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[bookmark: Abstract]Abstract   Topmouth gudgeon (Pseudorasbora parva) is one of the most invasive aquatic fish species in Europe and causes adverse effects to ecosystem structure and functioning. Knowledge and understanding of the species’ interactions with the environment and with native fish are important to stop and prevent the further spread of  the species.  Creating species distribution models is a useful technique to determine which factors influence the occurrence and abundance of a species. We applied three different modelling techniques: gen- eral additive models, random forests and fuzzy habitat suitability modelling (FHSM) to assess the habitat suitability of topmouth gudgeon. The former two techniques indicated that the abundance of native fish (i.e. biotic variables) was more important than environ- mental variables when determining the abundance of
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[bookmark: Introduction]Introduction
Globalization enables organisms to extend their dis- tribution area to regions, which would be impossible to colonize without human help (McKinney and Lock- wood 1999). Newly introduced species (i.e. alien species) that become invasive can pose serious economic and ecological consequences (Kolar and Lodge 2001; Andersen et al. 2004). They can cause shifts in ecological communities (Andersen et al. 2004; McKinney and Lockwood 1999) thereby affect- ing ecosystem structure and functioning. By compet- ing with (economically important) native species, they can severely affect the density of different species within a certain ecosystem, resulting in environmental and economic costs (Pimentel et al. 2005).
Topmouth gudgeon (Pseudorasbora parva (Tem- minck and Schlegel, 1842)) is one of the most widespread aquatic invasive species in Europe. Native to East Asia, the fish was introduced in Europe in the 1960s and has since then been spreading to many European countries including Belgium (since 1992) (Banarescu 1990; Pinder et al. 2005; Verreycken et al. 2007). Nowadays, when considering all European countries the species is most widespread in Flanders (Verreycken et al. 2007). Topmouth gudgeon has a very broad habitat range and is therefore a successful invasive species with a high colonization speed (Arnold 1990; Beyer et al. 2007; Britton et al. 2007). However, the species seems to have a preference for shallow, stagnant waters with vegetation (Pollux and Korosi 2006; Beyer et al. 2007; Kapusta et al. 2008; Gozlan et al. 2010; Onikura and Nakajima 2013).
Being an invasive species, topmouth gudgeon com- petes with native species (Beyer et al. 2007). Pollux and Korosi (2006) suggest topmouth gudgeon might compete with limnophillic species like bitterling (Rhodeus amarus (Bloch, 1782)), rudd (Scardinius erythrophthalmus (Linnaeus, 1758)), sunbleak (Leucaspius delineates (Heckel, 1843)), nine-spined stickleback (Pungitius pungitius (Linnaeus, 1758)) and tench (Tinca tinca (Linnaeus, 1758)) as well as some eurytopic species, which share for at least part of their lifecycle the same habitat as topmouth gudgeon: perch (Perca fl atilis (Linnaeus, 1758)), roach (Rutilus rutilus (Linnaeus, 1758)), bream (Abramis brama (Linnaeus, 1758)), three-spined stickleback (Gasterosteus aculeatus (Lin- naeus, 1758)), common carp (Cyprinus carpio (Lin- naeus, 1758)) and pike (Esox lucius (Linnaeus, 1758)).

In general, topmouth gudgeon can have a negative impact on native species in three ways. Firstly, being an opportunistic feeder, interspecific competition for food with native species has been observed (Rosecchi et al. 1993; Declerck et al. 2002; Britton et al. 2007; Quyen Tran et al. 2015). Secondly, the species preys upon juveniles and eggs of native fish (Xie et al. 2000). Thirdly, given the colonizing capabilities of topmouth gudgeon and its opportunistic feeding behaviour, this species could play a major role in the transmission of parasites and diseases, especially to larger predators (Rosecchi et al. 1993; Gozlan et al. 2005, 2010; Pinder et al. 2005). All of these negative impacts can result in a disruption of the ecosystem balance (Britton et al. 2010b; Gozlan et al. 2010).
Because of the invasive character and potential adverse effects to native fish species (Pinder et al. 2005; Pollux and Korosi 2006; Verreycken et al. 2007) it is important to assess and predict the habitats suitable to invasion by topmouth gudgeon. Species distribution models (SDMs) are useful tools to analyse species environment relationships (Mouton et al. 2008; Boets et al. 2014). The current state of the art in SDMs promotes to apply different modelling techniques and compare their outputs in order to make robust predic- tions about the distribution of the species (Elith et al. 2006; Elith and Graham 2009; Fukuda et al. 2013). Several data-driven techniques have been previously used to model the habitat suitability of invasive fish species. Random forests (RF) has proven to be an efficient technique to model a species’ distribution, as it does not overfit the data and it assess the importance of each variable (Breiman 2001; Fukuda et al. 2013). Another technique, that is commonly used in species distribution studies (Guisan et al. 2002), are general additive models (GAMs), which are an extension of General Linear Models and provide for a flexible curve- fitting approach (Hastie and Tibshirani 1990). This technique uses non-parametric, data-defined smoothers to fit non-linear functions and is particularly popular in aquatic species distribution modelling as it allows to generate the habitat preference curves commonly applied in physical habitat modelling (Bovee 1982). Besides these more classic data-driven modelling techniques, fuzzy habitat suitability models (FHSMs) have gained a lot in popularity lately. These models take into account the inherent uncertainty of ecological variables and enable to describe non-linear relations



