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Abstract: Watershed area and a bunch of relief, land
use, and wastewater characteristics for 32 upland and
33 lowland small river courses are generated. Based on
these characteristics, logistic binary regressionmodels are
trained to predict if the river achieves the good physico-
chemical status, and discriminant analysis models are
trained to predict the physico-chemical status class on a
five-class scale.
Univariate models revealed that elevation (for upland
rivers), the share of artificial surfaces (for lowland rivers)
along with forests, and wastewater quality variables such
as biochemical oxygendemand, chemical oxygendemand,
and phosphorus are the most significant predictors. Dis-
criminant analysis models performed better on upland
than on lowland rivers. Achievement of good status could
be predictedwith an accuracy of ~90% (with 2 to 4 variable
logit models), whereas the status class with an accuracy of
63/48% (with 2 to 4 variable discriminant analysis models)
for upland and lowland rivers, respectively. This contribu-
tion uses Hungary as a case study.

Keywords: binary logistic regression, diffuse pollution,
land use, linear discriminant analysis, point source pol-
lution, water quality monitoring, Water Framework Direc-
tive, Central Europe

1 Introduction
Starting in the early 20th century, the pollution of waters,
and, in particular, rivers has received growing attention
worldwide. Protecting them to fulfill human needs turned
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out not to be sustainable in the long term. Starting in the
late 20th century, water protection measures began to fo-
cus on the ecosystems of the water. Two examples are the
CleanWater Act in theUS [1] or theWater FrameworkDirec-
tive (WFD) in Europe [2]. The goal of the latter is to achieve
good ecological status / potential of all surface and subsur-
facewaters by (at the latest) 2027 from a biological point of
view. Groundwater, rivers, lakes, transitional and coastal
waters as well as estuaries are all in the scope of the WFD.

The primary tool of theWFD is the river basinmanage-
ment plans tobepreparedby eachmember state in a 6-year
cycle. Basic unit of the river basin management plans are
the water bodies comprising one or more stretches/parts
of the waters mentioned above. Categorizing water bodies
into a few types facilitates their management. For surface
freshwaters, the typology is based on altitude, slope (in
case of rivers), geology, sediment, and catchment size of
the water body (Table 1) [2–4].

After delimiting the water bodies and their watershed,
river basin management plans require to list all pressures
(i.e., natural and human effects influencing thewater qual-
ity) and to assess the status of each water body. The status
evaluation results in each water body assigned to one of
the classes high, good, moderate, poor or bad. Assessing
the reliability of the classification (high,medium or low) is
also part of the status evaluation. The primary base of the
classification is water qualitymonitoring data. Monitoring
here means hydro-morphological, biological and physico-
chemical monitoring of each water body. For more details
on the physico-chemical status assessment of Hungarian
river water bodies, the reader is referred to [5, 6].

For most countries, implementation of themonitoring
required by the WFD is a considerable challenge. Tradi-
tional monitoring of all water bodies with the necessary
reliability would require unreasonably high efforts [7, 8].
This statement is particularly true for Hungary. With a
few exemptions, smaller rivers and lakes have not been
monitored before the year 2007. The status of only a tiny
part (170 out of 1078) of all surface water bodies could be
assessed with high reliability in the 2nd river basin man-
agement plan, while 145 out of 1078 surface water bodies
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Table 1: Hungarian river water body types, and number of the particular water bodies. nWB = number of water bodies in the particular type
category. High = number of water bodies classified with high reliability.

type # altitude slope geology sediment catchment size nWB high
1 upland high siliceous coarse small 20 9
2 upland high calcareous coarse small to medium 31 7
3 upland medium calcareous any small to medium 359 32
4 upland medium calcareous coarse large to very large 19 12
5 lowland low calcareous coarse small to medium 23 8
6 lowland low calcareous medium to fine small to medium 376 33
7 lowland low calcareous medium to fine large 33 20
8 lowland low calcareous medium to fine very large 18 15
9 lowland m – low calcareous coarse Danube-size 9 9
10 lowland low calcareous medium to fine Danube-size 1 1

stayed “grey” (meaning unknown status) [4, 9]. Emerging
methods like citizen science, remote sensing, and big data,
along with machine learning algorithms, are to be consid-
ered as a solution to the monitoring dilemma. However,
these methods are not widely known and elaborated yet
[10, 11]. On the other hand, monitoring of large rivers is in
some cases excessive [12–14].

