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A B S T R A C T

Streams and rivers are among the most threatened ecosystems globally, as they integrate processes and stressors 
across local and regional scales. Although research on multiple-stressor effects is growing rapidly, field assess
ments remain challenging due to complex interactions between natural and anthropogenic drivers. Combining 
expert knowledge with machine learning can support decision-making for classifying dynamic ecosystems, 
overcoming data-limitations. We aimed to assess how expert-based classifications of anthropogenic pressures 
match data-driven classification based on benthic macroinvertebrates taxonomic and functional composition by 
applying a Random Forest (RF) approach. We used data typically available at Environment Agencies in charge of 
implementing WFD requirements. Based on stressor-specific indices and local practitioners' expertise, 160 stream 
sites in Trentino (NE Italy) were classified according to hydrological, morphological, and chemical alterations, 
including pristine conditions. Most sites were a-priori classified as impacted by one or more stressors and 16% as 
unimpacted. RF classification matched the expert-based classification only partially, confirming macro
invertebrate sensitivity to hydro-morphological alterations. Functional traits were less informative than taxo
nomic features in discriminating between water quality alteration and pristine conditions, and in detecting 
pollution when additional hydrological stressors (e.g., reduced flow or hydropeaking) were present. However, 
both functional and taxonomic features reliably detected water pollution even where other hydro-morphological 
alterations occurred. These findings suggest that macroinvertebrate-based indicators commonly used to assess 
the ecological status of mountain streams capture overall waterbody stress but have limited ability to discrim
inate among different stressor types. The proposed approach can be replicated and upscaled to broader regions, 
offering valuable insights for the management of Alpine running waters.

1. Introduction

As freshwater habitats and biodiversity continue to display the most 
rapid rates of degradation (Tickner et al., 2020), the need for cost- 
effective and sensitive indicators of environmental stress is more ur
gent than ever. This task is particularly challenging in running waters 
where organisms are affected by a range of natural and anthropogenic 
disturbances that interact over a range of spatial and temporal scales. 
Although our understanding of the effects of multiple stressors on nat
ural systems has grown (Orr et al., 2024; Birk et al., 2020; Ormerod 
et al., 2010), most assessments relied on manipulative approaches in 
controlled environments, which may limit ecological realism (Spears 

et al., 2021). In addition, most of the currently adopted biological in
dicators used to classify the ecological integrity of natural systems lack 
stressors-specific sensitivity (e.g., Friberg, 2014), limiting our ability to 
identify and disentangle the relative influence of different stressors.

The use of biological indicators has a long tradition in freshwater 
science and management, where fish and benthic macroinvertebrates 
have been widely used to define the ecological integrity of water bodies. 
In Europe, macroinvertebrates represent a key biological quality 
element used to guide the classification of running waters in line with 
the Water Framework Directive (WFD 2000/60/EC; European Parlia
ment, 2000). However, benthic organisms are predominantly influenced 
by water physical-chemical quality, and most derived metrics thus 
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reflect their specific sensitivity to organic pollution (Friberg, 2014). This 
issue is particularly relevant for Alpine streams and rivers, where 
anthropogenic modification often results in drastic changes in the hy
drology and channel morphology, without necessarily affecting water 
quality (Comiti, 2012; Bruno et al., 2010). The uncritical use of bio
logical indicators to guide ecological classifications and identify threats 
can lead to ill-advised management actions, as emphasised in studies 
conducted in the Alpine environment (Larsen et al., 2019a; Laini et al., 
2018; Quadroni et al., 2017), despite improvements in sampling 
methods have been recently proposed to assess the effect of stressor 
removal through river restoration (Devreux et al., 2025).

More effort is needed to examine the combined and individual effects 
of hydrological and morphological alterations on Alpine streams, and 
the extent to which water quality influences the identification of po
tential bioindicators to complement currently adopted metrics. How
ever, quantitative information about the degree to which individual 
river reaches are affected by specific stressors is often scarce, limiting 
the ability to model biotic responses. On this theme, the importance of 
local expert knowledge has gained increasing recognition in applied 
ecology as a valuable complement to data-based approaches and a 
resource in decision-making processes (Bélisle et al., 2018; Martin et al., 
2012; Perera et al., 2012), which can also overcome typical resources or 
data limitations (Hemming et al., 2018). In evaluating ecological con
ditions of habitats, local environmental practitioners can often com
plement quantitative data with qualitative estimates of the types and 
levels of stressor affecting ecosystems (Drescher et al., 2013). In fact, 
despite an increasing number of studies addressing multiple stressor 
effects in aquatic systems (Lemm et al., 2021; Birk et al., 2020; Ferreira 
et al., 2019), assessments of stressor-specific effects under complex, 
multi-pressure conditions at the reach scale remain limited also due to 
data availability constraints (He et al., 2023; Spears et al., 2021). To 
address this gap, in the specific case of stream ecosystems, we argue that 
combining expert-based classification of ecological status with a data- 
driven approach can help identify aspects of community structure or 
function that are associated with specific stressors and multiple distur
bances that can support ecological assessment. In this context, machine 
learning methods and classification trees can provide an effective means 
to model complex ecological interactions, enhancing the detection of 
stressor-specific responses and identifying the main features involved 
(Cutler et al., 2007). In fact, when it comes to data-driven classification 
approaches, machine learning methods are particularly useful in 
ecological research, being able to model non-linear relationships in 
high-dimensional data with often correlated variables. These methods 
are increasingly adopted in applied ecology and in river research (Ho 
and Goethals, 2022), for example to model habitat suitability (e.g., 
Theodoropoulos et al., 2018; Vezza et al., 2014; Poff and Zimmerman, 
2010; Özesmi et al., 2006;), water quality (e.g., Politikos et al., 2024; 
Zanoni et al., 2022; Singh et al., 2009), and patterning abiotic-biotic 
relationships (e.g., Yao et al., 2026; Krtolica et al., 2025; Gabriels 
et al., 2007; Chon et al., 2001; Lek et al., 1996).

