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Prediction of fish presence is needed in many rasof regulated river management, including theitien

of environmental flows and habitat restoration nuees for wildlife conservation. Research on riveslegy has
indicated that fish species distribution can betesl to habitat attributes, and models with higbdpmtive
performance can be obtained by combining biotic anidtic habitat descriptors. In four selected rerfiee sites
of the Cabriel River (province of Cuenca, Spaing presence of Eastern Iberian barhek{obarbus guiraonis
was related to environmental variables linked tffiedént mesohabitat characteristics. By means ofd@m
Forest (RF), the data collected in the field wesediuto predict fish presence for two key bioperiadigration
and spawning (April-June) and rearing and growthyt$eptember). The aims of this study are (i)dest the
most important habitat attributes for the fish preee (ii) to evaluate how biotic interactions amdisf species
affect habitat use and (iii) to examine the fedisybof using RF in building habitat suitability rdels for fish.
Random Forest provided an indicator of variablegdrtance and the most parsimonious model wastedlec
to define the lowest number of variables to be esyed for future model applications, e.g. habitastaration
measures and prediction of areas with high halsigtability which should be conserved. The preliann
results of this research were discussed, as welpassible future developments, showing potentiald a
limitations of Random Forest in building habitatahets for fish.

1 INTRODUCTION

In the context of the European Habitats (92/43/EBGY Water Framework (2000/60/EEC) Directives,
endemic and threatened fish species should beatggets of biodiversity safeguard and wildlife canséion
actions (Hayeset al.[1]). Habitat suitability models have therefor@amber of important applications for the
conservation and management of target fish spe@isuton et al. [2]), including environmental flows
assessment (Veza al. [3]) and habitat restoration measures (Cestal.[4]). In particular, habitat models can
be used (i) to predict species occurrence on tlses lad habitat variables, (ii) to improve the urglanding of
species-habitat relationships and (iii) to quantiépitat requirements (see, Ahmadi-Nedussiaal. [5]).



When studying fish distribution, researchers mdiee dssumption that the associations of fish speaids
habitat characteristics arise from either abiopioygical and chemical habitat attributes) or bidgictors (e.g.,
biological interactions) or some combination of ttve (Guisaret al.[6]). However, very few studies on habitat
models explicitly include biotic factors for dediirig interactions among species (see for detdliy Et al.[7]).

In freshwater ecology, and in particular for fisistdbution analysis, meso-scale resolution (evgzzaet al.

[3]) can be used to capture the confounded effebiatic and abiotic environmental variables, faogson the
ways in which mobile animals interact with the &larrangement of habitat characteristics (Addieogl. [8]).
Hydromorphological units — HMUs (or mesohabitats)s theen increasingly used to describe and evaluate
instream habitat structures (Parasiewicz [9], Goss# al. [10]) and the relevance of the mesoscale for fish
studies was emphasized by Faustlal.[11] because habitat features, such as cover apuncobstacles to fish
movements, were best observed at this scale. Meredoutonet al. [12] highlighted that future research in
fish habitat modeling should take into accountibiaiteractions among species, which may play apoitant

role in the habitat suitability assessment.

Most studies on fish—habitat relationships havei$ed on Salmonids because of their economic impoeta
and ubiquity (Gosseliet al.[10]). This study is focused on the Eastern Ibebarbel Luciobarbus guiraonis
a vulnerable fish species (Bailliet al. [13]) typical of the Mediterranean rivers of thalgncia region (i.e.
between Mijares and Vinalopo, inclusive, Crivelld]). The fish population is declining due to thegence of
water abstractions and habitat modification, wHabour the alien species (Kottelat al. [15], Doadrio [16]).
Few studies have focused on the general ecologheoEastern Iberian barbel (Crivelli [14]) and nabhat
models are currently available in literature.

Recently, several studies (Cutktral.[17], Kampichleret al.[18], Siroky [19]) have shown that, compared
to other methodologies, RF models (Breiman [20])machine learning technique based on an automatic
combination of decision trees, often reach top iota@ performances in building predictive habitabdels for
species distribution. To develop a reliable andaggoally relevant species distribution model, nistresearch
we used RF to predict the habitat suitability atsaiscale, based on combinations of physical antbdial
habitat descriptors. Two key bioperiods were cagrgid: migration and spawning (April-June) and regand
growth (July-September). The aims of the study @)d¢o select the most important habitat attrilsufier barbel
presence (ii) to evaluate how biotic interactionsoag fish species affect habitat use and (iii) xamine the
feasibility of using RF in building habitat suitéity models for fish.

