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Abstract In this article, a set of clustering algorithms

based on Fuzzy Logic and Data Mining are applied,

allowing to obtain data in the form of linguistic rules and

charts about the behaviour of the Tinto and Odiel river

estuary (SW Spain) affected by Acid Mine Drainage

(AMD). In order to provide researchers with no skills on

data mining techniques an easy and intuitive interpre-

tation, we have developed a computer tool based on

fuzzy logic that allows immediate qualitative analysis of

the data contained in a data from the estuary water

chemical analyses, and serves as a contrast to function-

ing models previously proposed with classical statistics.

Keywords AMD � Fuzzy logic � Data mining �
Tinto and Odiel rivers � Heavy metals � Spain

Introduction

In this article, we apply a new computer tool: Predictive

Fuzzy Rules Generator (PreFuRGe) (Aroba 2003),

that allows qualitative interpretation of data recorded

in a database relative to the chemistry of water. Spe-

cifically, we aim at finding information, in principle

hidden and not likely to be detected by means of clas-

sical statistical techniques, that can help characterising

and interpreting discharge-rainfall-dissolution pro-

cesses that occur in the estuary of the Tinto and Odiel

rivers (SW Spain) affected by Acid Mine Drainage

(AMD) processes and by the presence of an industrial

site discharging effluents to the estuary (Fig. 1).

Contamination of fluvial origin transported by run-

offs coming from the existing mining operations is

known as AMD, being one of the most serious types of

water contamination because of its nature, extent and

solving difficulty (Azcue 1999), as well as remediation

costs (Commonwealth of Pennsylvania 1994). Rivers

affected by this kind of contamination are character-

ized by their acidity, as well as by high sulphate and

heavy metal content in their waters and the metal

content of their sediments (USEPA 1994). Damages

range from sublethal alterations for some individuals

of the affected ecosystems in cases of slight pollution,

with associated problems of bioaccumulation and bio-

magnification (Nebel and Wrigth 1999), to disappear-

ance of the fluvial fauna, and loss of water resources, as

water becomes useless for human, farming or industrial

consume (Sáinz et al. 2004).

This kind of contamination originates when a sul-

phurous mineral gets in contact with oxygen and

atmospheric humidity (Sáinz 1999). A complex device

begins then on the mineral surface, starting with oxi-

dation of sulphides, which are very insoluble, and then

transforming them into sulphates with production of

acid. The kinetics of this oxidation is very slow, between

1.08 · 10–15 and 1.8 · 10–14 mol/(cm2 s), and may
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increase its speed up to 100· by the presence of ferric

ion (Dogan 1999) and by the action of catalysing bac-

teria (Nicholson 1994). Together with pyrite oxidation,

secondary reactions occur among products of the pre-

vious reactions and the remaining minerals present in

the environment (Förstner and Wittmann 1983), the

final result being a set of soluble contaminants depos-

ited on the mineral, which are then dissolved and

dragged by rain- or runoff water. This originates a

contaminant liquid flow that carries acidity, sulphates

and heavy metals to watercourses. The rate expressions

for the oxidation of FeS2 (s) and ferrous iron are pre-

cisely described in Younger et al. (2002).

Although the phenomenon of sulphide oxidation is a

natural fact, production rates caused by mining allow

us to distinguish between the natural geochemical

process, of temporal patterns common in geology, and

AMD, an anthropogenic process caused both by

cropped out mineral mass amounts and by contact

surface increase due to mining activities and granul-

ometry decrease (EMCBC 1996).

Estimations of damage remediation costs range

from two to five billion dollars for Canada (Feasby

et al. 1997). This same amount is estimated for reme-

diation costs just for the State of Pennsylvania (Com-

monwealth of Pennsylvania 1994). World remediation

costs are estimated to be over ten billion dollars

(Weatherell et al. 1997), although nowadays in the

USA, the mining sector spends more than a million

dollars daily on the treatment of these acidic effluents

because, according to the US Bureau of Mines, the past

mining activity had already affected more than

20,000 km of water courses in the USA (Sáinz 1999).

