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A B S T R A C T   

Functional diversity (FD) is useful for the evaluation of freshwater ecosystems. The FD of macroinvertebrate 
families for river water quality (WQ) assessment in the Paute River Basin (PRB), Ecuador, was investigated. 
Macroinvertebrate samples and data about 26 physical, chemical, microbiological and hydro-geomorphological 
variables were available. Literature-based biological traits were allocated as scores to the macroinvertebrates 
data through fuzzy coding. The Generalised Additive Mixed Model (GAMM) was used to assess the performance 
of six FD indices using the referred 26 WQ descriptive variables. The best performing GAMM led to selecting the 
index based on functional dendrograms including the species community pool (wFDc) as the most suitable to 
characterise FD in the PRB. The sub-basins of the PRB were grouped in three classes applying Average Linkage 
Clustering (ALC) and using wFDc. The Random Forest (RF) algorithm was used with a global efficiency of 89% to 
assess the ALC clusters consistency and pre-identify the significant WQ descriptive variables, explaining most of 
the FD variability. The Kruskal-Wallis test was then applied to refine the outcomes of the previous analysis. 
Twelve WQ descriptive variables were finally identified as the best discriminant predictors for FD, including the 
riparian vegetation, electric conductivity, dissolved oxygen, total hardness, faecal coliforms and pH. It is believed 
that the implemented approach successfully assessed the stream WQ status of the PRB upon selecting a suitable 
macroinvertebrate FD index; as such, it could be applied to other tropical basins for WQ assessment.   

1. Introduction 

Good water quality (WQ) is a key component of sustainable socio- 
economic development (Bartram & Ballance, 1996). However, rivers 
and lakes are increasingly being contaminated worldwide by anthropic 
activities, and water use has increased drastically with economic 
development and population growth. Both facts have resulted in a severe 
decline in surface WQ and, as such, many countries, both developed and 
developing ones, currently face threats to their water security (Liu and 
Zhang, 2019). In this context, an important aspect, especially for 
developing countries, is the establishment of adequate monitoring pro
grammes to build management plans and policies for successfully 
reducing the negative effects of human impacts (Azab, 2012). 

The use of variables measuring different physical, chemical and 

biological features of freshwater ecosystems is a useful way to assess 
their health. From the ecohydrological point of view, it is necessary to 
understand the links between freshwater biota, e.g., benthic macro
invertebrates, and physical–chemical factors, to support policy for the 
sustainable use of water resources (Loinaz, 2012). Benthic macro
invertebrates have key functional importance for water bodies. Among 
other functions, they act in nutrient cycling and energy flow within food 
webs and may serve as a food source for other invertebrates, fish, and 
birds (Wallace & Webster, 1996; Buss et al., 2015). In the past two de
cades, interest in the functional diversity (FD) of benthic macro
invertebrates, has increased because FD helps to understand the 
relationships between community structure and the functioning of 
aquatic ecosystems facing various types of disturbance (Bruno et al., 
2016). FD is indicated by the diversity of taxa’s traits in ecosystems 
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(Schleuter et al., 2010). Thus, macroinvertebrate traits such as 
maximum body size, respiration forms, morphological specialisations 
for attachment to substrate, osmoregulatory organ types, and feeding 
habits should provide information about the local environmental con
ditions (Reynaga et al., 2020). Hence, relevant studies have been carried 
out on benthic macroinvertebrates and their FD through biological traits 
(Brown et al., 2018; Forio et al., 2018; Arenas-Sánchez et al., 2021). In 
general, a range of FD indices is available to assess the ecological 
integrity of aquatic ecosystems (Mouchet et al., 2010; Pla et al., 2012). 
These indices allow the comparison among aquatic communities in 
different types of environments (Koperski, 2019). However, for making 
the appropriate selection of FD indices for biomonitoring, the key step is 
to determine which FD index performs best, for which, the explanatory 
power and their statistical validity must be well assessed (Petchey & 
Gaston, 2006; Mouchet et al., 2010; Mason et al., 2013). 

The Paute River Basin (PRB), one of the most important hydrological 
systems of Ecuador owing to its significant hydroelectric potential 
(Salazar & Rudnick, 2008; Castillo and Álvarez, 2014), has been rela
tively well studied in terms of the relationships between environmental 
features and macroinvertebrate taxonomical aspects (Turcotte & 
Harper, 1982; Holguin-Gonzalez et al., 2013; Sotomayor, 2016; Vimos- 
Lojano et al., 2016; Herrera & Burneo, 2017; Jerves-Cobo et al., 2018; 
Jerves-Cobo et al., 2020; Sotomayor et al., 2020; Vázquez et al., 2020). 
However, for this basin, FD research has been conducted, focusing on (i) 
specific sub-basins and not on the whole basin; and (ii) only the analysis 
of functional feeding groups (FFG). Hereafter, Iñiguez-Armijos et al. 
(2018) investigated the influence of replacing native forests with pas
tures on the FFG in an upper sub-basin; Vimos-Lojano et al. (2020) 
assessed macroinvertebrates and their FFG in two pristine micro- 
catchments; Jiménez et al. (2021) carried out a FFG study in a cattle- 
raising impacted sub-basin; and Sotomayor et al. (2021) analysed the 
use of the family taxonomic resolution of macroinvertebrates to detect 
changes of benthic community assemblages in the PRB. Therefore, 
further evaluation is needed considering the whole study basin, using 
complementary FD approaches to the ones applied in prior research, 
aiming at assessing whether environmental changes in the freshwater 
ecosystems of the study basin are reflected. For instance, the assessment 
of the robustness of different FD indices applied to the data of the PRB is 
a very important aspect that should be implemented. 

Henceforth, the main objective of the current study was to assess the 
stream WQ status of the PRB upon the selection of a suitable macro
invertebrate FD index. The specific objectives of this research were: (i) 

identifying and selecting a benthic macroinvertebrate FD index that 
could reveal changes in community assemblages along abiotic stress 
gradients in the study site; (ii) grouping the PRB sub-basins as a function 
of their FD for management purposes; and (iii) identifying the most 
significant WQ descriptive variables that explain most of the variability 
of benthic macroinvertebrates and their respective FD. 

2. Materials and methods 

2.1. Study area 

The study basin is situated in the south of Ecuador (Fig. 1) and has an 
area of 6442 km2. The basin elevation ranges between 410 and 4687 m 
above sea level (a.s.l.). The slope varies from 25% to 50%. The lower 
temperatures correspond to the western Andes range with a mean daily 
value of about 6 ◦C (at about 3500 m a.s.l.), while the warmest areas are 
situated in the Amazonian-influenced valleys and subtropical zones, 
with a mean daily value of 24 ◦C; nevertheless, a remarkable diurnal 
amplitude is observed (Morris, 1985; Celleri et al., 2007). Due to the 
notable altitudinal gradient, mean annual rainfall oscillates in intensity 
and duration, with the lowest value of 660 mm at the centre of the basin 
and the highest observed value exceeding 3400 mm near the basin 
outlet. On the other hand, stations located at higher elevations (above 
3000 m a.s.l.) receive between 1000 and 1400 mm (Celleri et al., 2007). 