2 METHODS

21 Study area

This study was conducted in four selected sitethefCabriel River (province of Cuenca, Spain), tlue
their reference habitat conditions (no or littleran impactsensuVezza et al. [3]), natural flow regime and
presence of.uciobarbus guiraonigsee Figure 1). The Cabriel River (220 km long drginage area of 4750
km?) is part of the Jacar River Basin, which is chazed by a typical Mediterranean climate (i.av ltows
and high evapotranspiration in summer and highdlawspring and autumn).
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Figure 1. Location of the four study sites in theer Cabriel (Jucar River Basin - Eastern Spaingirv
watercourses and dam impoundments are also reported map.



The mean elevation is equal to 1016 m a.s.l. (8mvaanges from 490 to 1790 m a.s.l.) and the mean

annual precipitation is 500 mm. To describe refeedmabitat characteristics, the four study sitesngd C1, C2,

C3 and C4 in downstream order, see Figure 1) vemr@téd in the upper part of the Cabriel catchmagpgiream

of the large Contreras Dam (Costlaal. [4]). In this part of the catchment, the land aoffeom the Corine Land
Cover classification; Bossast al.[21]) is mainly represented by forested areas (8&f6l crops (12%). At C4,
the median flow (Q50) is 2.74%T, high flow (Q5) is 15.83 fis™ and low flow (Q95) is 0.94 ¥&™. Note that
each site differs in terms of morphological chagédstics (channel size, mean gradient, dominanstsates and
cover sources), watershed area and flow duratiovesubecause of the presence of tributaries |ddagéween

the sites). Thus, the four selected sites can bé tsrepresent the different habitat featureslalviai for barbel

in the Cabriel River.

2.2 Habitat description and fish data

The habitat survey described the changes in the slkHaracteristics with different flow rates. Habaad
fish population assessments were conducted withth site during 2006, 2007 and 2008, collecting diatm a
total amount of 240 mesohabitats. The survey desigaured equal sampling effort in the four selecezthes
of the river and each study site was 1 + 0.1 kngl@rsually longer to include complete HMUs, Costal. [4]).
Most of the sites included five types of HMUs: paglide, rapid, riffle and run (Dollofét al.[22]) . The surveys
captured the instream habitat variability acrogsdites and over a range of discharges (betweeiume®40-
Q50, and low flows, Q80-Q98). All the HMUs were iitiied and described following the procedure répoin
Costaet al.[4]. In particular, for each HMU the following higdit attributes were collected ( see Table 1): fleng
mean width, mean and maximum water depth, HMU gratdiypes of substrate and cover sources.

Table 1. Code, description, unit and range of thigitht descriptors (i.e. biotic and abiotic paramstincluded
in the RF model.

Variable code | Description Unit Range
Wwid Mean channel width m 2.7-20.0
Dmed Mean water depth m 0.29 - 3.52
Dmax Maximum water depth m 0.34-4.10
Vmed Mean flow velocity m/s 0.04 - 1.05
Grad HMU Gradient % 0.0-9.3
RK Bedrock % 0-100
CSs Coarse substrate (boulders and cobbles) % 0 - 100
FS Fine substrate (gravel and sand) % 0-100
SC Silt, clay and sludge % 0-60
SI Substrate Index - 1-7
Veg Submerged vegetation % 0-90
Sh Canopy shading % 0-100
uB Undercut banks % 0-100
WD Woody debris no(0)/yes(1) 0-1
B Boulders no(0)/yes(1) 0-1
Wid150 Mean width of the 150 m stretch upstreamHiU m 29-145
Dmed150 Mean depth of the 150 m stretch upstrearhliU m 0.29 - 3.52
Dmax150 Maximum depth of the 150 m stretch upstrgeHMU m 0.34-4.10
Vmed150 Mean velocity of the 150 m stretch upstrézerHMU m/s 0.04 - 0.89
Grad150 Mean gradient of the 150 m stretch upsttbaniiMU % 0.0-4.0
ACAC Abundance of Southern Iberian chi@g(alius pyrenaicys no(0)/pres.(1)/ab.(2 0-2
AJUC Abundance of Jucar nastgafachondrostomas arrigonis no(0)/pres.(1)/ab.(2 0-2
ATAG Abundance of Iberian straight-mouth nase no(0)/pres.(1)/ab.(2 0-2
(Pseudochondrostoma polylepis
AGOB Abundance of Pyrenean gudge@obio lozandj no(0)/pres.(1)/ab.(2 0-2
ATRO Abundance of brown trouS&lmo trutta fari no(0)/pres.(1)/ab.(2 0-2