A plethora of studies reveal that there is an apparent
link between a watershed’s characteristics and it’s water
quality [15–17]. In the hypothetical case of having all the
knowledge on the background factors and the processes,
no monitoring would be needed. In reality, the relation-
ships are complex, and it is due to this fact that determin-
istic models (based on the physical processes and referred
to as water quality or watershed models) usually do not
perform better than statistical ones [18–21].

The statistical modeling task is usually data-driven:
the watershed properties taken into account as predic-
tor variables are those the data is available for. The most
important predictor variables are geology, land use, and
point sources pollutions [22–24]. The established relation-
ships, however, are strongly site-specific, since agricul-
tural and industrial as well as wastewater treatment tech-
nologies have a substantial variation around the globe.
The statistical modeling method has widely been applied
in the Americas [25–27] or Asia [28–30] but less frequently
in Europe. A few European examples are [31, 32].

Logistic binary regression (in short: logit) is widely
used in finances (e.g., credit assessment) or medicine (e.g.,
in predicting disease from the way of life or deoxyribonu-
cleic acid) [33, 34]. It is somewhat less known in predict-
ing the probability of a water pollution event [35, 36]. Lin-
ear discriminant analysis is widely used for dimensional-
ity reduction of large datasets, among other things of wa-
ter quality monitoring [37–39]. It can also be used to pre-

dict class assignation based on continuous or categorical
covariates. Since water quality is more mapped on a con-
tinuous scale rather than as nominal categories, the use
of linear discriminant analysis for predicting water qual-
ity is rare. The authors are not aware of any of these meth-
ods used to establish a direct link between thewatershed’s
characteristics, and it’s physico-chemical status class on a
regional scale.

1.1 Objectives of the study

This study aims at defining relationships between the
physico-chemical status of small watercourses and the
physical characteristics of their watershed that can be cal-
culated from databases covering large areas. Also, we aim
at defining the accuracy and reliability of such relation-
ships. In particular, we will

• determine linear discriminant analysis and logit
models with watershed properties as the predictor
and the water body’s physico-chemical status class
as the predicted variable;

• describe the reliability / accuracy of these models.

2 Material & Methods

2.1 Study site

Hungary is a landlocked country situated in the
Carpathian basin (Figure 1). About two-thirds of the coun-
try’s area is flat, and the rest is hilly. The highest point
is 1014 and the lowest 76 meters above sea level. Moun-
tainous regions are typically calcareous whereas lowland
regions are loamy or sandy.
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Figure 1: Cumulated watershed of study water bodies. Brown: type 3, green: type 6 watersheds. Darker colors show nested catchments.

The climate is continental; yearly mean precipitation
is between 500 mm on central lowland regions and 850
mm on the southwestern and hilly areas. Mean monthly
temperatures range from −2∘C in January to 20∘C in July.
Larger rivers (except for the Danube) originate in direct
neighboring countries (it is a typical “downstream coun-
try”).

The average population density is 105 capita km−2.
Seventy percent of the inhabitants live in towns covering
3.6% of the country’s surface; more than one-fourth of the
population lives in or around the capital (Budapest). The
most important economic activities include agriculture, in-
dustry, and tourism.