The PRB is rich in biodiversity and includes important extents of 
protected areas (Fig. 1). The most renowned are the Cajas National Park, 
located in the western, upper, extreme of the basin, which is a Ramsar- 
Convention wetland site, and the Sangay National Park, located at the 
north-eastern extreme; both recognised by the United Nations Educa
tional, Scientific and Cultural Organization as World Heritage Sites. 

Two major cities, namely Cuenca and Azogues are in the basin with 
approximately 500,000 and 33,850 inhabitants, respectively (according 
to the 2010 national census). In general, pollution in the study basin 
includes domestic wastewater, agricultural runoff, animal husbandry 
and industrial effluents (Da Ros, 1995; Sotomayor et al., 2018). 

2.2. Sampling WQ descriptive variables 

The information employed in the current research was gathered by 
the former Ecuadorian National Secretary of Water (SENAGUA) - San
tiago River Hydrographic Demarcation (DHS) at 64 sampling sites 
within the study basin (Fig. 1) throughout a 5-year monitoring period 

Fig. 1. (a) The Paute River basin in continental Ecuador, its two largest cities (Cuenca and Azogues) and the location of the 64 sampling sites; (b) land use cover; and 
(c) the digital elevation model of the basin (CNP = Cajas National Park; SNP = Sangay National Park). 
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(2008, 2010–2013). The provided database includes WQ information 
about physical, chemical, hydrological, geomorphological, and micro
biological descriptive variables and benthic macroinvertebrates fam
ilies. The descriptive variables were: aluminium (Al3+), ammonium- 
nitrogen (NH4

+-N), cadmium (Cd3+), copper (Cu2+), chloride (Cl-), 
fluoride (Fl-), iron (Fe2+ & Fe3+), nitrate-nitrogen (NO3

–-N), lead car
bonate (PbCO3), pH, potassium (K+), sodium (Na+), total alkalinity 
(TALK), total hardness (TH), total phosphorus (P-tot), dissolved oxygen 
(DO), 5-day biochemical oxygen demand (BOD5), faecal coliforms (FC), 
river slope (Slp), Shreve river order (Shreve), elevation (Elev.), electric 
conductivity (EC), total solids (TS), turbidity (TU), water temperature 
(WT) and the fluvial habitat index (FHI) of the Environmental Protection 
Agency, which is useful for assessing streambed and riparian habitats 
(Barbour et al; 1999). A multiparametric probe measured DO, EC, pH 
and WT in situ (model U52G10M, Horiba Ltd. Kyoto, Japan). For 
assessing the remaining physical, chemical and microbiological pa
rameters, water samples were collected with sterile containers and later 
transported in iced coolers for laboratory analysis following standard 
methods (American Public Health Association, 1998). 

On average, the monitoring sites were visited five times per year. 
Some were sampled more often, because they were located either at 
highly polluted sites or, on the contrary, at unaltered environmental (i. 
e., reference) locations. As a result, a WQ database was developed for the 
nsp = 64 monitoring sites with nrep = 348 sampling replicates of nv = 26 

WQ descriptive variables, resulting in a total of nobs = nrep × nv = 9048 
observations, represented as xi,j, where i = 1, 2, …., nv and j = 1, 2, …, 
nrep (Fig. 2). Table 1 list the main statistical properties of each one of the 
studied WQ descriptive variables. 

2.3. Sampling and analysis of benthic macroinvertebrates 

Benthic macroinvertebrates samples were collected at each of the 64 
monitoring sites (Fig. 1) following the strategy proposed by Von Ellen
rieder (2007). At each sampling site, a 20 m long reach was selected. 
Three evenly-spaced transects were delineated throughout this river 
reach. Macroinvertebrate samples were collected by kick-sampling, 
using a standard D-frame net (25 cm aperture; 0.5 mm mesh) (Jacob
sen et al., 1997). Sampling was carried out for three minutes, encom
passing all existing microhabitats characterised by different depths, 
substrates and water velocities. The three samples from each transect 
were pooled together, and sampling continued by visually inspecting 
(for about 20 min) the substrate and aquatic vegetation to collect the 
tightly clinging taxa that may have not been dislodged by kick-sampling 
(Roldán, 2003). Macroinvertebrate samples were preserved in 70% 
ethanol and sorted with the use of a stereomicroscope. nfam = 59 families 
were identified and grouped into nord = 18 superior taxonomic groups 
(in its great majority orders). 

Fig. 2. Flowchart of the methodological steps implemented in the current study.  
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2.4. Allocation of biological traits 

Seven biological trait categories were selected (Table 2). They are 
well-known as good indicators for catching compositional variations 
due to ecohydrological stress (Tomanova & Usseglio-Polatera, 2007; 
Ding et al., 2017; Reynaga et al., 2020). A biological trait database at the 
family level (Dbf-trait) was constructed (Fig. 2) based on the affinity of 
each family for trait categories using affinity scores within a fuzzy 
coding procedure (Chevenet et al., 1994) upon the information gathered 
from Sotomayor et al. (2021) for the PRB. The affinity scores, provided 
by Sotomayor et al. (2021), vary in the [0, 3] interval, where a score 
value of 0 indicates that there is no affinity of the taxon for the trait 
category and a score of 3 indicates total affinity. 

2.5. Assessing functional diversity indices 

Six functional diversity indices (FDidx) were calculated using Dbf-trait 
for each one of the replicates (FDidx-rep), i.e., (1) Functional diversity 
based on dendrograms (FDc) (Petchey & Gaston, 2006); (2) Functional 
diversity based on dendrograms including the taxa community pool 
(wFDc) (Pla et al., 2008); (3) Functional dispersion (FDis) (Laliberte & 
Legendre, 2010); (4) Functional richness (FRic) (Villéger et al., 2008); 
(5) Rao’s quadratic diversity index (Rao) (Rao, 1982); and (6) Rao’s 
quadratic diversity index relative to maximum (rRao) (Pavoine et al., 
2005). For FDc and wFDc, both dendrograms were computed using the 
Ward clustering algorithm and Euclidean distance (Roa-Fuentes et al., 
2022). All these indices are dimensionless. Casanoves et al., (2010) 
provide a complete description of these FD indices. In this regard, some 
authors claim that species-resolution identification is required when 
using diversity metrics such as FD indices (Dalu et al., 2017). However, 
in line with other similar studies (Ferraro & Cole, 1995; Corbi & 
Trivinho-Strixino, 2006; Mueller et al., 2013; Bo et al., 2020; Eriksen 
et al., 2021), Sotomayor et al. (2021) found that benthic macro
invertebrates families are suitable for streams bioassessment in the PRB 

using FD indices. 

2.6. Statistical analysis 

To identify the adequate FDidx a comparative analysis was performed 
between the six FD indices. In line with prior research (Gallardo et al., 
2011; Koperski, 2019), the multiple regression method Generalised 
Additive Mixed Models (GAMMs; Lin & Zhang, 1999) was applied to 
relate each FDidx with the 26 WQ descriptive variables as independent 
predictors. The GAMM with the best fit was considered the best FDidx 
(FDidx-best) for assessing the health of the streams within the PRB. A 
normalisation process through a Principal Component Analysis (PCA) of 
WQ descriptive variables was carried out to perform the comparative 
analysis between the six GAMMs. 