The main goal of this study is to evaluate whether a-priori expert- 
based stressors classification of Alpine river reaches matched a-poste
riori classification based on benthic communities using a random forest 
(RF) approach. Specifically, we aimed to assess the capacity of macro
invertebrate taxonomic and functional composition to discriminate be
tween different types and combinations of anthropogenic pressures by 
testing several binary classifications in order to: i) determine which type 
of stressor (or combination thereof), including water quality, hydro
logical and morphological alterations, can be reliably detected based on 
macroinvertebrate assemblages; ii) identify which taxonomic and 
functional features were more informative for the classification process.

To address those objectives, six pairwise comparisons were designed 
to test whether macroinvertebrate composition could be used to detect: 
1) any type of alteration, independently of their nature; 2) hydro- 
morphological alteration; 3) water quality alteration (i.e. pollution); 
4) the effects of water pollution in reaches that are also affected by both 

hydrologic and morphologic alteration; 5) the effects of water pollution 
on reaches that are affected only by hydrologic alteration; 6) the effects 
of water pollution on reaches affected by morphologic alterations. These 
specific comparisons were examined as they represent typical combi
nations of stressors in Alpine streams (Ferreira et al., 2019; Chiogna 
et al., 2016; Schinegger et al., 2012). Our study takes an original 
approach whereby we use a large suite of taxonomic (abundances of 
taxa) and functional (ecological traits) features to predict a-priori clas
sified river reaches based on local expert knowledge and qualitative 
physico-chemical and hydro-morphological indicators.

2. Methods

2.1. Study area

The study area covers the main river catchments of Trentino Prov
ince (Fig. 1), North-Eastern Italy, characterised by Alpine and mountain 
territory with glacial U-shaped valleys and a mix of sedimentary car
bonate (mainly dolomite) and metamorphic and igneous rocks (gneiss). 
Only 24% of the total 6200 km2 surface of the region lays below 1000 m 
a.s.l., with altitudes ranging from 65 m at Garda Lake to 3767 m at 
Mount Cevedale. Due to this elevation gradient, rivers display torrential 
regime, strongly oxygenated waters and generally low temperatures 
(<10 ◦C). The main water use is for hydroelectric production (91.2%), 
where the withdrawn water is entirely returned after use, without 
consumption, followed by aquaculture (3.4%), agricultural use (3.1%) 
and civil use (1.6%) (RSA, 2020). As a consequence of the strong hy
droelectric water use and the presence of a large number of reservoirs (i. 
e., 96 dams with reservoir volumes greater than 5000 cubic metres and 
23 large hydropower plants, not including the small, run-of-the-river 
hydropower plants across the territory), the hydrological regime of 
most rivers is altered (Larsen et al., 2019a; Zolezzi et al., 2009). Contrary 
to the widespread hydro-morphological alterations, most rivers display 
good water quality, with only 4 out of 412 monitored rivers not reaching 
good chemical status according to the WFD (RSA, 2020).

This study included 160 sampling stations distributed across 90 
streams monitored by the Environmental Protection Agency of the 
Autonomous Province of Trento (APPA), covering an elevational range 
from 65 to 1720 m a.s.l. (Fig. 1). Most of the sampling monitoring sites 
(i.e., 54 monitoring stations) refer to the Trentino section of the Adige 
River, the second-longest Italian river (catchment in Trentino: 948 km2), 
and its main tributaries: the Noce River (1367 km2, 19 stations) on the 
right, the Avisio River (940 km2, 19 stations) and the Fersina River (170 
km2, 11 stations) on the left; other rivers are the Sarca River (1268 km2 

whole catchment area included in the Trentino Province, with 31 sta
tions) and the Trentino section of the Brenta River (618 km2, with 15 
stations). A few stations were located in the small Trentino section of the 
Chiese River (409 km2, 6 stations), Vanoi River (237 km2, 3 stations), 
Cismon River (209 km2, 1 station) and Astico River (80 km2, 1 station). 
Each sampling site was characterised according to stream typology, 
distance from the source, Strahler number, and hydroecoregion type 
(Table 1).

2.2. Macroinvertebrate sampling and processing

Macroinvertebrates were collected by the APPA as part of their 
institutional monitoring programs at fixed monitoring stations. For this 
study, we selected only macroinvertebrate samples collected for at least 
three seasons, to account for seasonal variability. The resulting dataset 
included 160 stations (Fig. 1), each surveyed one to three times across 
different seasons over a 10-year period (i.e., from 2009 to 2019), 
generally at intervals of 3–6 years, resulting in sparse temporal repli
cation. Overall, 1049 macroinvertebrate samples were included. Mac
roinvertebrate sampling followed the multi-habitat proportional 
approach defined in the AQEM protocol (Hering et al., 2004) and in the 
Italian ISPRA Manual n.111/2014 (ISPRA, 2014): a total area of 1 m2 
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was sampled by collecting 20 Surber (23 × 22 cm, mesh size 500 μm) 
replicates within a 20–50 m reach, distributed across the different 
riverbed microhabitats in proportion to their relative occurrence and 
substrate diversity. Ephemeroptera and Plecoptera were identified at the 
genus level, while the other taxa were identified at the family level. Only 
taxa observed in more than 10 samples were included in the analyses 
(see Table S1). The final database included 80 taxa for a total of 
1,997,621 specimens.

