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Abstract 1 

Assessing the ecological status of freshwater ecosystems has become an important topic as a 2 

first approach to improve their poor condition. Ecological status is usually measured as the 3 

deviation of observed conditions from expected reference conditions in the absence of human 4 

disturbances. The ability to produce objective evaluations depends largely on the capacity to 5 

correctly define reference conditions. This is usually done following either a type-specific 6 

(classification-based) or site-specific approach. Despite the often weak correspondence of 7 

classification schemes used in the type-specific approach little attention has been paid to the 8 

evaluation of its consequences for defining reference conditions. 9 

Here, we first test the capacity of an environmental classification derived from the 10 

implementation of the Water Framework Directive (WFD) to portray freshwater fish 11 

assemblage composition in a Mediterranean basin in South Western Iberian Peninsula. We then 12 

check the effect of using type-specific vs. site-specific approaches on the performance of 13 

different predictive models, as they are a common tool for defining reference conditions 14 

elsewhere. We compare predictive models performance using two different classification 15 

approaches (top-down vs. bottom-up) with the same predictive model (RIVPACS) and 16 

continuum-like predictive model (ANNA). 17 

The top-down environmental classification did not group reference sites better than random, 18 

with high within-class heterogeneity and high between-class homogeneity. Although slightly 19 

better, the bottom-up approach did not show high classification performance. This result was 20 

not related to the effect weak biological response to environmental gradients, since a true 21 

underlying biotic gradient existed (fish assemblages underwent gradual changes through a 22 

longitudinal habitat gradient). As a consequence, the classification-based predictive methods 23 

failed in fitting the biological data and predicting the expected fish assemblages. Only the 24 

continuous predictive approach succeeded and was accurate enough to be used to define 25 

reference conditions. 26 

This study shows that the lack of biological significance of classifications may have severe 27 

consequences for bioassessment programs. We recommend verifying the accuracy of the 28 

classifications before using them as the basis for bioassessment under type-specific approaches. 29 

Alternatively, a continuous approach without pre-defined classes should be considered. 30 

 31 

KEYWORDS: ANNA, bioassessment, continuous, Mediterranean, reference condition, 32 

RIVPACS. 33 

34 
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1. Introduction 35 

Assessing the ecological status of freshwater ecosystems has been a key issue in 36 

freshwater management for the last decades as a consequence of the poor condition that these 37 

ecosystems suffer. Freshwater resources are crucial for human culture, welfare and 38 

development, so freshwater environments are submitted to high pressures, overexploitation and 39 

transformation rates (Vörösmarty et al., 2010), and freshwater biodiversity is among the most 40 

threatened in the world (Dudgeon et al., 2006). In an attempt to address this problem, water 41 

policy legislations, such as the Water Clean Act (WCA) in the US or the European Water 42 

Framework Directive (WFD) have been developed aiming to protect and improve the condition 43 

of aquatic ecosystems (e.g., European Commission, 2000). These laws establish the framework 44 

to evaluate the ecological status of freshwater ecosystems, identify the main perturbations 45 

responsible for the observed condition, and recommend the most suitable set of actions to lead 46 

their recovery. The ecological status is usually defined relative to the deviation of observed 47 

status from a reference condition in the absence of human disturbances (reference condition 48 

approach, sensu Reynoldson, 1997). Reference conditions are established either for a type of 49 

freshwater ecosystem (type-specific methods) or determined specifically for each site being 50 

evaluated (site-specific methods). Under the type-specific approach, freshwater ecosystems are 51 

initially grouped into homogeneous classes, for which a unique reference condition will be 52 

described. Different classification methods are used, such as a priori top-down environmental 53 

classifications (Omernik and Bailey, 1997; Munné and Prat, 2004: Verdonschot and Nijboer, 54 

2004) based on environmental surrogates (e.g., elevation, temperature or rainfall), or a 55 

posteriori bottom-up biotic classifications (Wright, 1995; Simpson and Norris, 2000; Melcher et 56 

al., 2007) based on biological data. On the other hand, site-specific approaches avoid 57 

classifications and describe reference conditions for each site under evaluation, by using 58 

predictive models for example (e.g., Oberdorff et al., 2002; Hermoso et al., 2010).  59 

The popularity of type-specific approaches is based on the assumption that each 60 

subdivision or class of streams has some consistent biological significance (e.g., Frissell et al., 61 