[bookmark: Materials_and_methods][bookmark: Study_area]between ecological variables in a transparent way. Fuzzy models use linguistic descriptions such as ‘low’, ‘moderate’ or ‘high’ for the quantification of variables together with ecological expert knowledge to transform these descriptions into a mathematical framework in which data processing can be performed (Kampichler et al. 2000). A big advantage of FHSMs is their transparency: the fuzzy rules clearly show the interac- tion between different input variables and the output variable (Mouton et al. 2011, 2012). This aspect may be important if optimal models are to be applied within a management and conservation context.
[bookmark: Data_collection]Studies about the invasive character and distribu- tion of topmouth gudgeon have mainly focussed on the importance of environmental and hydromorpho- logical variables (Pollux and Korosi 2006; Kapusta et al. 2008; Gozlan et al. 2010; Fukuda et al. 2011, 2013; Onikura and Nakajima 2013). Only a few papers take biotic variables into account (Declerck et al. 2002; Beyer et al. 2007; Britton et al. 2010b). However, these were merely descriptive and used to ascribe the success of the species and were not implemented in SDMs. Biotic variables such as species abundance and interactions have recently proven to be valuable predictors in species distribu- tion modelling (Guisan and Thuiller 2005; Heikkinen et al. 2007; Elith and Leathwick 2009; Howard et al. 2014). These variables may even be more important for invasive species, as these species are very opportunistic and generally have low physico-chem- ical habitat requirements.
This study aims to analyse to what extent envi- ronmental and biotic variables affect the distribution of topmouth gudgeon in lowland waterways in Flanders, Belgium, which we used as a case study for lowland waterways in Western Europe. Three data-driven methods were applied to assess the distribution of topmouth gudgeon: GAMs, RF and FHSMs. We compared the importance of including environmental and biotic variables to improve model reliability and investigated the interactions between topmouth gudgeon abundance and key environmen- tal and biotic variables. Based on our results, biotic variables show an important relationship with top- mouth gudgeon abundance and could help to better underpin management plans to avoid new introduc- tions and to confi e the future spread of this highly invasive fi    species.

Materials and methods

Study area

Flanders, the northern part of Belgium, is highly urbanised and characterised by slow flowing lowland rivers and channels, which are part of the drainage basins of the rivers Yser, Scheldt and Meuse. The latter three drainage basins are divided into 11 Flemish river catchments, which in turn are divided into 102 sub- basins. Water quality is very variable within the different catchments, as indicated by a wide range in conductivity (102–1893 lS cm-1), turbidity (0.82–750
FTU) and dissolved oxygen (0.80–18 mg l-1). The
sampled waterways in this study varied in average depth between 0.05 and 1.84 m. Notably, only for waters where wading was possible average depth could be measured, so that average depth was not measured when a boat was used for sampling. Width varied between 0.25 and 337 m and flow velocity ranged from 0 to 11.7 m s-1 (Table 1). Every year, fish are stocked on a selection of waterbodies for sport fishing purposes, which facilitates the distribution of invasive aquatic species (Banarescu 1990; Copp et al. 2005).

Data collection

Between 1993 and 2013, 563 aquatic habitats were sampled by the Research Institute for Nature and Forest (INBO) in a standardised way during fish stock assess- ments as part of the Flemish Freshwater Fish Monitoring Network  (Brosens  et  al.  2015)  (Fig. 1).  Fish  were sampled by one-pass electrofi	g with a 5 kW gener- ator using a control box to convert 230 V alternating current into an adjustable output voltage of 300–500 V direct  current  and  a  pulse  frequency  of  480 Hz. Depending on river conductivity, an electric current between  2  and  9 A  was  generated.  Habitats  were discretely approached and subjected to sampling from a small boat or by wading in an upstream direction. Depending on the river width, the number of electrofi ing devices and the number of hand-held anodes (0.3 m diameter) varied between 1 and 3. All fish were identified to species level, measured [total length (TL), 0.1 cm accuracy], weighed [wet weight (W), 0.1 g accuracy] and catch per unit effort (CPUE) estimates were made to determine species abundance. After sampling, all fish were returned to the water at the same site of collection.


[bookmark: _bookmark0]Table 1  Overview of the 14 selected variables after collinearity analysis, to be included in the model development: eight envi- ronmental and six biotic variables

	Variable
	Type
	Minimum
	Maximum

	Muddy river bed
	Environmental
	NA
	NA

	Riparian habitat status
	Environmental
	NA
	NA

	Aquatic vegetation Conductivity (lS m-1)
	Environmental Environmental
	NA 102
	NA 1893

	Average depth (m)
	Environmental
	0.05
	1.84

	Flow velocity (m s-1)
	Environmental
	0.00
	11.70

	Turbidity (FTU)
	Environmental
	0.82
	750

	Oxygen concentration (mg l-1)
	Environmental
	0.80
	18.13

	Stone loach abundance
	Biotic
	0
	427

	Bitterling abundance
	Biotic
	0
	124

	Three-spined stickleback abundance
	Biotic
	0
	1213

	Spined loach abundance
	Biotic
	0
	33

	Sunbleak abundance
	Biotic
	0
	8

	Predator abundance
	Biotic
	0
	90


Muddy river bed, riparian habitat status and aquatic vegetation are categorical variables. As such, no minimum and maximum value is given. Muddy river bed and aquatic vegetation have two categories present and absent, whereas riparian habitat status is divided into the categories absent, medium developed and well developed. The species abundance is expressed as CPUE




At each sampling site, environmental water quality variables were recorded before the start of fi	sampling and habitat characteristics were recorded. In total, 49 biotic and 31 environmental variables were measured (see Table 6 in ‘‘Appendix’’). The environmental vari- ables included: conductivity, average depth, pH, flow velocity,  water  temperature,  turbidity,  transparency, oxygen concentration and oxygen saturation, but also habitat characteristics such as river bed substrate, riparian land use, connectivity (i.e. presence of migration barri- ers),  presence  of  cover  habitat,  presence  of  aquatic vegetation, sinuosity, habitat heterogeneity and riparian habitat status. Although mainly environmental variables are used to build habitat suitability models and determine a species’ distribution, including biotic variables (e.g. fi abundance) can lead to better modelling results (Heikki- nen et al. 2007; Gonza´lez-Salazar et al. 2013).
[bookmark: Data_preparation]The 49 collected biotic variables comprised of 46 fish species expressed in catch per unit effort and three variables identifying biotic guilds: predators, pelagic fish and benthic fish.