There are other techniques which are applied to the

kind of problems dealt with in this work, such as N-Land

(Ward et al. 1994), Multidimensional Scaling (Ong et al.

2004) or the best known and used Self-organizing Maps

(SOMs) (Lu and Lo 2002). The self-organizing map is a

neutral network model and algorithm that implements a

characteristic nonlinear projection from the high-

dimensional space onto a low-dimensional array of

neurons (Lu and Lo 2002). Nevertheless, from our point

of view, the fuzzy logic-based techniques we use, and

more specifically, PreFuRGe, have the same advantages

as SOMs techniques: it is easy to understand and it

classifies very well; it also removes SOMs’ possible

disadvantages, such as very expensive computational

calculations, defective work with scarce or uncertain

data, artificial definition of the mesh that can influence

the cluster formation, and the need of building many

maps to find out a good final map, etc.

General setting

The estuary of the Tinto and Odiel Rivers is on a mes-

otidal (mean tidal range of 2.10 m) mixed-energy coast

(Borrego 1992). The tidal wave moves along the Odiel

Fig. 1 Location map
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estuary following a hypersynchronic model (Borrego

et al. 1993), ranging within the estuary from 4 m during

spring tides to 0.5 m during extreme neap tides. The

volumes of water that come in and out of the estuary

from the open sea (tidal prism) during a tidal half-cycle

(6 h) range from 3,734 m3 during a mean neap tide (1 m

of tidal range) to 81.76 Hm3 in a mean spring tide (3 m of

tidal range) (Borrego 1992 in Grande et al. 2000).

The volume of freshwater inflow from the Tinto and

Odiel Rivers to the inner zone of the estuary reflects a

significant seasonal and year-to-year variation. There-

fore, from 1960 to 1996, the average monthly inflow of

river water was 49.8 Hm3, and the average yearly in-

flow was 598 Hm3. The marked seasonality of this in-

flow is due to a rainy season from October to March

when the inflow may reach 100 Hm3 per month and a

dry period (from May to September) with average

monthly volumes of less than 5 Hm3 (Borrego 1992 in

Grande et al. 2003a).

The variation of the volumes of water from the re-

gime of river-water inflow and from the tidal prism

gives rise to different types of mixing models within the

estuary. During the rainy season (with an average vol-

ume of flow of 21 m3 s–1), the mixing conditions within

the estuary can be defined as ‘‘partial stratification’’

(following the criteria of Simmons 1955) for any tidal

situation. However, during the dry months (volume of

flow less than 6 m3s–1), the situation can be described as

a ‘‘good mixing’’ (Borrego 1992 in Grande et al. 2000).

Major industrial activities are located on the western

bank of the Odiel estuary. In addition, there are large

waste deposits of phosphogypsum on the eastern bank

of the Tinto near the junction of the two rivers. These

deposits are drained by a small tributary which also

carries effluent from nearby sewage treatment plants

(Elbaz-poulichet et al. 1999a). The phosphogypsum

wastes (about 1010 kg) cover an area of approximately

4 · 106 m2 (Travesi et al. 1997 in Elbaz-Poulichet et al.

2000).

AMD processes undergone by the drainage network

in the regional environment and its impact on the

estuary have been widely described by different au-

thors: Borrego (1992), Elbaz-Poulichet and Leblanc

(1996), (1999a, b, 2000), Elbaz-Poulichet and Dupuy

(1999), Braungardt et al. (1998), Cruzado et al. (1998),

Sáinz (1999), Davis et al. (2000), Grande et al. (2000,

2003a, b, c, d, e), and Sáinz et al. (2002, 2003).