2.2 Material

The study presented in this paper is based on the physico-
chemical classification of the 2nd river basin management
plan of Hungary [40]. The classification was based on wa-
ter quality measurements from years 2009 – 2012 for fol-
lowing water quality variables: pH, electric conductivity,
chloride ion concentration, dissolved oxygen, oxygen satu-
ration, biochemical oxygen demand, chemical oxygen de-
mand, total organic carbon, ammonium ion concentration,
total inorganic nitrogen, total nitrogen, orthophosphate
ion concentration, total phosphorus [17, 41]. Only river wa-
ter bodies classified with high reliability were included in
the present study.

The cumulated watershed belonging to the outflow
point of each water body was generated by summing up
the immediate catchment of all upstreamwater bodies [42].
Basins extending to neighboring countries were created
based on the topography (EU-DEM v1.1 [43]) with the Tau-
DEM algorithm [44]. Only type 3 and type 6 water bodies
classified with high reliability were included in the study
(Table 1). In both types, all five classeswere represented; in
both of them, status good was the most frequent (Table 2).

Table 2: Frequency of physico-chemical classes in the studied types
of water bodies.

type 3 type 6
high 3 5
good 13 11

moderate 9 6
poor 6 7
bad 1 4
total 32 33

The EU-DEM also served for calculating mean eleva-
tion and slope for each watershed. Based on the Corine
Land Cover database [45], land use share for four cate-
gories was generated for each basin (Table 3). Point source
pollution values were based on two databases. The Euro-
pean Environment Agency’s Urban Wastewater Directive
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Table 3: Characteristics of study watersheds. Mean (minimum – maximum) values; LMQ = long term mean flow of the water body; masl =
meters above sea level; PE = population equivalent. WB = Water body, WWTP = wastewater treatment plant.

Type 3 Type 6
Relief & hydrology
Watershed area [km2] 240 (25 - 1000) 360 (4 - 1000)
Percent inland [%] 86 (6.7 – 100) 100 (89 – 100)
Mean elevation [masl] 280 (150 - 540) 150 (85 - 270)
Mean slope [%] 8.8 (1.7 - 16) 3.1 (0.32 - 8.8)
Long term specific runoff [mm] 97 (31 - 170) 67 (18 - 140)
Long term mean flow of the WB (LMQ) [m3s−1] 0.75 (0.053 – 4.0) 0.75 (0.008 - 3.5)
Land cover and land use
Artificial surfaces [%] 7.0 (2.4 - 33) 6.6 (1.6 - 22)
Agricultural areas [%] 47 (5.6 - 88) 62 (26 - 90)
Forest and semi natural areas [%] 46 (4.3 - 86) 30 (1.1 - 71)
Wetlands and water bodies [%] 0.27 (0 - 2) 1.4 (0 - 12)
EU urban wastewater database [46]
Number of WWTP-s [-] 2.7 (0 - 12) 2.6 (0 - 11)
Load relative to LMQ [PE m−3s1] (eq. (1)) 620 (0 - 5900) 2900 (0 - 54000)
HU-RWBMWWTP database [48]
Number of WWTP-s [-] 5.1 (0 - 23) 6.1 (0 - 28)
BOD relative to WB LMQ [mg l−1] 0.61 (0 - 5) 3.3 (0 - 53)
COD relative to WB LMQ [mg l−1] 3.3 (0 - 56) 14 (0 - 230)
TN relative to WB LMQ [mg l−1] 0.85 (0 - 5) 4.7 (0 - 63)
TP relative to WB LMQ [mg l−1] 0.074 (0 - 0.63) 0.74 (0 - 11)

Treatment Plants database [46] contains a list of all Eu-
ropean Union wastewater plants along with their e�uent
load values (in population equivalent) and the treatment
technology applied, classified into one of seven categories
(no treatment / primary / secondary / secondary +nitrogen
removal / secondary + phosphorus removal / secondary
+ nitrogen and phosphorus removal / secondary + other).
From this database, the load entering eachwater bodywas
calculated with the following formula.