2.3. Functional traits selection and processing

Trait information was retrieved from www.freshwaterecology.info
(Schmidt-Kloiber and Hering, 2015) and refers to regional preference (i. 
e., zonal and altitude preference), habitat preference (e.g., flow, tem
perature and microhabitat/substrate preference) and other life-history 
characteristics (e.g., feeding type, maximal size, locomotion type, 
longevity, life cycle, respiration, reproductive strategy), totalling 13 
traits and 67 modalities (Table S2) available for 65 out of the 80 sampled 
taxa. The association scores of each trait modalities were standardised 
between 0 and 1 so that the sum for each trait was equal to 1 (Darr et al., 
2014). To derive community-level trait proportions, affinities were 
weighted by species abundance using the functcomp function in FD 
package (Laliberté et al., 2014).

2.4. Anthropogenic stressors classification

To classify each sampling station according to the presence of spe
cific anthropogenic alterations, we combined qualitative indicators 
(where available) and the expert opinion of personnels of the Water 
Quality Unit of APPA in charge of assessing the Ecological Status in the 
context of the WFD 2000/60/EC. We focused on alteration of natural 
river hydrology (hydropeaking and/or minimum vital flow conditions), 
morphology (presence of artificial embankments, weirs, dam or chan
nelization) and water quality (physico-chemical parameters), and their 

interaction. The LIMECO index (Livello di Inquinamento dai Macro
descrittori per lo stato ecologico; according to the Italian law D.M. 260/ 
2010), a multi-metric indicator of water pollution based on threshold 
levels for the concentration of oxygen, ammonia, nitrate and total 
phosphorus (Azzellino et al., 2015), was used to identify water quality 
alterations (hereafter referred as pollution). The MQI (Morphological 
Quality Index, Rinaldi et al., 2013), which estimates stream morpho
logical alteration with respect to reference state, was used to identify 
morphological alterations. Both indices range over five quality classes 
(high, good, moderate, poor and bad) and reaches with values equal to 
or lower than moderate (i.e., moderate, poor and bad) were identified as 
polluted and/or morphologically altered. Finally, the IARI index (Indice 
di Alterazione del Regime Idrologico, Bussettini et al., 2011), largely 
inspired to the well-known Indicators of Hydrologic Alteration (Richter 
et al., 1996) estimates three levels of flow regime conditions (i.e., high, 
good and bad) based on their alteration relative to reference conditions, 
using streamflow series on a daily or monthly scale. Reaches with ‘bad’ 
flow regimes were classified as hydrologically altered.

These quality indicators were available for a subset of the streams 
and refer to spatial river units that typically coincide with morpholog
ically and hydrologically homogeneous reaches, where the macro
invertebrate sampling stations were located. These reaches often 
coincided with those portions of rivers formally classified as a “water 
body” within the application of the WFD requirements at a national 
level. To complement and further validate the classification of these 
stream reaches based on the upstream or local presence of the key 
stressors, we involved local environmental practitioners from the APPA. 
Anthropogenic impacts at reaches lacking complete qualitative in
dicators were evaluated using practitioners' knowledge of local and 
upstream conditions, considering pressures and impacts at the water 
body scale according to WFD. Each stream reach was classified as pris
tine or affected by one or more stressors as described in Table 2. For 
example, the presence of sewage treatment plants, high levels of E. coli 
bacteria, fish aquaculture, intensive agriculture or farms in the 

Fig. 1. Map of the main river networks of Trentino Province (Italy) and the 160 sampling sites monitored by APPA included in the analysis.
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surrounding area of the sampling site were examined to assess water 
quality and, if deemed appropriate, were considered as polluted sites. 
Similarly, for hydrological or morphological stressors, we recorded the 
upstream presence of hydroelectric plants, embankments or artificial 

barriers as reported by the APPA experts.

2.5. Random forest (RF) analysis

To discriminate among stream sites affected by specific or combined 
stressor scenarios based on the benthos community structure, indepen
dent RF models were developed using macroinvertebrate taxa abun
dances (measured as number of individuals per m2) and functional 
composition (as community weighted means, i.e., the proportion of each 
trait category weighted by the relative abundance of taxa) as predictor 
variables. In keeping in line with the RF literature (e.g., Sahli, 2020; 
Buskirk et al., 2018), we refer to the predictor variables as “features”. In 
both cases, a set of key environmental variables were also included as 
predictor features (Table 1). These variables describe characteristics 
related to elevation, stream gradient, stream order and season, and were 
included not only because they directly and indirectly influence benthic 
organisms, but also because they often covary with the key stressors 
investigated. For example, lower distance from the source and steep 
gradient typical of headwater reaches, may be associated with good 
water quality but also presence of dams (Buchanan et al., 2022).

The six pairwise stressor comparisons tested are listed in Table 3; 
these comparisons were designed to assess the models' ability to 
discriminate between specific stressors (or lack thereof) and identify the 
predictor features contributing the most. The first binary classification 
compared altered vs non-altered sites (ALL-N), where the first group 
included all altered stream reaches affected by one or a combination of 
stressors and the second group included only pristine sites. This pro
vided an overall test for identifying the presence of any type of stressors, 
regardless of type or combination. The second (HM-N) and third (P-N) 
comparison tested the ability to respectively identify the presence of 
hydro-morphological and water quality alterations (pollution), as 
compared to non-impacted reaches. The last classifications aimed at 
assessing the ability of the model to identify water quality alterations 
(pollution) in reaches also affected by other stressors, including both 
hydro- and morphological (PHM-HM), only hydrological (PH-H) and 
only morphological (PM-M) alterations.