Data preparation

In total, a database of 2671 records was collected during the period 1993–2013. However, many records were incomplete regarding environmental data. Therefore,

records with more than 60 % of variable information missing were excluded (Zuur et al. 2010). This resulted in a dataset with 554 records (2117 records were removed) of which 163 contained topmouth gudgeon. By this data process, habitats deeper than two metres were excluded. Collinearity analysis was conducted on the 80 variables to avoid collinearity (Zuur et al. 2009, 2010) (Table 1).
To investigate which of the selected variables obtained by the collinearity analysis had an impact on the distribution of topmouth gudgeon, generalized additive modelling (GAM) and random forests (RF) were applied. In addition to these two classic data- driven modelling techniques, a fuzzy habitat suitabil- ity model (FHSM) was applied on the four most important biotic variables resulting from the GAM and RF. FHSM is able to depict interactions between the input variables and the output variable (Mouton et al. 2011, 2012) (Fig. 2). The models were evaluated based on the determination coefficient (R2), the percentage of correctly classified instances (CCI) and kappa statistic (j). The kappa index ranges between -1 and 1. Positive kappa values mean that the model is better than a random model whereas zero or negative values mean that the model is equal to or not better than a random model. Cohen’s kappa is a reliable performance measure, since the effect of
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[bookmark: _bookmark1]Fig. 1  Map of Flanders with indication of the main rivers and
563  sampling  locations  where  fish  stock  assessments  were undertaken between 1990 and 2013 by the Research Institute for

Nature and Forest (INBO). Black dots represent locations where topmouth gudgeon was present, whereas white dots are locations where the fish is absent




[bookmark: Model_development][bookmark: Generalized_additive_modelling]prevalence on Cohens’s kappa appeared to be negli- gible (Dedecker et al. 2004; D’heygere et al. 2006; Goethals et al. 2007). Therefore, kappa provides a more reliable representation of model performance (Cohen 1960). It should be noted that invasive species have a very broad habitat range and are therefore hard to model. As such, model accuracy might be below good   model   estimates   (CCI \ 70 %;   j \ 0.75;
R2 « 1). In this paper we focussed on the variable
importance output of two different modelling tech- niques, GAM and RF, to find out which variables contribute the most to the habitat suitability of topmouth gudgeon. In a next step we studied how these variables were related to habitat suitability of topmouth gudgeon by FHSM. In the scope of this paper, we tried to find a trade-off between model accuracy and expert knowledge.


Model development

Generalized additive modelling

Generalised additive modelling (GAM) was applied to find which variables determined the abundance of topmouth gudgeon. GAM is an extension of gener- alised linear modelling (GLM), which is itself an extension of ordinary linear regression. Like in GLM, each class of GAM is defined in terms  of a  link function that specifies the relationship between the mean of the output variable and the predictor (the sum of the effects of the individual input variables), and a variance function which relates the variance of the output variable to its mean (Zuur et al. 2009). Due to the linear nature of the predictor in the link function, the   flexibility   of   GLMs   for   modelling   species
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[bookmark: _bookmark2]Fig. 2 Schematic presentation of the workflow. Collinearity analysis was conducted to avoid collinearity. By means of GAM and RF, four biotic variables were selected. These four variables were implemented in a FHSM by fuzzy sets

[bookmark: Fuzzy_logic]responses to environmental variables is limited. GAM provides a flexible solution to this problem (Yee and Mitchell 1991; Leathwick 1995). In models fitted using GAM, the effect of each input variable is specified as a non-parametric smooth function, esti- mated from the data using techniques originally developed for smoothing  scatter plots  (most  com- monly cubic splines). GAM determines the shape of the response curve based on the observed data and thus fewer assumptions are made about how species respond to their environment.
GAM selects variables based on the Akaike weight procedure (Burnham and Anderson 2002). The models were optimised by means of a stepwise backward elimination. When plotting the residuals, no patterns


were found. As such, the model approved to be valid (Zuur et al. 2009). We used the ‘mgcv’ package (Wood 2011) of the R environment (R Development Core Team 2014), in which the default settings were used (i.e. logit link function under a binomial error distribu- tion) and the restricted maximum likelihood (REML) method was applied for smoothness selection.

Random forests

Random forests is a widely applied machine learning technique (Breiman 2001; Cutler et al. 2007; Peters et al. 2007). This approach creates k classification trees that are aggregated, based on majority voting. Each tree is grown based on another bootstrap subset of the training dataset and considers the best split predictive variable among a subset of m randomly chosen variables to split each node. Both k and m are user- defined parameters that should be optimised to ensure convergence of the developed models (Peters et al. 2007). One important feature of RF is the availability of some measures to assess the importance of each variable and to detect outliers. Breiman (2001) showed that Bayes consistency is achieved with a simple version of RF and claimed that RF rarely overfits the data. Several studies showed that RF often outperform other state-of-the-art modelling techniques such as decision trees or support vector machines (Cutler et al. 2007; Fukuda et al. 2013). We used the ‘ran- domForest’ package (Liaw and Wiener 2002) of the R environment (R Development Core Team 2014), in which the default settings were applied. To know the individual variable importance, the mean decrease in accuracy was calculated.

