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Abstract
Predictive modelling corroborates decision-making in the development of a standard habitat assessment protocol. In this study,
we modelled environmental requirements of benthic macroinvertebrates. Classification and regression tree models (CART) and
ordination analysis were performed to identify important variables affecting macroinvertebrate community pattern in the Lake
Tana Watershed. A dataset of 95 samples was collected from eight wetlands. Among the modelled taxa, Coenagrionidae and
Libellulidae had substantial predictive performance based on Kappa statistic (ĸ > 0.6) whereas Baetidae, Physidae, Tipulidae and
Hydrophilidae had moderate predictive model performance (ĸ ≥ 0.4). Vegetation cover, leather tanning, vegetation clearance and
nitrate ion were the topmost selected environmental variables influencing the occurrence of macroinvertebrate taxa. The condi-
tional analysis depicted that the abundance of Coenagrionidae and Libellulidae increased with the increasing in vegetation cover.
Overall, macroinvertebrate taxa have a clear habitat requirement within the habitat gradient studied and hence, could be a
potential candidate for biomonitoring and provide valuable information in the development of a standard wetland assessment
protocol.
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Introduction

Anthropogenic activities are seriously affecting the ecolog-
ical integrity of freshwater ecosystems at scales far exceed
impacts on natural phenomena (Habersack et al. 2014).
Wetlands are freshwater ecosystem most exposed to detri-
mental human activities despite their contributions to envi-

ronmental stability. Wetlands play an important role in the
sustainability of natural system and human welfare. They
perform carbon sequestration, waste treatment, nutrient cy-
cling, flood reduction and are also rich in biodiversity
(Costanza et al. 1997; Jacobs et al. 2009; Ramsar 2010;
Moomaw et al. 2018). Furthermore, wetlands contribute a
crucial role in ensuring safe water supplies, food security
and livelihoods for millions of people living in developing
countries, including Ethiopia (Teferi et al. 2010; Mereta
et al. 2012). Despite their immense contributions, wetlands
have been inadequately considered in Ethiopian environ-
mental policy and the country has not ratified Ramsar con-
vention. This is attributed to lack of awareness and logistic
constraints (Dixion and Wood 2003; Mereta et al. 2012).
Information about the interaction between environmental
factors and aquatic fauna is a key issue in conservation
management and restoration of wetlands. Therefore, gener-
ating sound scientific information and decision support
tools maymake valuable contributions in aquatic ecosystem
management and conservation and analyzing aquatic fauna
interactions as a functional environmental variable could be
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a useful decision support tool (Mereta et al. 2013; Chawaka
et al. 2018).

Although considerable attention has been given to ecolog-
ical assessment, wetland quality deterioration has increased in
recent years. It has been estimated that during the last few
centuries, about half of all natural wetland ecosystems have
been destroyed worldwide due to anthropogenic activities (Xu
et al. 2011; Moomaw et al. 2018). Major changes in land use
and vegetation/cover at watershed scales are exacerbating the
degradation of water quality or loss. In developing countries
in particular, this problem needs greater attentions as the nexus
between human activities and natural resources is very strong
(Teferi et al. 2010; Getachew et al. 2012; Gezie et al. 2017). In
Ethiopia, rapid population growth and economic transforma-
tions are the main drivers of aquatic resource loss and quality
decline (Dixion and Wood 2003; Getachew et al. 2012; Gezie
et al. 2017). A number of studies were carried out to under-
stand human impacts on wetland ecosystems and their ser-
vices in Ethiopia (Dixion 2002; Mereta et al. 2012, 2013;
Gezie et al. 2017; Chawaka et al. 2018) and numerous studies
pointed out the need for greater attention (Dixion 2002;
Dixion andWood 2003; Gezie et al. 2017). Although decision
support tools are useful to provide information for policy and
decision makers in developing a standard habitat assessment
protocols, they are only gradually being developed in Ethiopia
(eg. Beyene et al. 2009; Mereta et al. 2012).

