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ABSTRACT

Human activities have altered flow regimes resulting in increased pressures and
threats on river biota. Physical habitat simulation has been established as a
standard approach among the methods for Environmental Flow Assessment
(EFA). Traditionally, in EFA, univariate habitat suitability curves have been used
to evaluate the habitat suitability at the microhabitat scale whereas Generalized
Additive Models (GAMs) and fuzzy logic are considered the most common
multivariate approaches to do so. The assessment of the habitat suitability for
three size classes of the West Balkan trout (Salmo farioides; Karaman, 1938)
inferred with these multivariate approaches was compared at three different
levels. First the modelled patterns of habitat selection were compared by
developing partial dependence plots. Then, the habitat assessment was
spatially explicitly compared by calculating the fuzzy kappa statistic and finally,
the habitat quantity and quality was compared broadly and at relevant flows
under a hypothetical flow regulation, based on the Weighted Usable Area
(WUA) vs. flow curves. The GAMs were slightly more accurate and the WUA-
flow curves demonstrated that they were more optimistic in the habitat
assessment with larger areas assessed with low to intermediate suitability (0.2-
0.6). Nevertheless, both approaches coincided in the habitat assessment (the
optimal areas were spatially coincident) and in the modelled patterns of habitat
selection; large trout selected microhabitats with low flow velocity, large depth,
coarse substrate and abundant cover. Medium sized trout selected
microhabitats with low flow velocity, middle-to-large depth, any kind of substrate

but bedrock and some elements of cover. Finally small trout selected
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microhabitats with low flow velocity, small depth, and light cover only avoiding
bedrock substrate. Furthermore, both approaches also rendered similar WUA-
flow curves and coincided in the predicted increases and decreases of the WUA
under the hypothetical flow regulation. Although on an equal footing, GAMs
performed slightly better, they do not automatically account for variables
interactions. Conversely, fuzzy models do so and can be easily modified by
experts to include new insights or to cover a wider range of environmental
conditions. Therefore, as a consequence of the agreement between both
approaches, we would advocate for combinations of GAMs and fuzzy models in

fish-based EFA.

Keywords: fuzzy kappa, habitat suitability, microhabitat, physical habitat

simulation, Salmo farioides, Takagi-Sugeno-Kang fuzzy models
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1 Introduction

Human activities such as water withdrawals (Benejam et al., 2010), storing for
irrigation purposes (Costa et al., 2012) and hydropeaking (Yao et al., 2015),
directly alter river flow regimes in regulated streams impacting freshwater biota
(Doll et al., 2009). Moreover, indirectly, human activities have significantly
modified precipitation patterns by altering climate (Kalogeropoulos and
Chalkias, 2013) and land use (Doll et al, 2009) thus flow regimes in
unregulated streams are not exempt of anthropogenic impacts (Li et al., 2015).
To evaluate the threats posed by such phenomena the development of
scientifically sophisticated tools has now become a fundamental area of
research within the scientific community (Arthington et al., 2006). The methods
addressed to evaluate river flows were classified into four different categories
(Tharme, 2003), namely: hydrological methods (e.g. Mathews and Richter,
2007), hydraulic methods (e.g. Lamouroux and Souchon, 2002), physical
habitat methods (e.g. Mufioz-Mas et al.,, 2014) and holistic methods (e.g.

McClain et al., 2014).

The hydrological methods rely on statistical analysis of hydrological data
whereas the hydraulic methods analyse changes in simple hydraulic variables,
such as wetted perimeter or maximum depth, as proxies of limiting factors for
freshwater biota. Physical habitat methods assess the quantity and suitability of
the physical habitat for the target species or assemblages under different flows
on the basis of integrated hydrological, hydraulic and biological data (Maddock,

1999). The lasts approach typically encompasses a hydrodynamic model, in

4
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order to simulate spatial and temporal variations in critical hydraulic parameters;
depth, flow velocity, substrate and cover (Boavida et al., 2014) and a habitat
suitability model usually developed at the microhabitat scale for target species
thus overstepping the simplicity of the hydraulic methods at the expense of
increasing the cost rates (Lamouroux and Souchon, 2002). Finally, several
components of the riverine ecosystems as well as social and economic modules
are incorporated under the framework of the holistic approaches for basin-scale

evaluation.

Nowadays, legislative frameworks in many countries reflect modern societal
needs for improved ecological conditions in regulated rivers including the
implementation of environmental flow regimes (Katopodis, 2012). However, the
requirements and the methods for their determination strongly depend on the
considered jurisdiction (Tharme, 2003). For instance, Spanish legislation
requires the development of physical habitat studies (Mufoz-Mas et al., 2012)
whereas environmental flow recommendations in Greece are based on
simplified hydrological methods (Ministry of Environment, Energy and Climate
Change, 2011). Hydrological methods have been criticized because they have
often been simplified to flow rules that neglect natural system complexity
(Arthington et al., 2006). Avoiding this oversimplification, the physical habitat
simulation has been identified by some practitioners as the most scientifically
and legally defensible methodology for Environmental Flow Assessment (EFA)
(Tharme, 2003). Therefore it has demonstrated to be adequate in evaluating the

effect of different management alternatives (Yao et al, 2015), restoration
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actions (Mouton et al., 2007) and potential effects of climate change (Belgiorno

et al., 2013).

Regarding the habitat suitability model component in the physical habitat
simulation, Waters (1976) suggested the application of continuous curves
representing a suitability index (ranging from 0 to 1) for each variable (e.g.
velocity or depth) instead of binary criteria; with one meaning maximum
suitability and zero totally unsuitable. Since then the use of the so-called Habitat
Suitability Curves (HSCs) became by far the most common approach in studies
involving the physical habitat simulation (Mufioz-Mas et al., 2012). The sum of
the areas (i.e. cells or pixels) weighed by the inferred suitability within the entire
domain of the hydrodynamic model correspond to the Weighted Usable Area
(WUA) (Bovee et al., 1998). The WUA is the most renowned general indicator
of habitat quality and quantity and is usually calculated for every of the
simulated flows thus becoming the WUA-flow curve (Boavida et al., 2014).
Upon the WUA-flow curve further calculations should be made for the EFA; for
instance the comparison of alternative flow regimes and/or scenario analysis via

habitat time series (Milhous et al., 1990).