The mean flow velocity of each mesohabitat wasveeriby dividing the mean HMU cross-section by the
value of the measured discharge. In order to capghe influence of upstream conditions on barbedahabitat
use, channel width, mean and maximum water deptanrflow velocity and mean gradient were also dated
for each HMU using the 150 m upstream stretch ctaristics (Brittonet al.[23]).

During the surveys, the fish were counted in eablidby snorkeling, to consider their presence/absenc
during its diurnal routine and, at the same tinoeatoid any damage to the target vulnerable spéBiaitlie et
al. [13]). In particular, two divers conducted the anglater counts in three independent passes throtiglach
habitat unit (see Costet al. [4] for details). This technique was chosen duétdarepresentativeness of fish
population densities at meso-scale (Gosselial. [10]) and the authors consider it was the mostremiate
methodology for this study due to the morphologicilaéracteristics of the river (i.e. clear wateregance of
deep pools and high density of riparian vegetatidi) investigate the biological interactions ama@pgcies
(e.g., competition in habitat use), three classdislb abundance, i.e. no (0), present (1) and daonh(2), were
also added as biological mesohabitat attributesalfahe fish species found in the Cabriel Rivexg(Fable 1).

2.3 Dataanalysis

The associations of mesohabitat characteristids lwitiobarbus guiraoniglistribution was explored using
Random Forest (RF) models (Cutletr al. [17], Breiman [20]) in order to establish habisaiitability criteria.
Random Forest, as implemented in R (R Developmante Geam 2009; Liavet al. [24]) is an ensemble
learning technique based on a combination of &lagg of decision trees (CART, Breimatnal.[25]). Each tree
is trained by selecting a random bootstrap suKs@t= bootstrap iteration which ranges from 1t tonaximum
number of trees) of the original datagetand a random set of predictive variables (Lietal. [24]). As the
response variable is categorical (fish presencerfaied, we confine our attention to classificatidf Rodels.
The algorithm for growing a random forest totlassification trees performs as follows (for fdktails see
Breiman [20]):

t bootstrap sampleX; (training dataset) are randomly drawn with reptaeet from the original dataset,
each containing approximately two third of the edems of the original datas¥t The elements not included in
the training dataset are referred to out-of-bag ¢@oOB, i.e. the validation dataset) for that btrafs sample. On
average, each elementXfvas an OOB element in one-third of thterations.

For each bootstrap sampl§, an unpruned classification tree is grown. At eadde m variables are
randomly selected and the best split is chosen griim.

The trees are fully grown and each is used to ptéde OOB observations. In particular, the mayovivte
is taken by aggregating the predictions of theees and generate new out-of-bag data. Note tleaguse the
OOB observations are not used in the fitting of Rie trees, the out-of-bag estimates are essentiatlys-
validated accuracy estimates.

Global RF accuracies and error rates (i.e. the @@Br, Bog, and the within-class errorsgissg) are
computed using the out-of-bag predictions.

The EByog is also used to choose an optimal valuet @ihd m. Firstly, in our analysis the OOB error
stabilization occurred betweérr 1500 and = 2500 replicates. However, a heuristic estimatibhtaking into
account the OOB error stabilization and variabteraction, with a large set of independent varisbie defined
as [2*t for Eqpp Stabilization) = 5000] (Evanst al. [26]). Secondly, then parameter (number of variables
permutated at each node) is defined as the sqoat®ithe total number of predictor variableshasatminimum
of m= 2 (Breiman [20]).