Fuzzy logic

Based on the results of the GAM and the mean decrease in accuracy of the RF, four biotic variables were selected as input for the FHSM to analyse interactions (Fig. 2): stone loach (Barbatula barbatula (Linnaeus, 1758)), bitterling, three-spined stickleback and preda- tor abundance. The linguistic values ‘low’ and ‘high’ were assigned to the four input variables and output variable (habitat suitability). These linguistic values were defined by fuzzy sets (Zadeh 1965) and not by conventional sets with crisp boundaries (hereafter called crisp sets). A membership function of a partic- ular fuzzy set indicates the degree to which an element





[bookmark: _bookmark3]belongs to this fuzzy set, with membership ranging from zero to one. This fuzzy approach with overlap- ping  set  boundaries  is  in  line  with  the  ecological

Table 2 The selected  measured  variables  at  each sampling campaign, the linguistic values assigned to the input variables of the habitat suitability models and the fuzzy sets describing
these linguistic values

gradient  theory  (Strayer  et  al.  2003),  because  an	 	

element can partially belong to a fuzzy set and thus have a membership degree to this fuzzy set ranging

Variable	Linguistic
value

Fuzzy set
parameters

from zero to one. Consequently, the linguistic state- ment ‘the depth is quite low but tending to be moderate’ can for instance be translated into a depth which has a membership degree of 0.4 to the fuzzy set ‘low’ and of

Stone loach	L	(0, 0, 15, 25)
H	(15, 25, 430, 430)
Bitterling	L	(0, 0, 1, 3)
H	(1, 3, 125, 125)

0.6 to the fuzzy set ‘moderate’. In this  study, all membership functions had trapezoidal shapes and were defined by four parameters (am, bm, cm  and dm): the

Three-spined stickleback

L	(0, 0, 20, 30)
H	(20, 30, 1220,
1220)

membership degree linearly increases between am and
bm from 0 to 1, is equal to 1 between bm and cm and linearly decreases from 1 to 0 between cm and dm. A triangular membership function is obtained when bm equals cm. The parameters of the membership func-

Predators	L	(0, 0, 2, 4)
H	(2, 4, 91, 91)
Habitat suitability	L	(0, 0, 3, 5)
H	(3, 5, 130, 130)
Each fuzzy set is defined by four parameters (a  , b  , c 







and

m     m     m

tions corresponding to the fuzzy sets used in this work
are given in Table 2 and were optimised to create a uniform distribution of the input variables over the fuzzy sets. The Shannon–Weaver entropy (Shannon and Weaver 1963), of which a threshold of 0.85 was applied, quantified this uniformity and was used as an optimisation criterion to increase the quality of the fuzzy sets (Mouton et al. 2009b). The parameters of the membership functions corresponding to the fuzzy sets of the input variables have often been derived from expert knowledge (Mouton et al. 2007). However, this may result in an input variable described by fuzzy sets that contains very few data points.
The fuzzy rule base relates the input variables to the habitat suitability for topmouth gudgeon and consists of ‘if–then’ rules, such as ‘IF bitterling abundance IS high AND three-spined stickleback abundance IS high AND predator abundance IS low THEN habitat suitability IS high’. The if-part of the rule (the antecedent) describes in which situation this rule applies, while the then-part (the consequent) indicates whether the habitat in this situation is suitable or not for topmouth gudgeon. Given crisp values of the four input variables, the output of the fuzzy model is calculated as described by Van Broekhoven et al. (2006). For each instance, we calculated the member- ship degrees to the fuzzy sets of the input variables. The degree of fulfilment of each rule was then calculated as the minimum of the membership degrees in its antecedent. Finally, to each linguistic output value a fulfilment degree was assigned equal to the

dm): the membership degree linearly increases between am and bm from 0 to 1, is equal to 1 between bm and cm and linearly decreases from 1 to 0 between cm  and dm

maximum of the fulfilment degrees of all rules with the output value under consideration in their consequent. The approach is similar to the Mamdani–Assilian procedure (Assilian 1974; Mamdani 1974) in which the fuzzy output is defuzzified in a crisp one based on the fuzzy sets of the output variables. However, in this work a different type of model was applied: a fuzzy classifier. The modelled values of the output variable were assigned to the fuzzy set with the highest fulfilment degree, which allowed comparison of the modelled output with the observed output and calcu- lation of performance  measures  (Van  Broekhoven et al. 2006). Specifically, if a value of habitat suitability had 0.6 membership in fuzzy set ‘absent’ and 0.4 membership in fuzzy set ‘present’, then the value was assigned to ‘absent’.
The adjusted average deviation (Van Broekhoven et al. 2006) was applied because it incorporates the specific characteristics of fuzzy classifiers with an ordered set of output classes and can deal with the fuzzy outputs of these models. Specifically, several performance criteria have been developed to evaluate and train presence/absence models, but most of these criteria are based on the confusion matrix which requires a threshold to distinguish between present and absent predictions. Since these criteria cannot deal with the fuzzy output of a fuzzy ordered classifier,