However, the variables within the aforementioned approach are treated
independently for the estimation of the HSCs even though interactions among
them were expected (Orth and Maughan, 1982). Consequently, there are
examples of multivariate approaches (e.g. logistic regression) that
demonstrated a greater ability in the determination of the presence or absence

of some species (Guay et al., 2000). Between the multivariate approaches
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those who have received increasing attention are the Generalized Additive
Models (GAMs) (Hastie and Tibshirani, 1990) and those based on fuzzy logic
(Zadeh, 1965). Although different in nature, the structure of the GAMs could be
considered the natural succession of the HSCs because the effect of the set of
inputs is simultaneously modelled with smooths curves that resemble the HSCs.
On the other hand the popularity of fuzzy logic relies in its capability to mimic
human reasoning (Mufioz-Mas et al., 2016). Fuzzy logic describes the input
space in linguistic terms (e.g. Low velocity or High depth), without loss of
accuracy (Castro, 1995), and articulates their different combinations in a
comprehensive rules set (Mouton et al., 2008). Further, the mathematics behind
are simple enough to be inspected, used and modified by human experts using
expert knowledge or new insights to cover a wider range of environmental
conditions (Mouton et al., 2008), which emphasizes the usefulness of fuzzy
logic to deal with impoverished or extirpated populations. Thus, Jowett and
Davey (2007) have developed GAMs for large brown trout (Salmo trutta;
Linnaeus, 1758) in New Zealand rivers, whereas Munoz-Mas et al. (2012)
developed the fuzzy counterpart for medium size individuals in Iberian rivers.
Accordingly to that increasing interest, both techniques are actually
implemented in commercial software packages; GAMs have been implemented
in SEFA (Payne and Jowett, 2012) whereas CASIMIR allows the use of fuzzy
models (Jorde, 1997; Schneider, 2001). Limited knowledge exists on the
comparison of these two approaches in respect to the simulated habitat
suitability (Fukuda et al., 2013) and, as far as we know, there is no example of

comparison of such models (developed upon the same database) in EFA.
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Different taxa can be targeted in EFA studies. However, fish species can
occupy high trophic levels (Sanchez-Hernandez and Amundsen, 2015), they
are relatively easy to sample and to identify, and generally are known to
indicate in-stream habitat constraints (Lorenz et al., 2013). Furthermore, fish are
mobile species compared to other aquatic organism groups, e.g. benthic
invertebrates, and often undergo ontogenetic shifts in their habitat selection
(Aylidn et al., 2010). Thus, to complete their life cycle, all the required habitats
must be present. Consequently the state of fish populations and fish habitats
has served as indicators of aquatic ecosystem health (Katopodis, 2012). Among
fish species, salmonids play a crucial role in cold-water food webs and in the
generation of ecosystem services (Schindler et al., 2010). The West Balkan
(W.B.) trout (Salmo farioides; Karaman, 1938) is a poorly studied Balkan
endemicity (Delling, 2010) restricted to upland streams between Montenegro
and western Greece (Kottelat and Freyhof, 2007) and is assessed as vulnerable
in a state-wide conservation evaluation (Zogaris and Economou, 2009). Only
some general hints about the optimal habitat for this trout are known, such as
the typical salmonids’ requirements for cold and fast flowing waters. However,
until now there has been no investigation concerning the species’ specific

habitat preferences at the microhabitat scale.

In this study habitat suitability models for three size classes of the W.B. trout
were developed by means of GAMs and fuzzy models. These models were
used to infer the habitat suitability (spatially distributed and summarized in the
WUA) in a study site in the mountainous part of the Acheloos River (Western

Greece). Then the assessed suitability was spatially explicitly compared by
8
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calculating the fuzzy kappa statistic. Finally the WUA-flow curves were visually
compared and the WUA values derived from the natural flow regime and those
derived from the hypothetical extraction of the maximum amount of water legally
permitted were numerically compared. The implications of the Greek legislation

in EFA were discussed.

2 Materials and methods

2.1 Study site and data collection

The W.B. trout data collection was conducted, at the microhabitat scale, during
summer 2014 in the Voidomatis River, north-western Greece; a reference river
within the Northern Pindos National Park (Fig. 1). As a consequence the period
of strict validity of the developed model would encompass only that season. The
mean annual precipitation in the study area typically ranges between 1100 and
1700 mm, yielding a mean daily flow of 13 m®s (Woodward et al., 2008); while
during the period of data collection (July 2014) it presented a flow rate of 6.29

m’/s.
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Fig. 1 Location of the site where microhabitat data of West Balkan trout were collected
(Voidomatis River) and location where the physical habitat simulation was performed

(Acheloos River).

A modification of the equal effort approach (Johnson, 1980) was applied in the
selection of the surveyed area. This approach reduces the bias derived from the
unbalanced fast- and slow-waters sampling (Mufioz-Mas et al., 2012).
Therefore, the river stretch was stratified in Hydro-Morphological Units (HMU)
classified as pool, glide, run, riffle and rapid; then several HMUs were selected
balancing the areas of slow (i.e. pool and glide) and fast (i.e. run, riffle and
rapid) flow habitats. According to common procedures (Martinez-Capel et al.,
2009; Mufioz-Mas et al., 2012), the microhabitat study was conducted by
underwater observation (snorkelling) during daylight, classifying the observed
individuals in three size classes; large (>20 cm), medium (20—-10 cm) and small
(<10 cm). The main purpose of the habitat suitability models in the physical

habitat simulation approach is to determine habitat in an ecosystem that is best
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suited for a particular species life history, rather than for determining species
abundance and diversity, as do population models (Tomsic et al., 2007);
consequently data were collected following a presence-absence scheme. The
study focused on individuals that were ‘feeding’ or 'holding a feeding position'
because it is assumed that they are occupying such positions as the most

energetically profitable (Rincon and Lobén-Cervia, 1993).