To assess the importance of each predictor varittidevalues of the variable are randomly perméaethe
OOB observations, and then the modified out-of-Batg are passed down the trees to get new praticfide
difference between the misclassification rate far modified versus the original out-of-bag datajddid by the
standard error, is a measure of the importancéeivariable. A higher variable importance indicedelsirger
contribution to the RF prediction accuracy.

To identify the most parsimonious model we applted Model Improvement Ratio (MIR) technique
(details in, Murphyet al. [27]). To analyze the seasonal response to hatlitahges, two different seasonal
habitat models were developed, referring to migratind spawning (April-June) and rearing and groidthy-
September) bioperiods (Kottelat al.[15], Doadrio [16]). Lastly, the partial dependemots provided a way to
visualize the marginal effect of the selected iredefent variables on the predicted probabilitiesbarfbel
presence (details in Cutlet al.[17]).
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Figure 2. (A) Migration and spawning and (B) regramd growth suitability models for Eastern Iberimbel,
built using only abiotic habitat descriptors. Thesnrelevant variables and their relative imporéahy Mean
Decrease Gini Index (Breiman [20]) are reportednglwith the confusion matrixes of the selectednitielels.

3 RESULTS

Figure 2 reports the migration and spawning andinmgaand growth habitat models for Eastern Iberian
barbel, built using only abiotic variables. Accarglito the MIR technique the most parsimonious maeaks
selected (see Murphst al.[27] for details).

For barbel, shelters provided by submerged vegetathd flow velocity were selected as importantitaab
attributes for both analyzed bioperiods. During thigration and spawning, the model was also inftaenby
the fine substrate and the upstream conditionshahieel width; during rearing and growth, mean watgpth,
channel width, canopy shading and HMU gradient veetected as relevant environmental variables.

Note that all predictive habitat models (see Tablavere significant at P<0.001 and had high motdel-f
accuracy (ranging from 80 to 93%). Overall, kappatistics are over 0.56 and models show high
sensitivity/specificity values, indicating subsfahtpredictions with low cross-classification errdn addition,
the ROC area under curve (AUC) was over 0.80 igagdkes and indicated good or excellent model peence.
Although the models built using only physical habitattributes performed well, one can observe how
considering biotic interactions among species imses the global model performance (Table 2).

Table 2. RF models for Eastern Iberian barbel fiagration and spawning, M&S, and rearing and growth
R&G, bioperiods). Models were developed using abpitic and both biotic and abiotic independeniakdes
to investigate the influence of biotic interactionEhe selected variables (in order of importancapdel
accuracy (%), sensitivity, specificity, Kapgd,(ROC area under curve (AUC) and significarnegdre reported
for each model.

Model class | Bioperiod Selected variables Accurgcyens8ivity | Specificity | k AUC P
Abiotic M&S Wid150, Veg, FS 90 0.89 0.88 0.74 0.93] <0.001
descriptors Vmed
R&G Dmed, Wid, Vmed, 80 0.78 0.82 0.56 0.80| <0.001
Veg, Sh, Grad
Biotic and M&S AGOB, FS, Veg, 93 0.95 0.96 0.82 0.98) <0.001
abiotic Wid150,
descriptors | R&G ACAC, AGOB, 85 0.86 0.84 0.66 0.88 <0.001
Dmed, Wid




The abundance of Pyrenean gudgeg@al{io lozandj seemed to negatively influence the barbel distitdin,
both in spring and summer seasons. Moreover, dBimgmer, also the abundance of Southern Iberiab chu
(Squalius pyrenaicysdemonstrates to influence the barbel presence megative sense, reflecting possible
habitat competition among fish species.

To represent the marginal effect of a single vaeiahcluded in the RF models, the partial dependepiots
were used (Figure 3), showing the relationshipsweeh individual predictor variables and predicted
probabilities of fish presence. For binary classifion (i.e. presence/absence of fish), the y-axispartial
dependence plots is on the logit scale (see Cettlal.[17]).