[bookmark: Results][bookmark: Collinearity_analysis]valuable information may be lost by transferring this fuzzy output to the crisp output which is needed to generate the confusion matrix. Performance measures which are derived from the confusion matrix, for instance, are not sensitive to the position of the classes where the wrong classification occurs (Van Broekho- ven et al. 2006). For further details about fuzzy rule- based modelling and rule base optimisation we refer to Mouton et al. (2009a, 2011, 2012).
[bookmark: General_additive_model]To generate a reliable habitat suitability model, the consequents of the fuzzy rules were optimised using a nearest ascent hill-climbing algorithm (Michalewicz and Fogel 2000). Starting from fixed fuzzy sets (Table 2) and a randomly selected rule base, the consequent of one rule is changed into the linguistic value of one of its neighbouring fuzzy sets (e.g. the replacement of ‘moderate’ by ‘low’ or ‘high’) and the impact on model performance is calculated. If model performance increases, the algorithm continues with the adjusted rule base, if not, it continues with the original one. Each training iteration was stopped when no further increase of the performance criterion on the test fold was observed. Each training iteration was repeated and the new rule base was compared to the rule bases obtained from each of the previous itera- tions. The resulting rule base similarity was the percentage of rule consequents that were identical for two rule bases. If the rule base with the highest performance on the test fold was obtained 3 times, this rule base was selected as the final rule base and training continued on another fold (Mouton et al. 2009a). Ten- fold cross-validation was applied to indicate the robustness of the optimisation results. The folds were constructed by randomising the original data set and assigning each data point to one fold without replace- ment. The species prevalence (i.e. the frequency of occurrence) was constant for all tenfolds and equal to the prevalence of the original dataset.
Models were trained based on Cohen’s kappa (Cohen 1960), which ranges from -1 to 1 and is derived from the confusion matrix (Fielding and Bell 1997; Manel et al. 2001). This measure was selected as a training performance criterion because model training based on kappa showed good results in a previous study using fuzzy logic (Mouton et al. 2008). The training algorithm was described into detail in Mouton et al. (2008). All fuzzy algorithms were implemented in a C# toolbox (FISH 3.7, freely available upon request).

Results

Collinearity analysis

The collinearity analysis resulted in a selection of eight out of 31 environmental variables used for model development: muddy river bed, riparian habitat status, presence of aquatic vegetation, conductivity, average depth, flow velocity, turbidity and oxygen concentra- tion. Considering the biotic variables, six  variables were found not to be collinear: stone loach, bitterling, three-spined stickleback, spined loach (Cobitis taenia (Linnaeus, 1758)), sunbleak and predator abundance (see Tables 7, 8 in ‘‘Appendix’’). The collinearity analysis showed that bitterling abundance was strongly correlated with pelagic fish species abundance. In contrast, stone loach abundance was correlated with benthic fish abundance. As such, different habitats (i.e. pelagic and benthic habitat) were taken into account in this study.


General additive model

The selection of 14 variables resulting from the collinearity analysis was used as input variables for the GAM. Variable importance could be assessed based on a purely data-driven method. The five most important variables of the full model (R2 = 0.135, AIC = 4102.599) in order of importance were bitter- ling abundance (p \ 0.001), three-spined stickleback abundance (p \ 0.001), stone  loach  abundance (p = 0.005), conductivity (p = 0.34) and flow veloc- ity (p = 0.30). After a stepwise backward elimination, a model (R2 = 0.133, AIC = 4089.107) with three significant biotic variables (p \ 0.05) was found: bitterling abundance (p \ 0.001) was evaluated as the most important variable, followed by three-spined stickleback (p \ 0.001) and stone loach (p = 0.0031). However, the model with the highest performance (AIC = 4087.729) contained the additional variables predator abundance (p = 0.40) and flow velocity (p = 0.27). Nonetheless, these were not significant. Although the accuracy of the model is rather low, only biotic variables were selected. Based on expert knowledge and literature (Pollux and Korosi 2006; Beyer et al. 2007), the output of the model will be used in the further steps of this study (Fig. 2).
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[bookmark: _bookmark4]Variable

Fig. 3  The mean decrease in accuracy based on RF for biotic and abiotic variables


[bookmark: Random_forests]Random forests

Similar to the GAM, the 14 selected variables resulting from the collinearity analysis were used as input variables for the RF. The mean decrease in accuracy was applied as a measure of variable importance. The biotic variables bitterling, stone loach, three-spined stickleback and predator abundance were by far selected as most important variables to determine topmouth gudgeon abundance (Fig. 3). They had a mean decrease in accuracy higher than three, whereas the other 11 variables had a value below two. It should be noted that the accuracy of the model with these four variables is rather low (R2 = 0.387), but based on expert knowl- edge, literature and the output of the GAM, the four most contributing variables were used as an input for the fuzzy habitat suitability model. Bitterling abundance explained most of the variation. Stone loach abundance was more important than three-spined stickleback abundance. RF confirmed the importance of predator abundance, which was not selected by the GAM. Amongst the environmental variables, turbidity, depth and flow velocity were the most important. However,
[bookmark: Fuzzy_habitat_suitability_model]their standard error was similar, so no ranking could be performed.

Fuzzy habitat suitability model

According to the GAM and RF, bitterling, stone loach, three-spined stickleback and predator abundance were the  most  important  variables  explaining  topmouth

gudgeon abundance (Table 3). As such, these four variables were used in the FHSM to examine species interactions. A stepwise forward selection approved bitterling abundance to be the most important variable (j = 0.27),  followed  by   predator   abundance (j = 0.25), stone loach abundance (j = 0.24) and three-spined stickleback abundance (j = 0.15).
The fuzzy rule base of the optimal fuzzy model (j = 0.50) illustrated that if three out of four biotic variables were high, topmouth gudgeon abundance was high as well. However, this was not the case for two fuzzy rules. When one or two biotic variables were high and one of them involved bitterling abundance, this resulted in high topmouth gudgeon abundance. In contrast, one fuzzy rule described a high abundance of topmouth gudgeon, whereas bitterling abundance was low. In this case, stone loach and three-spined stickle- back had a high abundance and predator abundance was found to be low (Table 4). This illustrates that multiple species interactions were not straightforward and difficult to interpret. As such, confusion matrices were calculated to clarify the single species interactions (Table 5). Bitterling abundance reflected topmouth gudgeon abundance for 87.5 % of the rules. For the other 12.5 % topmouth gudgeon and bitterling had an opposite trend in abundance. This was found to a lesser extent for stone loach: in 62.5 % of the rules both had the same abundance value and in 37.5 % of the cases an opposite trend was observed. The interaction between three-spined stickleback and topmouth gudgeon was less  straightforward  as  only  50 %  of  the  species’