The absences were sampled along each HMU in 4 cross-sections uniformly
distributed with 5 point sampling along each cross section, whereas the
presences (i.e. W.B. trout observations) were measured at the corresponding
locations. Depth [m] was measured with a wading rod to the nearest cm and the
mean flow velocity of the water column (hereafter velocity [m/s]) was measured
with a propeller current meter (OTT®). The percentage of each substrate class
was visually estimated around the sampling point or fish location. The substrate
classification was simplified from the American Geophysical Union size scale:
bedrock, boulders (>256), cobbles (64—256 mm), gravel (8—-64 mm), fine gravel
(2-8 mm), sand (62 pym-2 mm), silt (< 62 pm) similarly to previous works
(Martinez-Capel et al., 2009; Mufioz-Mas et al., 2012). Substrate composition
was converted into a single value through the Substrate index [-], by summing
the weighted percentages of each substrate type as follows: Substrate index =
0.08 - Bedrock % + 0.07 - Boulder % + 0.06 - Cobble % + 0.05 - Gravel % +

0.04 - Fine Gravel % + 0.03 - Sand % (Mouton et al., 2011).

In addition, the abundance of 5 different cover types was also recorded.

Namely, aquatic vegetation, undercut banks, woody debris, shade and large

11
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boulders. These cover types corresponded to the most commonly used by other
salmonids (Heggenes et al., 1999; Zika and Peter, 2002; Strakosh et al., 2003);
while they also summarize the concept of structural cover (e.g., boulders, log
jams) (Bovee et al., 1998) and escape cover (e.g. vegetation, undercut banks)
(Raleigh et al., 1986). As they were written down the cover was scored with
three values as follows; easy observation of the fish from the shore (1),
observation of the fish possible by underwater observation from distant
locations (2) and underwater observation of fish only from close locations (3).
Finally, the cover types and their scores were summarized in a cover index [-]
by summing the different scores at each location (e.g. none = 0, boulders 3 +
undercut banks 1 = 4, etc.). In the end, 103 large, 73 medium and 69 small
W.B. trout were recorded, whereas the hydraulic conditions in the surrounding

area were measured at 241 sites (Fig. 2).
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Fig. 2 Violin plots of the data collected in the Voidomatis River. They appear stratified

by size class of West Balkan trout and the absences.

2.2 Habitat suitability modelling

2.2.1 Generalized Additive Models (GAMs)

The ecological gradient theory states that species responses to environmental
variables are likely to be unimodal and often skewed although, straight-lines are
adjusted without any justification (Austin, 2007). In this regard GAMs (Hastie

and Tibshirani, 1990) are semi-parametric models, indicated to deal with non-
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linearity, since they do not presuppose any specific type of distribution of the
input variables applying smooth functions with different degree and number of
curvatures (i.e. the s; in equation 1) to simultaneously model their effects

(Jowett and Davey, 2007).

gEW)) = Bo + 51(x1) +52(x3) + ... +5;(x;) (1)

where g is the link function, E is the expected value, By is the intercept, x;

correspond to the input variables and s; are the smooth functions.

The expected value can be calculated as the direct aggregation of the effect
derived from every variable (g = gaussian link function) or can be adjusted to
pre-specified distributions such as poisson or binomial, constraining the outputs
to the desired domain. The GAMs development was carried out in R (R Core
Team, 2015) by means of the mgcv package (Wood, 2004). Tensor product
smooths are especially useful for representing functions of covariates measured
in different units (Wood, 2006). Therefore, instead of one smooth spline for
each input variable a single tensor product was used for the optimization of the
smooth curves. The maximum number of knots (i.e. the number of bends of
every smooth curve) was restricted to three in order to obtain unimodal
responses and due to the presence-absence nature of the collected data the
selected link function was the binominal, which constraints the output to the
range between 0 and 1. Data prevalence (i.e. the ratio of presence data within

the entire dataset) was relatively low; 0.30, 0.23 and 0.22 for large, medium and
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small W.B. trout, respectively. In order to reduce the number of falsely predicted
absences, the absence data were down-weighted accordingly to data
prevalence because these values may impact the classification capability of
habitat models (Maggini et al., 2006; Platts et al., 2008; Beakes et al., 2014).
For instance the presence cases in the adult GAM were weighted by 0.70 and
the absence by 0.30. No-variable selection was carried out so we avoided
hypothesis tests in favour of global measures of model performance (Anderson
et al., 2000; Platts et al., 2008). Consequently, input p-values (Wood, 2013) or
AIC (Akaike, 1998) were not inspected. However a 3 x 3 fold cross validation
scheme was followed to inspect the predictive capability of the developed
GAMs calculating several performance criteria for every fold. Namely, overall
accuracy or Correctly Classified Instances (CCI), Sensitivity (Sn) which
corresponds to the ratio of presences correctly classified, Specificity (Sp) which
corresponds to the ratio of absences correctly classified, Cohen’s Kappa and

the True Skill Statistics (TSS = Sn + Sp — 1) (Mouton et al., 2010).

2.2.2 Takagi-Sugeno-Kang fuzzy models

The fuzzy logic approach, firstly introduced by Zadeh (1965), takes into account
the inherent uncertainty of ecological variables by discretizing the inputs in
fuzzy sets named using linguistic terms (e.g. Low velocity, Medium velocity,
High velocity etc.). Owing to the fuzzy nature of these sets a given value may
belong, (with different proportions), to more than one fuzzy sets. The degree of

membership in each category is mathematized by means of membership
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functions usually of trapezoidal or triangular shapes (e.g. Muhoz-Mas et al.,
2012; Fukuda, 2013; Boavida et al, 2014). For instance a triangular
membership function is defined by three parameters (an, bm and cp); the
membership degree linearly increases between a,, and by, from zero to one and

linearly decreases from one to zero between by, and c, (Fig. 3).

—
o
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o
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Q

min Variable range max

Fig. 3 Depiction and parameters defining triangular membership functions.