1986). The use of subdivisions helps better understand and cope with the complexity of 62 

biological assemblages in the evaluation of the ecological status (Rabeni et al., 2002).  63 

To be useful, any classification (either top-down or bottom-up) should satisfy two main 64 

conditions, i) correspond to the distribution of species and hence identify recurring biotic 65 

assemblages (Heino and Mykrä, 2006), and ii) portray relationships between biological and 66 

physical features including environmental classifiers which reflect ecologically important 67 

factors for the biota (Angermeier and Schlosser, 1995; Karr and Chu, 1999). If a classification 68 

addresses all of the above, both type I statistical errors (inferring impairment when it does not 69 

exist) and type II errors (not detecting impairment when it does exist) could be reduced 70 
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(Hawkins et al., 2000a). There is an extensive literature devoted to the evaluation of different 71 

classifications systems in terms of how much biological variability they portray (e.g., Hawkins 72 

et al., 2000a; Rabeni et al., 2002; Sanchez-Montoya et al., 2007). Some of them report a poor 73 

capacity of classes to portray biologically meaningful classes (e.g., classes share most of 74 

species), which might limit the precision of bioassessment programs. In particular, weak 75 

classifications may difficult the definition of reference conditions, on which the process relies. 76 

This could make evaluations fail at determining the degree of impairment and identifying the 77 

main perturbations that should be targeted in further rehabilitation programs. However, little 78 

efforts have been devoted to the objective assessment of implications of classification 79 

weaknesses on bioassessment tools.  80 

The main aims of this work are i) to test the capacity of two different classification 81 

methods (top-down and bottom-up) to portray biological variability; and ii) to evaluate the 82 

accuracy of discrete (type-specific) vs. continuum (site-specific) approaches to identifying 83 

reference conditions. We firstly evaluate the strength of a top-down classification derived from 84 

the implementation of the WFD ś system B in a Mediterranean basin in the south-western 85 

Iberian Peninsula (Guadiana River). We then compare the performance of three different 86 

predictive models: two classification-based and a continuum approach and discuss about the 87 

causes of different performance values. Finally, we make some recommendations for future 88 

applications of these approaches. 89 

 90 

 91 

2. Methods 92 

2.1 Study area 93 

The Guadiana River basin is located in the South-Western Iberian Peninsula draining a 94 

total area of 67,039 km2 to the Atlantic Ocean (Fig. 1). It features a typical Mediterranean 95 

climate, with high intra and interannual variation in discharge and severe floods and droughts. 96 

Potenciano de las Heras (2004) reported annual rainfall values ranging 171-1118 mm in some 97 

areas of the Guadiana basin in the period 1850-2004, mostly concentrated in winter. Nearly one 98 

half of the basin (49.1%) is currently being used for agriculture. Other common human 99 

perturbations are related to river channel modifications due to river channelization and 100 

degradation and even complete depletion of the riparian forest and water quality deterioration 101 

(Urrea and Sabater, 2009). The Guadiana River basin contains 6 of the 29 environmental types 102 

defined following the specifications of system B proposed in the European Water Framework 103 

Directive (European Commision, 2003; Ministerio de Medio Ambiente, 2005) (Fig. 1). 104 

 105 
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2.2 Fish community and environmental data 106 

Fish communities were characterized in 239 localities across the basin (Fig. 1) during 107 

spring in 2002, 2005, and 2006. Fish sampling at each location was carried out along 100 m 108 

long stream reaches whenever possible using single-pass electrofishing. The sampling stretch 109 

covered all habitats available following the recommendations of the FAME Consortium (2004) 110 

for European rivers. Sály et al. (2009) and Bertrand et al. (2006) demonstrated this method to be 111 

adequate to characterize spatial and temporal trends in fish abundance and composition. Species 112 

richness ranged between 1-8 (Mean ± SE, 3.0 ± 0.1).  113 

Habitat was characterised by 37 environmental variables, covering three different spatial 114 

scales: site, reach and basin. All of them were selected from a larger set of environmental 115 

variables for their relative independence of human perturbations. Two approaches were used in 116 

this characterization: field measures to characterize the habitat at the reach scale and remotely 117 

sensed measures to record data from available digital maps (Table 1). All these variables were 118 

tested for normality and conveniently transformed when necessary for further analyses. 119 