For each binary classification, the Random Forest workflow included 
100 repeated random training-test splits to build the RF classifier, ac
curacy evaluation against null models, optimisation of model parame
ters, assessment of classification significance, implementation of 
balanced subsets (model-b), and extraction of variable importance. The 
median prediction accuracy, along with the 1st and 99th percentiles, 
was computed to describe the variability across the 100 models. Pre
diction accuracy was calculated also for a set of ‘null’ models based on a 
randomised labelling approach, in which group identities were shuffled 
across sites before each training-test split, while preserving the original 
number of observations per category (i.e. the unbalanced design), 

Table 1 
Environmental variables recorded at each sampling site and included as pre
dictors (i.e., features) in the RF classifier models.

Predictor variables Code Definition % Sites 
within each 
predictor

TYPES OF ALPINE 
STREAMS

SS rhithral (headwaters-fed 
mainly by rain and 
snowmelt runoff)

91

GH kryal (streams-fed by 
glacial meltwater)

3

SR krenal (groundwater-fed 
streams, mountain areas or 
high elavation)

2

AS spring (groundwater-fed 
streams, low elevations, 
piedmont or valleys)

1

IN Intermittent river 3
DISTANCE FROM THE 

SOURCE
1 <5 km 16
2 5–25 km 58
5 25–75 km 17
4 75–150 km 3
5 >150 km 3
6 Intermittent meandering 

rivers (sinuous or confined)
3

SEASON Winter ​ 25
Spring ​ 31
Summer ​ 27
Autumn ​ 17

ELEVATION RANGE <400 m ​ 44.5
400- 
800 m

​ 31

>800 m ​ 24.5
STRAHLER NUMBER 1 ​ 44.5

2 ​ 33
3 ​ 15
4 ​ 2.5
5 ​ 5

HYDROECOREGION 
TYPE

02 Southern Pre-Alps and 
Dolomites; calcareous 
mountains with massive 
and carbonated rocks

64

03 Inner Alps; alpine high 
mountains with crystalline 
mountains

36

Table 2 
List of pressure type classification and the corresponding number of APPA 
macroinvertebrate monitoring stations and records associated with each pres
sure type.

PRESSURE TYPE 
(Code)

Definition of pressure types N 
stations

N 
records

N Pristine; non altered 27 181
H Unpolluted but hydrologically 

altered
15 90

M Unpolluted but morphologically 
altered

36 235

HM Unpolluted but hydro- 
morphologically altered

28 183

P Polluted but not hydro- 
morphologically altered

13 67

PH Polluted AND hydrologically 
altered

6 48

PM Polluted AND morphological 
altered

18 119

PHM Polluted AND hydro- 
morphologically altered

19 126

​ Total number 162 1049

Table 3 
List of pairwise comparisons tested (pressure type code defined in Table 2). 
Alteration (ALL) = all combinations of stressors (i.e., P, PH, PM, HM, PHM, H, 
M). Model-a includes all records, while model-b only watershed-balanced data.

Binary classification code N cases 
Model-a

N cases 
Model-b

1 Alteration vs No alteration (ALL-N) ALL 
N

868 
181

584 
158

2 HyMo vs No alteration (HM-N) HM 
N

183 
181

183 
170

3 Polluted vs No alteration (P-N) P 
N

67 
181

67 
144

4 Polluted & HyMo vs HyMo (PHM-HM) PHM 
HM

126 
183

126 
144

5 Polluted & Hydro vs Hydro (PH-H) PH 
H

48 
90

37 
48

6 Polluted & Morpho vs Morpho (PM-M) PM 
M

119 
235

101 
114
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resulting in 100 independent null models for each pairwise comparison. 
Thus, ‘null’ RF classifications were used to estimate the distribution of 
predictive accuracy values expected by chance, accounting for differ
ences in sample size across categories and ensuring comparability with 
the RF classification models trained on the real labels (i.e., the actual 
stressor classification, considered as ‘real’ models). RF analysis was 
performed using the tuneRF function from the randomForest package 
(Liaw and Wiener, 2002) in R statistical software (R Development Core 
Team, version 4.3.0). In the classification algorithms, we included the 
optimisation of the mtry parameter (i.e., the number of variables 
randomly sampled as candidates at each split), selecting for each iter
ation the value with the minimum stabilised estimate of error rate, while 
keeping the number of trees fixed at 500 (Oshiro et al., 2012). For each 
classification, model performance was considered significantly accurate 
if the prediction accuracy intervals from the real models did not overlap 
with the confidence interval of the null models' accuracy distribution.