Objectives and methods

The main objective of the present work is the charac-

terisation, by means of fuzzy logic and data mining

techniques, of discharge/rainfall/dissolution processes

in an estuarine environment affected by AMD pro-

cesses and enduring at the same time the discharge of

industrial effluents from a chemical industrial site, both

phenomena subject to tidal influence. The obtained

results can serve as a validation to the functioning

models proposed by Borrego et al. (2002), Grande

et al. (2000), (2003a, c), and Sáinz et al. (2002, 2003),

and as a contrast to numerous works on the estuary by

other authors.

Sampling and analytical methodology

The sampling campaign was carried out in June 1997.

Sampling stations or points were established (Fig. 1),

where a sample of surface water (5 l per station) was

taken using a Niskin sampling bottle. pH was measured

with a TURO 130 sampling probe.

Water samples were filtered immediately after col-

lection, stored at 4�C in the dark, and analysed with

standard methods within 1 or 2 days. Nutrients were

determined colorimetrically, and major ions and metal

concentrations were determined by atomic absorption

spectroscopy (Perkin-Elmer 3110) after total digestion

in a mixture of HF–HCl4–HNO3. Table 1 shows the

results obtained for each sample for the different

variables.

Fuzzy logic and data mining

Fuzzy logic (Zadeh 1965) works with reasoning rules

very close to the human way of thinking, which is

approximate and intuitive. The main characteristic of

fuzzy logic is that it allows us to define values without

specifying a precise value, something which is not

possible with classical logic, upon which computer

development has been based so far. In classical logic,

the membership to one class or set is binary, i.e., one is

either member or not, so that only two precise values

are worked with (1 and 0, yes or no). Thus, if ‘‘very low

pH’’ is defined for some samples, it is evident that a

sample with pH 2 belongs to the cluster and another

one with pH 6 does not, but how do we classify a

sample with pH 4.99? It is precisely in the answer to

this kind of question where classical logic shows its

limitations to us.

Fuzzy logic allows us to associate each sample with a

certain degree of fulfilment of the ‘‘very low pH’’

prototype. This grade is called ‘‘membership grade’’

lVLpH (x) of the element x 2 X to the set ‘‘very low

pH’’. The set X is called universe of discourse—range

of values—of the variable x. The range of lVLpH ranges
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from 0 to 1, each value representing the absolute non-

membership or membership to the set, respectively.

The membership grade may be represented by a

function (von Altrock 1995). Figure 2 shows an

example of membership function. Note, e.g., that a pH

of 4.5 and another one of 4.6 are evaluated differently,

but only by means of a slight change, and not by means

of a threshold.

Fuzzy sets are a generalization of traditional sets.

The lVLpH (X) = 0 and lVLpH (X) = 1 cases which

would correspond to conventional sets, are just special

cases of fuzzy sets. The use of fuzzy sets defined by

means of membership functions in logic expressions is

called fuzzy logic. In these expressions, the member-

ship grade of a set is the degree of certainty of the

sentence. For example, in Fig. 2, the expression ‘‘the

pH of the sample is very low’’, would be true in a grade

of 0.67 for a sample with pH 4.5.

The geometric form of membership functions is to-

tally arbitrary, but in general, simple geometry and

Table 1 Data from chemical analyses (concentration in mg/l)