 120 

2.3 Testing the biological significance of environmental classifications 121 

To avoid the pernicious effect of perturbations in our assessment of classification’s 122 

accuracy, we only considered those sites less affected by human activities (reference sites 123 

hereafter). Reference sites are characterised by low urban or agricultural land uses within the 124 

whole basin and at the reach scale (500 m around the sampling point). Furthermore, bank and 125 

channel structure as well as the riparian zone should be in natural condition (Hermoso et al., 126 

2009). To ensure that reference sites are not impacted by invasive fish, all sites where exotic 127 

species accounted for more of 5% of total fish abundance were also discarded (Kennard et al., 128 

2006). We finally considered 57 reference sites distributed across all the environmental classes 129 

except Continental-Mediterranean mineralized rivers (Fig. 1). This class is exclusively located 130 

in the mainstream of the Guadiana River draining through a highly intensive-agriculture 131 

transformed landscape. We then tested the biological significance of environmental 132 

classifications for the remaining 5 water body types. The inclusion of rare species in the 133 

analysis may have negative consequences on classification systems and bioassessment tools 134 

(Cao et al., 2001; Van Sickle et al., 2007), so to reduce the noise introduced by very rare species 135 

we did not consider species present in less than 5% of localities in the analysis below. 136 

We measured classification strength (CS) using a Multiple Response Permutation 137 

Procedure (MRPP) analysis in R statistical software Version 2.13.1 (R Development Core Team 138 

2004). The test calculates a within-class agreement statistic (A = 1-δ/ Eδ) that compares the 139 

overall weighted mean of within-class mean dissimilarity (δ in Formula 1) and the average 140 

dissimilarity value across classes (mean of all the pairwise comparisons, Eδ).  141 
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       (Formula 1) 142 

where di is the average dissimilarity for class i and wi the weight applied to class i [wi= 143 

(si*(si-1)/2, with si= number of sites within class i]. MRPP also estimates a significance value 144 

associated with A, by performing n permutations (9999 in our case) on the dissimilarities across 145 

classes. A ranges between 1 and -1, when all assemblages within classes are identical, A reaches 146 

its maximum value of 1. If between-class similarity equals that expected by chance A = 0, and if 147 

between-class similarity is higher than expected by chance A < 0. To better understand the 148 

origin of the observed A value, we further explored the different components of CS, by 149 

checking within-class homogeneity (W) and between-class similarity (B) (Van Sickle and 150 

Hughes, 2000).  151 

 152 

2.4 Influence of landscape continuum on biota 153 

We used Non-Metric Multidimensional Scaling (MDS) to explore fish assemblage 154 

structure based on presence-absence data along the sampling sites. We used presence-absence 155 

since it is more suitable for comparisons between streams within a whole basin in a large spatial 156 

context, as our case, whilst abundance data is specially recommended for smaller areas where 157 

many taxa are widely distributed. Presence-absence data gives more weight to species with a 158 

reduced distribution than abundance data (Rabeni et al., 2002). Moreover, population densities 159 

are submitted to greater temporal (seasonal and inter-annual) and spatial rates of change than 160 

presence-absence data even under natural conditions in Mediterranean and other similar harsh 161 

environments (Meffe and Minckley, 1987; Matthews and Marsh-Matthews, 2003; Magalhães et 162 

al., 2007). Species presences have been proved to be more persistent than abundance through 163 

natural dramatic climatic events (frequent in these kinds of environments) as severe droughts or 164 

floods (Magalhães et al., 2007). In this way, we followed the recommendations in Hermoso et 165 

al. (2010) to reduce the potential differences in biotic composition across seasons and years, at 166 

which the study was carried out. The MDS was performed on a similarity matrix built on 167 

presence-absence data, recommended because it ignores joint absences, the predominant case in 168 

site x species matrices (Faith et al., 1987).  169 

We then checked the relationship between the spatial ordination obtained in MDS and the set of 170 

environmental variables describing natural gradients (Table 1). We used an independent 171 

multiple regression models for each of the three first ordination axes from MDS to try to 172 

describe the biological variation with the mentioned environmental variables. A stepwise 173 

approach with entry and removal criterion (set at r
2
=0.1) was followed. All variables were 174 

checked for redundancy prior their inclusion in models (r<0.5). If freshwater fish assemblages 175 
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were structured along environmental gradients we would expect the multiple regression models 176 

to explain a substantial proportion of each MDS’s axes. 177 

 178 

2.5 Influence of classifications  ́accuracy on bioassessment  179 

Ecological status is commonly assessed by comparing current assemblages to expected 180 

biotic communities in the absence of human perturbation obtained from predictive models 181 