[bookmark: _bookmark5]Table 3 Overview of the variables that best explained the distribution  of  topmouth  gudgeon  based  on  three  different
 modeling techniques RF, GAM and FHSM 	

	
	Stone
	Bitterling
	Three-spined
	Predators

	
	[bookmark: Discussion]loach
	
	stickleback
	

	[bookmark: Variable_importance]RF
	2
	1
	3
	4

	GAM
	3
	1
	2
	4

	FHSM
	3
	1
	4
	2


A ranking was given to the different variables, with the lowest value (1) being the most important and the highest value (4) the least important


abundance reflected topmouth gudgeon abundance. Considering predator abundance, an inverse relation- ship was found: when predator abundance was low, habitat suitability was high and vice versa (62.5 % of the rules). Most of the observations were in line with our results (Fig. 4). However, a few extreme values

suggested a trend towards dominance of one of both species. FHSM considered these as outliers, hence, they did not contribute to the output.


Discussion

Variable importance

In the current study, we assessed the importance of environmental and biotic variables (i.e. native species abundance) to determine the distribution of topmouth gudgeon based on habitat suitability mod- els. We found that, based on different modelling techniques, the distribution of the species was mainly determined by biotic variables. Previous research on the distribution of topmouth gudgeon solely focused on the importance of environmental variables. According to literature, the species prefers shallow
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The number of habitats that covered each environmental condition is shown in the last column (rule coverage)
L low, H  high




[bookmark: _bookmark7]Table 5  Confusion

Bitterling	Three-spined stickleback	Stone loach	Predators

matrices derived from the	 	

FHSM output

L	H	L	H	L	H	L	H


Topmouth gudgeon


	L
	7
	1
	4
	4
	5
	3
	3
	5

	H
	1
	7
	4
	4
	3
	5
	5
	3




[bookmark: _bookmark8]Fig. 4  Topmouth gudgeon abundance in function of the four most important biotic variables [stone loach, bitterling, three-spined stickleback (3S) and predator abundance].
Species abundance is expressed as CPUE






















lentic and vegetated waters (Arnold 1990; Pollux and Korosi 2006; Britton et al. 2007; Beyer et al. 2007; Kapusta et al. 2008; Gozlan et al. 2010; Onikura and Nakajima 2013). In Flanders, it has already been shown that topmouth gudgeon reaches high densities in these optimal habitats (Verreycken et al. 2007). However, we tested for topmouth gudgeon abun- dance in lotic water, a suboptimal habitat, which is important as distribution corridor. Based on our models, environmental factors did not seem to affect the abundance of topmouth gudgeon. Nonetheless, GAM and RF did show that next to biotic variables, flow velocity could affect the abundance of topmouth gudgeon as the variable still contributed to explain the abundance of the species. In addition, water depth and turbidity were of similar importance when using RF. Related to the optimal habitat of topmouth gudgeon, shallow water and low turbidity promote vegetation growth. The absence of a significant relationship between environmental variables and the abundance of topmouth gudgeon can be attributed to

different reasons. Firstly, alien invasive species have a high phenotypic plasticity and therefore can withstand a variety of environmental conditions (Arnold 1990; Beyer et al. 2007; Davidson et al. 2011). In this way, environmental variables may play an inferior role in the species’ abundance, whereas biotic interactions might be more important and determine the species’ abundance (Heikkinen et al. 2007; Howard et al. 2014). Secondly, topmouth gudgeon recently invaded Belgium and probably did not reach its maximum expansion yet in lotic waters. As such, a delineated relationship with environmen- tal variables is still lacking (Sutherst and Bourne 2009). Thirdly, studies reporting on the optimal habitat where topmouth gudgeon can reach high abundances comprise lentic waters such as pools and shallow lakes (Arnold 1990; Britton et al. 2007; Kapusta et al. 2008; Pollux and Korosi 2006). However, in this study, slow flowing lowland rivers were investigated, which are considered a suboptimal habitat.



[bookmark: Biotic_interactions]Both GAM and RF showed the importance of biotic variables to model the species distribution of topmouth gudgeon. The selected variables affecting topmouth gudgeons’ distribution were bitterling, three-spined stickleback, stone loach and predator abundance. The habitat of these fish species is similar to the habitat of topmouth gudgeon. Bitterling and three-spined stickle- back prefer shallow (up to one meter) lentic waters with vegetation (Hynes 1950; Kottelat and Freyhof 2007). Stone loach prefers lotic waters but can be found in a variety of habitats, including lake shores (Kottelat and Freyhof 2007; Smyly et al. 1955). Considering native predators, pike (E. lucius) and perch (P. fluviatilis) are the most important species. Pike is a top predator in Belgian aquatic habitats. It prefers stagnant to slow flowing vegetated waters (Pauwels 2014). A smaller, but more common predator is perch. Perch is a eurytopic species and can manage stable populations in a variety of habitats. As such, both predators can reside in optimal and suboptimal topmouth gudgeon habitat. Although environmental variables were not the most important variables determining the abundance of topmouth gudgeon, they were indirectly taken into account by including fish species (biotic variables), which have similar habitat preferences.