Decision support tools such as classification and regression
tree models (CART) provide comprehensive insight for re-
source management (Guisan and Zimmerman 2000; Guisan
and Thuiller 2005; Mereta et al. 2013). CART models are
popular and commonly used in ecological studies to assess,
monitor andmanage ecosystem conditions (Hoang et al. 2010;
Chen et al. 2017; Yigezu et al. 2018). CART has a number of
advantages over other traditional statistical models. First, it is
well suited for analysis of complex ecological data with high–
order interactions and captures nonlinear relationship between
explanatory and response variables (Breiman et al. 1984;
Bilton et al. 2017). Second, it does not rely on the assumptions
that are required for parametric statistics and the analysis is not
restricted by multicollinearity in predictor variables (Lewis
2013).

It has been reported that various environmental conditions
such as vegetation cover, ammonium nitrogen, water pH,
hardness, turbidity, nutrients, dissolved oxygen concentration,
conductivity and water temperature or various human activi-
ties affect the occurrence and abundance of aquatic fauna
(Mereta et al. 2012; Yigezu et al. 2018; Yi et al. 2018).
However, the relative importance of various environmental
variables varies significantly among ecological settings
(Yigezu et al. 2018). This implies that local investigations
are needed to determine the distribution and habitat require-
ments of aquatic fauna for habitat conservation purposes.
Modelling the distribution of taxa as a function of abiotic

environments has been recognized as a significant component
of conservation planning (Zhang et al. 2018). Scholars com-
monly have used macroinvertebrates to develop tools and as-
sess aquatic environment quality as a function of abiotic
factors.

Because macroinvertebrate assemblages in freshwater eco-
systems integrate the human impacts in the watershed and
their assemblages can be considered as indicators of ecosys-
tem status (Habersack et al. 2014). Consequently, knowing the
ecological status of freshwater based on the biotic assem-
blages is an essential prerequisite to aquatic ecosystem assess-
ment, restoration and management (Tsai et al. 2017).
Macroinvertebrates are widely studied in the development of
decision support tools and biomonitoring because their attri-
butes and ecological roles have been recognized in assessing
and monitoring ecosystem impairments (Liston et al. 2008;
Feld et al. 2010).Macroinvertebrates link the lower and higher
trophic levels in wetland trophic structures (Butkas et al. 2011;
Pace et al. 2012). They are also known as an important food
source for amphibians, fish and other invertebrates, and they
are therefore an integral component of aquatic food webs
(Jiang et al. 2010). Therefore, their occurrence, abundance
and species richness could indicate level of freshwater degra-
dation (Mereta et al. 2012), and the ability of a wetland eco-
systems to support other higher animal taxonomic groups
(Batzer et al. 2006). Furthermore, macroinvertebrates are
adapted to a wide range of environmental gradients (Gezie
et al. 2017; Chawaka et al. 2018). On the other hand, macro-
invertebrates are extensively studied, easily visible with the
naked eye, and they are taxonomically rich. Because of these
characteristics, macroinvertebrate community structures are
considered as useful proxies for determining the ecological
status of freshwater ecosystems (Li et al. 2012).

Habitat suitability modelling has been recognized as an
essential tool to support decision-making in water manage-
ment (Guisan and Zimmerman 2000). In this context, we
aimed to develop decision tree models and ordination analysis
to assess the factors determining the occurrence and abun-
dance of macroinvertebrate taxa. The findings obtained in this
study used to identify environmental factors that are important
for macroinvertebrate community structures in the habitats
studied, and used as a guideline in designing management
and habitat conservation plans of wetlands and their related
ecosystem services in the Lake Tana watershed.

Materials and Methods

Study Area

The study was conducted in Lake Tana watershed. The wa-
tershed is located in Amhara National Regional State in
northwest Ethiopia. The studied wetlands were Yiganda,
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Welala, Fidiamba, Infranz, Legdia, Kurtbahir, Lakeshore 1,
and Lakeshore 2 (Fig. 1). Data from Welala wetland was
collected only in the dry season as it was inaccessible during
rainy season. The Yiganda and Welala wetlands connected
to Lake Tana during rainy season. Little Abay River flooded
Fidiamba wetland in the rainy season, while Infranz wetland
is a riparian. Kurtbahir and Legdia wetlands are
depressional wetlands (Gezie et al. 2017). Lakeshore 1
and Lakeshore 2 are lacustrine wetlands interfacing Lake
Tana with Bahir Dar City, from where they receive both
solid and liquid wastes (Wondie 2010; Gezie et al. 2017).
The major anthropogenic activities observed in and around
the study wetlands were farming, leather tanning and pro-
cessing, intensive grazing, drainage, vegetation clearance,
water abstraction, waste dumping, and eucalyptus planta-
tion (Gezie et al. 2018).

