) — which combines habitat suitability modelling,
hydraulic and hydrologic modelling and water temperature modelling — should be better
suited to forecast the cumulative climate change-induced impacts on the target taxa.
Interestingly, several studies applying the aforementioned framework observed how
increases in the duration of low flows lead to augmentations in the overall habitat suitability
of a given river section caused by the particular channel geometry (e.g., Li et al., 2015);
thus, preconceiving the negative impact of decreased water yield for a specific taxa could

be erroneous (see e.g., Mufioz-Mas et al., 2016d; Vigano et al., 2015).



Sampling the hydraulic preferences for brown trout spawning and incubation in natural
streams is feasible compared to reproducing them in the laboratory (e.g., Gauthey et al.,
2015; Radtke, 2013), which should provide the necessary data to develop data-driven
habitat suitability models (Noack et al., 2017). The habitat requirements proved to be
especially relevant with regard to substrate composition because adequate substrate
impedes egg scouring and favours stable redd temperature and satisfactory oxygenation
(Noack et al., 2017; Gauthey et al., 2015; Hansen, 1975). Therefore, the optimal substrate
granulometry typically ranges between 16—64 mm, which can be classified as gravel (sensu
Munioz-Mas et al., 2012), whereas the optimal depth and velocity range, respectively,

between 0.15-0.45m and 0.20-0.55 m/s (Louhi et al., 2008).

In accordance with these hydraulic preferences, exclusively studying the changes in water
temperature due to climate change may lead to incomplete assessments. Nonetheless,
recent experiences in the Mediterranean region of the Iberian Peninsula indicated relevant
changes for both water temperature and flow regime (Santiago et al., 2017), which will
result in changes in the habitat suitability for the different life stages of trout (Mufioz-Mas et
al., 2016b; Ayllon et al., 2013). Consequently, the increasing synchrony of high temperature
and low flow will potentially lead to synergistic effects with dramatic consequences
(Arismendi et al., 2013), which may be especially relevant at the rear edge of their original
distribution range (i.e., the altitudinal and latitudinal margins of the natural distribution area)

(Hampe and Petit, 2005).

Therefore, the present study aimed at predicting the brown trout spawning habitat
degradation induced by climate change in a segment of the Cabriel River (Eastern Iberian
Peninsula), which is located at the rear edge of the current brown trout distribution area. To
achieve this aim, the study applied a framework based on the physical habitat simulation

approach combining habitat suitability modelling, hydraulic and hydrologic modelling and
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water temperature modelling, which were fed with downscaled climatic data from the most
recent climate change scenarios; the Representative Concentration Pathways (RCPs) 4.5
and 8.5. In accordance, i) a zero-order presence-absence Takagi-Sugeno-Kang fuzzy rule-
based system combining a literature-based (water temperature) and a data-driven
(hydraulics) module was developed to model the habitat suitability for brown trout
spawning. The hydraulic modelling was ii) undertaken with River2D®, while the hydrologic
modelling was iii) performed with HBV-light (Seibert and Vis, 2012). The water temperature
modelling was iv) modelled assembling the predictions of three machine learning
techniques (M5, Multi-Adaptive Regression Splines and Support Vector Regression). Given
the bivariate nature of the analysis (i.e., temperature and flow), the habitat-flow relationship
was V) characterised with surfaces, instead of curves, and the simulated flows were vi)
transduced to Habitat Time Series (HTSs). Finally, vii) the brown trout spawning habitat
degradation was evaluated by comparing the frequency and magnitude of the extreme

events (i.e., temperature and low flows peaks) through Habitat Duration Curves (HDCs).

2 Methods

2.1 Study area

The Cabriel River is the main tributary of the Jucar River and is 220 km in length, with 4,754
km? of drainage area and 10.8 m%/s of mean flow (Vezza et al., 2015). The upstream part of
the river is currently free-flowing while the downstream half was regulated in 1972 by
means of a complex of storage and hydropower facilities; the most noticeable being the
Contreras Dam (Mufioz-Mas et al., 2016e). The study site is located in a river segment

immediately upstream of the first small reservoir regulating the basin (i.e., the Bujioso



Reservoir) and is dominated by two cyprinid species, the Eastern Iberian barbel
(Luciobarbus guiraonis Steindachner, 1866) and the Eastern Iberian Chub (Squalius
valentinus Doadrio and Carmona, 2006) (Mufioz-Mas et al., 2016a, 2016e; Vezza et al.,
2015), which indicates that the study site is located at the rear edge of the natural
distribution area of the brown trout (Fig. 1) (Santos et al., 2004). The land cover of the upper
part of the basin mainly consists of forested areas (86%) and crops (12%) (Bossard et al.,
2000) and is affected by a steady depopulation trend, which is likely to continue until 2050
(INE, 2012). Therefore, we considered the effect of additional anthropogenic stressors to be
negligible aside from global change (i.e., climatic and direct anthropogenic changes) (see

e.g., Meybeck, 2004).
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Fig. 1. Location of the study site and river segments sampled for data collection on habitat
preferences for brown trout (Salmo trutta, L.) spawning. The coloured grid highlights the current

brown trout distribution area (MAPAMA — Spanish government, 2017).



2.2 Microhabitat suitability modelling

2.2.1 Data collection

The data-driven hydraulic module of the habitat suitability model (Fig. 6) was based on
empirical data collected at the microhabitat scale (i.e., six measurements per redd) in
several surveys within the period 2006-2016 (Fig. 1). The rivers were sampled during the
spawning period — late autumn and winter (Elliott and Elliott, 2010) — covered most of the
inhabited mountainous rivers of the Jucar River Basin district (34.4 km in total). Specifically,
these were: the Argelita, Valbona and Villahermosa rivers (Mijares River Basin), the
Palancia River, the Vallanca, Ebrén and Turia rivers (Turia River Basin) and the Jucar and
the Cabriel rivers (Jucar River Basin); all of them at river segments of Strahler order 2

(Strahler, 1952).

The surveyors walked along the target river segments, from downstream to upstream,
spotting trout redds. At each redd, two measurements were taken; one at the lowest
elevation (i.e., the pit of the redd) and the other approximately in the centre of the redd and
behind the pit (i.e., at the top of the tailspill) (Fig. 2). In addition, the surrounding area was
surveyed at four points 1.5 m from the redd centre following a parallel and perpendicular
axis to the river thalweg. Over the years, 331 redds were spotted which, considering the
sampling protocol, lead to a dataset of 0.33 prevalence (i.e., the ratio of presence cases

over the entire dataset) with 1986 data.
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Upstream
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Fig. 2. Ellipse schematising an ideal brown trout redd and depicting the two locations measured for
presence data (pit and tailspill) and the four surrounding locations recording absence data (left and

right, upstream and downstream).