Furthermore the fuzzy logic approach allow modellers to express non-linear
relations in an interpretable manner (Casillas et al., 2005) because the
relationship between the different combinations of fuzzy sets are articulated in
IF-THEN sequences, which are known as fuzzy rules (Munoz-Mas et al., 2012).
Different types of fuzzy models exist varying mostly in the nature of the
consequent (i.e. the THEN part). Mamdani-Assilian fuzzy models (Mamdani,
1974) have their consequents defined also by fuzzy sets whereas Takagi-
Sugeno-Kang (TSK) fuzzy models (Takagi and Sugeno, 1985) present linear

functions (e.g. equation 2).
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IF velocity is x; and depth is x, and substrate is x3 and cover is x, THEN z =

Ai-x1+Bi-x2+Ci-x3+Di-x4+El-(2)

where i corresponds to the rule at hand and from A, to E; are the parameters of
the consequent linear function. TSK fuzzy models were selected because they
performed well in previous studies on habitat suitability modelling (Fukuda,
2013). These TSK fuzzy models were implemented in R (R Core Team, 2015)
with the help of the frbs package (Riza et al., 2015) developing zero order TSK
fuzzy models (i.e. A; = B; = C; = D; = 0). Therefore, the consequent part
corresponded to a dichotomous output, 0 or 1 (i.e. presence or absence). Each
consequent is weighted by the fulfilment degree of the corresponding fuzzy rule
(i) and summed. Thus, the TSK fuzzy model provided smooth outputs all along
the feasible output range (from 0 to 1) in a similar way to the binomial link
function selected for the GAMs. In order to match the ecological gradient theory
(Austin, 2007) the complexity of the model was limited by considering three
fuzzy sets with triangular shape per input variable (e.g. Low velocity, Medium
velocity and High velocity). However if a given rule does not cover any input
data it shall remain undetermined. To overcome such deficiency, a uniform
distribution of the fuzzy sets over the variable range was implemented since it
has been proved to reduce the number of untrained rules (Muhoz-Mas et al.,
2012). Consequently the vertices of the triangular fuzzy sets were placed in

accordance with variables’ quantiles. The fuzzy rules optimization was based on
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the TSS because its maximization usually renders models that balance the
accuracy over the presence and absence classes (Mouton et al., 2010). For
every developed TSK fuzzy model the optimisation was performed nine times
with the hill-climbing algorithm (see Mouton et al., 2008 for further details)
searching for the optimal value for every consequent (i.e. 0 or 1) and the
ultimate consequent was assigned by rounding up the mean value obtained in
the nine iterations. The 3 x 3 fold cross-validation scheme was also followed to
inspect the predictive capability of the TSK fuzzy models over the same data
subsets used in the GAMs section. Finally, the same performance criteria

calculated for the GAMs were calculated.

2.3 Hydraulic modelling

A representative reach of the Acheloos River upstream of the Mesochora dam
was selected in order to apply the hydraulic simulation. A topographic survey
encompassing the main channel and banks, was carried out with a GPS/GNSS
Geomax-Zenith 20 using geodesic references (i.e. GGRS '87 - Greek Geodetic
Reference System) to improve the accuracy. Substrate percentages and cover
types were co-ordinately recorded to match the requirements of the habitat
suitability models. The topographic survey was then used to generate digital

elevation models as a base for the hydraulic simulation.

HEC-RAS (Version 4.1) was used to perform a quasi-2D hydraulic simulation
for several flows in regard to the mean monthly summer flows. The length of the

representative reach was 390 m (Papadaki et al., 2014); simulations were
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performed with 27 cross-sections along the river stretch placed in accordance
with the general principles of 1D modelling (Jowett and Duncan, 2012).
Manning’s roughness coefficient was adjusted for model calibration by
comparing the observed water surface elevations and velocities at 10 critical
cross-sections and two surveyed flows (i.e. 4 m*s and 8.8 m%s) with the

simulated model results.

For the quasi-2D hydraulic approach every cross-section was subdivided in 10
cells both in the main channel and the overbank area. Thereby, velocities were
separately calculated for each cell of the simulated water stage. In the end,
every pixel of the hydraulic model for each river flow presented a value for
velocity, depth, substrate index and cover index on which the habitat

assessment was then performed.

2.4 Comparison of the habitat suitability models and river habitat

assessment

Model reliability and transparency is of major concern for ecological modelling
(Austin, 2007). Unlike the analysis of GAMs, the analysis of TSK fuzzy models
is straightforward. Thus, to concurrently characterize the relationship between
the inputs variables and the outputs, the partial dependence plots (PDPs)
implemented in the package randomForests (Liaw and Wiener, 2002) were
developed allowing an easy comparison of the GAMs and the TSK fuzzy
models. The PDPs depict the average of the outputs for an input variable and

accounts for the effects of the remaining variables within the model by
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averaging their effect yielding interpretable univariate plots. However, as a
consequence, the depicted output range may differ from the feasible one (i.e.

from 0 to 1).

The outputs of the GAMs and the TSK fuzzy models match the range typically
provided by the HSCs (i.e. from 0 to 1). Thus, in order to illustrate similitudes
and differences in the habitat assessment (regardless the simulated flow or
corresponding season), it was used to build the WUA-flow curves which were
then visually compared. The WUA is the sum of the areas (in this case 1 x1 m
pixels) weighted by the inferred suitability. Since a single WUA value per flow is
inferred, similar values of WUA could dramatically differ in the spatial
distribution of the assessed suitability. To overcome this limitation a spatially
explicit pairwise comparison was performed by calculating the fuzzy kappa
statistic (Hagen-Zanker et al., 2005). Fuzzy kappa statistic is similar to the
traditional Cohen’s kappa and provides a meaningful index ranging from -1 to 1,
with one corresponding to perfect agreement. The spatial explicit comparison
was carried out with the Map Comparison Kit version 3.2.3 (Visser and De Nijs,
2006) by dividing the assessed suitability in 5 uniform intervals. This software
allows performing the comparison with certain degree of tolerance between
categories of the overlaid pixels and taking into account the surrounding area.
However the extension of the area of influence affects the results obtained from
the fuzzy kappa statistic; for instance, a large influence area has demonstrated
to dramatically increase the values of the statistic (Rose et al., 2009) thus
providing awkward interpretation. Therefore it should be selected in accordance

with grounded reasons such as known differences in map resolutions or the
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home range of the target species. Brown trout, a closely related species, has
proved a home range of approximately 300 m (Ovidio et al., 1998) a distance
similar to the length of the area comprised in the hydraulic models. Therefore
we calculated the fuzzy kappa by considering only the overlaying pixels
(1 x 1 m) following the correspondence depicted in the similarity matrix where
similarity between categories linearly decreases as the distance from the main

diagonal increases (Table 1).