The use of ‘null’ model approach, whereby we shuffled the observed 
sample labels, also controlled for any inherent bias to data unbalance (i. 
e. the null models were equally unbalanced). However, to further 
minimise the influence of the unbalanced number of observations be
tween groups in some pairwise binary classifications (e.g., many ob
servations from watersheds with altered reaches and few in pristine 
conditions), all RF models were repeated with a specific subset of ob
servations. This more balanced RF is referred to as model-b and contrasts 
with model-a, which retains the original number of observations derived 
from the combination of presence and absence of the stressors of interest 
(Table 3). Specifically, in model-b we only included samples from wa
tersheds where both categories of the binary classification were present 
and represented more than 10% of all records in the given watershed. In 
other words, to limit bias associated with watershed identity, we 
excluded cases where a given watershed only contributed to one of the 
two categories included in the RF classifier. In addition, during the 
implementation of model-b tests, we measured the importance assigned 
to each variable by the RF through the Mean Decrease Gini (MDG) index, 
which describes the quality of the split of a node on a variable, averaged 
over all trees (Han et al., 2016). To identify the most relevant environ
mental and taxonomic/functional features driving RF classification, the 
first 15 most important features were extrapolated, reporting their 
ranking over all 100 models and their association with specific pressures 
based on their mean relative values (i.e., abundance for taxa and traits, 
and actual values for environmental features), calculated as the relative 
difference between group means and normalised by the maximum value.

Finally, to allow comparison of the predictive ability of different 
models, and to estimate which stressors were better identified, we 
derived a non-parametric effect size. Specifically, we did not focus on 
the absolute model accuracy, but rather on comparing the observed 
model predictions relative to its ‘null’ control (randomised) model. We 
used an adjusted effect size (d) that accounts for differences in the 
number of observations in each model; the non-parametric effect size 
was calculated as the median difference between the real and null 
models, standardised by the pooled Median Absolute Deviation (MAD) 
as follow: 

PMADxy =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(nx − 1)MADy
2 +

(
ny − 1

)
MADy

2

nx + ny − 2

√

(1) 

d =
My − Mx
PMADxy

(2) 

where n is the number of observations and x and y refers to the real 
and null labelling models (M) respectively. This non-parametric effect 
size specifically quantifies the model's performance relative to their null 
predictions, thus accounting for differences in the number of observa
tions and unbalancing in the models.

3. Results

3.1. Model performance

The results of all Random Forest predictions, including the median 
and the 1st and 99th percentiles of model accuracies, are shown in Fig. 2. 
For each pairwise comparison, we assumed that the classifier model had 
a good performance when the 1st–99th percentile interval of the real 
(observed) model accuracy did not overlap with that derived from the 
null model. In a perfectly balanced comparison, prediction accuracy 
from the null, random labelling models should centre around 50%.

Results from each binary classification are presented in detail below: 

1) ALL-N. The RF models significantly discriminated pristine sites from 
those affected by any stressors (regardless of type or combination). 
This test included a notable imbalance in group representation (i.e., 
altered reaches were more frequent than pristine ones), which was 
evident in the performance of the null models (i.e., the median 
prediction accuracy under random labelling was approximately 
80.1%, with values ranging from 72.0% to 86.3%, 1st to 99th 
percentile, respectively). Predictions were accurate in both model-a 
and the more balanced model-b, although this was true only with 
models including taxonomic features. Predictions from models with 
functional features were accurate only in the case of the more 
balanced model-b.

2) HM-N. Reaches specifically affected by hydro-morphological alter
ations were consistently well discriminated from pristine sites, in 
both balanced and unbalanced models, and including both taxo
nomic and functional features. In this comparison, model-b was well 
balanced with null accuracy values around 50%.

3) P-N. The discrimination between pristine, non-altered reaches and 
those exclusively affected by water pollution was satisfactory only 
for the balanced model-b that included macroinvertebrate taxo
nomic features. Accuracy of RF models with functional features were 
not significantly better than null models.

4) PHM-HM. This binary model tested the ability to discriminate rea
ches affected by a combination of hydro-morphological and water 
quality alterations from those ‘only’ affected by hydro- 
morphological alterations. In other words, it examined if water 
quality alterations could be identified on top of other stressors. The 
accuracy of RF models was consistently better than null predictions, 
for both taxonomic and functional features.

5) PH-H. Among reaches with hydrologic alterations, the RF model was 
able to significantly identify those also affected by water quality 
alteration but only considering taxonomic features.

6) PM-M. Among reaches with morphological alterations, the RF model 
successfully identified those also affected by water quality alteration. 
Predictions were significantly accurate only considering the 
balanced model-b, with both taxonomic and functional features.

3.2. Variable predictor importance

Variable importance for the classification process was reported only 
for model-b (Fig. 3), as this was the model with the best performance in 
most comparisons. Overall, our findings indicate that environmental 
variables such as Strahler order, elevation range and distance from the 
source had a strong influence in discriminating between types of 
anthropogenic alterations. Among macroinvertebrate taxa, the most 
frequently important predictors included the Ephemeroptera genus 
Baetis, the Plecoptera genera Nemoura and Protonemura, and the Diptera 
families Chironomidae and Athericidae. Additionally, habitat parame
ters such as zonation, substrate type, and temperature preference, as 
well as biological traits related to locomotion and feeding habits, were 
identified as relevant in the classification process. The top predictor 
variables identified by the RF algorithm for discriminating between each 
pairwise classification are discussed below: 
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1) ALL-N: the Coleoptera Hydraenidae and the Plecoptera Protonemura 
sp. and Isoperla sp. were the main taxa associated with pristine sites, 
whereas Baetis sp. and Chironomidae were generally more abundant 
in the altered sites, typically located farther from the source 
compared to the pristine sites. In functional composition-based 
models, sites were more likely to be classified as altered when 
located at lower elevations in the epipotamal barbel region, char
acterised by high discharges, wide channels, and low slopes. We 
observed that gatherers/collectors, crawling or flying taxa (i.e., 
locomotion modality = other), preferring algal substrates and warm 
temperature range (>18 ◦C) were key predictors of altered sites. 
Conversely, pristine sites were predominantly associated with the 
uppermost stream sections, typified by fast-flowing, well‑oxy
genated waters and coarse substrates typical of upper-trout/ 
epirhithral reaches.