Depth, velocity and substrate were measured at each sampling point. Depth (m) was
measured with a wading rod to the nearest cm and velocity (m/s) was measured with an
electromagnetic current meter (Valeport®, UK) at 40% of the depth (Vigano et al., 2015).
The percentage of each substrate class was visually estimated around each sampling point
by employing a simplification of the American Geophysical Union size scale: silt (<62 um),
sand (62 ym -2 mm), fine gravel (2-8 mm), gravel (8—-64 mm), cobbles (64-256 mm),
boulders (>256 mm) and bedrock in accordance with previous works (Mufoz-Mas et al.,
2012). Finally, the substrate composition was converted into a single value through the
substrate index (-), by combining the weighted percentages of each substrate type as
follows: substrate index = 0.03 - sand % + 0.04 - fine gravel % + 0.05 - gravel % + 0.06 -

cobble % + 0.07 - boulder % + 0.08 - bedrock % (Mouton et al., 2011) (Table 1 and Fig. 3).
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Table 1. Summary of the hydraulic characteristics recorded in each location sampled within the

brown trout redd (presence data) and the four surrounding points (absence data).

Class Location Variable Min. 1stQu. Median Mean 3rd Qu. Max.
Velocity (m/s) 0.00 0.23 0.34 0.39 0.55 0.95
Pit Depth (m) 0.05 0.17 0.24 026 0.34 0.72
Presence Substrate index (-) 1.00 4.25 4.50 456 4.95 7.60
Velocity (m/s) 0.00 0.23 0.35 040 0.58 1.14
Tailspill Depth (m) 0.05 0.17 0.24 0.26 0.33 0.90
Substrate index (-) 1.00 4.30 4.55 458 4.80 7.40
Velocity (m/s) 0.00 0.18 0.29 0.34 048 0.97
Upstream Depth (m) 0.07 0.17 0.26 0.27 0.34 0.75
Substrate index (-) 0.00 3.40 4.40 3.83 5.00 8.00
Velocity (m/s) 0.00 0.11 0.26 0.31 048 1.09
Right Depth (m) 0.03 0.13 0.22 0.24 0.32 0.75
Substrate index (-) 0.00 0.23 4.00 3.26 490 8.00
Absence .
Velocity (m/s) 0.00 0.24 0.40 0.44 0.62 1.19
Downstream Depth (m) 0.05 0.15 0.23 0.25 0.33 0.82
Substrate index (-) 0.00 3.16 4.38 3.82 5.00 8.00
Velocity (m/s) 0.00 0.09 0.24 0.32 047 1.12
Left Depth (m) 0.01 0.15 0.22 0.23 0.30 0.75
Substrate index (-) 0.00 0.70 3.70 3.09 4380 8.00
[ T T I T T ]
00 02 04 06 08 10 12

Velocity (m/s)

0.0 02 0.4 06 0.8
Depth (m)

[ T T I 1

0 2 4 6 8
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Fig. 3. Violin plots of the data collected on the hydraulic conditions of the sampled brown trout
redds. Data appear discriminated by presence (redd pit and tailspill) and absence (surrounding

area) respectively at the upper and the lower half. The vertical lines depict the median values.

2.3 Fuzzy habitat suitability modelling

2.3.1 Hydraulic suitability module

The microhabitat suitability model was developed by means of a presence-absence zero-
order Takagi-Sugeno-Kang (TSK) fuzzy rule-based system (Takagi and Sugeno, 1985).
Fuzzy rule-based systems (e.g., TSKs) are based on Zadeh’s seminal work (1965) and
consist of a rule-base of antecedents and consequents (i.e., an ensemble of IF-THEN
sequences called fuzzy rules) relating the different hydraulic conditions (Fig. 6). These
hydraulic conditions are described by a few fuzzy sets — each one with its corresponding
membership function y(x) — named after linguistic labels (e.g., Low velocity) (Adriaenssens
et al., 2004). The popularity of fuzzy logic relies on several complementary issues: fuzzy
rule-based systems are universal approximators able to render any desired accuracy
(Castro, 1995), with a low number of fuzzy sets they are interpretable (Hlllermeier, 2005),
and this is not at the expense of complex mathematical structures (Mufoz-Mas et al.,
2016d). In accordance with the last statement, a fuzzy rule-based system can be based on
empirical data (i.e., data-driven) and subsequently be inspected, used and modified — on
the basis of expert knowledge, scientific literature or new insights — to cover a wider range
of environmental conditions (Mouton et al., 2008). The main difference of presence-
absence zero-order TSK fuzzy models, in comparison with the more popular Mamdani-
Assilian models (Mamdani, 1974), are the rule consequents (i.e., the THEN part), which
consist of 1 or 0, respectively, for presence and absence (e.g. IF velocity is Low and depth

is High THEN 1).
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The optimisation of a TSK can be performed by simultaneously tuning the membership
function parameters (i.e., the amplitude and overlapping of the fuzzy sets) and the rule
consequents (e.g., Jang, 1993), although tuning the membership function is rare within
studies based on the physical habitat simulation (e.g., Mufioz-Mas et al., 2016d; Fukuda,
2013). However, in accordance with the data collected (Fig. 3) and the theory around the
use of convex hulls (Cornwell et al., 2006) to determine the n-dimensional hypervolume
describing the ecological niche (sensu Hutchinson, 1957), we advocated the opposite
approach. Therefore, three fuzzy sets and the shape of their membership functions were
optimised while the rule-base was fixed (i.e., non-optimised) and only the rule consequent
involving Medium velocity, Medium depth and Medium substrate depicted suitable

conditions (i.e., THEN 1) (Table 2).

Table 2. Summary of the final fuzzy rules combining the hydraulic and water temperature suitability

modules.

Microhabitat suitability module Water temperature suitability module = Consequent

17 VeIOC|ty. IS LOW IR loepiinls Lanzo s OR Water temperature is Low THEN O
Substrate index is Low

IF Velocity is Medium AND Depth is
Medium AND Substrate index is Medium
IF Velocity is High OR Depth is High OR
Substrate index is High

AND Water temperature is Medium THEN 1

OR Water temperature is High THEN 0

To enhance the reliability of the model from an ecological viewpoint, N-membership
functions (Equation 2 and Fig. 4) were selected because trapezoidal and triangular
membership functions render polyhedral convex hulls instead of smooth ones (Mufioz-Mas
et al., 2016d). NM-membership functions are defined by four parameters (am, bm, cm and dm)
and when bm equals cm the membership functions present a single maxima at this point.
Based on previous studies (e.g., Fukuda, 2013), the latter structure, which provides a single

optima, was selected (see Fig. 4).
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Fig. 4. Depiction and parameters (a;, b, ci and di) defining an asymmetric I-membership function.

The optimisation of the nine parameters of the membership functions, one per fuzzy set
(Low, Medium and High) for the three input variables, was performed with Differential
Evolution (DE) (Storn and Price, 1997). The DE is a kind of evolutionary algorithm
particularly suited to optimise real-valued functions of real-valued parameters (Ardia et al.,
2011; Mullen et al., 2011). Several potential solutions are encoded in real number strings
(i.e., chromosomes) and the whole set corresponds to the population. Subsequently, the
performance associated to each chromosome is calculated (termed ‘fitness’) and the
evolution takes place by creating a new population, employing arithmetic operations, from

the parent population members (Mullen et al., 2011). Then, only those offspring
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chromosomes that present better fithess substitute their parents, which iteratively finds
better solutions (Ardia et al., 2011). Finally, the evolution halts if the maximum number of
generations is achieved or if the algorithm is unable to find a better solution after a specified

number of generations.