2.6.1. Modelling FD indices with Generalised Additive Mixed model 
(GAMM) 

PCA transformed the original independent variables into new syn
thetic variables (PCs) that are mutually orthogonal and provide 
maximum information without being redundant. The number of PCs 
equalled the number of independent original variables (nv = 26) (Einax 
et al., 1997). The PCs were used as independent variables in GAMMs, a 
process known as Principal Component Regression (PCR) (Varmuza & 
Filzmoser, 2010) that has been widely used (Çamdevýren et al., 2005; 
Ul-Saufie et al., 2011; Haque et al., 2013; Shuman et al., 2020) to create 
a mathematical framework for comparing the six GAMMs. 

GAMMs are flexible regression tools that are increasingly used in 
water resources studies to assess spatial and temporal trends in complex 
monitoring data sets (Gardner, 2007; Mellor & Cey, 2015; Wood et al., 
2017; Iddrisu et al., 2017). A GAMM provides a method for fitting non- 
linear covariate effects via the inclusion of smooth functions to represent 
a more complex relationship between predictors (i.e., PCs) and the 
response variable (FDidx-rep). The repeated measurements on sampling 
sites (i.e., nrep) induce a structure in the data that violates the 

Table 1 
Main statistical properties of the water quality (WQ) descriptive variables that were monitored throughout years 2008 and 2010–2013 in the Paute River basin (PRB), 
Ecuador (Fig. 1). Legend: Al3+ = aluminium; BOD5 = 5-day biochemical oxygen demand; Cd3+

= cadmium; Cl- = chlorides; Cu2+
= cooper; DO = dissolved oxygen; EC 

= electric conductivity; FC = faecal coliforms; Fe2+ & F3+ = iron; FHI = fluvial habitat index; Fl- = fluorides; K+ = potassium; NH₄+-N = ammonium-nitrogen; Na+ =

sodium; NO3
–-N = nitrate-nitrogen; PbCO3 = lead; P-tot = total phosphorus; Shreve = river order calculated with the Shreve method; Slp = slope; TALK = total 

alkalinity; TH = total hardness; TS = total solids; TU = turbidity; WT = water temperature; STD = standard deviation; and m a.s.l. = meters above sea level.  

WQ Parameters Mean Median STD Range 

Category Parameter     

Habitat quality FHI  130.10  129.00  28.50 71.0–184.0 
Hydrogeomorphological Elev (m a.s.l.)  2334.60  2325.40  773.50 433.7–3766.6 

Shreve  363.90  63.00  1062.30 1–126642.0 
Slp (%)  7.30  7.30  5.60 0.1–29.5 

Microbiological FC (bacteria 100 -1 ml -1)  4962.00  1600.00  6338.10 0–16000.0 
Physicochemical Al3+ (mg L-1)  0.10  0.00  0.20 0–1.6 

BOD₅ (mg L-1)  7.70  3.80  9.00 0–55.8 
Cd3+ (mg L-1)  0.00  0.00  0.00 0–0.6 
Cl- (mg L-1)  5.20  0.70  26.00 0–363.9 
Cu2+ (mg L-1)  0.00  0.00  0.10 0–1.3 
DO (mg L-1)  6.80  6.90  0.70 4.1–9.8 
EC (µS cm− 1)  128.60  76.80  193.70 3.0–1810.0 
Fe2+ Fe3+ (mg L-1)  0.20  0.00  0.50 0–3.7 
Fl- (mg L-1)  1.40  0.40  6.40 0–67.9 
K+ (mg L-1)  3.00  0.40  14.60 0–227.1 
Na+ (mg L-1)  6.00  3.50  11.90 0–112.9 
NH₄+-N (mg L-1)  0.80  0.00  1.50 0–15.0 
NO3

–-N (mg L-1)  0.60  0.10  2.10 0–20.8 
PbCO3 (mg L-1)  0.00  0.00  0.10 0–0.9 
pH  7.60  7.60  0.70 5.3–9.4 
P-tot (mg L-1)  0.60  0.20  1.00 0–4.8 
TALK (mg L-1)  14.40  0.10  23.00 0–77.8 
TH (mg L-1)  37.30  28.10  51.50 0–657.0 
TS (mg L-1)  2.00  0.00  10.20 0–116.0 
TU (NTU)  18.50  1.00  82.90 0–1136.8 
WT (◦C)  14.70  14.10  3.30 8.7–23.5  
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assumption of independence between samples. To deal with this, the 
GAMM method was chosen because it has the advantage of relaxed in
dependence assumptions (Wang & Goonewardene, 2004; Polansky & 
Robbins, 2013; Ingersoll et al., 2016) by considering in every GAMM an 
additional random load that in this study was provided using as pre
dictor a sampling site identification label beside the PCs data. To esti
mate the (population) parameters of each GAMM, the Restricted 
Maximum Likelihood (REML) estimation process (Gardner, 2007) was 
used. For further details about GAMMs see Chen (2000), Zahro & Caraka 
(2017) and Aljoumani et al., (2019). 

2.6.2. Choosing the most adequate FD index by selecting the best GAMM- 
based model 

The choice of the most adequate GAMM was based on the use of the 
square of the Person correlation coefficient (R2) that is usually used for 
measuring the congruency between observed and fitted FD values 
(Iddrisu et al., 2017; Wood et al., 2017) and the examination of histo
grams of best-fit model residuals (Gardner, 2007; Montgomery et al., 
2012; Mellor & Cey, 2015; Aljoumani et al., 2019), besides the imple
mentation of the Shapiro-Wilk test (S-W) (Shapiro & Wilk, 1965) for 
normality check of model residuals (Hastie & Tibshirani, 1990; Shadish 
et al, 2014; Mellor & Cey, 2015; Laanaya et al., 2017) considering a 95% 
confidence level. The GAMM with the highest R2 and symmetry of re
siduals was chosen as the most adequate and, as such, the most suitable 
FDidx for the PRB (FDidx-best). The resulting GAMMs processes were 
cross-validated using the Venetian blinds method, which is based on the 
use of segments (splits or groups) of observed data (Ballabio & Consonni, 
2013; Mevik & Wehrens, 2015; Rácz et al., 2018). Thus, the number of 

replicates (nrep = 348) was split into 5 groups for cross-validation (i.e., 4 
groups of 70 observations for model training and the fifth group of 68 
observations for model validation), implying that each GAMM used 
about 80% of the data for training and 20% for validation. This low 
number of splits was chosen to aim at avoiding the potential over
estimation of the predictive capability of the model (i.e., “overfitting”) 
(Rani et al., 2019). The same set of replicates of size nrep was used for 
each GAMM run for the training and validation steps. 