2) HM-N: Hydraenidae, the Diptera Athericidae and Protonemura sp. 
were top indicators of pristine sites (where they were more abun
dant) relative to hydro-morphologically altered ones. Pristine rea
ches also hosted predators, cold stenothermic taxa, preferring a small 
cold temperature range (below 10 ◦C), and taxa living in the upper- 
trout region with moderate to high current. Low elevation, wide 
rivers and greater distance from the source were consistently iden
tified as key environmental features in both taxonomic and function- 
based classifications for detecting hydro-morphological alterations. 
The mayfly genera Baetis and Serratella, and the families Ancylidae 
(Gastropoda) and Erpobdellidae (Hirudinea), as well as gatherers 
and eurytherm taxa were more abundant in the HM sites.

3) P-N: In addition to the taxa associated with non-altered sites iden
tified in the previous pairwise classifications, the Ephemeroptera 
Rhithrogena sp. was also among the most important taxa for 
discriminating water-polluted from pristine sites. Conversely, 
polluted sites were characterised by the Diptera Simuliidae and 
Chironomidae, Baetis sp., the Trichoptera Hydropsychidae, the Oli
gochaeta Naididae and Lumbriculidae. Stream Strahler order was 
also ranked as a key predictor. In the functional-based classification, 
although not statistically significant, polluted sites tended to support 

warm stenothermic, sessile, and bivoltine taxa adapted to lowland 
waters.

4) PHM-HM: Pollution in hydro-morphologically altered sites was 
detected using stream order, elevation gradient, and the presence of 
Crustacea Asellidae, Gammaridae, Naididae, and Baetis sp. The 
functional-based classification indicated that taxa with a preference 
for fine to medium gravel substrates, cold temperature ranges, 
moving as sprawlers, and feeding as grazers or scrapers were mostly 
associated with HM sites. PHM-altered sites were dominated by taxa 
adapted to lower elevations, warmer longitudinal zonation, and 
swimming locomotion.

5) PH-H: pollution in hydrologically altered sites was detected reliably 
only in taxonomic-based models, which identified the Ephemer
optera Habroleptoides, Baetis sp., Simuliidae, and Coleoptera Elmidae 
as important predictors. Simuliidae and Lumbricidae (Oligochaeta) 
families were more abundant in PH-altered sites, typically associated 
with lower elevations and greater distance from the source. 
Regarding stream typology within this subset of data (i.e., rhithral 
(SS) and kryal (GH) waters) glacier-fed streams (GH) were not 
associated with the PH category, as reflected both in the original 
dataset and in the model predictions.

6) PM-M: environmental features such as distance from the source, 
Strahler and stream type were the most relevant in discriminating 
water pollution among morphologically altered sites, using both 
taxonomic and functional data. In particular, the sampling sites 
included in this comparison were only glacier-fed (GH) and inter
mittent (IN) streams, which were found to be exclusively associated 
with PM and M respectively. Gammaridae, Baetis sp. and Elmidae, 
and eucrenal (spring region), metapotamal (bream region) and 
shredder organisms were identified as the most relevant features for 
taxonomic and functional models. Baetis genera, Hydropsychidae, 
Simulidae and Chironomidare, taxa preferring potamal regions and 
bivoltine taxa were more frequent in PM-altered sites.

3.3. Non-parametric effect size

To quantitatively compare the accuracy of the different RF models, 

Fig. 2. Median and interval accuracies ranging from the 1st to the 99th percentile, based on predictions from 100 RF models built for each binary classification 
(acronyms defined in Table 3); * indicates intervals that do not overlap.
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Fig. 3. Top 15 feature importance scores from the RF classifier trained on a more balanced watershed dataset (model-b) for each variable across the six binary 
classifications (acronyms defined in Table 3): a) Taxonomic composition; b) Functional composition. ST = stream type; stream-type associations for each pressure 
group are described in Section 3.2.
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we used the non-parametric effect size (Fig. 4). This approach was also 
necessary because some binary tests were unbalanced with null pre
dictions reaching ~80% accuracy. In general, more balanced models 
tended to perform better than the unbalanced counterpart. This was the 
case for all models based on macroinvertebrate functional traits 
composition, and four out of six models based on taxonomic features. 
Overall, models based on taxonomic composition displayed larger effect 
sizes than those based on functional traits.

RF models performed particularly well (largest effect size) in 
detecting hydro-morphological alterations (compared to pristine con
ditions; HM-N), especially when modelling taxa relative abundances. 
Large effect sizes were also associated with detection of water pollution 
among reaches already impacted by hydro-morphological alterations 
(PHM-HM).

4. Discussion

We sought to understand the degree to which macroinvertebrate 
composition data (taxonomic abundance and trait proportions) could be 
used within a RF approach to predict the presence and combination of 
multiple anthropogenic alterations in a large Alpine catchment. Recent 
studies have demonstrated the value of RF and other machine-learning 
classifiers for river ecological assessment, either by improving classifi
cation accuracy and identifying key environmental drivers (e.g., Mar
tyszunis et al., 2024; Arrighi and Castelli, 2023), or by focusing on 
stressor-specific macroinvertebrate responses (e.g., Yao et al., 2026; 
Krtolica et al., 2025). Building on these approaches, our study reveals 
that RF models can effectively discriminate stressor types at the reach 
scale by integrating a priori expert-based assignment of single and 
combined anthropogenic pressures with environmental indicators of 
hydro-morphological integrity, physico-chemical water quality, and 
macroinvertebrate community composition. This approach not only 
allowed overcoming data limitation on the ecological status of many 
river reaches (Hemming et al., 2018; Drescher et al., 2013; Martin et al., 
2012) but also enabled a detailed investigation of the different sensi
tivity of macroinvertebrates towards a range of anthropogenic 
alterations.