The optimisation was conducted with the R package DEoptim (Ardia et al., 2011; Mullen et
al., 2011) maximising a fitness function (Equation 3) especially addressed to stimulate over-
prediction (Sensitivity > Specificity) (Mufioz-Mas et al., 2016e, 2016¢) because it has been
stated to be more reliable from an ecological viewpoint than under-prediction (Mouton et al.,

2010):

Fitness = TSS + min{0, Sn — Sp}; (Equation 3)

where Sn (Sensitivity) corresponds to the ratio of presences correctly classified
(classification threshold at 0.5), Sp (Specificity) corresponds to the ratio of absences
correctly classified and TSS (True Skill Statistic) to the sum of sensitivity and specificity
minus one (i.e., TSS = Sn + Sp — 1) (see Mouton et al., 2010). Although the model structure
(i.e., number of fuzzy sets and rule consequents) was set beforehand, five-fold Cross-
Validation (CV) was performed in order to scrutinise TSK generalisation (Arlot and Celisse,
2010). Parameter settings of the optimisation were based on the recommendations
described in Mullen et al. (2011) and the package’s vignette (Table 3). Once the CV was
completed, one single model was developed by averaging the five optimal vertices of each
membership function (Fukuda et al., 2013) and it was subsequently modified to include the

effect of the water temperature (see below).
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Table 3. Parameter settings of the Differential Evolution (DE) algorithm. Default values were used in

the unlisted arguments.

Operator Argument name Setting

Value to be reached VTR 1

Evolving strategy strategy 2

Population size NP 10 X # parameters
Maximum iterations allowed itermax 10 X # parameters
Crossover adaptation C 0.7

Crossover probability CR 0.5

Differential weighting factor F 0.8

Relative convergence tolerance reltol 0.005

Step tolerance steptol 5 X # parameters

2.3.2 Water temperature suitability module

Despite the lack of ‘common garden’ experiments on embryo miscarriage, the tolerance
limits, optimal range for survival and developmental time proved to have little variation
along latitudinal gradients (Ojanguren and Brafa, 2003). In accordance, the TSK fuzzy
model was modified — based on scientific literature — to account for the influence of water
temperature on the overall suitability (Fig. 6). Low and high water temperature restrain
embryo development and viability (Elliott and Elliott, 2010). Therefore, the three fuzzy sets
scheme depicted above was also used to characterise the effect of water temperature (Fig.
4). An additional antecedent corresponding to water temperature was aggregated to the
rule base while the only rule with a suitable consequent (i.e., THEN 1) remained that which
included Medium fuzzy sets (i.e., Medium velocity, depth, substrate and Medium water
temperature) (Table 2). An exhaustive review was performed to collect original studies on
temperature effects (see Fig. 6 for the complete list of 13 references). The consulted
documents rendered information of different nature and level of detail, such as several
values on habitat suitability (e.g., Bovee, 1978), a number of mortality percentages at
different temperatures (e.g., Réalis-Doyelle et al., 2016; Embody, 1934) or simply an

optimal range (e.g., Moyle, 2002). Nevertheless, analogously to the membership to a fuzzy
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set, the suitability and the aforementioned percentages are formulated with values ranging
from one to zero while the optimal range can be assimilated to one and the intolerable
temperatures to zero. Therefore, these values and the membership degree were
considered equivalent and the fuzzy sets were optimised — with the DE algorithm and the
parameter settings described above — to minimise the difference between the reported
values and the central membership function (i.e., that corresponding to Medium water
temperature). In order to favour the more exhaustive studies, the fitness function consisted
of the Mean Squared Error weighted by the number of independent data reported at each

study (i.e., WMSE).

The resulting TSK fuzzy model, encompassing the three microhabitat variables (i.e., depth,
velocity and substrate) and the water temperature, was used to assess 2501 alternative
combinations of flow rate between 0-76.49 m3/s, and of water temperature between 0-30
°C, which corresponded to 41 different flows based on its probability of occurrence and the
whole temperature sequence between 0-30 °C (at a rate of 0.5 °C) (Fig. 6). The habitat
assessment for each combination was used to characterise the habitat available under the

historical and climate change scenarios (see below).

2.4 Hydraulic modelling

The hydraulic simulation encompassed a reach of the Cabriel River of approximately 300 m
in length. In a previous three-year study performed at the mesohabitat scale, 473 brown
trout parr were observed during spring (Mufioz-Mas et al., 2016e; Vezza et al., 2015; Costa
et al.,, 2012), which, given the usual dispersion rates, indicated successful brown trout
reproduction in the area (Fausch and Northcote, 1992). Data collection and model

development followed standard procedures (Jowett and Duncan, 2012). Thereby, the
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topographic data of the river channel and banks were collected using a Leica© Total
Station, simultaneously collecting data on the substrate composition by employing the scale
described above (Fig. 5.). Three different campaigns were performed in three different flows
(i.e., 3.32, 4.78 and 7.63 m®/s); the Water Surface Elevation (WSE) was measured in each
of them at a number of locations along the river reach to calibrate the hydraulic model.
Finally, the necessary flow-elevation curve at the downstream-end cross-section was
completed with an additional measurement at a rate of 33.87 m3/s and the stage of zero
flow at 854.84 m a.s.l. (Fig. 5. A). The 2D hydraulic simulation was performed with
River2D® (Steffler and Blackburn, 2002) varying the bed roughness to adjust the outcomes
to the measurements performed during the three sampled flow rates. The calibration was
considered satisfactory when the mean of the residuals was below 5 cm (Mufioz-Mas et al.,
2012). Subsequently, and based on the flow duration curve (Fig. 5. B), 41 uniformly
distributed flows were simulated, which included the three flows surveyed during the

aforementioned three-year study (Fig. 6).
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vegetation or silt and eight the coarsest substrate, i.e. bedrock. A) Flow-rate curve depicting the
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measured river flows (i.e., 3.32, 4.78, 7.63 and 33.87 m3/s) and B) flow duration curve at the

gauging station downstream of the site, depicting the sampled flows.

2.41 Selection of the representative river reach

Evaluating representative river segments permits a confident extrapolation of the
conclusions to a broader area (Warrner et al.,, 2010). It is typically undertaken after
selecting a shorter river reach with a similar proportion, in terms of area, of different flow
types (i.e., shallow and fast, slow and deep, etc.) based on the habitat mapping of a longer
river segment (Bovee, 1982). Using the concepts of this semi-quantitative approach, a
smaller — numerically representative — part of the hydraulic model was selected (Fig. 6).
The selected reach matched the mean water depth, velocity and substrate observed during
the three-year study mentioned above (i.e., Mufioz-Mas et al., 2016e; Vezza et al., 2015;
Costa et al., 2012), where a river segment longer than 1 km was surveyed once a year,
providing data on the hydraulic conditions at the flow rates of 2.77, 3.48 and 5.58 m%/s. The
selected reach was encompassed in a polygon of four vertices (X, Y) that minimised the per
cent difference between the simulated (shorter) and reference (longer) river sections that,
simultaneously, maximised the selected area. The optimisation was performed with the DE
algorithm and the parameter settings described above and the resulting area was that used

to evaluate the climate change-induced changes in brown trout spawning habitats.