(Hawkins et al., 2000b; Oberdorf et al., 2002). RIVPACS models (Wright, 1995; Clarke et al., 182 

2003) are one of the most widespread and accepted methods in bioassessment. Thus the 183 

accuracy of the evaluation depends on the ability of the predictive methods to correctly predict 184 

the expected fauna to be used as reference in the comparison. Failing at predicting species 185 

composition correctly will lead to overestimation or underestimation of the ecological status of 186 

a given freshwater ecosystem. 187 

To test the influence of different classification systems on predictive model accuracy, we 188 

built three different predictive models using the same data: 189 

 A forced RIVPACS model in which we avoided the initial classification step by using 190 

the top-down environmental classification described previously.  191 

 A standard RIVPACS model, in which the classes were derived using a bottom-up 192 

approach. We used a UPGMA classification method, based on the Bray-Curtis 193 

similarity of fish assemblages (Clarke et al., 2003). The same set of environmental 194 

predictor was used in both RIVPACS models, to avoid the effect of predictors on model 195 

performance. 196 

 An existing ANNA model (Linke et al., 2005) for the region (see Hermoso et al., 2010), 197 

in which sites are treated as a continuum and in which predictions are derived from the 198 

environmentally most similar reference sites. ANNA models finds the set of reference 199 

sites most environmentally-similar to the target site under evaluation and predicts its 200 

community composition based on the community composition of those nearest 201 

neighbours (Linke et al., 2005). The contribution of each selected reference site to the 202 

final prediction is weighted according to their relative distance to the test site. Then the 203 

closer the selected reference site, the higher is its weight on predictions. Our ANNA 204 

model used the nearest 6 reference sites to predict each species occurrences. 205 

Since the original number of reference sites we got within the Guadiana River basin was 206 

not large enough for model construction and validation, we selected a total of 28 extra reference 207 

sites from adjacent basins in the same biogeographical region (Tinto, Odiel and Guadalquivir 208 

basins; Fig. 1). All new reference sites belonged to the same environmental classes as the 209 

Guadiana sites, so they did not introduce additional variability for classification based 210 
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approaches. All sites were surveyed during the same period and using the same standardized 211 

sampling approach as explained above. Moreover new sites did not hold any new native species, 212 

so we did not include any additional biological variability in the analyses. Reference sites in 213 

these new catchments were identified using the same criteria as for the Guadiana River basin, so 214 

all of them fulfilled the minimum quality criteria. We used 65 reference sites to build the 215 

models and an independent set of 20 reference sites to validate them. We validated the models 216 

by plotting the observed vs the expected species richness. As sites used in the validation are 217 

reference sites, we anticipated a 1:1 correlation between observed and expected. We checked 218 

model fit through the regression line slope, intercept and R
2
 (Linke et al. 2005) and the standard 219 

deviation of O/E values (Van Sickle et al., 2005) in the validation data set. For the standard 220 

deviation, the upper and lower baselines for model performance were given by the SD of the 221 

best possible and the null models, as Van Sickle et al. (2005) suggested. The SD of a good 222 

model has to improve that displayed by the null model and should lie close to the best possible 223 

model. The classification strength of the a posteriori classification used in the Standard-224 

RIVPACS model was evaluated similarly to the WFD environmental classes. 225 

In case of a strong concordance of environmental classifications with fish assemblages, 226 

we expect the top-down RIVPACS model to perform as strongly as a RIVPACS model based 227 

on biota-driven classifications and the very-well performing ANNA model (Hermoso et al., 228 