L = L0 + 0.65L1 + 0.15L2 + 0.02L3 (1)

where L0 means load from plants with no treatment, L1
means load from plants with primary treatment, L2 means
load from plants with secondary treatment, and L3 means
plants with secondary + optionally any other treatment.
The numbers 0.65, 0.15 and 0.02 are intended to represent
mean removal efficiencies [47].

The second source of point sources was a cadaster of
the Hungarian wastewater treatment plants enclosed to
the 2nd river basin management plan [48]. This database
comprises the self-control reports of wastewater treat-
ment plants from the years 2010-2012. It contains yearly
mean discharge (in m3/s) and yearly mean e�uent bio-
chemical oxygen demand, chemical oxygen demand, to-

tal nitrogen, and total phosphorus concentrations for each
plant. Annual load values were calculated, summed up
for each watershed, and divided by the long-term mean
flow of the respective water body. The values can be in-
terpreted as yearly mean concentrations originating from
point sources, with the hypothesis of no in-stream reten-
tion and degradation. Tables 3-4 list the watershed proper-
ties along with their statistical values.

2.3 Methods

Logistic binary regression is a special case among the gen-
eralized linear models. Instead of predicting a continuous
variable (as does a linear regression model), the probabil-
ity of falling into one of two classes is predicted. In our
case, the probability of achieving good status is predicted
as the function of one or more watershed properties.

While being in their use very similar to regressionmod-
els, discriminant analysis models have very different un-
derlyingmathematics. Instead of defining a predictor func-
tion, they aim at describing the discriminant functions
that are the best in differentiating among the categories
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Table 5: List of studied models. All indicated combinations of covariates were applied with both of the logit and the linear discriminant
analysis methods. WW = wastewater; COD = chemical oxygen demand; TP = total phosphorus.

Model # Elevation Artificial Forest WW COD WW TP Dataset
1.3 x type 3
1.6 x type 6
2.3 x x type 3
2.6 x x type 6
3.3 x x x type 3
3.6 x x x type 6
4.3 x x x x type 3
4.6 x x x x type 6

Figure 2: Relative probability of status good or high as function of unique watershed properties and 95% confidence intervals. Type 3
water bodies. Black dots show observations. X-axis ranges are calculated as the union of type 3 and type 6 watersheds, but two type 6
watersheds with extremely high point source pollution were excluded. Significance indicated (for the whole dataset).

of the function variable. As a result, they still do predict
a categorical variable (of two or more categories).

As a first step of the present study, univariate logit
models are established and visualized. Based on these
models, and predictor variable’s correlation table (Ta-

ble 4), variables to be included in multivariable models
are determined. Two times four multivariable models are
investigated on both datasets and with both multivariable
methods (Table 5).
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Figure 3: Relative probability of status good or high as function of unique watershed properties, and 95% confidence intervals. Type 6
water bodies. Black dots show observations. X-axis ranges are calculated as the union of type 3 and type 6 watersheds, but two type 6
watersheds with extremely high point source pollution were excluded. Significance indicated (for the whole dataset).

The present study had the aim to predict physico-
chemical water quality based on the simplest possible wa-
tershed properties. Due to the relatively low number of
training cases (32/33 watersheds for type 3 / type 6, re-
spectively), the number of predictors could not exceed ~5
(5-6 training cases per predictors, see e.g. [34]). Relatively
simple parameters were chosen as predictor variables: re-
lief properties (area, slope, elevation), main land use cate-
gories (Table 3), and a fewwastewater indicators. The cho-
sen variables are supposed to have the most substantial
influence on physico-chemical water quality. Other possi-
ble variables would include catchment shape indicators,
drainagenetwork (river network) density in the catchment,
the slope of the channel network, fragmentation indica-
tors of individual land-use types, land slope within indi-
vidual land-use classes. These are subjects of future stud-
ies.