2.5 Rainfall-runoff and water temperature modelling

2.5.1 Rainfall-runoff modelling

The hydrological simulation was implemented through the HBV-light model (Seibert and

Vis, 2012) (Fig. 6). This is a new version of the HBV conceptual model (Bergstrom, 1976),
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which consists of four routines (snow, soil, groundwater and routing) for simulating
catchment flow rate, usually on a daily time step, based on time series of precipitation and
air temperature as well as estimates of monthly long-term potential evaporation rates. In the
snow routine, snow accumulation and snowmelt are computed by a degree-day method
involving 5 parameters. In the soil routine, groundwater recharge and actual
evapotranspiration are simulated as functions of actual soil water storage, using 3
parameters. In the response (or groundwater) routine, runoff is computed as a function of
water storage (5 parameters). Finally, a triangular weighting function is used in the routing
to simulate the runoff at the catchment outlet (1 parameter). The model was calibrated,
using daily flow rate data from the gauging station at the basin outlet (near the study site),
for the period 1978/79-2000/01 (mean annual flow at the gauging station = 7 m3/s) by
maximising the Nash-Sutcliffe Efficiency (NSE). Conversely, the validation was carried out

for the Water temperature modelling for the 2001/02—2006/07 period.

2.5.2 Water temperature modelling

The input data for the water temperature modelling (Fig. 6) encompassed daily data from
two different periods — 2006—2007 and 2012—-2013 (842 days in total) — that were measured
at the study site with two data loggers; a VEMCO T 8-bit Minilog TR® (Canada) for the
former period, and a TruTrack WT-HR® (New Zealand) for the latter period. Following
previous studies, three independent variables were selected: air temperature and flow rate
of the same day and air temperature of the preceding day (Santiago et al., 2017; Munoz-
Mas et al., 2016b; Piccolroaz et al., 2016). In the past, M5 model trees (Quinlan, 1992)
rendered paramount results when addressing this task (Mufoz-Mas et al., 2016b).

However, each machine learning approach has its merits and demerits, which may
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introduce uncertainty to predictions (Lin et al., 2015). Thus, assembling predictions of
different models is gaining popularity because it may characterise and reduce the
uncertainty of the final forecast (Ren et al., 2016). In accordance, the water temperature
was modelled by means of an ensemble of three machine learning techniques, two
piecewise linear approaches and one kernel-based approach; namely, M5 (Quinlan, 1992),
Multi-Adaptive Regression Splines (MARS) (Fridedman, 1991) and Support Vector

Regression (SVR) (Vapnik et al., 1997).

The models were developed employing the functions implemented in the R packages:
Cubist (Kuhn et al., 2014), earth (Milborrow, 2016) and LinearizedSVR (Veeramachaneni
and Williams, 2014) respectively for the M5 model tree, the MARS and the SVR. The
hyperparameters for the three techniques were optimised, performing five-fold CV, to
maximise the NSE. Particularly, the optimal number of rules (i.e., the number of models in
which the input space is divided) between 1 and 25 was sought for the M5 model tree.
Similarly, for MARS, the optimal MinSpan parameter, which controls the minimum number
of observations between the extremes of the piecewise linear models, and hence the final
number of multilinear models, was also sought between 1 and 25, while the remaining

parameters were based on the package’s manual and vignette (Milborrow, 2014, 2016).

Unlike standard implementations of SVR that are trained employing the complete dataset,
LinearizedSVR rely on a set of prototypes as potential support vectors, which accelerate
the model's convergence (Bi and Bennett, 2003). In accordance, SVR with radial basis
function kernels require the optimisation of four parameters: C, ¢ (epsilon), y (gamma) and
the final number of prototypes. The optimal number of prototypes was sought following a
step-forward approach (see e.g., May et al., 2011), thus, their number was sequentially
increased at a rate of one provided that the NSE improved. In addition, at each iteration, the

optimal parameters between 0—-2000 for the parameter C and between 0-5 for epsilon were
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optimised with the DE algorithm whereas the gamma parameter was internally optimised
with the function sigma.est, implemented within the corresponding package (Caputo et al.,
2002). Therefore, for each number of prototypes tested an optimisation with DE was

performed.

Once the optimal hyperparameters were determined for each technique, a single model
was trained — employing the complete dataset — (Fukuda et al., 2013), which was fed with
the historical and climate change air temperature and flow time series. The final water
temperature was calculated averaging the three forecasts. The complete list of the

parameter settings for the three machine learning techniques can be found in Appendix A.

2.5.3 Climate change scenarios

The Representative Concentration Pathways (RCPs) 4.5 (cautious) and 8.5 (pessimistic)
are currently the assumed standards in climate change studies performed at a daily time-
step (e.g., Munoz-Mas, Lopez-Nicolas, et al., 2016; Santiago et al., 2017). The RCP 4.5 is a
scenario in which total radiative forcing peak around 2040 at 4.5 W/m? and then decline
(Thomson et al., 2011). Conversely, the RCP 8.5 predicts a higher value (i.e., 8.5 W/m?)
because it depicts a steady increase in greenhouse gas concentration throughout the

century, thus ending with the highest concentration levels (Riahi et al., 2007).

The future projections for the short (2011-2040) and the mid-term (2041-2070) were
obtained from a combination of Global Climate Models (GCMs) and Regional Climate
Models (RCMs) (Fig. 6). Since the GCMs scale is not suitable to characterise impacts at the
regional and local level (IPCC, 2014), it was necessary to use downscaling techniques to

build RCMs (Fig. 6). Three different GCM-RCM combinations were used (Table 4) from the
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CORDEX project, which aims to improve the downscaling process for different regions of

the world (Christensen et al., 2014).

Table 4. Combinations of Global Climate Models (GCMs) and Regional Climate Models (RCMs)
implemented in this study (source CORDEX, Christensen et al., 2014).

MCG/MCR SMHI-RCA4 KNMI-RACMO22E CLMcom-CCLM4-8-17
ICHEC-EC-EARTH X X
MPI-M-MPI-ESM-LR X

The bias of climate model outputs (i.e., the difference between the modelled and observed
values) must be corrected before using these results for specific purposes. In accordance,
the “quantile mapping” method (Li et al., 2010) through the R package “gmap”
(Gudmundsson et al., 2012) was applied to the raw data. Once the variables were
corrected, the future projections were used to feed the rainfall-runoff model and,
subsequently, the temperature model. The differences of the median values between the
historical and the future climate change scenarios for the period from 15 November-15
January, which corresponds to the spawning period in the Mediterranean part of the Iberian
Peninsula (Gauthey et al., 2015), were compared with the Bayesian test implemented
within the R package BEST, which provides credible values of the mean, median and

standard deviation to infer their differences (Kruschke, 2013).

2.6 Climate change-induced degradation in the spawning habitat

The changes in the spawning habitat quantity and quality were quantified after Habitat
Duration Curves (HDCs) (Milhous et al., 1990). They are very useful to evaluate changes in
the frequency and duration of the suitable habitat in a study site (Mufioz-Mas et al., 2016b),
which is summarised in a single value per flow rate. Therefore, they go beyond differences
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between instantaneous conditions and allow scientists to discern the long-term impact of
different scenarios and the existence of bottlenecks affecting the activity scrutinised

(Parasiewicz, 2008; Capra et al., 1995).