2010). 229 

 230 

3. Results 231 

3.1 Biological significance of environmental classifications 232 

Overall, we found a weak correspondence between the fish assemblages and the 233 

environmental classification, indicating low biological significance of this classification. Mean 234 

within-class homogeneity was quite similar to between-class similarity (Table 2), so 235 

environmental classes were highly overlapped (Fig. 2). MRPP showed that the top-down 236 

environmental classification had a between-class similarity higher than expected if localities 237 

would have been grouped randomly (A=-0.03, P=764). The lack of concordance between the 238 

top-down classification and fish assemblages was not due the presence of homogeneous fish 239 

assemblages in the Guadiana River catchment. Fish species distribution patterns did exist and 240 

followed a clear habitat gradient, as indicated by the predictive capacity of the multiple 241 

regression models (Fig. 2). This result suggests a transitional replacement in species 242 

composition along the natural environmental gradient that was not portrayed by the 243 

environmental classification. 244 

 245 

3.2 Influence of environmental classifications on predictive model accuracy 246 
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The top-down environmental classification did not produce a valid RIVPACS model, 247 

with almost random predictions (Table 3). Although the standard bottom-up RIVPACS model 248 

outperformed the top-down RIVPACS model, it was still very poor as the slope and intercept of 249 

the O/E line for the validation data set exceeded the limits proposed by Linke et al. (2005) 250 

(Table 3). Both models used a similar number of classes (top-down RIVPACS used the 5 a 251 

priori environmental classes tested above, and the standard bottom-up RIVPACS used 4 a 252 

posteriori defined classes). The classes in the bottom-up classification were selected to 253 

maximize the compositional differences among classes by the UPGMA. Average species 254 

richness/ class was also very similar in both RIVPACS approaches, since it ranged between 2.7-255 

4.2 for the top-down RIVPACS and 2.5-4.6 for the standard bottom-up RIVPACS model. The 256 

improvement in model performance when using bottom-up defined classes could be related to 257 

the higher classification strength of the bottom-up classification that the standard RIVPACS 258 

used (A=0.19, P<0.001). However, the steep slope of the regression line between observed and 259 

expected richness that the standard bottom-up RIVPACS model showed increases the risk of 260 

Type I error when assessing the ecological status. For the subset of reference sites used in the 261 

calibration, the expected species richness to be found where higher than the observed in field 262 

(Table 3). For this reason the O/E score will be below 1 even in reference sites, which will be 263 

wrongly labelled as perturbed (O/E<1). Moreover, the predictive range of species richness was 264 

very narrow and never over four species, which increases the probability of Type II errors as 265 

well. RIVPACS approach would be inefficient in detecting species loss in the richest sites and 266 

thus potentially fails to detect perturbation. 267 

The continuous ANNA model outperformed the classification-based models. The slope 268 

(not different from 1, b=1.063, t-test, p=0.58), intercept (not different from 0, a= 0.058, p=0.95), 269 

R
2
 and SD (Table 3) were within the standard range of models (see Linke et al., 2005). This 270 

ensures that Type I and Type II errors in the bioassessment are lower than in the other models 271 

(Table 3). Furthermore, ANNA was the only model which correctly predicted the presence of all 272 

the species at least once.  273 

 274 

4. Discussion 275 

The ability of bioassessment programs to objectively evaluate the ecological status of a 276 

given system depends largely on how well we can describe expected conditions for each site 277 

under evaluation, or in other words, how accurately we can define reference conditions. 278 

Biological assemblages are known to change along environmental gradients (Rahel and Hubert, 279 

1991), so reference conditions should ideally account for those changes. Despite the 280 

improvement of bottom-up vs top-down classification schemes to portray the patterns in fish 281 

assemblages [similar to Padial et al. (2012)], none of the classifications tested in this study were 282 
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able to define strong biological classes. Even when the biological data were used to define 283 

classes in the bottom-up approach, the classification obtained was characterized by high 284 

between-class similarity, and far from an ideal classification for bioassessment purposes 285 

(Dodkins et al., 2005). Moreover, classes in the environmental top-down classification were not 286 

more biologically homogeneous than a random aggregation. Under this scenario, the observed 287 

fish assembalge would be evaluated against a “random-like” set of reference conditions that do 288 

not account for the natural variability in assemblage composition. This is a key issue, since the 289 

likelihood of committing type I and II errors when using “random-like” reference conditions is 290 

very high. Freshwater fish assemblages tend to become richer and more diverse towards low 291 

reaches (e.g., Magalhães et al., 2002; Clavero et al., 2005), so the use of reference conditions 292 

not better chosen than random will bias the evaluation process. For example, when assessing the 293 

status of a headwater reach, the expected assemblage should resemble that of headwaters (low 294 