Data Collection

Data were collected at 42 sampling sites in dry season from
April to May 2015 from eight wetlands while data were
collected in rainy season at 53 sampling sites from
September to October 2015 from sites located in seven

wetlands. A total of 95 samples were collected both in dry
and rainy seasons. Sites were selected within each wetland
along a gradient of visible disturbance including both less
disturbed and heavily disturbed sites. The number of sam-
pling sites was distributed among the wetlands according to
their size, with the smallest wetlands having a lower number
of sampling sites. The accessibility of the wetlands was also
taken in to consideration. Habitat characteristics at each
sampling site were assessed following the USEPAwetland
habitat assessment protocol (Baldwin et al. 2005). The level
of human perturbations in regard to hydrological modifica-
tions, habitat alteration, and land use practices was assessed.
Habitat alterations included farming, livestock grazing, tree
planting, and vegetation clearance, and, waste dumping and
leather tanning were the major polluting activities in the
area. We used the protocol described by Hruby (2004),
and modified by Mereta et al. (2013) to quantify anthropo-
genic perturbations. The magnitude of each of the distur-
bance was quantified on an ordinal scale. A score of 1 was
assigned to no or minimal disturbance, 2 to moderate, and 3
to high disturbances. The overall disturbance for each site
was calculated by summing the individual values of distur-
bance factors (eight different factors in total).

Fig. 1 Location of wetlands and sampling locations in Lake Tana Watershed
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Abiotic Habitat Characteristics

Water depth and sludge layer thickness were measured at each
sampling site using a graduated stick. Water conductivity, pH,
dissolved oxygen, and water temperature were measured in
the field using a multi-probe meter (HQ30d Single-Input
Multi-Parameter Digital Meter, Hach). Chlorophyll a concen-
tration was used as a proxy of phytoplankton biomass and
measured in the field using a handheld fluorometer (Turner
Design Aqua Fluor). From each site, a water sample (200 ml)
was taken and filtered through a 0.45-μm filter paper in the
field for the determination of nitrate, ammonia, and ortho-
phosphate concentration. Unfiltered water samples (500 ml)
were collected from each site to determine total organic nitro-
gen (TON), total phosphorous (TP) and the chemical oxygen
demand (COD) concentrations in the laboratory. Water sam-
ples were kept cool in the dark during transportation to Jimma
University environmental health laboratory. Ammonia was
analyzed using direct nesslerization method (APHA 1998).
Total phosphorus samples were first digested in a block di-
gester using ammonium persulfate and sulfuric acid reagent
(APHA 1998). Samples for TON and CODwere digested and
measured with photometric kits (HACH LANGE) using a
Hach DR5000 spectrophotometer. The percentage of

vegetation cover was visually estimated within a 500-m radius
around each observation site (Baldwin et al. 2005).

Biotic Habitat Characteristics

Ninety-five macroinvertebrate samples were collected from a
total of 53 sampling sites. A rectangular frame net (20 ×
30 cm) with a mesh size of 300 μm was used to kick for
5 min along a 10-m stretch per site (Gabriels et al. 2010).
The bottom sediment was disturbed by foot to increase the
probability of catching macroinvertebrates through the kick
net. The collected invertebrates were sorted in the field and
stored in 80% ethanol. Then, the invertebrate samples were
transported to the laboratory and examined using a stereomi-
croscope (×10 magnification). Identification of invertebrates
was performed to the family level using the identification key
developed by Bouchard (2012).