Several indices exist to summarise the habitat suitability of the entire river segment,
although the Weighted Usable Area (WUA) (Bovee et al., 1998) is by far the most common
(Payne, 2003). It corresponds to the aggregation of the area of each simulation cell (e.g.
pixel) weighted by the corresponding suitability (i.e., the output of the TSK fuzzy model after
evaluating the velocity, depth, substrate and water temperature of the simulation cell).
However, given the mathematisation of the index, a huge amount of low quality habitat may
render similar total value as a small area of highly suitable habitat (Person et al., 2014). To
avoid these potentially misleading results, the Suitable Area (SA), which corresponds to the
sum of the areas where the models predicted presence (Suitability > 0.5) was also

calculated (Mufioz-Mas et al., 2016b; Person et al., 2014).

The HDCs are built in a sequential procedure (Capra et al., 1995; Milhous et al., 1990).
First, the aforementioned indicator about the suitability of the habitat available is calculated
for each of the assessed combinations of flow rate and water temperature (2501
combinations in total). Usually, only hydraulics are assessed (e.g., Boavida et al., 2014,
Munoz-Mas et al., 2012); therefore, univariate habitat suitability vs flow curves are typically
developed and upon these curves the values of the global indicator are interpolated —
employing the sequence of running flows for the different scenarios — which eventually
become the Habitat Time Series (HTS) (i.e., the temporal sequence of WUA and SA)
(Milhous et al.,, 1990). However, in this study, hydraulics and temperature were
simultaneously considered; thus, we present habitat vs flow rate and water temperature
surfaces. Correspondingly, the HTS were calculated by interpolating the different paired

values of flow rate and water temperature of the historical and climate change scenarios,
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both over the WUA-related and the SA-related surfaces, and the HDCs were calculated by
exclusively employing the data comprised between spawning period (15 November—15
January). The HDCs depict the proportion of time that any given value of WUA and SA is
exceeded; consequently, when a given curve appears below the historical HDC, it indicates
impoverished habitat conditions compared to the reference historical HDC. The cumulated
area below the corresponding HDC was used to calculate the climate change-induced

degradation in brown trout spawning habitat as a per cent difference.
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Fig. 6. Flowchart depicting the process followed to predict the brown trout (Salmo trutta L.)

spawning habitat degradation induced by climate change.

3 Results

3.1 Habitat suitability modelling

The generalisation of the data-driven hydraulic suitability module of the zero-order
presence-absence Takagi-Sugeno-Kang (TSK) fuzzy rule-based system — optimised with
Differential Evolution (DE) — was considered acceptable because the performance criteria
on the test and the training datasets did not markedly differ (Table 5). The Sensitivity (Sn)
and Specificity (Sp) were close to, or above, 65% and the weighted Mean Squared Error
(WMSE) indicated an overall accuracy above 75%, although the True Skill Statistics (TSS)

presented moderate values.
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Table 5. Mean values of the performance criteria calculated for the training and test datasets after
five-fold Cross Validation (CV): Fitness, True Skill Statistics (TSS), Sensitivity (Sn), Specificity (Sp)
and weighted (1 — prevalence,;,ss) Mean Squared Error (WMSE).

Fitness TSS Sn Sp wMSE
Training 0.31+0.01 0.31+0.01 0.66+0.01 0.65+0.01 0.24+0.00
Test 0.24+0.06 0.26+0.05 0.62+0.03 0.64+0.03 0.2410.02

The fuzzy sets and membership functions of the hydraulic suitability module exhibited great
stability. Consequently, the five-fold Cross-Validation (CV) rendered similar patterns for
every fold (Fig. 7). The final TSK fuzzy model presented the optimum for velocity at 0.22
m/s, for depth at 0.14 m and for substrate index at 4.92, which nearly corresponds to
gravel. Although the model structure allowed unsuitable conditions at the extreme of the
sampled ranges, the membership functions gently decrease for velocity and depth but not
for the substrate index; thus the lower and higher extremes, which correspond to vegetated

silt and bedrock, respectively, were considered completely unsuitable.

Concerning water temperature, the bibliographic review depicted in Fig. 7 (13 references in
total) highlights the great diversity in the reported information, which is especially
remarkable with regard to the lower water temperatures (i.e., below 5 °C). Conversely, a
general pattern was observed for the higher temperatures (i.e., above 5 °C), thus the
highest concentration appeared around 7.5 °C and the decrease of the suitability was
indicated to occur between 10-15 °C, although the amplitude of the tolerance was relatively
high. In accordance, the optimal value of the central fuzzy set appeared displaced towards
warmer temperatures and was set at 9.09 °C, whereas the upper threshold was set at 15
°C. The water temperature is expected to rise (see below); therefore, the uncertainty on the

lower temperatures was considered negligible.
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Fig. 7. Depiction of the fuzzy sets and membership functions of the zero-order presence-absence
Takagi-Sugeno-Kang fuzzy rule-based system optimised with Differential Evolution. The upper
sequence depicts the data-driven hydraulic suitability module (velocity, depth and substrate) based
on empirical data, and the lower panel the literature-based water temperature module based on the

adjacent list of 13 references.

3.2 Selection of the representative river reach

The hydraulic model encompassed a sinuous sequence of four riffles and pools, which is
characterised by the alternation of fast-shallow and slow-deep areas (Fig. 8). This channel
geometry restricted the suitable habitat to the inner side of the river bends. The largest area
maximising the representative reach for the simulation was obtained — with DE — after
removing a small part in the eastern extreme of the hydraulic model (Fig. 8, grey area). The
largest mean difference occurred for depth (approximately 25%), although the largest

difference at a specific flow occurred with the substrate index collected at 5.56 m%/s (Qsa),
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which was above 40% (Table 6). Nevertheless, the mean difference of the three flow rates

and variables was slightly above 12%; thus, it was considered appropriate.
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Fig. 8. Plan view of the simulated velocity (upper sequence), depth (mid sequence) and habitat
suitability (lower sequence) for the minimum simulated flow (Qg7 = 1.33 m%/s) and the median flow
(Qs0 = 5.91 m3/s). In both cases the water temperature was set to 9.5 °C. The representativeness of
the simulated river segment was maximised, with Differential Evolution, removing the eastern

extreme of the hydraulic model (in grey).

Table 6. Per cent difference between the velocity, depth and substrate index collected at the three
flow rates surveyed during the three-year study used as reference — river segment (> 1 km) — and
the selected part of the hydraulic model.