2.6.3. Clustering the sub-basins as a function of the selected FD index 
Once (FDidx-best) was selected, a hierarchical agglomerative cluster 

analysis (Sokal & Michener, 1958) through Average Linkage Clustering 
(ALC) was carried out. The ALC was performed employing the FDidx-best 
values through the square Euclidean distance measure (Carter et al., 
1989). The ALC used the average of the distance values between pairs of 
clusters (Frank & Todeschini, 1994) to group the sub-basins as a func
tion of the FDidx-best. The ALC aimed to find clusters of sub-basins in the 
FD-dimensional space, based on the similarity criterion among them and 
their sampling sites. Sotomayor et al. (2021) found that for the PRB, a 
maximum of three WQ classes should be employed when the FD is 
calculated using family taxonomical identifications. Hence, prior to 
ALC, the number of clusters was defined as equal to three. 

2.6.4. Assessing the ALC outputs using the random forest classification 
algorithm 

As a result of the ALC, three groups of sampling sites were identified, 
in correspondence with three groups of sub-basins of the PRB. The class 
label (i.e., 1, 2 and 3, representing high, medium and low FD levels, 
henceforth termed, C1, C2 and C3, respectively), corresponding to these 
three sampling sites clusters was used as dependent-categorical variable 
in the Random Forest (RF) algorithm (Breiman, 2001), as a function of 
the WQ descriptive variables. RF builds many single non-correlated 
decision trees (Breiman et al., 1984), i.e., a set of hierarchically organ
ised restrictions or conditions which are successively applied from a root 
(parent) node to a terminal (or child) node or leaf of a tree to make 
repeated predictions of the phenomenon. When building each tree, RF 
uses a training subset that is randomly chosen and then replaced for a 
number of times equal to the number of trees in the ensemble. It means 
that each decision tree uses the Bootstrap Aggregation method, i.e., 
approximately two-thirds of the training samples are employed for 
prediction while the remaining roughly one-third of the training samples 
are employed for validation of prediction accuracy. Meanwhile, for each 
node/split in a decision tree, the RF algorithm selects a random subset of 
predictors as candidates for splitting. Predictions are built by averaging 
over the predictions made by each tree in the forest (Louppe et al., 
2013). 

RF can be used for both regression and classification problems; 
herein, the focus was on classification tasks. The parameters that were 
tuned for estimating the RF model were the number of trees (ntree), and 
the number of variables randomly selected at each node, i.e., mtry (Fox 
et al., 2017). Herein, for parameterising the RF model, the strategy 
suggested by Strobl et al. (2007), Strobl and Robillard (2008) was 
implemented, which basically is a grid search, in which all possible 
combinations of given discrete parameter regions are evaluated. The RF 
models/runs were insensitive to the selection of mtry; however, values 
of ntree greater than the default (i.e., 500) produced more consistent 
results. Thus, for this study it was adopted the default mtry value (i.e., 
̅̅̅̅̅nv

√ ) and ntree = 3000. The RF was implemented through a cross- 
validation process using 80% of the data for training and 20% for 
testing. Further, since the generated response variable was imbalanced, 
equal importance was pre-defined for each class (Khalilia et al., 2011; 
Brown & Mues, 2012; Larras et al., 2017) to avoid the biggest class 
winning the most votes (Boulesteix et al., 2012; Rebala et al., 2019). For 
evaluating whether the RF classification algorithm correctly allocated 
sampling sites to the three FD classes, the non-error rate (NER) classi
fication measure was used. NER is the average of the sensitivity values of 

Table 2 
Traits and categories used in the study.  

Trait Category 

Feeding habits Collector-Filterer (C-Ft) 
Collector-Gatherer (CG) 
Piercers (Pc) 
Predators (Pr) 
Scrapers (Sc) 
Shredders (Sh) 
Parasite (PA) 

Respiration Tegument (Teg) 
Gill 
Plastron (Pla) 
Spiracle (Spi) 

Body form Streamlined (Str) 
Flattened (Flat) 
Cylindrical (Cy) 
Spherical (Sph) 

Maximum body size (mm) <2.5 
2.5–5 
5–10 
10–20 
20–40 
40–80 
>80 

Body flexibility None (<10◦) 
Low (>10◦ − 45◦) 
High (>45◦) 

Mobility and attachment to the substratum 
(locomotion) 

Flier (Fli) 
Surface swimmer (SS) 
Full water swimmer (FWS) 
Crawler (Cra) 
Burrower (Bur) 
Temporarily attached (TA) 

Reproduction Asexual (As) 
Clutches & cemented (CC) 
Clutches & free (CF) 
Clutches in vegetation (CV) 
Clutches & Terrestrial (CT) 
Isolated eggs & clutches 
(IEC) 
Isolated eggs & free (IEF) 
Ovoviviparity (Ovi)  
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all classes (Ballabio & Consonni, 2013), with the sensitivity of the g-th 
class (Sng) being the model’s ability to correctly recognise sampling sites 
belonging to the g-th class. It is defined as the ratio between ngg and the 
total number of sampling sites belonging to the g-th class (ng). The NER 
provides an overall evaluation of the classification quality. Thus, to 
evaluate the classifier performance assigning every specific class, the 
Youden Index (Ψ; Youden, 1950) was calculated (Ballabio et al., 2018). 
Ψ = Sng – (1 – Spg), with Spg being the specificity. The Spg represents the 
capability of a given classifier to reject samples of the other classes. It is 
calculated as the ratio of samples, which were not classified in the g-th 
class over the total number of samples not belonging to the g-th class 
(Sokolova et al., 2006). The variation range of NER and Ψ is between 
0 and 1, with 1 being their optimal value. 

2.6.5. Assessing the significant WQ descriptive variables using the RF 
algorithm 

To evaluate the importance of each WQ descriptive variable in pre
dicting the FD classes, i.e., C1, C2 and C3, the Mean Decrease Gini 
(MDG) was used (Han et al., 2016), which measures the classification 
impact of variables by totalling the amount of decrease in impurity as 
the classification is performed (Breiman, 2001, 2002). Once the MDG 
was calculated for each WQ descriptive variable, the output was a 
dataset ranked from highest to lowest MDG values but without statistical 
criteria (e.g., a cut-off threshold) for distinguishing the variables that are 
significant for explaining the variability of the FD classes. Hence, the 
(Caliński & Harabasz, 1974) index (CH) was computed to estimate 
groups of WQ descriptive variables as a function of their MDG. This 
index is the ratio between the between-cluster variance and the within- 
cluster variance. The larger the CH value, that is, the larger the between- 
cluster variance and the smaller the within-cluster variance, the better 
the data (i.e., WQ descriptive variables) grouping. The highest CH value 
corresponds to the most compacted group of WQ descriptive variables. 
Then, an ACL analysis was performed using the MDG data with the 
predefined number of clusters (NC = 4) based on the highest CH value 
(herein the CH = 4). Further, four testing/validation processes using 
GAMMs were employed, corresponding to the four MDG clusters pro
duced by the ALC (henceforth termed groups of variables GV1, GV2, 
GV3 and GV4). In the GAMMs, the dependent variable was always the 
FDidx-best and the independent variables were either: (i) all the groups of 
WQ descriptive variables, i.e., GV1, GV2, GV3 and GV4 (GAMM-1); (ii) 
WQ descriptive variables belonging to GV1 (GAMM-2); (iii) WQ 
descriptive variables belonging to GV1 and GV2 (GAMM-3); and (iv) WQ 
descriptive variables belonging to GV1, GV2 and GV3 (GAMM-4). For 
GAMM-1, GAMM-2, GAMM-3 and GAMM-4 no cross-validation was 
performed, and their random effects were based on Shreve order, 
elevation and slope. 