richness and diversity), otherwise the evaluation will be prone to underestimate the true 295 

ecological status of this headwater reach (expected richness and diversity will always be higher 296 

than achievable for that reach). On the other hand, if evaluating the ecological status of a low 297 

reach using headwater fish assemblages as reference conditions, the evaluation will tend to 298 

overestimate the true status (even when some perturbation might have happened, species 299 

richness and diversity could be higher than expected for a headwater reach). Given the key 300 

importance of correctly defining reference conditions and the difficulties of doing it when using 301 

classification approaches, we would strongly recommend evaluating the biological significance 302 

of any classification (either top-down or bottom-up) used for bioassessment purposes.  303 

Several studies have analysed the concordance between environmental classifications and 304 

biological communities. According to these studies, environmental classifications sometimes 305 

portrayed the variability of stream assemblages to some degree, although the strength of these 306 

classifications was rather weak (Hawkins et al., 2000a; Van Sickle & Hughes, 2000; Heino et 307 

al., 2002). Despite the poor capacity of classes to portray biologically homogeneous classes 308 

reported in previous studies, the use of these classifications has still been strikingly 309 

recommended. We acknowledge that achieving a perfect classification is a rather complex task 310 

in nature, but whenever the performance of a given classification is not good enough as to 311 

ensure reasonable estimates of reference condition we would recommend avoiding it and using 312 

continuous approach instead. These approaches are available elsewhere and are increasingly 313 

being used in biological assessments [e.g., Generalised Dissimilarity Modelling (Ferrier, 2002), 314 

ANNA (Linke et al., 2005) or Multivariate Adaptive Regression Splines (Leathwick et al., 315 

2005)]. 316 

The lack of biological significance of classifications has traditionally been linked to the 317 

effect of many taxa varying independently and weakly in response to environmental gradients 318 
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(Heino et al., 2003; Snelder et al., 2004; Heino and Mykrä, 2006). The weak biological response 319 

to environmental gradients could have been argued as the reason of the poor classification 320 

performance reported here. Mediterranean fish assemblages are characterized by low species 321 

richness, high endemicity and low specialization levels (fish species have evolved in a harsh 322 

environment where specialization is not the best strategy). The conjunction of low-species 323 

richness assemblages and generalist species could entail weak responses to environmental 324 

gradients and then difficulties to obtain strong classifications. However, this seems not to be the 325 

reason of the poor performance showed by the two alternative classification approaches we 326 

tested here. In our case a response of freshwater fish assemblages to the main environmental 327 

gradient existed. We found patterns in species composition that could be related to a 328 

longitudinal (upstream-downstream) environmental gradient. The effects of these gradual 329 

biological changes in response to habitat gradients on grouping performance have extensively 330 

been reported in scientific literature: (i) Van Sickle and Hughes (2000) showed that a 331 

classification based on the proximity of sites was stronger than any other a priori classification. 332 

(ii) Hawkins and Vinson (2000) showed that classifications in which sites within a class were 333 

located relatively close to one another were stronger than classifications in which sites were 334 

located in geographically non-contiguous classes. Thus, the inability of both classification 335 

systems to account for the observed longitudinal zonation of biotic communities (Hawkins and 336 

Vinson, 2000; Snelder et al., 2004) seems to be the main reason of the poor grouping 337 

performance that they displayed. This might not be constrained by the peculiarities of the 338 

Mediterranean fish assemblages used here. Similar performance levels have been reported in 339 

other areas with distinct fish assemblages, such as the Wet-tropics region in Australia 340 

(Januchowski et al., 2011), so our recommendations could be extrapolated elsewhere. 341 

As expected, the absence of biological concordance of the top-down and bottom-up 342 

classifiactions had immediate consequences on model performance. The top-down RIVPACS 343 

model did not predict species richness at new sites better than randomly and would thus not be 344 

suitable for bioassesment. This is not a surprising conclusion as the high within-class 345 

heterogeneity displayed by the top-down environmental classes did not allow the RIVPACS 346 

model to match particular fish assemblage compositions to specific environmental conditions. 347 

Given the proven weaknesses of the top-down classification derived from the application of the 348 

WFD’s system B that we tested here and its potential negative effects when identifying 349 

reference conditions, we recommend avoiding its use for fish-based bioassessment.  350 