Sample SO4
= SiO2 PO4

3– Na+ NO3
– K+ Mg2+ Ca2+ Cl+ pH Li Cu Zn As Rb Sr

hr3 1.86 0.16 0.04 7.42 0.54 493 1.77 273 1.59 7.32 0.12 0.35 0.55 0.04 0.08 5.52
g47 1.66 0.05 0.01 8.28 11.3 406 1.38 421 1.6 7.6 0.13 0.33 0 0 0.11 7.37
hr5bis 4.23 0.31 0.05 7.69 10.5 371 1.61 366 1.83 7.2 0.11 0.33 0.39 0.03 0.08 5.11
hr3bis 3.16 1.89 0.04 10.5 1.26 162 0.6 166 1.86 7.2 0.05 0.3 0.14 0.02 0.04 2.39
Odiel5 1.64 12.4 0 10.1 3.83 177 0.83 208 0.93 4.2 0.07 1.38 3.49 0 0.05 0.53
tr3 2.59 13.2 0.32 7.86 0.66 340 1.53 432 1.83 3.1 0.09 1.97 4.02 0.21 0.08 5.48
g47tris 2.69 0.05 0.01 8.25 5.76 388 1.36 341 1.93 8 0.12 0.33 0 0 0.1 7.22
tr9 2.31 5.8 0.01 7.72 6.6 184 1.39 301 0.62 2.51 0.09 6.63 16.8 0.02 0.05 3.54
hr4 1.97 0.05 0 8.3 6.34 377 1.35 251 1.65 7.32 0.12 0.34 0.37 0.03 0.09 5.58
tr7 2.31 8.32 0.02 4.05 7.66 126 0.53 239 0.94 2.87 0.08 8.36 20.7 0 0.05 2.47
hr1bis 2.7 0.05 0.13 8.61 1.75 370 1.32 390 1.68 7.4 0.15 0.46 0.66 0.04 0.13 7.41
Odiel4 1.57 5.41 0 3.12 2.44 193 0.97 218 0.85 4 0.07 1.69 4.09 0 0.06 3.19
hr13bis 2.56 0.05 0.03 7.82 0.59 394 1.13 263 1.95 8 0.1 0.32 0 0 0.08 5.38
hr4bis 1.73 0.54 0.07 9.29 4.45 343 1.2 368 1.97 7.2 0.12 0.34 0.32 0.03 0.08 5.56
tr8 1.14 19.3 0.04 3.41 6.38 137 0.36 246 1.52 2 0.04 2.05 10.2 0 0.04 1.7
hr9bis 2.28 0.33 0.03 6.42 5.87 371 1.61 366 1.95 7.85 0.1 0.31 0.05 0.01 0.08 5.06
hr12 1 0.05 0 8.54 4.32 334 1.53 342 1.72 8.08 0.1 0.33 0.21 0.02 0.08 5.48
hr2bis 1.58 1.14 0.06 7.99 0.42 338 0.91 485 2.3 7.5 0.12 0.32 0.39 0.02 0.09 5.33
tr5 1.43 17.9 0.07 1.02 6.72 182 0.84 256 1.28 2.73 0.1 4.7 10.7 0.15 0.07 4.9
tr4 1.35 22 0.33 8.59 1.8 317 1.44 428 1.29 2.65 0.1 3.19 6.98 0.26 0.08 5.28
hr1 0.68 1.97 0.01 5.56 3.45 387 1.82 463 1.98 6.8 0.1 0.31 0.43 0.03 0.09 5.33
hr6bis 1.3 0.98 0.04 6.52 0.61 359 1.3 523 1.93 7.5 0.09 0.24 0.2 0.02 0.06 3.39
hr8 1.1 0.05 0.03 7.34 1.76 384 1.52 404 1.52 7.81 0.09 0.28 0.08 0.02 0.07 4.6