Data Analysis

Multivariate statistical analysis and decision tree models such
as classification and regression tree models were used to ana-
lyze the habitat preference of macroinvertebrate taxa in the
studied wetlands.

Table 1 Input variables used for the model development: mean values,
standard deviation, and range: COD: Chemical Oxygen Demand

Variable Unit Mean ± SD Range

Ammonium mg/l 0.04 ± 0.09 0.001–0.776

Nitrate mg/l 1.38 ± 1.26 0.001–4.50

Total nitrogen mg/l 13.83 ± 8.81 0.892–44.4

Orthophosphate mg/l 0.25 ± 0.27 0.010–1.31

Total phosphorus mg/l 0.54 ± 0.53 0.060–3.04

Chlorophyll a μ g/l 14.83 ± 8.06 11.310–63.2

COD mg/l 88.24 ± 88.55 1.390–37

Conductivity μS/cm 300.58 ± 247.32 1.980–1641

Dissolved oxygen mg/l 4.54 ± 2.36 0.750–13.88

Turbidity NTU 143.66 ± 104.21 10.500–745

pH – 7.31 ± 0.80 3.210–9.73

Vegetation cover % 71.37 ± 23.91 0.000–95

Sludge thickness cm 20.31 ± 21.46 0–1

Secchi depth cm 20.75 ± 16.91 2.00–110

Water temperature oC 24.52 ± 3.97 7.25–33.5

Plantation N/A 1.97 ± 0.93 1–3

Grazing N/A 1.93 ± 0.91 1–2

Vegetation clearance N/A 2.32 ± 0.84 1–3

Farming N/A 2.08 ± 0.87 1–3

Drainage N/A 2.04 ± 0.89 1–3

Abstraction N/A 1.82 ± 0.82 1–3

Waste dumping N/A 1.75 ± 0.87 1–3

Leather tanning N/A 1.78 ± 0.91 1–3

Table 2 Overview of the identified taxa as well as their frequency of
occurrence in all samples

Family Frequency of occurrence (%) Relative abundance

Gomphidae 21 226

Mesoveliidae 23 102

Sphaeriidae 28 108

Culicidae 29 90

Tipulidae 29 60

Naucoridae 31 230

Nepidae 34 104

Physidae 40 214

Coenagrionidae 47 1096

Libellulidae 47 931

Planorbidae 48 296

Notonectidae 49 820

Aeshnidae 53 254

Baetidae 57 578

Corixidae 63 776

Lymnaeidae 68 809

Chironomidae 69 1057

Belostomatidae 72 979

Hydrophilidae 77 1628
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Classification Tree Models

Twenty-five environmental variables (Table 1) and 19 most
frequently occurring macroinvertebrate taxa (Table 2) were
used to investigate species-environment relationships in the
study area. Families occurred inmore than 20% of the samples
were included in the CART model. Both classification and
regression tree models were applied to induce the decision
tree models. J48 algorithm (Quinlan 1993) was applied to
develop the classification tree models in WEKA (Witten and
Frank 2005). Regression trees models were developed using
the M5 algorithm inWEKA (Witten and Frank 2005) to relate
the abundance of macroinvertebrate taxa to selected environ-
mental variables.

Training and validation of the classification tree models
were based on a three-fold cross validation procedure
(Witten and Frank 2005). Both dry and rainy season data were
used to construct the models. Prior to the analysis, all data
were randomized and the dataset was stratified into three sub-
sets. Thereafter, two-thirds of the dataset were used as training
data while one-third of the dataset was used for testing the
model. The cross-validation processes were repeated three
times using one of the three subsets as a validation dataset
once. In this way, three models were built for each macroin-
vertebrate taxa. The results from the three models were aver-
aged to produce a single prediction of the dependent variable
as well as the variation based on the difference between the
outcomes of the three models.

The predictive performance of the models was evaluated
based on Cohen’s Kappa statistic (k)(Cohen 1960) and the
percentage of correctly classified instances (CCI)(Witten and

Frank 2005). Classification tree models with a value CCI
equal to or higher than 70% and kappa value higher than or
equal to 0.4 were considered reliable (Dakou et al. 2007). We
used the ranges of Kappa recommended by Landis and Koch
(1977) for model performance evaluation: κ ≤ 0 (poor), 0–0.2
(slight), 0.2–0.4 (fair), 0.4– 0.6 (moderate), 0.6–0.8
(substantial) and 0.8–1 (almost perfect).