Table 1 Similarity matrix used in the calculation of the fuzzy kappa statistic. The
similarity linearly decreases as the interval goes farther from the main diagonal.

Suitability
0.0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0
0.0-0.2 1.00 0.75 0.50 0.25 0.00
0.2-04 0.75 1.00 0.75 0.50 0.25
0.4-0.6 0.50 0.75 1.00 0.75 0.50
0.6-0.8 0.25 0.50 0.75 1.00 0.75
0.8-1.0 0.00 0.25 0.50 0.75 1.00

Suitability

Greek legislation on environmental flows coincides with the period of strict
validity of the developed models (i.e. summer). Consequently the developed
models allowed the comparison in WUA terms of the hypothetical extractions of
the largest flow legally permitted. Currently, Greek legislation establishes the
minimum flow as a percentage of the natural flow according to the highest value

of the following rules:

1. 30 % of the mean monthly flows of June, July and August
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2. 50 % of the mean monthly flow of September.
3. 0.03m%s.

4. 0.2 m depth at the thalweg if there is sensitive ichthyofauna present.

The hydrological data close to the study site of Mesochora are scarce with only
two complete hydrologic cycles available (1986—1988) although, these data
were used to infer the mean monthly flow (Fig. 4) which presented the minimum
in August (1.44 m®s) and the maximum in April (32.91 m?%s). Finally, the
analysis focused on the months from June to September (i.e. 8.93, 4.92, 1.44,
1.85 m®s), and the same period but considering the worst scenario (i.e. 2.68,
1.48, 0.43, 0.92 m3/s). The values of the WUAs for these flows (natural and
hypothetically impacted) were interpolated from the corresponding WUA-flow
curves for both models, GAM and TSK fuzzy, and the impact on the habitat

suitability of Greek legislation was discussed.

37 Py D I Period of strict validity |

28 — | of the I

) | habitat suitability models |

o _ I |

e 19 |

— N |

o 9 " i
|

|

0 - | = |

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug

Month

Fig. 4 Natural flow regime in the Acheloos River in the near vicinity of the Mesochora

dam. Band width corresponds to the 0.95 confidence interval.
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3 Results

Based on the results obtained during the 3 X 3 fold cross validation the GAMs
would outperform the TSK fuzzy models (Table 2). The training of the ultimate
models with the entire dataset mitigated such a trend and both models
presented similar values of the performance criteria for the three size classes

(Table 2 values between brackets).

Table 2 Accuracy or Correctly Classified Instances (CCl), Sensitivity (Sn), Specificity
(Sp), Cohen’s kappa (Kappa) and True Skill Statistics (TSS) for the developed models.
The values for the ultimate models use in the habitat assessment (i.e. those without

cross validation) appear between brackets

Large Medium Small

GAM TSK GAM TSK GAM TSK

cal 0.67+0.05 0.45:0.35 0.64+0.05 0.46+0.35 0.63+0.07 0.48%0.36
(0.72) (0.68) (0.68) (0.68) (0.72) (0.74)

sn 0.66+0.07 0.49+0.35 0.6410.06 0.48+0.29 0.55#0.14 0.43+0.24
(0.74) (0.71) (0.75) (0.68) (0.72) (0.59)

Sp 0.68+0.08 0.46+0.32  0.64+0.08 0.47+0.34 0.66+0.08 0.51%0.36
(0.72) (0.67) (0.66) (0.68) (0.72) (0.78)

Kappa 0.31+0.08 0.21+0.14  0.2310.05 0.19+0.1 0.16+0.12 0.2+0.11
(0.41) (0.34) (0.32) (0.29) (0.35) (0.33)

TSS 0.34+0.08 0.24+0.16  0.2940.05 0.24+0.12 0.24+0.15 0.2440.12
(0.46) (0.38) (0.42) (0.37) (0.44) (0.37)

The PDPs showed similar pattern for both approaches basically differing in their
smoothness degree with the TSK-Fuzzy model yielding piecewise rectilinear

PDPs (Fig. 5).
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In general, the large W.B. trout selected low flow velocity microhabitats with the
largest depth, coarse-to-rocky substrates (cobble to bedrock) and abundant
cover. The medium W.B. trout presented slight discrepancies between the GAM
and the TSK model. The PDPs showed preference for low flow velocity with
middle-to-large depth, whereas the substrate presented the largest discrepancy.
The TSK fuzzy model placed the optimum for fine substrate whereas the GAM
model did it for coarse substrate (gravel and cobble). Finally, the medium size
class selected microhabitats with cover either scarce or abundant. The small
W.B. trout also presented slight discrepancies between the GAM and the TSK
fuzzy model. The PDPs coincided in the preference for microhabitats with low
flow velocity but differed in regards to the optimal depth; the GAM stated as
preferable deeper microhabitats. The small size class selected a wide range of
substrate types from fine to coarse substrates and also selected microhabitats

with either scarce or abundant cover.
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The study site at the Acheloos River presented low suitability for the W.B. trout
thus the WUA-flow curves presented low values in comparison with the
corresponding wetted area (Fig. 6). The TSK fuzzy models presented generally
lower WUA values of the WUA than the GAM’s counterparts but showing similar
patterns. Though both curves presented a very gentle slope, only the WUA-flow
curves for the large W.B. trout showed discrepant trends. Thus, the GAM-
related curve presented a gentle decreasing trend and the TSK’s an increasing
one. The values of the fuzzy kappa were relatively low; nevertheless, in
accordance with the concordant PDPs, the fuzzy kappa analysis suggested
similar spatial distribution of the suitable and unsuitable microhabitats achieving
the larger values for those flows with closer values of the WUA. Only the large
W.B. trout presented an erratic pattern, especially for these flows between 0.5
and 5 m%s which presented the larger differences in terms of WUA but

relatively high values of fuzzy kappa.
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Fig. 6 Upper sequence; WUA-flow curves calculated with the GAM and the TSK-fuzzy.
Lower sequence fuzzy kappa-flow curves for the three size classes of the West Balkan

(W.B.) trout. The highest curve corresponds to the wetted area.