Reference flow Depth Velocity Substrate
Q91 =277m3/s 25.34% -8.76% 5.88%
Q83=348m3/s 17.25% 5.49% -5.37%
Q53=5.58m3/s 30.93% 2.38% 41.35%
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3.3 Habitat assessment

The surface depicting Weighted Usable Area (WUA) vs flow rate and water temperature,
and the corresponding surface based on the Suitable Area (SA) depicted similar patterns
(Fig. 9). With regard to the flow rate, the surface presented one maximum for the first
effective simulated flow (Q = 1.33 m3/s) because it provided the largest instream suitable
habitat (Fig. 8). In accordance with the fuzzy sets and their membership functions (Fig. 7),
the suitability abruptly decreased as the assessed flow increased. Then, it depicted an
almost constant plateau up to 33.87 m3s (Qio) where the WUA rapidly rose to the
maximum value, because for this and subsequent flow, the gravel in the southern floodplain
is flooded (see Fig. 5). Nevertheless, the frequency of occurrence of these flows is
extremely low (Fig. 5. B). Concerning the water temperature, both surfaces presented the
highest values, for both WUA and SA, at 9.5 °C, which corresponded to the simulated
temperature nearest to the optimal value (i.e., 9.09 °C). However, the WUA surface
presented a gentle decrease, either toward lower (0 °C) or higher temperatures (up to 15
°C), which mimicked the central fuzzy set for water temperature. Conversely, the SA
surface presented an abrupt decrease beyond 4.67 and 11.92 °C due to the classificatory

nature of this index.
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Fig. 9. Depiction of the Weighted Usable Area (WUA) vs flow rate (Q) and water temperature
(Temp.) surface based on the 2501 alternative combinations of flow rate (0-76.49 m3/s) and water
temperature (0-30 °C) (left) and Suitable Area (SA) vs flow rate (Q) and water temperature (Temp.)

surface base on the same combinations (right).

3.4 Rainfall-runoff and water temperature modelling

After the optimisation of the 14 parameters (Table 7) the rainfall-runoff models exhibited
great generalisation because the Nash-Sutcliffe Efficiency (NSE) index for validation was of
0.81, whereas the NSE obtained during calibration was of 0.77. In accordance with the
good performance, the hydrological model mimicked the flow regime but it did not
reproduce the daily or sub-daily operations of the small reservoir located immediately
upstream the gauging station (i.e., Bujioso Reservoir) (Fig. 10, lower panel). Therefore, the
predictions of this model, over the historical and the climate change scenarios, were
considered suitable for comparison as reference (the former), and altered (the latter).
Nevertheless, this and subsequent results based on the restoration of the altered data
series into the natural flow regime, which lead to analogous conclusions, can be found in

Appendix B.
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Table 7. Resulting parameters in the calibration of the hydrological model HBV-light.

Routine Parameter Unit Description Value
Snow TT °C Threshold temperature, below which -5
precipitation occurs as snow, and above at
which snow melt starts
CFMAX mm/day  Degree—day factor 12
°C
SFCF - Snowfall correction factor 0.90
CFR - Refreezing coefficient 0.05
CWH - Water holding capacity 0.05
Soll FC mm Maximum soil moisture storage 365.78
LP - Soil evaporation threshold, above which actual 0.80
evapotranspiration reaches potential
evapotranspiration
BETA - Shape coefficient, which determines the relative 1.94
contribution to runoff from rain or snowmelt
Response Ko 1/day Storage (recession) coefficient for storage box 0 0.10
K1 1/day Storage (recession) coefficient for storage box 1 0.06
Ka 1/day Storage (recession) coefficient for storage box 2 0.006
PERC mm/day  Maximum percolation rate from upper to lower 1.83
storage box
UZL mm Threshold above which flow is generated from 67.39
the upper zone
Routing MAXBAS day Length of weighting function 2.43
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predicted time series. The gold background indicates the period used for validation of the rainfall-
runoff model. The grey background area highlights the time series of water temperature; the

agreement between both time series is depicted in detail in the upper plot.

The ensemble of three machine learning techniques achieved paramount performance and
the aggregate prediction mimicked accurately the available data on water temperature (Fig.
10, upper panel). The three techniques displayed almost the same performance (NSE
values); 0.941£0.01, 0.941£0.01 and 0.94+0.00, with the M5 model tree, the Multi-Adaptive
Regression Splines (MARS) and the Support Vector Regression (SVR), respectively.

Consequently, the three forecasts were averaged in order to feed subsequent analyses.

3.5 Precipitation, flow rate and air and water temperature changes under

the RCPs 4.5 and 8.5 in the short and mid terms

The downscaled climate change scenarios predicted a general decrease in the daily rainfall
and an increase in the air temperature, which resulted in lower flow rates and rising water

temperatures (Fig. 11). This general picture is exacerbated in the mid-term scenarios and,
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particularly, for the Representative Concentration Pathway (RCP) 8.5 (i.e., pessimistic
scenario). During the trout spawning period, the relevant changes in the median values
(after the Bayesian test) determined a maximum decrease in the winter rainfall of 61% and
a maximum air temperature increase of 58%, both for the RCP 8.5 and the mid-term
horizon. Nevertheless, the mean expected changes for the remaining scenarios and time
horizons were more benevolent, corresponding to approximately 40% in both cases. These
changes were not directly translated to the median flow rate and water temperature, which
appeared buffered. In accordance, the decrease in the flow rate will be around 20%,
although the prediction for the RCP 8.5 and the mid-term horizon surpassed 24%. The
changes predicted for the water temperatures were less dramatic. Therefore, the mean
increase in the median values will be approximately 10%, except for the most pessimistic
scenario and time-horizon, which will involve an increase slightly above 15% (RCP 8.5

Mid.).
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Fig. 11. Violin plots depicting the historical and expected absolute values of rainfall, river flow rate,
air temperature and water temperature during spawning period (15 November—15 January) for the
two temporal horizons (short: 2011-2040 and mid: 2041-2070) per Representative Concentration
Pathway (RCP) (RCP 4.5 and 8.5). The differences on median values (absolute value and

percentage) are tagged above.

3.6 Climate change-induced degradation in the spawning habitat

The predicted rise in the water temperature will not be compensated by the lower expected
flows, which increase the suitability related to hydraulics (Fig. 7 and Fig. 8). In accordance
with the habitat vs flow rate and water temperature surfaces, the Habitat Duration Curves
(HDCs), either based on the WUA or the SA, presented similar aggregation patterns (Fig.

12). The predictions indicated that the study site will present at least some marginally
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suitable microhabitat (WUA > 0 m?) almost 100 % of the analyses days (i.e., percentage of
exceedance of the 0 WUA was close to 100%). However, the Historical series always
exceeded this value during the spawning period while during the climate change scenarios
it will be not. On the contrary, the analysis based on the SA indicated that, historically,
brown trout has found suboptimal conditions for spawning during 5% of the spawning
period. The frequency of this situation will rise most during the mid-term of the RCP 8.5,
because it will not be surpassed during 30% of days. The remaining scenarios predicted an

inferior frequency of null SA, on approximately 20% of days.

The per cent comparison of the difference between the cumulated areas below the HDCs
predicted the largest decrease for the RCP 8.5 and the mid-term horizon, which
corresponded to 27.6% and 48.7% for the WUA and SA, respectively (Table 8).
Conversely, the remaining scenarios and time horizons indicated similar decreases for each
index. The HDCs based on the WUA indicated that the decrease will be near 16%, whereas

those based on the SA showed a larger decrease, up to 35%.
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Fig. 12. Habitat Duration Curves (HDCs) during spawning period (15 November—15 January) for the
two temporal horizons (short: 2011-2040 and mid: 2041-2070) per Representative Concentration
Pathway (RCP) (RCP 4.5 and 8.5) and the historical regimes of flow rate (hydraulics) and water
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temperature (reference) based on the Weighted Usable Area (WUA) (left panel) and the Suitable
Area (SA) (right panel).