Conditional Analysis

Conditional analysis was performed to gain insight into the
response of macroinvertebrate taxa occurrence to input envi-
ronmental variables. For each of the macroinvertebrate taxa,
three regression tree models were constructed per taxon. This
was done by plotting each selected variable between its min-
imum and maximum values encountered at the sampling sites,
while the other parameters that were present in the model were
kept constant at their average values (Mereta et al. 2012;
Yigezu et al. 2018). In this way, a line was plotted showing
the relationships between the environmental factors and the
abundance of macroinvertebrates. The determination coeffi-
cient (R2) value was used to evaluate the performance of the
regression tree models (De’ath and Fabricius 2000). The de-
termination coefficient is a measure of the goodness of fit of
the models (Kallimanis et al. 2007).The closer the value to
one, the better the model performed.

Multivariate Data Analysis

Canonical correspondence analysis (CCA) was performed
using CANOCO 4.5 (ter Braak and Smilauer 2002) to
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investigate the species-environment relationships on ordi-
nation axes. Nineteen invertebrate taxa were included in this
ordination analysis. The environmental parameters were log
transformed log(x + 1) in the analysis to obtain homogene-
ity of variance in Canonical correspondence analysis. The
statistical significance of eigenvalues and species–
environment correlations generated by the CCAwere tested
using Monte Carlo permutations. All data (dry and rainy
season sampling data) were used together to construct the
plots. Prior to the ordination analysis, a pre-selection was
carried out to remove those variables with relatively high
multi-collinearity. Multi-collinearity was assessed by ex-
amining variance inflation factor (VIF)(ter Braak and
Smilauer 2002). When two or more variables had VIF of
larger than 5, one of the variables was included in the model.

Results

Variable of Importance

Table 1 shows the predictor variables for determining the
presence/absence of 19 benthic macroinvertebrate taxa while
Table 2 shows frequency of occurrence of macroinvertebrates
in all samples and their total abundance. Figure 2 depicted the
average frequency of selection of the predicator variables by
the classification tree models on the different models. Since
the training and validation were based on three-fold cross
validation, three models were developed for each taxon.

The most frequently selected input variable by the classifi-
cation treemodels was vegetation cover (60%) followed leath-
er tanning (47%), vegetation clearance (40%) and nitrate
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(33%) (Fig. 2). On the other hand, water depth, water temper-
ature and dissolved oxygen were the least selected input var-
iables by classification tree models (Fig. 2).

Model Performance Evaluation

The model performances based on the average CCI and
Cohen’s Kappa statistic of the three-fold cross validation for
19 macroinvertebrate taxa are shown in Fig. 3a and b. The
error bars indicate the variation between the subset models
constructed per taxon. The average CCI varied between
60.43 ± 7.86% and 81.26 ± 9.37%. Based on CCI and
Cohen’s Kappa statistic, Coenagrionidae, Libellulidae,
Hydrophilidae, Gomphidae, Physidae, and Naucoridae had
reliable classification tree models (CCI >70%; ĸ > 0.40)
(Fig. 3a). On the other hand, Coenagrionidae and
Libellulidae had substantial predictive model performance
with Cohen’s Kappa statistic (ĸ > 0.60). Whereas, Baetidae,
Physidae, Tipulidae and Hydrophilidae had moderate predic-
tive model performance with Cohen’s Kappa statistic (ĸ ≥
0.40). Lymnaeidae, Belostomatidae, and Mesoveliidae slight
model performance with Cohen’s Kappa statistic of 0.19 ±
0.09, 0.16 ± 0.19 and 0.11 ± 0.02, respectively (Fig. 3b).
Whereas the rest of the macroinvertebrates modeled in this
study (Fig. 3b) had fair model performance.