The bottom-up classification approach (standard RIVPACS model) resulted in better 351 

model performance than the top-down classification due to the improvement in the 352 

classification strength, and the ability to discriminate between different fish communities. 353 

However, both type-specific predictive models were outperformed by the continuous approach 354 
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through the ANNA model. Given the clear biotic pattern we found, assemblages would not be 355 

expected to show much tendency to cluster into discrete classes, and any classification of 356 

species into a few classes would thus only allow a coarse estimation of the actual fauna 357 

expected to occur at a site (Hawkins and Vinson, 2000). This is expected to happen even when 358 

using bottom-up classifications as the standard RIVPACS did. Predictions of expected 359 

conditions derived from this bottom-up classification entailed a high risk of type I and II 360 

statistical errors. On the other hand, the ANNA model was an average/good model. As expected 361 

a model that accounted for the continuous nature of streams would better fit the biological data 362 

and would deliver more accurate predictions - as the ANNA model did.  363 

The implementation of bioassessment programs for the protection and restoration of 364 

biological integrity poses a great advance in the management of worldwide freshwater 365 

ecosystems. However, two key lessons might be learnt from this study: 366 

1. Environmental classifications often have no biological meaning. Then bioassessment 367 

methods that classify sites into a few discrete classes are likely to be limited in how 368 

precisely they can specify expected reference conditions, and thus the degree of 369 

biological impairment that they can detect. 370 

2. Continuous approaches are sometimes more accurate than classifications. They avoid 371 

the effects of imprecise classifications and better portray the continuous nature of rivers. 372 

So when stream classifications affect the precision of bioassessment as severely as our 373 

analysis indicates, it is highly recommended to use methods that do not rely on site 374 

classification for specifying reference conditions (Hawkins and Vinson, 2002). Instead of that 375 

we recommend using alternative methods which avoid artificial classifications and recognise 376 

streams as biological continua through site-specific measures. These methods allow more 377 

refined predictions of reference conditions and more objective assessment of ecological status 378 

hence. 379 

 380 
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Table 1. Set of environmental variables used to describe environmental characteristics. * 

Denotes those variables possibly affected by human perturbation and not included as predictors 

in ANNA and RIVPACS models, but used to identify reference sites following the method 

porposed in Hermoso et al. (2009). Reference sites covered a wide range of environmental 

conditions as mean values in non-perturbed variables show. 

 

 

Data sources 

1 Digital Elevation Model (90 m resolution). Confederación Hidrográfica del Guadiana. 

2 Stream network provided by the Confederación Hidrográfica del Guadiana. 

3 Atlas Climático Digital de la Península Ibérica (Ninyerola et al., 2005)  

4 CORINE Land-Cover 1:100.000. Confederación Hidrográfica del Guadiana. 

Scale Variable Method Mean 

Reference 

Mean 

Perturbed 

Range 

Site Water depth (cm)  In situ 40.2 40.0 7.0-200 

 Refuge cover availability (m2 of shelter/river 

width) 

In situ 5.0 5.9 0.0-60.6 

 Elevation (m) 1 GIS 393.0 392.7 7.1-974.9 

 Relative position (dist. to the most headwater 

point/total length of the stream) 2 

GIS 0.4 0.5 0.04-1.00 

 Stream order (Strahler) 2 GIS 2.1 2.1 1.0-6.0 

 Distance to headwater (km) 2 GIS 97.9 63.2 3.6-1,036.1 

 Distance to Guadiana River (km) 2 GIS 71.7 52.7 0.0-196.0 

 River width (m) * In situ 12.6 10.4 1.4-123.0 

 Substrate coarseness (Wentworth scale) * In situ 6.0 4.9 1.0-9.0 

 Riparian Quality Index (QBR, Munne et al. 