Table 8. Per cent difference between the cumulated area below the Habitat Duration Curves
(HDCs) for the two temporal horizons per Representative Concentration Pathway (RCP) (i.e., RCP
4.5 and 8.5) and the historical regimes of flow rate (hydraulics) and water temperature (reference);
based on Weighted Usable Area (WUA) and Suitable Area (SA).

Scenario/horizon  WUA (m?) SA (m?)
RCP 4.5 Short -16.2% -32.1%

RCP 4.5 Mid. -16.2% -36.7%
RCP 8.5 Short -15.4% -34.2%
RCP 8.5 Mid. -27.6% -48.7%

4 Discussion

A fuzzy model combining a literature-based and a data-driven module has been used as
the central element to predict the brown trout spawning habitat degradation in a segment of
the Cabriel River under two different climate change scenarios and time horizons. Although
this combined modelling approach was considered feasible (Mouton et al., 2008), to the
best of our knowledge, it had not been reported before. In accordance, this approach
proved suitable to adapt fuzzy habitat suitability models taking into account knowledge from
different sources and nature. Therefore, adjusting the input variables and the corresponding
fuzzy membership functions and rules should permit fuzzy models to perform properly in
river segments with impoverished or extirpated populations (Mufoz-Mas et al., 2016d) or
where certain environmental conditions are unavailable (e.g., deep microhabitats) and the
adequate sampling is no longer possible. Consequently, this kind of hybrid models should
be especially indicated for river segments where no profitable surveys can be performed at

a reasonable cost. The fuzzy model was optimised with Differential Evolution (Storn and
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Price, 1997). The DE algorithm was involved in a number of subsequent optimisations,
which highlights the enormous versatility of the algorithm to address a number of different

tasks (Ardia et al., 2011; Mullen et al., 2011).

4.1 Brown trout spawning habitat suitability

4.1.1 Hydraulic habitat suitability

As with previous studies that employed a low number of fuzzy sets (Mufoz-Mas et al.,
2016b; Fukuda et al., 2013), the TSK fuzzy model achieved moderate accuracy. However,
these values were expected after the distribution of the presence and absence data (Fig. 7)
and the enforcement of the models’ parsimony by selecting a low number of fuzzy sets.
Regarding the foregoing, and considering the similarity between omission and commission

errors (Mouton et al., 2010), this should not be considered as a limitation of the study.

Mathematically, the TSK fuzzy model performed similarly to habitat suitability curves
(Waters, 1976) combined employing the geometric mean (Muhoz-Mas et al., 2012), but
trained simultaneously (i.e., in a multivariate manner) and based on the discriminant
capability instead of frequency histograms. As a consequence, this approach preserves the
interpretability of TSK fuzzy models (Hullermeier, 2005) — the optimal values can be easily

drawn — and it rules out the inconveniences of the forage ratio (Payne and Allen, 2009).

The MN-membership functions could be considered a naive approach compared to B-spline
membership functions, which present greater flexibility (Zhang and Knoll, 1998). However,
although this approach was envisaged almost 20 years ago, its use is restricted to a small
number of studies, thus scientists advocated the piecewise linear versions of the [1-
membership functions (i.e., triangular and trapezoidal membership functions), which

present a number of advantages — like -membership functions — and require fewer
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parameters to be optimised (Barua et al., 2014). Furthermore, N-membership functions are
a good fit for the ruling ecological gradient theory, which states that species’ responses to
environmental variables are likely to be monotone, or unimodal but not necessarily linear or
symmetrical (Austin, 2007). Therefore, we considered this type of membership function an

optimal choice to further model the habitat suitability with fuzzy rule-based systems.

From the ecological viewpoint, the optimal values for depth, velocity and substrate did not
differ substantially from those reported in dedicated reviews or obtained in empirical
studies. Louhi et al. (2008), who performed a review of 17 papers, concluded that the
optimal velocity and depth were respectively within the range between 0.20-0.55 m/s and
0.15-0.45 m, while the optimal substrate type was pebbles (16-64 mm), which corresponds
to gravel in the simplified American Geophysical Union size scale. Moreover, a later study
performed in the north of the Iberian Peninsula indicated optimal values that fitted ours
even better (Gauthey et al., 2015). In that region brown trout spawned in microhabitats with
velocities between 0.1-0.8 m/s, depth comprised between 0.03-0.77 m, and substrate
ranging between 22.3-63.4 mm, which also corresponds to gravel (sensu Mufioz-Mas et
al., 2012). Therefore, the acknowledged similarity about optimal water temperature along
latitudinal gradients (Ojanguren and Brafa, 2003) could be considered extensible to the
optimal hydraulics for brown trout spawning. Nonetheless, this conclusion is in agreement
with Gauthey et al. (2015), who pointed out the similarity between the brown trout habitat
preferences in Iberian (Gauthey et al., 2015) and Alpine rivers (Riedl and Peter, 2013). For
the aforementioned, the hydraulic suitability module was considered suitable for the

following analyses.
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4.1.2 Water temperature suitability

Disentangling the combined effect of hydraulics and water temperature in the wild may
potentially imply the systematic survey of a vast area, either with or without redd presence,
in order to identify unsuitable temperatures. In this regard, currently there are a number of
field and laboratory studies investigating either the effect of hydraulics (e.g., Gauthey et al.,
2015) or water temperature (e.g., Réalis-Doyelle et al., 2016). However, to the best of our
knowledge, those analysing the combined effect of both elements are restricted to field
studies performed over a restricted number of redds and encompassing narrow thermal
amplitudes (e.g., Hansen, 1975; Michel et al., 2014). Therefore, based on the
acknowledged small variation in embryo thermotolerance along its natural distribution area
(Gjanguren and Brafia, 2003), we advocated a water temperature suitability module based
on scientific literature to complement the data-driven module, which highlights the benefits

of employing fuzzy rule-based systems (Mouton et al., 2008).

The optimal value (i.e., 9.09 °C) is a good fit for the optimal values indicated in several
renowned reviews that performed diverse analyses. Therefore, Armstrong et al. (2003)
indicated an optimal range between 1 and 9-10 °C while Elliott and Elliott (2010) extended
this range to 0—13 °C. In other parts of the Jucar River Basin district, the brown trout used
for restocking (Alcaraz-Hernandez et al., 2016) are successfully incubated at 12 °C.
Therefore, taking into account that lower temperatures increase the rate of survival and
well-formed fry (Réalis-Doyelle et al., 2016), it was considered a reasonable optima for the
populations of the Cabriel River. Thus, in light of current literature, the final habitat suitability
model including hydraulics and water temperature rendered plausible preferences to
address the subsequent analyses (Elliott and Elliott, 2010; Louhi et al., 2008; Armstrong et

al., 2003).
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4.2 Flow rate changes under the RCPs 4.5 and 8.5 in the short and mid

terms

The predicted changes in the flow regime showed notable uncertainty, (i.e., the changes in
the year-round median daily flow rate ranged from -30% to +5%). This is consistent with the
dispersion described in the literature about the impact of climate change in the Iberian
peninsula (Marcos-Garcia and Pulido-Velazquez, 2017; Chirivella Osma et al., 2014;
Senatore et al., 2011) and the Mediterranean basin (Girard et al., 2015). With regard to the
Cabiriel River, the predicted decrease on the median flow between both scenarios and time
horizons are smaller than that predicted for an upstream river segment (i.e., 19.70/23.30 vs
27.33 %) (Mufioz-Mas et al., 2016b). However, the current study site is of higher order
while neither the time horizons nor the Global Circulation Models (GCMs) completely
coincide, thus an absolute comparison may be inadequate. Nevertheless, unlike studies for
Alpine rivers (Junker et al., 2015), none of the approaches indicated increasing running

flows, as both studies indicated remarkable reductions.