Variables were added sequentially. Models 1.3 and 1.6
consisted of one and the most significant predictor vari-
able: total phosphorus emitted from point sources. Predic-
tor variables of Models 2.3 and 2.6 were the share of forests
(indicating absence of diffuse pollution) on the watershed
and the phosphorus from point sources. The results of this
model can be visualized on the 2D plane and thus help the
reader to understand it’s functioning.

The third predictor variable was elevation (for type
3) and artificial surfaces (type 6). These are still quite sig-
nificant and at the same time, possibly uncorrelated pre-
dictors (Figures 2-3 and Table 4). As a fourth predictor,
chemical oxygen demand emitted from point sources was
added, representing another aspect of point sources pollu-
tion, but is highly correlated with total phosphorus.

The samecombinationof covariateswas appliedwhen
running the logit and the linear discriminant analysismod-
els. In the case of the logit models, the significance level
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of the predictor variables, the accuracy of the model, and
the “area under the curve” are used asmodel performance
indicators. In the case of linear discriminant analysis mod-
els, accuracy and false negative predictions, as well as the
difference in the predicted classes, are studied.

Calculations in this study were conducted using the
R programming language [49]. For logit models, the stats
package, for linear discriminant analysis models, the
MASS package [50] was used. ggplot2 package was used
to prepare the figures [51].

3 Results

3.1 Logit models

Figures 2 and 3 show fit for one-variable logit models and
their 95% confidence interval. Elevation (for type 3 only),
artificial surfaces (type 6 only), agricultural and forested
areas as well as three wastewater concentrations (except
for nitrogen) show high significance levels. The signifi-
cance of wastewater nitrogen is somewhat weaker (0.06
and 0.09 for type 3 and type 6 waters, respectively). The
significance of the aggregated wastewater load (in popu-
lation equivalent) is around 0.1 (0.08 for type 3 and 0.12
for type 6). As an overall tendency, significance levels are
comparable for type 3 and type 6 watersheds. In addition
to the already mentioned ones, the most important differ-
ences are: area – higher significance for type 6watersheds;
slope – much more significant for type 3 watersheds; wet-
land and water surfaces – higher significance for type 6.

Concerning the multivariate models, the performance
indicators generally increasewith the number of variables,
although already the one-variable models 1.3 and 1.6 per-
form quite well: accuracy of 75 – 79% (Table 6). While in
the case of Type 3, the elevation, in case of Type 6, the
area of artificial surfaces is a better predictor. Adding the
second wastewater indicator (COD) hardly adds anything
to Type 3 models and adds nothing to type 6 models. The
best accuracy is 91% for both types, and the best AUC is
97/94% for type 3 and type 6, respectively.

Tables 7 and 8 show confusion matrices for 2×2 se-
lected models. These tables show the amount and type of
errors. The terms “positive” and “negative” are used con-
sidering the water management point of view: a case (a
specific water body) is regarded as positive when interven-
tions/measures are needed to ensure it’s good status (so
it’s status is in fact not good). Type II errors (false nega-
tives) are themore severe errors: thewaterswhere theneed
for a measure is not predicted although needed. In the pre-

Table 6: Performance indicators of logit models [%]. AUC = “area
under the curve”.

Model
#

accuracy AUC Model
#

accuracy AUC

1.3 75 81 1.6 79 91
2.3 78 93 2.6 88 94
3.3 88 96 3.6 91 94
4.3 91 97 4.6 91 94

sented models, Type II errors amount to 6 – 13% of the
cases (red numbers in Tables 7 and 8).

3.2 Linear discriminant analysis models

Just as with the logit models, we start with a graphical in-
vestigation. This step can not be done if the number of pre-
dictor variables is higher than two, thus only models 2.3
and 2.6 are graphically investigated. As a first step, each
water body is depicted on a 2D plane as a function of the
model variables, with the color representing the status.
Secondly, prediction areas of the models are filled up with
color for the respective class. At the same time, an uncer-
tainty analysis is conducted: reliability (confidence) of the
models is tested with the bootstrapping method [34]: the
model is fitted on a random90%subsample of the training
dataset (“submodels”). This step is repeated many times.
Those points of the prediction area that belonged to the
same class in 95% of the submodels are enclosed with a
black line; those belonging to the same class in 80%of the
models with a grey line on Figures 4 left and right.