[2003]) * 

In situ 79.8 54.3 0-100 

 NH4
+ (mg/L) * In situ 0.36 1.78 0.02-51.60 

 NO2
- (mg/L) * In situ 0.04 0.13 0.01-2.00 

 NO3
- (mg/L) * In situ 2.74 4.63 0.50-55.90 

 PO5
3- (mg/L) * In situ 0.50 1.20 0.05-23.20 

 SO4
2- (mg/L) * In situ 98.1 123.8 10.0-2380.0 

 Cl- (mg/L) * In situ 35.5 72.7 2.0-834.0 

 Water temperature (ºC) * In situ 19.6 20.9 9.4-32.6 

 Conductivity (μS/cm) * In situ 471.8 684.9 38.0-3230.0 

 pH * In situ 7.7 7.8 2.21-10.63 

 Annual precipitation (mm/m2) 3 GIS 675.7 554.0 370.2-1114.5 

 Solar radiation (10 KJ/m2*day*μm) 3 GIS 2033.8 2034.5 1646-2227 

 Average annual air temperature (ºC) 3 GIS 15.7 15.8 13.0-18.0 

 % Exotic fish abundance* In situ 1.0 50.0 0-100 

Reach  
(500 m) 

Slope (0/00) 1 GIS 8.9 4.6 0.00-58.03 

 Sinuosity 2 GIS 1.2 1.2 1.00-2.79 

 Land uses 4 

Urban/Industrial (%) * GIS 
 

5.0 

 

10.0 

 

0.0-36.0 

 Intensive agriculture (%) * GIS 9.0 36.0 0.0-100.0 

 Extensive agriculture (%) * GIS 3.0 8.0 0.0-100.0 

 Natural (%) * GIS 86.0 54.3 0.0-100.0 

Basin Basin area (Drainage surface upstrema of 

each site, 103 km2) 1 

GIS 4.1 2.3 0.9-5919.1 

 Gravelius index 1 GIS 1.6 1.7 1.14-2.68 

 Land uses 4 

Urban/Industrial (%)* GIS 

 

4.1 

 

4.6 

 

0.0-6.7 

 Intensive agriculture (%)* GIS 13.1 27.0 0.0-97.0 

 Extensive agriculture (%)* GIS 7.8 12.5 0.0-89.1 

 Natural (%)* GIS 78.5 59.6 0.9-100.0 

 Reservoir (%)* GIS 0.15 0.43 0.0-21.2 

 Population density (inhabitant/km2)*5 GIS 15.6 23.6 0.0-459.3 
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5 Instituto Nacional de Estadística, available at www.ine.es (May 2006). 
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Table 2. Results of the biological significance of environmental classification analysis. It 

is shown the partial within-class similarity for each water body type considered (Wi) (all except 

Continental-Mediterranean mineralized rivers with no reference locality), mean all within-class 

(W) and between-class (B) similarity.  

 

Water body type Wi B 

Main rivers in Mediterranean environments 0.71 0.48 

Low Mediterranean siliceous mountains rivers 0.50  

Guadiana and Tajo siliceous plain rivers 0.57  

Rivers of “La Mancha” 0.85  

Siliceuos rivers of Sierra Morena Low-Foothills 0.47  

W 0.56  

 



21 

 

Table 3. Parameters describing the O/E regression line for the validation data set (n=20 

sites) for the three different predictive approaches. The upper and lower baselines for model 

performance measured as SD of the best possible model and the null model sensu Van Sickle et 

al. (2005) is also given between parentheses. Since the validation data set was the same for all 

the models, these values are shared by all of them. * Denotes parameters for which no 

significant differences were found (p<0.05) respect the expected value for a good fit (1 and 0 for 

slope and intercept respectively). 

 

Predictive method Slope Intercept R2 SD (0.38-0.45) 

Top-down RIVPACS  0.28 1.37 0.05 0.41 

Bottom-up RIVPACS  1.36 -0.89 0.22 0.40 

ANNA 1.06* 0.06* 0.43 0.39 
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Figure 1. Location of the Guadiana River basin and the extent of the six top-down 

environmental classes defined using the classification system B specified in the Water 

Framework Directive. 

Figure 2. Multi Dimensional Scaling (MDS) ordination plots for the 57 reference sites in 

the Guadiana River basin. Different environmental classes are denoted as follow: Main rivers in 

Mediterranean environments, open squares; Low Mediterranean siliceous mountains rivers, 

open circles; Guadiana and Tajo siliceous plain rivers, black diamonds; Rivers of “La Mancha, 

black circles; Siliceous rivers of Sierra Morena Low-Foothills, black triangles. The centroid of 

each class (average within-class MDS scores) are represented with larger symbols for each 

class. Bars show within-class Standard Deviation. Environmental variables selected in each 

multiple regression model are shown on each MDS axis. Model fit (R
2
) is also given for each 

model. 