Overall, our results provided a rather complex picture whereby the 
ability of macroinvertebrates to indicate ecological conditions appears 
contingent on stressor type and their cooccurrence. As the spatial dis
tribution of anthropogenic stressors in river networks inevitably covary 
with elevation and stream order, these natural watershed-level features 
were often included as key predictors of river conditions. Elevation, 
stream order, stream types and distance from source emerged as 

valuable predictors of the ecological status of Alpine rivers, when 
measured through its hydro-morphological and water quality compo
nents. This reflects the inherent spatial structure of our Alpine river 
network, where non-impacted sites are more frequent in headwaters. 
This longitudinal gradient corresponds to increasing anthropogenic 
pressures such as urbanization, intensive agriculture, river regulation 
and habitat alterations (Pollice et al., 2020; Larsen et al., 2019b). In our 
modelling framework, elevation-related variables act as proxies for river 
zonation, while discrimination among pressure types is supported by 
consistent taxonomic and functional assemblages, reflecting not only 
longitudinal patterns but also specific environmental stress responses. 
Associations observed in macroinvertebrate RF trait-based models were 
consistent with this altitudinal pattern: taxa adapted to cold, fast- 
flowing headwaters and traits linked to rheophilic or cold- 
stenothermic preferences were predominantly associated with pristine 
conditions, whereas downstream assemblages reflected traits related to 
warmer, slower-flowing environments and higher anthropogenic pres
sures. These findings align with the broader understanding of macro
invertebrate responses to multiple stressors. Macroinvertebrate-based 
metrics are generally considered sensitive to water quality and better 
indicators of organic pollution than to other stressors such as streamflow 
or morphological alterations (Friberg, 2014). In fact, several EPT taxa 
(Ephemeroptera, Plecoptera, and Trichoptera), widely recognised as 
sensitive indicators of water quality, emerged as key features in the RF 
classification process, particularly in identifying less impacted condi
tions, except for Baetis species, Serratella sp. and Hydropsychidae, which 
appeared rather tolerant to anthropogenic pressures.

Unexpectedly, we found that neither taxonomic nor functional fea
tures were particularly efficient in discriminating between pristine sites 
and those only affected by water pollution (P-N comparison). 
Conversely, better classification performance was associated with the 
ability to detect pollution in sites already altered by both hydro and 
morphological stressors (PHM-HM comparison), with Asellidae and 
Naididae particularly abundant at sites with reduced water quality, as 
also observed in other studies (e.g., Horváthová et al., 2024; O'Callaghan 
et al., 2019; Bodon et al., 2017). In other words, RF models appeared to 
better identify water quality alterations among already hydro- 
morphologically altered reaches as opposed to reaches in pristine con
ditions. However, the performance of models designed to detect alter
ations to water quality in stream reaches also affected by hydrological 
(PH-H) or morphological stressors (PM-M) was not always optimal. Ef
fect sizes suggest that the ability to detect water pollution was slightly 
higher among reaches affected by hydrological alterations compared to 
reaches impacted by morphological stressors. Nevertheless, the first 
binary comparison (PH-H) showed good accuracy only in models based 
on taxonomic features. The second comparison (PM-M) revealed that the 
median accuracy of the models was lower than in other pairwise com
parisons in both taxonomic and functional composition-based models.

Although Simuliidae are typically regarded as indicators of good 
chemical water quality due to their preference for well‑oxygenated and 
low-nutrient streams (Tachet et al., 2010; Bonada et al., 2006), in our 
findings Simuliidae and Lumbricidae emerged as indicator taxa for 
detecting poor water quality in stream reaches affected by hydrological 
alterations (PH sites). Under these conditions, the community was 
dominated by taxa preferring the lower course of rivers with life cycle 
durations longer than one year and tolerance to a wide temperature 
range. In contrast, Baetis sp., Hydropsychidae, Simuliidae, and Chiro
nomidae appeared more abundant in polluted waters also affected by 
morphological alterations (PM); the tolerance of these taxa to water 
quality and habitat stressors has been previously recorded (e.g., Kail 
et al., 2012; Štangler et al., 2013; Rossaro et al., 2022), although Baetis 
and Hydropsychidae are usually considered sensitive to water quality 
degradation (e.g. Kaelin and Altermatt, 2016; Vilenica et al., 2022; 
Tubić et al., 2024). In these sites (PM), the assemblages were charac
terised by taxa associated with middle and lower lowland river zone, 
showing bivoltine life cycles and preference for very cold temperatures.