The analysis for pre-selecting the most significant WQ descriptive 
variables was based on the calculation of the R2 goodness of fit statistic 
upon the comparison of the predictions of either GAMM model with the 
respective FDidx-best value. Hence, the GVs (and all their WQ descriptive 
variables) explaining most of the variability of FDidx-best were identified 
upon the consideration of two criteria. The first criterion was based on 
the comparison of the R2 values of GAMM-2, GAMM-3 and GAMM-4 
regarding the R2 value achieved by GAMM-1 (i.e., when using all the 
WQ descriptive variables); that is, by computing the R2 gain when 
incorporating a given GV into the FDidx-best modelling, with respect to 
the R2 value associated with GAMM-1. The higher R2 gains enabled pre- 
selecting the most significant groups of WQ descriptive variables (in 
explaining most of the variability of the FDidx-best). Further, the second 
criterion assumed that every WQ descriptive variable, belonging to a 
given GV, contributes evenly to the GV explanation of the variability of 
FDidx-best; the number of variables belonging to every GV was, then, the 
second criterion considered in this study, complementary to the R2 cri
terion, for selecting the GVs explaining most of the variability of FDidx- 

best. 
Further, the non-parametric Kruskal-Wallis test (K-W) (Kruskal & 

Wallis, 1952), was carried out for enhancing the selection of the most 
significant WQ descriptive variables by defining whether the pre- 
selected WQ descriptive variables significantly differ in their three FD 
classes C1, C2 and C3. Herein, for each WQ descriptive variable, the set 
of sampling sites and their replicates was divided into the three FD 
classes, after which the K-W test was carried out with the null hypoth
esis, H0, being that the medians within each of the three FD classes are 
the same. Thus, if the p-value of the K-W test was greater or equal than 
0.05, then it was concluded that there was no significant difference 
amongst the three FD classes at the 95% confidence level. On the con
trary, if p < 0.05, it was concluded that there was a significant differ
ence. WQ descriptive variables that showed no significant difference 
among their three FD classes were finally considered of little importance 
to explain the variability of the FD in the PRB (Sotomayor et al., 2020), 
even though, they might have been part of a pre-selected group of WQ 
descriptive variables. Finally, Fisher’s least significant difference (LSD) 
test was used to calculate/visualise intervals around the means of the 
most significant WQ descriptive variables, as a function of the FD classes 
for visualisation of the populations whose means are statistically 
different from each other (Williams & Abdi, 2010). 

The FD metrics and the ALC were calculated/implemented with the 
FDiversity software (Casanoves et al., 2011). The PCA was implemented 
with MATLAB® using the PCA toolbox version 1.3 (Ballabio, 2015). The 
GAMMs were calculated with the R® package “gamm4” (Wood & 
Scheipl, 2020). The RF was executed using the R® package “random
Forest” (Liaw & Wiener, 2015) and the CH, K-W, S-W and LSD tests were 
implemented with MATLAB® using subroutines particularly developed 
for this study. 

3. Results 

3.1. Functional structure of the benthic macroinvertebrate communities 

The dominant category for each biological trait of the benthic mac
roinvertebrate communities of the Paute river basin were (Fig. 3): (a) for 
the feeding habits: the Collector-Gatherers (CG); (b) for respiration: the 
Gills; (c) for the body form: Cylindrical (Cy); (d) for the maximum body 
size: range from 5 to 10 mm; (e) for the body flexibility: greater than 45◦; 
(f) for the mobility and attachment to the substratum (locomotion): the 
Crawler (Cra); (g) for reproduction: the Clutches & Cemented (CC). 

3.2. Choosing the most adequate FD index by selecting the best GAMMs 

The R2 index values that were obtained for the GAMMs of FDidx, as a 
function of the WQ descriptive variables, were: R2

FDc = 0.29, R2
wFDc =

0.27, R2
Rao = 0.19, R2

rRao = 0.11, R2
FDis = 0.18 and R2

FRic = 0.21. Fig. 4 
shows the results of the assessment of the distributions of residuals 
corresponding to every one of the six GAMMs, concretely, the histo
grams of residuals, plotted together with the respective fitted normal 
distribution. Even though the residual trends of wFDc, FDc, Rao, rRao 
and FDis follow a normal distribution, a decreasing trend of p-values 
obtained in the scope of the Shapiro-Wilk (S-W) test of normality (i.e., a 
detriment of residual symmetry) was observed. For FRic the residual 
asymmetry was confirmed (p < 0.05), implying that the normal distri
bution (ND) assumption is false. It should be observed that in the case of 
the FDis index, the fitted normal distribution of residuals is in the limit of 
statistical significance (p = 0.05). Indeed, visual inspection suggests that 
the residual normality significance is very weak. 

The performance of the GAMM-based model of FDc was regarded as 
the best one, although the associated R2 value (R2

FDc = 0.29) is only 
marginally better than the respective performance index for wFDc (re
flected by R2

wFDc = 0.27). Further, the range of variation of the residuals 
associated with the GAMM-based model of wFDc (Fig. 3a) is narrower 
than the respective range of variation of residuals associated with the 
GAMM-based model of FDc (Fig. 4c). Finally, the normality test sug
gested the best fit to a normal distribution (p-value = 0.89) of the 
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residuals associated to the wFDc model (Fig. 4a). Considering these, 
wFDc was chosen as the most adequate FD index for bioassessment in 
the PRB. The wFDc index varied between 0.0 and 112.4 with an average 
value of 38.6 and a standard deviation (STD) of 21.5. 

3.3. Clustering the sub-basins as a function of the selected FD index 

Fig. 5a shows the dendrogram produced by the ALC test with the 

three well-differentiated sub-basin groups C1, C2 and C3 (i.e., high, 
medium, and low FD levels, respectively) as a function of the selected 
index, wFDc. The dendrogram includes the explicit identification of the 
subbasins of the study basin by means of a code that is indicated in the 
dendrogram between parentheses. Hereafter, Fig. 5b illustrates the 
spatial distribution of the respective sub-basins including the sub-basin 
identification codes. Coloured sub-basins included in Fig. 5b indicate no- 
data availability; as such, they do not have an identification code. Fig. 5c 

Fig. 3. Relative abundance as a function of the following traits: (a) feeding habits; (b) respiration; (c) body form; (d) maximum body size; (e) body flexibility; (f) 
mobility and attachment to the substratum (locomotion); and (g) reproduction. C-Ft = Collector-Filterer; CG = Collector-Gatherer; Pc = Piercers; Pr = Predators; Sc 
= Scrapers; Sh = Shredders; PA = Parasite; Teg = Tegument; Pla = Plastron; Spi = Spiracle; Str = Streamlined; Flat = Flattened; Cy = Cylindrical; Sph = Spherical; 
Fli = Flier; SS = Surface swimmer; FWS = Full water swimmer; Cra = Crawler; Bur = Burrower; TA = Temporarily attached; As = Asexual; CC = Clutches & 
cemented; CF = Clutches & free; CV = Clutches in vegetation; CT = Clutches & Terrestrial; IEC = Isolated eggs & clutches; IEF = Isolated eggs & free and Ovi =
Ovoviviparity. 