Generally, the GAMs demonstrated to be more optimistic in the habitat
assessment by significantly increasing the pixels assessed with low to
intermediate suitability (i.e. from 0.2 to 0.6). Fig. 7 depicts the habitat
assessment for the flows with the most discrepant WUA; 0.6, 25 and 40 m®/s for
the large, the medium and the small W.B. trout respectively (0.5, 21 and 40
m®/s considering the lowest values of fuzzy kappa). The regions assessed with
high suitability were almost coincident but the areas assessed with low to

intermediate suitability were larger for the GAMs which in accordance with the
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values stated in the similarity matrix, caused the relatively low values of the

fuzzy kappa statistic.
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Fig. 7 General view of the habitat assessment for the flows with the most discrepant
Weighted Usable Area.

In accordance with the patterns observed in the WUA-flow curves the

hypothetical reduction of the running flows following legal minimum flow norms

would present either positive or negative values. The large W.B. trout would

experience an increase of the WUA in each of the analysed flows, regardless

the considered model, GAM or TSK (Fig. 8). Conversely, the medium size class

would experience a decrement of the WUA for every month and habitat

suitability model. Finally the small W.B. trout was the only size class that mixed
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the trends. Both models suggested a decrement in June whereas the GAM
yielded almost the same values of WUA for the natural and the hypothetically
regulated counterparts. Conversely the TSK fuzzy model suggested a small

increase of the WUA for the same period.

Large Medium Small
13963 — 13963 — 13963 —
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Fig. 8 Weighted Usable Area (WUA) for the mean monthly natural flow in the analysed
period and values derived from a hypothetical extraction of the largest legal amount of
water, 70 % in June, July and August and 50 % in September. Maximum in the y-axis

correspond to the wetted area of the largest monthly mean flow (April; 32.91 m%s).

The WUA-flow curves inferred with the GAMs showed steeper shapes;
consequently the per cent variation of WUA was larger than the ones for the
TSK fuzzy models (Table 3). Only the TSK fuzzy model for small W.B. trout
inverted this trend by showing smaller variations than the GAM. Even though
the minimum hypothetical reduction in the running flow would be of 50 % that
percentage of variation was never exceeded either positively or negatively; the
largest predicted impact would affect largely the medium W.B. trout with a

predicted reduction of ca. 37 % in June.
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Table 3 Per cent variation of the WUA derived from the hypothetical extraction of the
largest legal amount of water (release of only the minimum legal environmental flow

during summer).

June July August  September
Laree GAM 20% 20% 7% 8%
& TSK 0% 15% 13% 14%
Medium GAM -36% -32% -24% -14%
TSK -38% -23% -14% -6%
small GAM -17% 2% -2% 1%
TSK -22% 7% 8% 9%

4 Discussion

4.1 Models’ comparison

In accordance with the calculated performances and the agreement between
the PDPs, the entire set of habitat suitability models (GAMs and TSK fuzzy
models) were considered adequate for EFA. Analysing the performance criteria
of the ultimate models, both approaches presented similar values in magnitude,
which practically coincided with those obtained in previous studies involving
similar datasets of salmonids (Mufoz-Mas et al.,, 2012; Munoz-Mas et al.,
2014). In those studies, a Mandami-Asilian fuzzy model was developed for
medium brown trout and another one for large brown trout by means of
probabilistic neural networks achieving values of kappa and TSS near to 0.4.
However analysing the performance criteria obtained through the cross-
validation the GAMs proved a larger predictive capability and especially a larger

stability (i.e. smaller standard deviation). Fuzzy models are universal
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approximators (Castro, 1995) therefore they can over-fit the data. The use of
adequate datasets has proved fundamental in the development of proficient
fuzzy models (Yi et al., 2014); thus two thirds of the data from any of our
datasets (i.e. the one for large, medium and small W.B. trout) training 81 rules,
which corresponds to 3 fuzzy sets to the 4™ degree, have demonstrated to be
insufficient to render generalizing models in every one of the nine trials.
Consequently, some models poorly performed over the corresponding
validation datasets. Accordingly, on the basis of selecting the most stable and
accurate model, GAMs could be considered a slightly preferable option for EFA,
especially taking into account that there was no validation with independent

data.

The main reason for the GAM outperformance is its greater flexibility in
responses adjustment and the only way to increase the flexibility of the TSK
fuzzy model is the increase of the amount of fuzzy sets (increasing granularity)
and/or testing different membership functions. There are several approaches to
simultaneously optimize the number and/or the shapes of the membership
functions simultaneously with the optimization of the consequents (e.g. Casillas
et al., 2005; Alcala-Fdez et al., 2009). However, these approaches tend to be
detrimental to the interpretability (i.e. the capability to express the behaviour of
the real system in a comprehensible way), which is a fundamental advantage of
fuzzy logic based models (Casillas et al., 2005). The membership functions (in
this case triangular) condition the transitions between the suitability assigned to
the different regions of the universe of discourse (i.e. the ones described in the

fuzzy rules) and thus linear membership functions turned in linear PDPs.
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Despite specific studies demonstrated that there is not an optimal membership
function applicable to every problem (Mitaim and Kosko, 2001) in most of the
cases the studies addressed to EFA skipped the analysis of different
alternatives (e.g. Mufioz-Mas et al., 2012; Yi et al., 2014; Boavida et al., 2014).
Gaussian or bell-shaped membership functions could produce rounded and
smooth PDPs (Mitaim and Kosko, 2001) however, triangular membership
functions present remarkable advantages; they are defined by few parameters
which can be easily tuned (Alcala-Fdez et al, 2009) and the sum of
membership for each data is always one. As a consequence, triangular
membership functions still are being used in the development of novel
modelling approaches (e.g. Casillas et al., 2005; Alcala-Fdez et al., 2009) and
thus we considered them an adequate choice. On the other hand increasing the
number of fuzzy sets may increase models’ accuracy. However, it also
increases the possibility of over-fitting the data and the ratio of undetermined
rules (Mouton et al., 2008). In our study, the PDPs of both approaches markedly
matched, in contrast with previous studies where they differed (Fukuda et al.,
2013). Therefore, it was considered that the prior constraint by limiting the
amount of knots and of fuzzy sets up to three allowed the development of sound
models that fitted well with the ecological gradient theory (Austin, 2007) and
thus, the differences in models’ performance were insufficient to trigger the

search of additional improvements.
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4.2 \West Balkan trout habitat selection