Among the classification trees developed for the nineteen
macroinvertebrate taxa, only trees with high predictive perfor-
mance, more transparent and ecologically meaningful were
presented. An example of classification tree models for five
macroinvertebrates is shown in Figs. 4, 5, 6, 7 and 8. The

classification trees indicate that vegetation cover was given
as the root of the trees attribute to predict the occurrence of
Coenagrionidae (Fig. 4), Libellulidae (Fig. 5), Nepidae
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Fig. 6 Classification trees model predicting the presence or absence of
Nepidae (Correctly Classified Instances = 68.8%, Kappa = 0.34)
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(Fig. 6) and Culicidae (Fig. 7). Leather tanning was the most
informative attribute given as the root of the trees to predict
the occurrence of Baetidae (Fig. 8).

Conditional Analysis

The selection of taxa for conditional analysis was based on its
predictive performance, complexity of the tree and the type of
variables selected. The conditional analysis based on regres-
sion tree models for Coenagrionidae, Libellulidae, and
Baetidae is shown on Fig. 9. The determination coefficients
obtained from the regression tree model ranged from 0.329 ±
0.12 to 0.517 ± 0.19. Conductivity and vegetation cover were
important predictor of the abundance of macroinvertebrate
taxa. The regression tree models indicated that the abundance

of Coenagrionidae and Libellulidae increased with increasing
vegetation cover (Fig. 9a, b). The abundance of Baetidae and
Coenagrionidae also declined with increasing in water con-
ductivity (Fig. 9c, d).

Ordination Analysis

The first and second canonical axes explained 16.9% and
8.2% of the variances in the species data, respectively. The
species–environment correlation of the first axis was statisti-
cally significant in a Monte Carlo permutation test (P < 0.05).
Vegetation cover, total phosphorous, chlorophyll a, leather
tanning, pH and Secchi depth significantly explained the var-
iance of species-environment relationship on the ordination
axes (p < 0.05) (Fig. 10). Whereas, the first axis of CCAwas
positively correlated with sludge layer thickness and nitrate
and it is negatively correlated with vegetation cover. CCA axis
2 was positively correlatedwith total phosphorous, orthophos-
phate, chlorophyll a as well as leather tanning, but it negative-
ly correlated with secchi depth and water depth (Fig. 10).

Discussion

In the present study, decision tree models and ordination anal-
ysis were used to identify factors influencing the occurrence
and abundance of macroinvertebrate taxa in the wetlands of
Lake Tana watershed. Vegetation cover, leather tanning, veg-
etation clearance and nitrate were found to be the topmost
environmental factors determining macroinvertebrate taxa oc-
currence (Fig. 2). Using Kappa values as indicator of the ac-
curacy of classification tree models, Coenagrionidae and
Libellulidae had substantial predictive model performances,
whereas Baetidae, Physidae, Tipulidae and Hydrophilidae
had moderate predictive performance (Fig. 3b). These results
indicate that these taxa have distinct habitat quality require-
ments within the habitat gradient studied. However, the clas-
sification tree models performed least for Lymnaeidae,
Belostomatidae and Mesoveliidae, suggesting that other fac-
tors than the ones we quantified determined their distributions.
The lower kappa value and the higher CCI of the model for
Belostomatidae may also be ascribed by its high frequency of
occurrence while the low kappa value for Mesoveliidae and
Tipulidae may be related to their low frequency of occurrence
at the study sites, indicating the predictions may be easily
generated by chance (Dedecker et al. 2007; Mereta et al.
2012). There is a probability that the most common taxa at
the study sites are always present and the rarest taxa are al-
ways absent in classification trees models (Dedecker et al.
2007).

Environmental variables clearly affected the occurrence of
macroinvertebrate families in the study area. Vegetation cover,
leather tanning, vegetation clearance and nitrate were the most
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relevant environmental variables influencing the occurrence
of macroinvertebrates. Vegetation cover ranked at the roots
of the classifications trees evaluating the presence/absence of
Coenagrionidae, Libellulidae, Nepidae and Culicidae, imply-
ing that this variable is among important requirements for the
occurrence of these taxa. Vegetation cover was strongly cor-
related with the patterns of macroinvertebrate community
structure on the ordination axes (Fig. 10). Many macroinver-
tebrate species depend on vegetation cover for egg laying,
nutrition, while predator species need vegetation for success-
ful hunting strategies, thereby directly and positively
impacting on macroinvertebrate community compositions
(Couceiro et al. 2007; Bloechl et al. 2010).