Fig. 4. Histograms of residuals of the GAMMs of every one of the six functional diversity indexes: (a) functional diversity based on dendrograms including the species 
community pool; (b) Rao’s quadratic diversity index; (c) functional diversity based on dendrograms; (d) Rao’s quadratic diversity index relative to maximum; (e) 
functional dispersion; and (f) functional richness. The fitted normal distribution was plotted on top of the histogram of the residuals. The p-value of the Shapiro-Wilk 
test for normality is given for each set of residuals (with a significance level, 1 – α = 0.95). ND = normal distribution. 

G. Sotomayor et al.                                                                                                                                                                                                                             



Ecological Indicators 151 (2023) 110335

8

shows the outcome of Fisher’s least significant difference test for the 
wFDc dataset as a function of the three (FD) sub-basins groups. The 
symbology used for the (FD) sub-basins classes C1, C2 and C3, is 
matching the respective symbology used in the dendrogram, which 
enables linking the results of the ALC analysis (Fig. 5a) with the 
respective results of Fisher’s test (Fig. 5c). The average values of wFDc 
and the respective Fisherś interval limits are 47.4 ± 2.2 (C1); 36.3 ± 2.1 
(C2); and 15.5 ± 4.2 (C3). The respective wFDc standard deviation 
values are 21.4 (C1); 18.7 (C2); and 9.3 (C3). 

Regarding the performance of the ALC outputs using the RF algo
rithm, the overall classification achieved a very acceptable NER value of 
0.89, whilst the assessment of the performance of the RF method clas
sifying every specific group of sub-basins revealed relatively low 

differences between the groups, with C3 having the lowest Ψ value, i.e., 
Ψ C3 = 0.77 followed by ΨC1 = 0.85 and ΨC2 = 0.95, resulting from 
values of sensitivity (Sng) and specificity (Spg) greater than 0.7 which 
suggest the acceptability of the RF algorithm (i.e., SngC1 = 0.91, SpgC1 =

0.94; SngC2 = 0.97, SpgC2 = 0.97; SngC3 = 0.80, SpgC3 = 0.97). 

3.4. Assessing the most significant WQ descriptive variables 

The CH values corresponding to the variation of the number of 
clusters between 2 and 4 were respectively 88.4 (NC = 2), 105.2 (NC =
3) and 174.4 (NC = 4). Thus, the optimal NC value was defined as 4. 
Fig. 6 shows the outcome of the ALC analysis, namely, the MDG distri
bution for the WQ descriptive variables included in this study, as well as 

Fig. 5. (a) Dendrogram of cluster analysis showing three main groups of sub-basins as a function of the functional diversity (FD) index based on dendrograms 
including the species community pool (wFDc) and a sub-basin identification code (depicted between parentheses); (b) map of sub-basins identification codes used in 
the dendrogram (sub-basins in colour denote no-data availability); and (c) mean wFDc index values and respective Fisher’s-based intervals for each FD group of sub- 
basins. The symbology used in (c) matches the respective symbology used in (a), i.e., ◆ = C1; ■ = C2 and ▴ = C3. 

Fig. 6. Distribution of the Mean Decrease Gini (MDG) index for the study water quality descriptive variables and the respective four clusters (GV1, GV2, GV3 and 
GV4) identified as a function of MDG, together with the MDG mean and standard deviation (STD) values. 
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the respective four groups of WQ descriptive variables (GV1, GV2, GV3 
and GV4). In the figure, every one of these groups is characterised by a 
MDG mean and a standard deviation. The MDG mean decreases from 
GV1 to GV4. Every group contains a different number of WQ descriptive 
variables. The first two groups contain a low number of variables and the 
last two groups a higher number of variables. When considering only the 
MDG values, the GV4 variables are the less informative in terms of 
explaining the variability of FD in the study basin. 

The R2 model performance index, characterising the predictions of 
the GAMMs, and used as a first criterion for selecting the GVs that are 
explaining most of the variability of wFDc, adopted the following values: 
0.29 (GAMM-1), 0.22 (GAMM-2), 0.24 (GAMM-3) and 0.26 (GAMM-4). 
Thus, in proportion to the R2 value obtained when all the WQ descriptive 
variables are included in the GAMM (i.e., 0.29), GV1 explained about 
75.9% of the total variability of the wFDc, GV2 explained about 6.9% of 
this variability, GV3 about 6.9% and GV4 about 10.3%. The second 
criterion for the selection of the WQ descriptive variables that are 
explaining most of the wFDc variability, namely, the number of vari
ables belonging to every GV, showed that every one of the 4 variables of 
GV1 explained about 19.0% of the variability of wFDc, each one of the 3 
variables of GV2 about 2.3%, each one of the 7 variables of GV3 about 
1.0%, and each one of the 12 variables of GV4 about 0.9%. Thus, the 
simultaneous consideration of both criteria leads to the conclusion that 
the 12 variables of GV4 are less significant for explaining most of the 
variability of wFDc. Furthermore, the K-W test indicated that the mean 
values of Na+ and K+ (i.e., members of GV3) for the three FD classes C1, 
C2 and C3, were not significantly different (p-values > 0.05); thereby, 
they were considered non-significant in explaining most of the vari
ability of the FD in the study basin. Thus, 12 WQ descriptive variables 
from GV1, GV2 and GV3 were finally considered relevant in explaining 
the variability of FD in the PRB. 

Hereafter, Fig. 7 shows the results of Fisherś test for these 12 most 
significant WQ descriptive variables as a function of the three FD classes. 
Every plot of the figure depicts the mean values and respective Fisher’s- 
based intervals of the variables. For some WQ descriptive variables, 
clear trends are observed. For instance, for FHI (FHIC1 = 142.1, FHIC2 =

125.7 and FHIC3 = 103.8) and slope (Fig. 7a and 7d) values decline from 
C1 to C3. For dissolved oxygen (DOC1 = 6.87 mg L-1; DOC2 = 6.99 mg L-1 

and DOC3 = 6.11 mg L-1) the C3 value was lower (Fig. 7g). Contrarily, 
values for electric conductivity (ECC1 = 76.76 µs cm− 1; ECC2 = 137.52 
µs cm− 1 and ECC3 = 281.99 µs cm− 1; Fig. 7f), total hardness (THC1 =

28.9 mg L-1; THC2 = 38.9 mg L-1; THC3 = 62.2 mg L-1; Fig. 7h), chlorides 
(Cl-C1 = 1.0 mg L-1; Cl-C2 = 4.9 mg L-1; Cl-C3 = 21.8 mg L-1; Fig. 7i), faecal 
coliforms (FCC1 = 4835.7 bacteria 100− 1 ml− 1; FCC2 = 3669.7 bacteria 
100− 1 ml− 1; FCC3 = 10656.9 bacteria 100− 1 ml− 1; Fig. 7j) and pH (pHC1 
= 7.4; pHC2 = 7.6; pHC3 = 7.8; Fig. 7k), increase from C1 to C3. No 

specific patterns were observed for the rest of the variables; for instance, 
TP show similar average values between C1 and C3 (TPC1 = 0.68 mg L-1; 
TPC2 = 0.46 mg L-1 and TPC3 = 0.72 mg L-1; Fig. 7l). 