The PDPs for the W.B. trout closely resembled the habitat selection patterns
observed in other salmonids of mountain streams, especially the brown trout.
Large W.B. trout selected habitats with low velocity, large depth, coarse
substrate, even bedrock, and abundant cover. Such patterns practically
coincided with Bovee’s (1978) HSCs for large brown trout with the only
difference appearing in the selection related to bedrock substrate. Likewise,
Ayllén et al. (2010) and Mufioz-Mas et al. (2014) also reported the use of large
depth and coarse (also bedrock) substrates; however in those warmer
Mediterranean rivers brown trout selected faster microhabitats, most probably
because those rivers presented higher summer water temperatures (22 °C) —
enhancing the natatorial capacity — than the ones observed in the Voidomatis
River (10-12 °C summer temperature). Although, none of these studies
independently considered cover a variable that can be also influencing such
differences. Cover is a more difficult variable to identify and quantify what may
explain its absence from many habitat studies (Heggenes et al., 1999).
Nevertheless Strakosh et al. (2003) studied the patterns of cover selection of
medium-to-large brown trout (body length > 17 cm) finding that the most
important cover types were the undercut banks, vegetation, log jams, water
turbulence and depth; whereas overhanging canopy and shade proved to be of
lesser importance. We summarized the available cover in a single index
although we can asseverate that the most used cover coincided with those

detailed above; but the shaded area was profusely used by the large W.B. trout.
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The PDPs of medium W.B. trout for velocity, depth and substrate also matched
those patterns of habitat selection described by Bovee’s (1978) HSCs. Both
PDPs coincided with Bovee’'s (1978) HSCs by stating 0 m/s as the most
suitable flow velocity and a gentle decrement of the suitability in comparison
with the more abrupt decrement observed in the PDPs for the large W.B. trout.
In addition medium W.B. trout selected shallower microhabitats than the large
counterpart. Such differences typical of salmonids (Gibson, 1993) have been
also reported in Iberian rivers where juvenile brown trout occupied smaller
depth than the adults (Ayllon et al., 2010; Mufioz-Mas et al., 2012; Mufioz-Mas
et al., 2014). Conversely the PDPs for substrate differed from the suitability
described within the aforementioned literature; several authors suggested acute
HSCs with the optimum at cobbles (Bovee, 1978; Ayllon et al., 2010; Mufioz-
Mas et al., 2012), whereas the PDPs for the medium W.B. trout suggested a
wider optimal range from fine to coarse substrate. The GAM stated the optimum
at cobbles whereas the TSK fuzzy model displaced it to silt and sand. However
we cannot rule out that these differences are only caused by the number of
degrees of freedom set up during the development of these HSCs which were
significantly larger in comparison with the GAMs herein developed (Bovee,
1978; Mufioz-Mas et al., 2012). Habitat selection in salmonids is based on their
competitive abilities and the profitability of territories in terms of both potential
net energy intake rate and predation risk (Ayllon et al., 2009). The existing
literature stated a weaker over-selection of microhabitats with cover for medium
size brown trout in comparison with the large counterpart (Vismara et al., 2001)

which would be concordant with the patterns described in the PDPs for medium
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W.B. trout. Cover was summarized in a single predictor although, it would be
plausible that lighter cover provided enough shelter for these smaller
individuals. However, trout species have a territorial behaviour, consequently
the distribution of younger individuals could be also affected by older fish
through intercohort competition (Ayllon et al., 2009) displacing the smaller and
weaker individuals from optimal microhabitats which could also possibly explain

these differences.

The differences between the PDPs for the small W.B. trout and the small brown
trout literature were larger. Our results showed that small W.B. trout tended to
occupy near-bank microhabitats with low flow velocity (optimum at 0 m/s) and
lower depth than their larger counterparts, whereas the literature lacks
consensus about the most suitability habitats for the small brown trout. For
instance Bovee (1978) and Ayllon et al. (2009) suggested a wider optimal range
for velocity than the medium counterpart but a more restricted one for depth,
(0.3 m to 0.5 m), which is significantly shallower than the one depicted in the
corresponding PDPs. The PDPs for substrate do not fit better the patterns of
substrate selection described in brown trout literature. Thereby, while our
results suggested a wide range of suitable substrates, brown trout studies
restricted the suitable substrates to gravel and cobble (Bovee, 1978; Ayllon et
al., 2009). Nevertheless, we considered the modelled suitability plausible since
it was similar to observations in some Iberian rivers (Mufoz-Mas et al.
unpublished). Larger brown trout tended to occupy areas with deeper water and
more cover than did yearling brown trout (Heggenes, 1988a) apparently

because small brown trout easily shelter in the cobble-boulder substrate’s
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interstitial spaces (Heggenes, 1988b). Such a pattern of cover use could explain
the differences observed in the PDPs however, likewise the medium size case,
they could be caused by the aforementioned intercohort competition. To sum up
we conclude that W.B. trout habitat selection certainly resemble those
described for brown trout but the abundance and types of the available
microhabitats (Rincén and Lobdn-Cervia, 1993) and the modelling technique
(Fukuda et al., 2013) could have influenced the inferred preferences. Therefore
we acknowledge that this comparison should be cautiously interpreted as it

might need further verification.