The above figures – along with the multivariate mod-
els – also help us in concluding the role of the single vari-
ables. Considering the models,

• only water bodies with a forest share above 80%
have a chance to be in high status;

• only water bodies with forest share above ~30%
have an opportunity to achieve good status;

• water bodies where wastewater total phosphorus
relative to long term mean flow is higher than 0.5
(type3) or 4 mg/l (type 6) are unlikely to achieve
good status.

These numbers will be slightly different with the inclu-
sion of other variables or with a different training dataset;
what is essential now is that they can be defined.

As already mentioned, rather than predicting if a wa-
ter body achieves or not the good status, linear discrimi-
nant analysis models aim at predicting its status on a five-
class scale. It is easy to understand: without any knowl-
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Table 7: Confusion matrices for models 2.3 and 4.3. Red numbers indicate type II errors. Accur. = accuracy.

measured model 2.3 model 4.3
total good not good accur. good not good accur.

good 16 13 3 81% 15 1 94%
not good 16 4 12 75% 2 14 88%

total 32 17 15 78% 17 15 91%

Table 8: Confusion matrices for models 2.6, and 4.6. Red numbers indicate type II errors. Accur. = accuracy.

measured model 2.6 model 4.6
total good not good accur. good not good accur.

good 16 14 2 88% 15 1 94%
not good 17 2 15 88% 2 15 88%

total 33 16 17 88% 17 16 91%

“+”: observations. Background color: prediction area of different status classes.
Grey and black lines: 80 and 95% confidence. Colors: high , good , moderate , poor , bad .

Figure 4: Composite graphs of models 2.3 (left) and 2.6 (right).

Table 9: Linear discriminant analysis models’ performance indicators. Increment = increment in accuracy compared to the naïve model.

Model # accuracy increment Model # accuracy increment
1.3 47 06 1.6 36 03
2.3 66 25 2.6 48 15
3.3 63 22 3.6 48 15
4.3 63 22 4.6 48 15

edge, the class (on a five-class scale) will be met with a
20% probability (blind model). Knowing the frequencies
of the unique classes and presuming all cases in the most
frequent class, a higher probability can be achieved. In our
study, the accuracy of the so-called naïve model will be
13/32 = 41% and 11/33 = 33% for type 3 and type 6 models,

respectively (Table 2). To quantify the performance differ-
ence between type 3 and type 6models, the accuracy incre-
ments (compared to the naïve model) are also represented
in Table 9.

Tables 10 and 11 contain confusion matrices for two-
and four-variable linear discriminant analysis models.
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Table 10: Confusion matrix for type 3 models. Red: false negative predictions.

measured model 2.3 model 4.3
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high 3 1 2 0 0 0 33% 1 2 0 0 0 33%
good 13 0 11 2 0 0 85% 1 10 2 0 0 77%
mod. 9 0 3 6 0 0 67% 0 4 5 0 0 56%
poor 6 0 1x 2 2 1 33% 0 1x 2 3 0 50%
bad 1 0 0 0 0 1 100% 0 0 0 0 1 100%
total 32 1 17 10 2 2 66% 2 17 9 3 1 63%
xprediction two classes aside. *prediction three classes aside. Mod. = moderate; accur. = accuracy. Zeros not indicated.