Biotic interactions

Invasive species have a high phenotypic plasticity and can withstand numerous environmental conditions (Davidson et al. 2011), which makes these species difficult to model. Hence, biotic variables and their interactions are important processes in relation to the distribution and abundance of invasive species (Guisan and Thuiller 2005; Heikkinen et al. 2007; Gonza´lez- Salazar et al. 2013; Howard et al. 2014). However, very few SDMs explicitly include biotic factors, which can be used to infer or provide clues about interspecific interactions (Elith and Leathwick 2009). The focus on environmental variables is attributed to the ability of control. Nonetheless, biotic variables can be controlled as well, for example due to fish stock assessments.
The result of the fuzzy model indicates interactions between the abundance of topmouth gudgeon and the four selected biotic variables. As topmouth gudgeon occupies a similar habitat compared to bitterling, stone loach and three-spined stickelback, either coexistence (i.e. niche divergence) or interspecific competition (i.e. niche overlap) can exist. Our results suggest the

former applies to bitterling, since there is a low competition for food due to different feeding habits. Topmouth gudgeon is an omnivorous species (Rosec- chi et al. 2001; Gozlan et al. 2010) with a wide dietary plasticity (Jackson and Britton 2014), whereas bitter- ling is considered to be a herbivorous fish (Schmidt and McGurk 1982). Another reason to expect coex- istence is the spawning of bitterling in freshwater mussels as it becomes less susceptible to egg predation by topmouth gudgeon (Aldridge 1999).
The same holds for stone loach and three-spined stickleback (Quyen Tran et al. 2015), nonetheless, the trend is less strong than for bitterling, suggesting a certain level of interspecific competition. This might be explained by the fact that all three species have a preference for chironomid larvae as a food source (Declerck et al. 2002; Hynes 1950; Smyly 1955; Wolfram-Wais et al. 1999). This can force the compet- itively weaker species to rely upon suboptimal food resources (Persson and Greenberg 1990). If the food quality is still substantial or food is not a limiting resource, coexistence can take place. Concerning the habitat, topmouth gudgeon is a bentho-pelagic fish species (Pinder and Gozlan 2003). Stone loach and three-spined stickleback are benthic and pelagic species, respectively (Jurvelius et al. 1996; Smyly 1955). As such, an incomplete overlap in habitat exists, allowing some niche divergence and coexistence. The same is true for the spawning habitat. Sufficient spawning habitat is necessary to sustain stable populations. Top- mouth gudgeon shows a wide variability in spawning substrate, including rocks, surfaces of shells and plants and artificial substrates (Gozlan et al. 2010; Pinder and Gozlan 2003). This flexible spawning strategy, might allow coexistence. However, the spawning habitats are often aggressively defended by topmouth gudgeon males (Pinder and Gozlan  2003) leading to higher interspecific competition. When topmouth gudgeon increases in numbers, spawning habitat may become scarce and unavailable for other species because of the territorial drift. Yet, three-spined stickleback is a nest guarding species as well. They defend their eggs and young fry aggressively towards intruders (Pressley 1980). As such, they are probably more robust against topmouth gudgeon displacement. This could explain the ambiguous interaction observed in the FHSM as both coexistence and interspecific competition can exist between topmouth gudgeon and three-spined stickle- back, depending on the availability of food and habitat.



If food and habitat resources are scarce, they might be maximally exploited by the most competitive species. Nonetheless, highly productive systems with sufficient food and habitat could allow coexistence between different fish species.
[bookmark: Management]It should be noted that only single species interac- tions were taken into account from the FHSM output. Multiple species interactions are difficult to interpret. Nonetheless, these could influence species abundance. For example, coexistence between topmouth gudgeon and bitterling can result in a high population density of both species. This could reduce predation impact on topmouth gudgeon, as predators of temperate waters are opportunistic. In addition, it is hard to model a few extreme values as these are seen as outliers (Fig. 4). Therefore, the rare situations where one of the biotic variables became abundant and seemed to supress topmouth gudgeon abundance were not brought forward in the FHSM. At the same time, this is valuable information as it might indicate a bottom up effect of native species. Clearly, mechanisms account- ing for biotic interactions within species distribution studies merit more exploration.

Management

[bookmark: Conclusion]Our analysis indicated that predators negatively affect the abundance of topmouth gudgeon (Table 5), sug- gesting a top down effect. As such, stocking native predators to control invasive species may be a cost- effective and sustainable measure. Predatory fish of cold-temperate waters tend to be opportunistic feed- ers, as productivity in these areas is lower and prey abundance depends on season and temperature (Keast 1979; MacLean and Magnuson 1977; Margenau et al. 1998). This means that the prey species with the highest abundance (often the alien invasive species) will have the highest chance to be predated. Topmouth gudgeon might be highly susceptible to this oppor- tunistic predation behaviour due to its fast recruitment and establishment of a large population within a short time span leading to extremely high abundances. This was confirmed by the study of Musil and Ada´mek (2007) who found that topmouth gudgeon was the most important prey species in the diet of predators.
In the UK, studies report on the eradication of alien invasive fish species with rotenone, a chemical agent. The disadvantage of this management measure is that the product is not host-specific, which likely causes

adverse effects on native fish (Britton and Brazier 2006; Britton et al. 2008, 2010a). In addition, the use of rotenone is not robust and re-colonization can appear; even immunity can arise (Orciari 1979). Therefore, another approach is required with a focus on control of abundance, rather than on presence-absence. Moreover, instead of applying chemical agents, a biological approach may have less severe effects on the native flora and  fauna. Based on our results, we propose biomanipulation by stocking native predatory fish, which can result in a top-down control. Only a few studies demonstrated the importance of predators and the role of topmouth gudgeon as a prey fish (Musil and Ada´mek 2007; Lemmens et al. 2014). In the study of Lemmens et al. (2014) juvenile pike were introduced in ponds colonized by topmouth gudgeon to investigate the predatory effect on the invasive species. This technique appeared to be effective with complete eradication of topmouth gudgeon and almost no reduction in native species. The effect on native fish might be minor as these species have evolved strategies to cope with this predator. Moreover, as Lemmens et al. (2014) stated, the presence of a native predator in the ecosystem can enhance the biotic resistance of this system. However, juvenile pike reside in the littoral zone (Pauwels 2014), forcing prey fish into the pelagic. A combination with a pelagic predator such as perch might give better results. It should be noted that the studies of Musil and Ada´mek (2007) and Lemmens et al. (2014) were conducted in the optimal habitat of topmouth gudgeon, so extrapolation to connected running waters should be done with caution. In these situations, fish can move to other habitats and avoid predators more easily. This management measurement might also be applicable to other small invasive species. Recent research of van Kleef and Jongejans (2014) showed a negative relationship between another inva- sive fish species, pumpkinseed (Lepomis gibbosus (Linnaeus, 1758)), and predatory fish. Moreover, information about top-down control to eradicate inva- sive species is scarce, especially in lotic systems.