4.3 Environmental flow assessment

The populations of the W.B. trout in the Acheloos River have declined during
the last decade; thus, W.B. trout is currently rather scarce in the main-stem of
the river system as we confirmed during the summer sampling. Such a
phenomenon has been suggested to be caused by severe overfishing involving
illegal spear fishing and electrofishing since instream and riparian conditions in
this stretch of river are not degraded (Zogaris et al., 2009). This section of the
Acheloos River is dominated by low populations of cyprinids (Economou et al.,
2007) thus the extensive shallow braided channel may not suit dense trout
populations. Consequently, the scarcity of W.B. trout did not allow performing
any validation of the developed habitat suitability models. However, interviewed
anglers stated that the large W.B. trout were always found in the large and deep

pools. These comments, together with the aforementioned similarities with
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brown trout habitat selection patterns, enhance the credibility of the low values
of WUA calculated for most of the simulated flows and the subsequent

comparison.

Nowadays a common approach to overcome the possible bias of using a given
modelling technique is the use of models’ ensembles, based on a single
technique (Mufoz-Mas et al., 2015) or combining the predictions of several
techniques (Mufoz-Mas et al., 2016). Nevertheless the coincidences between
the PDPs, the patterns of the WUA-flow curves and, especially in the effects of
the hypothetical extraction of the maximum amount of water legally permitted
(fairly coincident, positively or negatively) suggested this approach, though
recommendable, unnecessary. Certainly, the relatively low values of the fuzzy
kappa statistic suggested low similarity. Although the most discrepant flows (i.e.
0.6, 25 and 40 m%s for large, medium and small W.B. trout respectively)
presented the optimal areas in the same locations as well as any other pair of
flows did in accordance with the increasing values of the fuzzy kappa statistic.
Such low values of the fuzzy kappa statistic have been caused by the more
classificatory character of the TSK fuzzy models (i.e. they tended to provide
lopsided values either towards zero or one). However, another reason that
could be playing a significant role for such a low values is the well documented
dependence of the kappa statistic on data prevalence (Allouche et al., 2006). As
a consequence we cannot discard that these low values of the fuzzy kappa
have been exacerbated by the bias on the categories of the assessed
suitability, since the TSK fuzzy models assessed most of the pixels within the

category from 0 to 0.2 and very few to the remaining categories. The study site
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resembled a deep run, a morphology characterized by relatively high flow
velocity which tends to increase with the increase of the flow rate. Therefore in
accordance with the modelled habitat requirements we concluded that the
resulting low suitability of the site is certainly plausible and thus both
approaches, GAMs and TSK fuzzy models, should be considered almost equal
for EFA though the per cent reduction in the WUAs slightly varied. We referred
the increase or decrease on WUA to the WUA in natural flow regime however,
environmental flow legislation typically refers it to a specific WUA value (e.g. the
maximum WUA) to facilitate the proper comparison (Mufioz-Mas et al., 2012).
As a consequence, the effects of the hypothetical water abstraction, which
varied regarding the flow and size, should be viewed as illustrative of the
changing trends in the suitable habitat available and the absolute per cent
differences ignored. Likewise previous studies (Li et al., 2015), the reduction of
the flow rate can have a positive effect as it had for the large individuals but also
negatives as it demonstrated for medium and, to a lesser extent, for small W.B.
trout. Accordingly to these divergent effects the shifts in the WUA proved
insufficient to evaluate either positively or negatively the Greek provisions for
the minimum flow; habitat time series analysis (Milhous et al., 1990) should be
performed in the near future to ascertain its properness. Nevertheless we
considered hard to believe that a reduction of 70 % of the flow rate can be

innocuous for the inhabiting biota.

4 .4 Models’ selection
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For the foregoing we considered that the GAMs and the TSK fuzzy counterparts
quite similar models. In this case the only element that could tip the balance
between GAMs or TSK fuzzy models was the accuracy and the stability, which
was superior in the GAMs since the PDPs were ecologically relevant and fitted
well each other and the habitat selection patterns of other salmonids. However,
GAMs need sound training datasets and, in their very basic implementation, do
not consider variables interactions. Conversely, the mathematics behind the
zero order TSK fuzzy models are simple enough to allow their modification or
their development by means of experts (e.g. following Ahmadi-Nedushan et al.,
2008) which upholds their validity for EFA, especially, dealing with impoverished
populations. In addition fuzzy models will be specially suited to do exploratory
analysis when interactions between variables are suspected to exist. As a
consequence we would not advocate for one or the other approach rather for
combinations of them in accordance with the necessities and limitations of the

problem at hand.

5 Conclusions

GAMs outperformed TSK fuzzy models due to greater flexibility in modelling
habitat suitability. The PDPs for the GAMs and the TSK fuzzy models
suggested similar habitat selection. Large W.B. trout selected slow flowing
microhabitats with the greatest depth, coarse and bedrock substrates and
abundant cover. The medium-sized W.B. trout mostly selected microhabitats
with low flow velocity but they proved more versatile by tolerating higher flow
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velocity. In terms of depth, substrate and cover they occupied deep areas with
coarse substrate but were not as restrictive regarding the abundance of cover
than the large counterpart. Finally the small W.B. trout selected shallow
microhabitats with low flow velocity and fine-to-coarse substrate. Apparently the
small W.B. trout used the interstitial space of the coarse substrate for
concealment thus proved a weaker preference for microhabitats with abundant
cover. The habitat selection patterns as well as the ontogenetic shift in the
habitat preferences resembled those observed for the brown trout. In
accordance with the similarities observed in the PDPs both approaches yielded
similar habitat suitability assessment. The study site in the Acheloos River
indicted a low suitability for the W.B. trout although the GAMs provided more
optimistic results. The TSK models presented generally values of the WUA
slightly lower than the GAM’s but the shape of the PDPs, the habitat
assessment (optimal microhabitats) and the shape of the WUA-flow curves
largely matched. Therefore, the predicted variation in the WUA exerted by the
hypothetical flow reduction was similar for both modelling approaches.
However, the sign of the hypothetical change in the WUA varied, being positive
for the large W.B trout and negative for the remaining size classes. Thus, in
accordance with these divergent effects it has not been possible to evaluate the
Greek state-legislated requirements for the minimum flow. Nevertheless, as a
consequence of the agreement between the modelling approaches, we would
advocate for combinations of GAMs and TSK fuzzy models in environmental

flow assessment.
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