hr13 1.08 0.05 0 7.82 0.59 394 1.13 263 1.95 8.21 0.1 0.32 0 0 0.09 5.36
Odiel1 0.59 4.4 0 2.61 1.65 126 0.85 60.2 0.27 3.21 0.04 2.84 7.85 0 0.01 0.95
tr1 3.92 4.39 0.11 4.1 7.39 247 1.12 273 1.93 5.8 0.11 0.66 1.59 0.07 0.09 6.31
hr5 1.53 0.05 0.02 7.69 9.54 405 1.39 428 1.51 7.6 0.11 0.32 0.08 0.02 0.08 5.48
hr7bis 2.15 0.05 0.03 8.3 0.52 355 1.27 267 1.93 7.6 0.09 0.31 0.19 0.03 0.07 4.81
hr11bis 2.87 0.57 0.04 8.61 0.87 410 1.41 401 2.17 8 0.1 0.29 0.05 0.01 0.08 4.71
hr7 1.64 2.07 0 9.12 0.76 414 1.45 150 1.44 7.45 0.1 0.32 0.26 0.03 0.08 4.78
San Juan 1.23 0 0.1 5.67 2.84 119 0.21 32.7 0.07 2.4 0.07 10.9 31.4 0.06 0.01 0.18
tr2 1.23 9.95 0.17 8.75 8.56 208 0.74 434 1.72 3.66 0.09 1.43 2.62 0.1 0.08 5.21
hr6 1.88 3.82 0 10.3 0.52 366 1.37 314 1.42 7.53 0.1 0.33 0.36 0.03 0.08 4.79
hr2 1.22 3.77 0.05 7.99 0.42 338 0.91 485 2.3 7.35 0.13 0.38 0.61 0.04 0.09 6.01
hr8bis 1.93 0.05 0.04 10.6 1.53 406 1.38 421 1.77 7.6 0.09 0.28 0.08 0.02 0.08 4.91
hr9 1.37 1.84 0 6.42 12.9 371 1.61 366 1.95 7.8 0.1 0.31 0.25 0.03 0.08 5.22
Odiel7 1.83 7.21 0 7.63 10.8 260 0.84 228 0.96 6.5 0.11 0.31 0.35 0.03 0.1 6.04
Odiel3 0.94 6.51 0 3.69 1.98 126 0.42 156 0.52 3.6 0.06 2.31 5.93 0 0.03 2.21
Odiel6 2.51 3.88 0 6.75 6.76 214 0.65 284 1.22 5 0.09 0.98 2.51 0 0.06 4.37
Niebla 0.69 10.7 0.08 3.8 2.46 132 0.07 52 0.12 2.78 0.05 10.4 22.1 0 0 0.18
Gibraleón 0.47 0.05 0.13 4.76 4.04 131 0.17 73.9 0.18 3.35 0.02 2.04 5.73 0 0 0.04
hr10bis 2.57 2.24 0 9.51 7.54 410 1.87 425 2.02 7.9 0.1 0.3 0.03 0.01 0.08 5.22
tr6 2.28 20.7 0.1 6.73 8.34 253 1.14 401 1.26 2.8 0.1 4.51 10.4 0.14 0.08 5.08
hr12bis 2.9 0.86 0.04 6.79 11.2 405 1.48 485 1.86 8 0.09 0.26 0.17 0.01 0.07 4.41
hr10 1.18 0.05 0 9.15 6.34 136 0.51 198 1.47 7.77 0.1 0.35 0.25 0.03 0.08 5.48
hr11 1.55 0.05 0.01 9.27 1.12 422 1.46 459 1.72 7.98 0.1 0.32 0.49 0.02 0.08 5.16
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known equation functions, such as trapeziums, trian-