Conclusion

Our study revealed important insights regarding inter- actions of topmouth gudgeon with its surroundings. Topmouth gudgeon appear to coexist with native species such as bitterling, stone loach and three-spined




[bookmark: Acknowledgments]stickleback. However, a certain level of interspecific competition might occur with the latter two. Predators showed a negative relation with topmouth gudgeon abundance. This top down effect could be used as a management approach in order to reduce the abundance of earlier established populations of topmouth gudgeon. Hence, such information can be implemented in conservation strategies to reduce the impact caused by alien invasive fish species.
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[bookmark: _bookmark10]Table 6 A total of 80 variables were sampled, of which 31 environmental and 49 biotic variables


Variable	Type


Algae	Environmental
Average depth	Environmental
Bank	Environmental
Bank slope	Environmental
Brakisch	Environmental
Conductivity	Environmental
Curves	Environmental
Date	Environmental
Disolved oxygen	Environmental
Disturbance	Environmental
Floating plants	Environmental
Flow velocity	Environmental

Table 6  continued


Variable	Type


Landuse	Environmental
Method	Environmental
Migration barrier	Environmental
Natural hiding	Environmental
pH	Environmental
Pool	Environmental
Riffle	Environmental
Slope	Environmental
Submersed plants	Environmental
Substrate	Environmental
Temp	Environmental
Tide	Environmental
Total mass	Environmental
Transact length	Environmental
Transact width	Environmental
Transparency	Environmental
Turbidity	Environmental
Waterdepth	Environmental
Width	Environmental
African catfish (Clarias gariepinus)	Biotic
Asp (Aspius aspius)	Biotic
Barbel (Barbus barbus)	Biotic
Bitterling (Rodeus amarus)	Biotic
Bleak (Alburnus alburnus)	Biotic
Bream (Abramis brama)	Biotic
Brook lamprey (Lampetra planeri)	Biotic Brown bullhead (Ameiurus nebulosus)	Biotic Brown trout (Salmo trutta)	Biotic
Bullhead (Cottus gobio)	Biotic
Burbot (Lota lota)	Biotic
Chub (Squalius cephalus)	Biotic
Common carp (Cyprinus carpio)	Biotic
Crucian carp (Carassius carassius)	Biotic
Dace (Leuciscus leuciscus)	Biotic
European eel (Anguilla anguilla)	Biotic European weather loach (Misgurnus fossilis) Biotic Fathead minnow (Pimephales promelas)	Biotic Grass carp (Ctenopharyngodon idella)	Biotic Gudgeon (Gobio gobio)	Biotic
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	Conductivity
	Average depth
	Flow velocity
	Turbidity
	Oxygen concentration
	Stone loach
	Bitterling
	Three-spined stickleback
	Spined loach
	Sunbleak
	Predators

	Conductivity
	0.00E?00
	0.6028206
	0.2044197
	7.39E-01
	2.05E-05
	1.53E-01
	8.90E-01
	0.6610353
	0.2265934
	4.13E-02
	6.86E-01

	Average depth
	6.03E-01
	0
	0.1624192
	6.19E-01
	1.20E-01
	6.34E-03
	1.31E-01
	0.3917137
	0.5932949
	1.05E-03
	1.84E-02

	Flow velocity
	2.04E-01
	0.1624192
	0
	6.43E-01
	9.11E-01
	4.98E-01
	6.37E-01
	0.313881
	0.6099453
	5.02E-01
	6.07E-01

	Turbidity
	7.39E-01
	0.619164
	0.6426673
	0.00E?00
	4.67E-08
	8.46E-02
	3.33E-01
	0.1497487
	0.4992215
	8.49E-01
	9.75E-01

	Oxygen concentration
	2.05E-05
	0.1199582
	0.9110298
	4.67E-08
	0.00E?00
	1.66E-05
	9.66E-01
	0.6675519
	0.1088053
	4.75E-01
	1.17E-02

	Stone loach
	1.53E-01
	0.0063394
	0.4981108
	8.46E-02
	1.66E-05
	0.00E?00
	9.83E-01
	0.011572
	0.1915946
	6.80E-02
	4.45E-05

	Bitterling
	8.90E-01
	0.1314631
	0.637408
	3.33E-01
	9.66E-01
	9.83E-01
	0.00E?00
	0.0837119
	0.7562474
	2.43E-09
	1.26E-01

	Three-spined stickleback
	6.61E-01
	0.3917137
	0.313881
	1.50E-01
	6.68E-01
	1.16E-02
	8.37E-02
	0
	0.6797438
	3.23E-01
	6.12E-01

	Spined loach
	2.27E-01
	0.5932949
	0.6099453
	4.99E-01
	1.09E-01
	1.92E-01
	7.56E-01
	0.6797438
	0
	6.96E-02
	7.79E-01

	Sunbleak
	4.13E-02
	0.0010516
	0.5023189
	8.49E-01
	4.75E-01
	6.80E-02
	2.43E-09
	0.3226018
	0.0695807
	0.00E?00
	2.61E-03

	Predators
	6.86E-01
	0.0183858
	0.6069418
	9.75E-01
	1.17E-02
	4.45E-05
	1.26E-01
	0.6124943
	0.7794211
	2.61E-03
	0.00E?00
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