Table 11: Confusion matrix for type 6 models. Red: false negative predictions.

measured model 2.6 model 4.6
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high 5 0 3 0 2* 0 0% 0 3 0 2* 0 0%
good 11 0 10 0 1x 0 91% 0 9 0 2x 0 82%
mod. 6 0 3 0 2 1x 0% 0 3 1 2 0 17%
poor 7 0 2x 0 5 0 71% 0 2x 0 5 0 71%
bad 4 0 2* 0 1 1 25% 0 2* 0 1 1 25%
total 33 0 20 0 11 2 48% 0 19 1 12 1 48%
xprediction two classes aside. *prediction three classes aside. Mod. = moderate; accur. = accuracy. Zeros not indicated.

Table 12:Water bodies misclassified by two or more classes by any of models 2.3 to 4.3 or 2.6 to 4.6.

Type ID wbname measured model
1.3 / 2.6

model
3.3 / 3.6

model
4.3 / 4.6

3 31 Dobroda-creek and tributaries poor goodx goodx goodx

6 61 Ferenc-channel high poor* poor* poor*
6 62 Hunyor-creek high poor* poor* poor*
6 63 Lanka-channel good poorx poorx poorx

6 64 Tapolca-creek good good poorx poorx

6 65 Répce-spillway mod badx badx mod
6 66 Kõrös-ér poor goodx goodx goodx

6 67 Mirhó-Gyolcsi-channel poor poor mod goodx

6 68 Pécsi-víz middle poor goodx poor poor
6 69 Nádor-channel (Sárvíz) upper bad good* good* good*
6 70 Völgységi-creek to Rák-creek bad good* good* good*

xprediction two classes aside. *prediction three classes aside. Mod. = moderate.

Two kinds of errors are investigated: first, false negatives
(type II errors) and second, misclassification by two or
more classes (the formers are marked with red, the latter
with x and * in Tables 10 – 11). The number of false neg-
ative cases is 4 and 5 for models 2.3 and 4.3, respectively,
and 7 for both of the models 2.6 and 4.6.

"Very big" mistakes (misclassification by three
classes) only happen with type 6 models, however, in

both directions. Their number is 2×2 with both models
(2× underestimation by three classes, 2x overestimation
by three classes. The number of "big" mistakes (over- or
underestimation by two classes) is just the same for type
6 models. One type 3 case is overestimated by both of the
models 2.3 and 4.3.
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4 Discussion
Two times four logit models plus two times four linear
discriminant analysis models were studied. All of them
yielded consistent results, which indicates the suitability
of the training data –modeling methods combinations for
the required purpose.

Concerning the basic watershed properties (area, ele-
vation, slope), only elevation is significant and only with
the type 3 dataset. The cause of this fact might be that ele-
vation of the watershed is in a strong correlation with land
use: both settlements and agricultural activities tend to
concentrate on lower areas. The next two most significant
covariates are slopewith type 3watersheds (significance =
0.08) and area with type 6 (significance = 0.14). The slope
of type 6 basins is not so indicative because it covers only
a narrower range (Table 3). Relatively higher importance
of catchment area on lowlands can be understood, taking
into account that agricultural surfaces have a higher (62
versus 47) whereas forests a lower (30 versus 46) percent-
age on type 6 versus type 3 watersheds.

From the four land use covariates, agricultural and
forested surfaces along with artificial surfaces turned
out to be significant, this latter only with type 6. Non-
significance of wetlands andwatersmight be explained by
the fact that the extent of their effect very much depends
on their location (near to outflow point versus close to the
origin) [52] which was not accounted for in the models.

The aggregated wastewater indicator (load in popula-
tion equivalent) turned out not to be significant. From the
unique components of wastewater, both biochemical and
chemical oxygen demand are significant with both types;
however, biochemical oxygen demand more with type 3
and chemical oxygen demand more with type 6. From the
nutrient indicators, only total phosphorus is significant,
which emphasizes the role of point sources in phosphorus
contamination of rivers [53].