4. Discussion 

FDc and wFDc (Pla et al., 2008; Petchey & Gaston, 2006) were the 
most adequate indices to detect community changes according to the 
output of the GAMMs. These FD indices are defined as the total branch 
lengths of the functional dendrogram that can be constructed from the 
information of taxa functional traits. However, the main difference be
tween FDc and wFDc is that FDc does not account for taxa weight in the 
community abundance, while wFDc is derived from a weighted 
dissimilarity matrix before creating the dendrogram (Casanoves et al., 
2010; Seiz, 2015). It is likely that because of the inclusion of the relative 
abundance of benthic macroinvertebrates in the calculation of wFDc, the 
respective GAMM performed better. Gusmao et al. (2016) also reported 
that the inclusion of the abundance of macroinvertebrates in FD indices 
helps to distinguish better between contaminated and non- 
contaminated sites. On the other hand, FDis, FRic, Rao, and rRao, also 
incorporate in their calculation a measure of the relative abundance of 
taxa. However, the outperformance of wFDc, in the scope of the GAMM 
based modelling, suggests that its dendrogram-based origin is the main 
aspect for a more reliable FD assessment. Past studies (Brown & Milner, 
2012; Martínez et al., 2013) reported more adequate FD assessments 
when using FDc than when using the Rao index. These findings indicate 
that in some cases (such as in the current research) the dendrogram- 
based indices are better for detecting community changes along a 
stress/pollution gradient. Other studies used the wFDc successfully, e.g., 
in paleolimnology (Nevalainen et al., 2015; Nevalainen & Luoto, 2017); 
for monitoring the restoration success in wetlands (Howard, 2019); to 
assess the FD of riparian forests (Lozanovska et al., 2018); in studies of 
tropical forest succession (Lohbeck et al., 2012); and for assessing the 
effect of increasing soil nutrient loads in FD of plants (Helsen et al., 
2014). Nevertheless, to quantify/characterise the FD of freshwater 
macroinvertebrate assemblages, the Rao index is the most frequently 
used index (Schmera et al., 2017) and, to the best of our knowledge, 
there are no similar studies using the wFDc index of macroinvertebrates 
in an ecohydrological framework. 

Sotomayor et al., (2021) found that the family taxonomic resolution, 
used in this study, was sufficient to assess 3 FD (i.e., WQ related) classes 
in the PRB. Thus, the ALC, using the wFDc index, identified three well- 
defined sub-basins groups, i.e., C1, C2 and C3 with high, medium, and 
low wFDc classes, respectively (Fig. 5). These groups are congruent with 
the findings of previous research, carried out in the same study basin, 
that reported similar monitoring sites grouping, based on the assessment 

Fig. 7. Mean values and respective Fisher’s-based intervals of the significant water quality (WQ) descriptive variables for each functional diversity (FD) class (i.e., 
C1: high, C2: medium, C3: low). Most significant variables are explaining most of the FD variability. 
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of ecological degradation and pollution gradient. For C3, i.e., the Burgay 
sub-basin (Fig. 5), Da Ros (1995), Pauta-Calle and Chang-Gómez (2014), 
Sotomayor (2016) and Sotomayor et al., (2018), Sotomayor et al. (2020) 
reported degraded WQ conditions. Domestic and industrial wastewater 
discharge, extensive agriculture, cattle ranching, and the loss of native 
vegetation cover are the main anthropogenic threats that cause the 
surface WQ pollution in this sub-basin and the subsequent loss of benthic 
macroinvertebrates taxa (Sotomayor et al., 2020). Both, C1 and C2 sub- 
basins groups (Fig. 5) are consistent with the findings of former studies 
(i.e., Sotomayor, 2016; Sotomayor et al., 2020). The sub-basins of C1 
(Fig. 5) are in less anthropised parts of the study basin; on the contrary, 
the subbasins of C2, despite having some parts of their extents being 
protected areas, may be regarded as degraded (Fig. 1 and Fig. 5). The 
sub-basins of C2 were considered by Sotomayor et al., (2020) as hy
drological systems that are on the way to a more serious surface WQ 
degradation. These findings emphasise the correspondence between 
taxonomic and functional approaches (Zhang et al., 2019). 

The NER index revealed that, overall, 89% of the replicates were 
correctly classified by the RF method, which is considered a very good 
model performance (Xu et al., 2014). The performance of the RF method 
classifying every specific group was ΨC1 = 0.85, ΨC2 = 0.95 and ΨC3 =

0.77. Since these Ψ values are greater than 0.6, the RF test can be 
considered as acceptable (Chen et al., 2015). ΨC3, being the lowest 
value, is likely to be connected to the fact that the data set is imbalanced 
as a result of having only one sub-basin in C3 (i.e., Burgay), whilst C1 
and C2 have six and seven sub-basins, respectively. The latter implies 
that there is a low number of replicates in class C3 in comparison with 
the other classes. Although RF is assumed to be robust when dealing 
with imbalanced data sets in a classification framework (Khalilia et al., 
2011; Brown & Mues, 2012; Larras et al., 2017), in this study, the 
imbalanced data condition seems to have resulted in the lower ΨC3 
value. Nevertheless, despite the latter, the current RF performance may 
be still considered acceptable in terms of the overall and per-class per
formance indexes, NER and Ψ. 

The different tests that were implemented identified twelve signifi
cant WQ descriptive variables that were clustered in 3 groups (Fig. 6 and 
Fig. 7) as a function of their importance to explain the variability of FD 
of macroinvertebrates (Fig. 5). The most important variable was the 
fluvial habitat index (FHI) that declined from C1 to C3. This finding is 
congruent with other studies where the good conditions of riparian 
ecosystems and the streambed heterogeneity have been identified as key 
factors to maintain higher FD of benthic macroinvertebrates (de Castro 
et al., 2017; Riis et al., 2020). In general, the riparian zones ensure 
important processes such as allochthonous organic matter inputs 
(Magliozzi et al., 2020), fine sediments retention (Turunen et al., 2017), 
maintaining biodiversity (Firmiano et al., 2021) and mitigating the ef
fects of anthropogenic pressure (Valera et al., 2019; Forio et al., 2022). 
Furthermore, the riparian forests create high diversity of benthic habi
tats in-streambed promoting adequate FD levels (Reid et al., 2010). This 
finding shows the crucial importance of riparian zones and streambed 
heterogeneity to maintain the macroinvertebrates FD in streams of the 
study basin. 