4  DISCUSSION

Elith et al.[7] outlined that more effective conservation aflangered species and aquatic biodiversity will
require new approaches that recognize not only tiabimabitat parameters, but also the different ibiot
interactions among species. Many applications ctldefit from these advances in modeling the edécdbg
processes that shape species distributions (Geisaln[6]). According to Elithet al.[7], the aim of this paper is
to gain further insight into habitat preferenceskafster Iberian barbelLciobarbus guiraonjsand its biotic
interactions. By means of the RF technique we ages mesohabitat suitability criteria, using twéerence
bioperiods. The obtained models and the relevaniahi@s can be important for prioritizing surveysda
monitoring programmes (Po#t al. [28]), particularly for the definition of envirorental flows and habitat
restoration measures (e.g., Costaal. [4]). In freshwater ecology, mesohabitats (or HNIdan be considered
the appropriate scale resolution to capture, frofista species’ viewpoint, the way in which mobileiraals
interact with the spatial arrangement of differbabitat characteristics, also considering the seddoabitat
changes and migration behaviors (Faustchl.[11]).
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Figure 3. Partial dependence plots for (A) migmamd spawning and (B) rearing and growth habitaalility
model for Eastern Iberian barbel. Partial plotsespnt the marginal effect of a single variablduded in the
RF model on the probability of fish presence, wialeraging out the effect of all the other paransete

In this research, the Eastern Iberian barbel poeseras found to be related to various aspectsstifeiam
habitat, in relation to the two studied bioperio@sble 2). The species occurrence during migratod
spawning (M&G) was best predicted with variablesalibing the upstream channel size (Wid150), thewam
of fine substrate (FS), shelters provided by sulge@rvegetation (Veg) and mean flow velocity (Vmed).
Channel size, substrate and flow velocity are kneavimfluence the occurrence of the species dunpsiream
migrations (e.g., Kottelagt al. [15]), while the cover provided by submerged vatieh (also selected in the



rearing and growth, R&G, model) can serve as rgstimd hiding area for the fish. In contrast, meatewdepth,
channel width and HMU gradient were chosen as thstrimportant habitat attributes during R&G bioperi
Moreover in the R&G model, the canopy shading was selected as an important habitat characteristiacch
is a finding consistent with the fish thermal reguients during summer (e.qg., Vila-Gispetral.[29]).

Partial dependence plot (Figure 3) showed a naafimelationship between the logit of the probabibif
barbel presence and the selected predictor vasialtids interesting to note how, in the M&S modtie
probability of presence drops rapidly with incremsflow velocity and then levels off; in contrafly R&G
bioperiod flow velocity has the opposite effecte throbability of presence increase and then levEIsThese
changings in habitat preferences are the likelgondor developing seasonal habitat models fordisth indicate
the interesting potentials of the tree-based methadd RF in particular, in this kind of analyseste that high
velocity can be limiting during migration and lowlecity during summer can be related to low disgbalittle
food availability and high water temperature.

As reported in Elvira [30] and Kottelat al.[15] the population of Eastern Iberian barbeléslahing due to
habitat modification which favor alien species.plarticular, the introduced species Pyrenean gudg&obio
lozano) seems to compete in habitat selection with badsudgeon abundance has a negative influentteeon
probability of barbel presence (not showed). Mosgpduring summer, also the abundance of SoutHpriain
chub Squalius pyrenaicysdemonstrates to influence the barbel presendkectiag a possible increase in
habitat competition during summer low flows.

The comparison between models developed usingialjatly) and both biotic and abiotic parameters ca
be useful to evaluate if fish habitat selectiommiginly driven (or not) by the instream physical reftaeristics
(Moutonet al.[12]). In the case of the Cabriel River, the REdictions (using only abiotic parameters) showed
high accuracy (and moderate to high model spetifiznd sensitivity) and exhibited considerable pearin
developing predictive models for fish conservation Mediterranean rivers. However, modelling methods
including also biotic interactions were consideradre ecologically realistic to understand and dbecthe
interplay of the different environmental variabfes barbel distribution.

In several RF studies (Vincergi al.[31], Heet al.[32]), the major interest is to identify the masportant
factors that affect the species distribution. lis tiesearch, the Model Improvement Ratio (MIR, Myt al.
[27]) technique was applied in the RF variable c@&@, in order to optimize the parsimony of thedaband
identify the lowest number of variable to be sumeeyor future model applications. Further reseaffbrts
(according to Olderet al. [33]) will be spent in comparing different staiist methods that best suit the
characteristics of the data and best fit the preg@pplication, e.g. predicting potential sitesEastern Iberian
barbel habitat enhancement.
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