Besides vegetation cover, water conductivity was an im-
portant environmental variable influencing the abundances of
macroinvertebrate taxa. Kefford (1998) found water conduc-
tivity to be most important in terms of describing the structure
of macroinvertebrate communities. In the present study, some
tolerant taxa, such as Planorbidae and Lymnaeidae were fre-
quently occurring in water with high electric conductivity. The
relative abundance of Chironomidae was also positively relat-
edwithwater conductivity. Chironomidae is a ubiquitous fam-
ily encompassing a number of species showing broad ecolog-
ical sensitivity (Panatta et al. 2007). Mereta et al. (2012)

reported high abundance of Chironomidae at sites with high
water conductivity. In contrast, Nepidae, Naucoridae and
Baetidae were encountered in habitats with low concentration
of water electric conductivity. Similarly, the conditional anal-
ysis results showed that the abundance of Coenagrionidae
dramatically declined when water conductivity was higher
than 200 μS/cm. Several studies reported that urbanization
can contribute to increased levels of conductivity in freshwa-
ter ecosystems mainly due to the liberation of ions through
decomposition of oxygen demanding wastes (Roy et al.
2003).

Human activities such as leather tanning were also im-
portant factor affecting the occurrence of Baetidae.
Leather tanning ranked at the roots of the classifications
trees built for Baetidae. Leather tanning is widely prac-
ticed in wetlands to remove the flesh and fur of animals
(Gezie et al. 2017). The process of leather tanning affects
water quality as it releases biodegradable organic mate-
rials such as proteins and carbohydrates. Microbial de-
composition of organic matters results in depletion dis-
solved oxygen (Mwinyihij et al. 2006). Thus, leather tan-
ning can degrade habitat conditions and water quality,
thereby reducing biodiversity. The results also showed
that vegetation clearance and nitrate ion concentration
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Fig. 9 Conditional analysis illustrating the abundance (number of
individuals per sample) of a Coenagrionidae as a function of vegetation
cover (r = 0.517 ± 0.19), b Libellulidae as a function of vegetation cover

(0.430 ± 0.03), c Baetidae as a function of water conductivity (r = 0.329
± 0.12), d abundance of Coenagrionidae as a function of water
conductivity (r = 0.465 ± 0.243)
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affected the presence or absence of macroinvertebrate
families in the studied wetlands. Vegetation clearance al-
ters physical habitat conditions whereas nutrient enrich-
ment causes eutrophication, which in turn deteriorate wa-
ter quality and influences macroinvertebrate compositions
(Kasangaki et al. 2008). Concentrations of nutrients are
among the most common causes of declining water qual-
ity and physical habitat deterioration (Moal et al. 2018).
These impacts alter both water chemistry and macroinver-
tebrate community compositions (Ambelu et al. 2010).

In conclusion, macroinvertebrates revealed clear interac-
tions to a wide range of environmental variable. Hence, mac-
roinvertebrate taxa could be potential candidates for biomon-
itoring and could provide valuable insight in the development
of a standard wetland assessment protocol. Decision tree
models and ordination analysis identified environmental var-
iables influencing the structure of macroinvertebrate commu-
nities. Habitat alterations, habitat modifications, land use prac-
tices and water quality were important factors in determining
macroinvertebrate community patterning in the Lake Tana
Watershed. Habitat modifications such as vegetation clearance
and improper management of solid and liquids wastes contrib-
utes to the deterioration of water quality by raising water elec-
tric conductivity and nutrient enrichment levels and thus, de-
cline in aquatic biodiversity (Moal et al. 2018). Therefore, a
minimal preservation of wetland vegetation and proper man-
agement of solid and liquid wastes are essential to maintain a
high biodiversity and to protect ecosystem services in wet-
lands of Lake Tana watershed.
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