4.3 Climate change-induced degradation of the spawning habitat

Theoretically, the increasing synchrony of high temperature and low flow will potentially
lead to synergies resulting in species extirpation (Arismendi et al., 2013). However,
although we generally subscribe to such an asseveration, ours and previous results for this
particular species and life-cycle stage do not completely match this general pattern (Garbe
et al., 2016). Nonetheless, in accordance with the Weighted Usable Area (WUA) vs flow
rate and water temperature surface, as well as the Suitable Area (SA) counterpart, the
decrease in the magnitude of the running flows can potentially lead to rather positive

effects. Leaving aside the water temperature effect, the suitability increases markedly for Q
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= 1.33 m?/s and flow rates around this value will be more frequent (Fig. 9). However, the
rise in water temperature will not be compensated by the more suitable hydraulics,
degrading brown trout spawning habitat between 15.4% and 48.7% of the days. Thus,
these results, in combination with those obtained in the upper river segment (Mufioz-Mas et
al., 2016b), corroborate the gradual shift from physical habitat to temperature as the active

environmental limiting factor described for other Iberian rivers (Ayllén et al., 2013).

Iberian brown trout lineages are likely to be better adapted to higher temperatures (Burt et
al., 2011). In the past, we observed an extant population, upstream in the same river basin,
enduring water temperatures out of what is considered the suitable range (Mufioz-Mas et
al., 2016b). However, although local adaptation in brown trout early life-history stages has
been observed throughout its natural distribution area (Jensen et al., 2008), the empirical
evidence indicated that little room for thermal adaptations exist at the upper temperature

limits, either for survival or adequate growth (Ayllon et al., 2013).

Climate change and the shifting flow regime may most probably alter other relevant
environmental factors; principally the concentration of dissolved oxygen and sediment
transport (Ficklin et al., 2013). The impact on salmonids caused by the excessive loading of
river channels with fine sediments is common as a consequence of anthropogenic land use
changes (Obruca and Hauer, 2017). However, this is not expected to occur in the Cabriel
River Basin because the magnitude of peak flows, which are considered the predominant
bedload transport agents (Milan, 2017), is not expected to rise significantly. Therefore,
unlike other river segments where winter-flow increases will compromise the stability of the
redds (Junker et al., 2015), neither sediment infiltration into gravel interstices nor redd

scouring are likely to simultaneously impact brown trout reproduction.

Conversely, rising water temperature is likely to interact with respiration requirements, as
the oxygen demand of salmonid embryos increases with temperature (Santiago, 2017),
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which, combined with the expected drop in oxygen concentration (Ficklin et al., 2013), will
have dramatic consequences for the viability of the embryos. As a consequence, although
the climatological and hydraulic conditions could occasionally be attractive to the species,
its reproduction will be rarely, if ever, successful. Trout incubation requires sustained
suitable conditions over a period that may vary between 25 (14 °C) and 105 (4 °C) days
(Santiago, 2017). However, the analyses did not consider the intermittency of the suitable
conditions; in particular, that caused by sudden floods or, especially, temperature peaks,
which compromise embryo survival to a higher degree. Nonetheless, the latter will be
coupled with a drop in oxygen concentration (Ficklin et al., 2013). Therefore, the impact of
climate change is likely to be harsher, in terms of percentage, than predicted due to
intermittencies in the continued suitable conditions required for the proper development of
brown trout embryos. In accordance, we conclude that brown trout spawning is destined to

be compelled towards upstream river segments.

The advisability of long-term studies on population dynamics has been emphasised
(Rosenfeld, 2017) because fish populations are regulated by birth and mortality processes
subject to suites of density-dependent and density-independent factors operating during the
lifetime (Lobdn-Cervia, 2009). Nevertheless, this piece of research, complemented by
previous studies on summer droughts and adult brown trout (Mufioz-Mas et al., 2016b),
indicate that the entire population of the Cabriel River shall suffer the year-round effects of
climate change. In accordance, regardless of whether the population is recruitment-limited
or habitat-limited (sensu Lobdn-Cervia, 2009), it will probably result in the species
extirpation, at least from the downstream river segments. In accordance, this study
represents a valuable example of the ultimate impacts of climate change on brown trout

spawning success.
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5 Conclusions

This study demonstrated that fuzzy rule-based systems combining literature-based and
data-driven modules can be used to proficiently predict the impact of different flow and
water temperature regimes. The hydraulic data-driven module indicated that the optimal
velocity and depth were within the range of 0.20-0.55 m/s and 0.15-0.45 m, respectively,
and the optimal substrate type was gravel, whereas the literature-based module indicated
that the optimal temperature corresponded to 9.09 °C. The values obtained for the hydraulic
data-driven module matched well the optimal values described in former reviews whereas
the optimal water temperature was slightly inferior to that set to incubate brown trout
embryos in local restocking programs. In coherence with former studies and practices, this
approach proved proficient to widen the number of environmental factors evaluated and/or
the environmental range covered by fuzzy habitat suitability models while M-membership
functions fitted the ruling ecological gradient theory. This modelling approach combining
information from different sources has been used to predict the habitat degradation induced
by climate change, although it could easily be used to evaluate different management
alternatives in environmental flow assessment studies where environmental and budget

constrains exist.

The future scenarios (RCP 4.5 and 8.5) predicted a general decrease in the magnitude of
running flows, which, with regard exclusively to the hydraulic component, should lead to an
increase in the availability of suitable spawning habitats. However, the rise in water
temperature will not be compensated by the more suitable hydraulics. In accordance,
climate change will degrade brown trout spawning habitat between 15.4% and 48.7% of the
days for the most pessimistic scenario, which corresponds to the RCP 8.5 and the mid-term

horizon (2041-2070). Previous studies focused on future summer droughts revealed that
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adult brown trout will be significantly affected by climate change during that season (Mufioz-
Mas et al., 2016b). The negative impact of summer droughts joined to the intermittency in
the suitable conditions caused by sudden floods or temperature peaks, foresee that the
entire population of the Cabriel River shall suffer the year-round effects of climate change.
In accordance, we conclude that brown trout spawning is destined to be extirpated from the
lower segments of the Cabriel River. This conclusion should shine a spotlight on the climate

change-induced impacts on brown trout populations of the Eastern Iberian Peninsula.
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