Univariate logit models quantify the role of each wa-
tershed characteristic in water bodies’ status. Concerning
type 3 watersheds, those with amean elevation above 400
meters above sea level or with an agricultural share < 30%
or with a forest share > 60%will achieve good status (con-
fidence > 95%). On the contrary, type 3 watersheds with el-
evation < 200m, agricultural share > 70% or forest share <
30%will not achieve good status. As for type 6watersheds,
forest share > 45% or phosphorus load below 0.1 mg/l are
guarantees for achieving;whereas forest share < 15%, COD
load above 15 mg/l or phosphorus above 0.5 mg/l for not
achieving good status. Kändler et al. [31] also concluded
that forest proportions bigger than 70% lead to low con-

centrations of contaminants; however, concerning arable
land, their threshold was somewhat lower (40%).

Regarding the multivariate logit models, already the
two-variable (forest + total phosphorus) models perform
quite well: they show an accuracy of 78/88% and an “area
under the curve” value of 93/94% for type 3 and type 6
models, respectively. Three- and four-variable models su-
persede these values.

Considering multivariate linear discriminant analysis
models, two- or more variable models perform better than
univariate ones. Concerning type 3 models, there is no sig-
nificant difference between models 2.3, 3.3, 4.3; the two-
variable model even performs slightly better. Concerning
type 6 models, there is no difference at all, between mod-
els 2.6, 3.6, and 4.6.

Themoremarked difference (concerning discriminant
analysis models) is between type 3 and type 6 models: the
former perform much better. A possible cause for this is
the presence of waters loaded with extremely high point
source pollution in this data set (Figure 4 right).

A comparison of logit models with linear discriminant
analysis models, in general, is not straightforward since
they had a different objective. Counting the amount / pro-
portion of water bodies misclassified to achieve good sta-
tus, logit models perform better. The fact that linear dis-
criminant analysis models treat classes as nominal vari-
ables serves as a reason for this. The finding is in line with
Avila et al. [36], who concluded that multinomial regres-
sion models performed slightly better than linear discrim-
inant analysis models in terms of cross-validation error
rates.

The most frequent cause for status overprediction (by
discriminant analysis models) is that water quality at the
monitoring location is influenced by a near wastewater in-
let (IDs 31, 67-70, Table 12) or industrial wastewater (ID 69)
or a fishing pond (ID 66). Industrial wastewater was not
accounted for in the models due to a lack of data. In many
cases, a more recent study [54] assessed a status closer to
the one predicted by the models (IDs 31, 63, 65-70).

Two of the under-predicted waters are water diversion
channels (IDs 61 and 65, Table 12); water quality here is de-
termined not by the own watershed, instead by the source
water (Duna and Répce). Hunyor-creek (ID 62) is a small
creek, with mainly of agricultural land use on the water-
shed. However, the monitoring point far upstream. The
proportion of forests on the basin of the monitoring point
is much higher than on the watershed draining to the wa-
ter body outflow point. Tapolca-creek (ID 64) has a high
wastewater share; however, e�uent wastewater thresh-
olds in this region are stricter than in the other areas of
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the country due to the vulnerability of the Lake Balaton
(receptor of the Tapolca-creek).

Bearing the false predictions in mind, future develop-
ments should be the exclusion ofwater diversion channels
(where their watershed does not determine water quality).
Also, the next models should account for the distance be-
tween the monitoring location and the source of wastewa-
ters (including industrial plants and fishing ponds).

5 Conclusions
Both logit and linear discriminant analysismodels are use-
ful in predicting if a water body achieves good status and /
or it’s status class. Themost significant covariates for both
uplandand lowland rivers,withbothof the logit and linear
discriminant analysis methods were the share of agricul-
tural land and the share of forests, the organic wastewater
indicators and wastewater TP load. Models perform better
on upland than on lowland rivers.

Achievement of good status could be predicted with
an accuracy of ~90% (with 5-variable logit models),
whereas the status class with an accuracy of 72/55% (with
5-variable linear discriminant analysis models) for upland
and lowland rivers, respectively.
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