Several hydro-geomorphological factors are important to explain the 
variability of the FD in the study basin. Shreve order, elevation, and 
slope are parameters that belong to the first Average Linkage Clustering 
(ALC) group of Mean Decrease Gini (MDG), together with FHI. These 
results are consistent with the findings of other studies, which have 
suggested that hydro-geomorphological factors like those mentioned 
can modulate/select different types of traits (Magliozzi et al., 2019), as 
such, influencing FD. The trend of Shreve order and elevation is the lack 
of significant difference between C1 and C3 (Fig. 7b and 7c). Thus, the 
river order and the altitudinal range are factors likely linked to the 
biogeographical circumstances/distribution of some traits in the study 
basin but are not necessarily related to low or high FD. 

The second ALC group of WQ descriptive variables is formed by WT, 
EC and DO (Fig. 6). WT exhibits the lowest average value in C1 (Fig. 7e), 

which is explained by the reported higher values of FHI. Thus, the good 
condition of riparian ecosystems is a key WT regulator due to shade 
incidence on the stream channel (Beschta, 1997; Kalny et al., 2017; 
Roon et al., 2021). Sites with light availability (open canopy), in C2 and 
C3 sub-basin groups, had high WT values. The importance of WT to 
explain trends/selection of biological macroinvertebrates traits and 
thereby their FD has been already reported (Pallottini et al., 2017; Ding 
et al., 2017). EC exhibited increasing average values from C1 to C3 
(Fig. 7f). DO values are similar in C1 and C2, whilst DOC3 is lower 
(Fig. 7g). EC increased at Burgay sub-basin as this hydro-system is 
enriched by both organic (i.e., FC; Fig. 7j) and inorganic pollution (i.e., 
TH, Cl-; Fig. 7h-i). Organic pollution (i.e., FC because of cattle raising 
and poor sanitation practices) explains the reduction of the DO in C3 
because high abundances of faecal coliforms and their metabolic activity 
have been reported as an important factor for oxygen consumption (De 
Troyer et al., 2016). A clear association between low FD values and 
reduced DO concentration has been reported before (Meng et al., 2021), 
which is in line with the results of the present study. For example, Paz 
et al., (2022) found that sites under organic pollution, i.e., reflected by 
low DO concentrations, mostly exhibited macroinvertebrate traits that 
potentially enabled tolerant species persistence. 

Regarding the third group of WQ descriptive variables, average 
values of TH, Cl-, FC and pH follow an increasing trend from C1 to C3 
(Fig. 7h-k). Heino (2008) showed a negative relationship between the 
FD of littoral macroinvertebrate communities in lakes and high TH 
values. Further, the communities in hard water lakes supported some 
dominating functional groups that resulted in low FD levels. Similarly, 
this study found higher TH values in the sampling stations with lower 
FD. Also, high levels of Cl- have been described as drivers of low 
Shannon index values (Moyo & Rapatsa, 2016). Taxonomic diversity, 
represented by the Shannon index, was found to be significantly corre
lated with the functional diversity of freshwater macroinvertebrates 
(Bazzanti et al., 2009; Schmera et al., 2017). Regarding pH, Leiva et al., 
(2022) reported slight increases associated with a deterioration of the 
FD of stream macroinvertebrates, similar to what was recorded in this 
study. 

Based on the statement that for specific hydrological systems a 
crucial step is to determine which benthic macroinvertebrate metric/ 
index performs best for WQ assessments, following a statistically soun
ded approach, this study developed a methodology for choosing a 
benthic macroinvertebrate FD metric for WQ evaluation. The FD metric 
selection for freshwater ecosystems is frequently arbitrary and based 
only on references from other hydrological systems, sometimes very 
different to the study basin. This could lead to biased conclusions about 
the ecological integrity status of rivers. This research recommends 
establishing an initial monitoring period and then implementing a 
protocol based on sound statistic methods for selecting an adequate FD 
metric. The proposed protocol also identifies significant WQ descriptive 
variables, which has the potential of reducing the number of variables to 
be monitored and, consequently, the monitoring time and related 
monetary expenses. 

5. Conclusions 

Using the benthic macroinvertebrates information, the functional 
trait approach and six functional diversity (FD) indices were applied as a 
way of studying the ecohydrological features of the Paute River Basin 
(PRB), Ecuador. The study proposes a statistical protocol to (i) assess and 
select an FD index; (ii) perform an adequate spatial clustering on the 
study site as a function of its FD levels, and (iii) choose the significant 
water quality (WQ) descriptive variables. The Generalised Additive 
Mixed Model (GAMM) of every one of the six FD indices was developed 
using 26 WQ descriptive variables (standardized). The GAMM with the 
best performance identified the community-based weighted FD index 
(wFDc) as the optimal FD metric for the study basin. The study results 
suggested that riparian ecosystems are likely to play a key role to 
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maintain the stream’s ecological integrity and their macroinvertebrate 
FD in the PRB. Likewise, hydro-geomorphological (i.e., slope), micro
biological (i.e., FC) and chemical (i.e., EC, DO, TH, pH) aspects are likely 
to be crucial features to influence the macroinvertebrate FD in the study 
basin. There is a similar spatial clustering at the sub-basin scale between 
the current research using FD and past taxonomic studies that have been 
carried out in the study basin. The application of the proposed protocol 
on other similar hydrological systems may be relevant for assessing the 
WQ of rivers and categorising sites in terms of FD. 
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Rácz, A., Bajusz, D., Héberger, K., 2018. Modelling methods and cross-validation variants 
in QSAR: A multi-level analysis$. SAR QSAR Environ. Res. 29 (9), 661–674. https:// 
doi.org/10.1080/1062936X.2018.1505778. 

Rani, M., Marchesi, C., Federici, S., Rovelli, G., Alessandri, I., Vassalini, I., Ducoli, S., 
Borgese, L., Zacco, A., Bilo, F., Bontempi, E., Depero, L.E., 2019. Miniaturized near- 
infrared (MicroNIR) spectrometer in plastic waste sorting. Materials 12 (17), 2740. 

Rao, C.R., 1982. Diversity and dissimilarity coefficients: A unified approach. Theoritical 
Popul. Biol. 21 (1), 24–43. https://doi.org/10.13140/RG.2.1.3901.9924. 

Rebala, G., Ravi, A., & Churiwala, S. (2019). Random forests. In An Introduction to 
Machine Learning (pp. 77–94). https://doi.org/10.1023/A:1010933404324. 

Reid, H.E., Brierley, G.J., Boothroyd, I.K.G., 2010. Influence of bed heterogeneity and 
habitat type on macroinvertebrate uptake in peri-urban streams. Int. J. Sedim. Res. 
25 (3), 203–220. https://doi.org/10.1016/S1001-6279(10)60039-X. 

Reynaga, M.C., Nieto, C., Rodríguez, J.S., Izquierdo, A.E., 2020. Biological traits of 
macroinvertebrates from Puna peatbogs: Patterns along spatial environmental 
gradients. Freshwater Sci. 39 (1), 137–146. 

Riis, T., Kelly-Quinn, M., Aguiar, F.C., Manolaki, P., Bruno, D., Bejarano, M.D., 
Clerici, N., Fernandes, M.R., Franco, J.C., Pettit, N., Portela, A.P., Tammeorg, O., 
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