Fig. 4. Nonparametric effect size (d) for the performed pairwise comparisons 
(acronyms defined in Table 3); *indicates comparisons that are different from 
the null model, as shown in Fig. 2.
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Sites only affected by hydro-morphological alterations (HM) were 
clearly discriminated from pristine sites, showing the highest effect size, 
with several taxa such as Hydraenidae and Protonemura sp. virtually 
absent from hydro-morphologically altered locations. This suggests that 
macroinvertebrates could show sensitivity to stressors other than water 
quality issues, at least in small mountain streams. For example, in 
addition to EPT taxa, RF models consistently identified several Coleop
tera families such as Hydraenidae and Elmidae, and Diptera families 
including Blephariceridae and Athericidae as important features in 
pairwise comparisons targeting hydro-morphological pressure detec
tion. These taxa are typically associated with riffles and fast-running 
waters of mountain streams, inhabit clean, cool, well‑oxygenated 
streams, and they could be a potentially valuable bioindicators due to 
their sensitivity to both physical and chemical alterations (Compin and 
Céréghino, 2003). This outcome of our study appears relevant also in the 
light of the findings of Devreux et al. (2025), who showed that, provided 
a suitable multi-scale invertebrate sampling method is adopted, mac
roinvertebrates could show sensitivity to morphological alterations, as it 
resulted from a comparison between a near-natural and a restored reach 
in a braided rivers, with higher taxa and trait diversity in the natural 
reach.

Some important aspects related to differences between taxonomic 
and functional metrics were uncovered. Trait-based approaches are 
often considered more efficient than taxonomic metrics as indicators of 
environmental changes (Menezes et al., 2010; Berger et al., 2018), 
because anthropogenic stressors select taxa based on adaptive traits, so 
that community trait profiles can track the specific source of impairment 
(Dolédec and Statzner, 2008). However, in this study the functional 
features of macroinvertebrate communities were not discriminating 
between stressor types better than the taxonomic features. Functional 
metrics showed some limitations in the ability to distinguish between 
different stressors categories compared to taxonomic approaches, 
especially where hydro-morphological alterations were compared to 
pristine sites (HM-N), and as previously discussed, in the presence of 
water pollution under hydrological pressure (PH-H). This may be partly 
due to traits information was not available for every taxa observed in the 
study, which might have overlooked the presence of sensitive taxa 
unique to either pristine or altered conditions (Mathers et al., 2024; 
Schmera et al., 2017; Poff et al., 2006; Dolédec et al., 2006), thus 
reducing the discriminatory power of the RF classifier based on the 
functional approach.

Another caveat worth discussing regards the balance of the analyt
ical design that can limit quantitative comparison of predictive accuracy 
among the different RF classifications (Aria et al., 2021). We observed 
that data unbalance influenced the discriminatory power of the models, 
with more balanced models (model-b) performing better than the un
balanced counterparts (model-a). Such bias may have particularly 
influenced the predictive power of the classifications ALL-N and P-N, 
which included a small number of sites affected by water pollution. 
More specifically, our study area included few sites classified as P (water 
pollution only), relative to those affected by other or a combination of 
stressors, which is typical for Alpine rivers (Larsen et al., 2019a; Ferreira 
et al., 2019; Chiogna et al., 2016; Schinegger et al., 2012).

As a final remark, we highlight that the present study has been 
conducted by analysing datasets that should be available at many 
regional Environmental Protection Agencies, at least in Europe, as they 
are part of the institutional, regular monitoring that is required to fulfil 
WFD-compliant national environmental legislations. The proposed 
approach that integrates RF analysis and expert knowledge on relevant 
local and upstream stressors for each macroinvertebrate sampling sta
tion could be profitably upscaled within the Alpine region and expanded 
towards other bio-geographical regions, with high potential to signifi
cantly improve our present ability to assess the role of hydro- 
morphological, pollution stressors, and of restoration and mitigation 
measures, on river systems.

5. Conclusions

Compared to approaches that assess correlations between individual 
or multiple pressures and biotic indices (e.g. richness, diversity), our 
approach enabled the integration of several relevant environmental and 
biotic features into machine learning algorithms. These included stream 
characteristics as well as individual taxa abundances and functional 
traits used as predictive features. The used dataset is representative of 
what should be available at regional Environment Agencies in EU 
countries addressing the WFD requirements, which facilitates its repli
cability. This approach allowed an evaluation of the effectiveness of 
benthic invertebrates in distinguishing specific stressors, and the iden
tification of a set of taxa and traits potentially useful to develop metrics 
capable of detecting the combined effects of multiple, co-occurring, 
environmental pressures. However, data availability and the resolu
tion of trait information remain as possible constraints limiting the 
effectiveness of functional approaches to disentangle multiple stressor 
types in freshwater ecosystems. Investigating stressor-specific indicators 
in multi-stressor contexts is particularly relevant in montane and Alpine 
ecosystems in light of the ongoing climate and environmental changes 
(Becquet et al., 2022; Hotaling et al., 2017; Khamis et al., 2014). Our 
findings highlight the potential of combining machine learning methods 
with expert knowledge to appraise the degree to which macro
invertebrate assemblages can help discriminate between multiple forms 
of anthropogenic alteration, especially where rivers are predominantly 
affected by hydro-morphological regulation rather than chemical 
pollution (Calabrese et al., 2020; Khamis et al., 2014).
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06945-0. 

Theodoropoulos, C., Vourka, A., Skoulikidis, N., Rutschmann, P., Stamou, A., 2018. 
Evaluating the performance of habitat models for predicting the environmental flow 
requirements of benthic macroinvertebrates. J. Ecohydraul. 3 (1), 30–44. https:// 
doi.org/10.1080/24705357.2018.1440360.

Tickner, D., Opperman, J.J., Abell, R., Acreman, M., Arthington, A.H., Bunn, S.E., 
Cooke, S.J., Dalton, J., Darwall, W., Edwards, G., Harrison, I., 2020. Bending the 
curve of global freshwater biodiversity loss: an emergency recovery plan. BioScience 
70 (4), 330–342. https://doi.org/10.1093/biosci/biaa002.
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