gles or sigmoids, are used.

Once all variables involved in the problem are coded

to the qualitative domain by means of membership

functions, it is possible to write a set of rules repre-

senting the relation between input and output variables.

These rules present the format if-then, and are made up

of an antecedent and a consequent; the fulfilment of the

antecedent implies the conclusion. From the standpoint

of knowledge representation, a fuzzy rule if-then is a

structure for representing imprecise knowledge. The

main characteristic implied by the reasoning based on

this type of rules is its ability to represent partial coin-

cidence, which allows a fuzzy rule to provide inference

even when the condition is satisfied only partially (Yen

and Langari 1999). The following implications allow us

to illustrate briefly these logic interferences:

If x is A then y is C ð1Þ

If x is A and z is B then y is C ð2Þ

The first rule has a single antecedent, i.e., of the type

‘‘if the variable x is a member of class A’’. However,

the second rule has a compound antecedent–com-

pound antecedents are logical combinations of single

antecedents.

The process of extracting knowledge from a data-

base is called KDD (Knowledge Discovery in Data-

bases). This process is made up of several stages

ranging from data preparation to achievement of

results (Fallad and Uthurusamy 1996; Zaı̈ane 1999).

One of these stages is called data mining and can be

defined as the non-trivial process of extracting implicit,

a priori unknown useful information from the stored

data (Holsheimer and Siebes 1994; Kruse et al. 1999).

The computer tool: Predictive Fuzzy Rules

Generator (PreFuRGe) (Aroba 2003)

Classical clustering algorithms generate a partition of

the population in a way that each case is assigned to a

cluster. These algorithms use the so-called ‘‘rigid par-

tition’’ derived from the classical sets theory: the ele-

ments of the partition matrix obtained from the data

matrix can only contain values 0 or 1; with zero indi-

cating null membership and one indicating whole

membership. That is, the elements must fulfill:

(a) 0 � lik � 1, 1 � i � c , 1 � k � n

(b)
Xc

i¼1

lik = 1, 1 � k � n

(c) 0 �
Xn

k¼1

lik � n, 1 � i � C

ð3Þ

Fuzzy partition is a generalization of the previous

one, so that it holds the same conditions and restraints

for its elements, except that in this case real values

between zero and one are allowed (partial membership

grade). Therefore, samples may belong to more than

one group, so that the selecting and clustering capacity

of the samples increases. From this, we can deduce that

the elements of a fuzzy partition fulfill the conditions

given in (3), except that now condition (a) will be

written as:

lik 2 0; 1½ �; 1 � i � c; 1 � k � n ð4Þ

The best-known general-purpose fuzzy clustering

algorithm is the so-called Fuzzy C-Means (FCM)

(Bezdeck 1981). It is based on the minimization of

distances between two points (data) and the prototypes

of cluster centres (c-means). For this purpose, the fol-

lowing cost function is used:

J X; U;Vð Þ ¼
Xc

i¼1

Xn

k¼1

likð Þm xk � vik k
2

A

ð5Þ

where U is a fuzzy partition matrix of X, V =

[v1,v2,...,vc] is a vector of cluster center prototypes

which must be determined and m 2 [1, ¥] is a

weighting exponent which determines the degree of

fuzziness of the resulting clusters. Finally,

D2
ikA ¼ xk � vik k2

A ¼ xk � við ÞTA xk � við Þ ð6Þ

is the used norm for measuring distances (matrix A
induces the rule to be used—provided that it is the unit

Fig. 2 Example of membership function for the fuzzy set ‘‘very
low pH’’
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matrix, which is very frequent—, i.e., the Euclidean

norm)

The described algorithm was used (Sugeno and

Yasukawa 1993) to build a fuzzy model based on rules

of the form:

Rl : If x 2 Al then y 2 Bl ð7Þ

where x = (x1, x2, ..., xn) 2 <n are input variables,

A = A1, A2, ..., An are n fuzzy sets, y 2 < is the output

variable and B is the fuzzy set for this variable.

The developed computer tool, PreFuRGe (Aroba

2003), is based on the previously described methodol-

ogy (Sugeno and Yasukawa 1993) and represented by

(7). This initial methodology has been adapted and

improved in the following aspects:

1. It allows working with quantitative databases, with

n input and m output parameters.

2. The different variables object of study can be

weighted by assigning them weights for the calcu-

lation of distances between points of the space

being partitioned.

3. The achieved fuzzy clusters are processed by an-

other algorithm to obtain graphic rules trapeziums

(Fig. 3).

4. An algorithm processes and solves cases of multi-

ple projections in the input space (mounds).

5. The output provided in the original method has

been improved with a graphic interface showing

the graphic of the achieved rules.

6. An algorithm provides automatically the interpre-

tation of the fuzzy graphic rules in natural lan-

guage.

Figures 4 and 5 show two examples of rules gener-

ated by means of the tool PreFuRGe.

In the rule of Fig. 4, the fuzzy set assigned to each

parameter is represented by a polyhedron. The

parameter values are represented on the x axis of each

fuzzy set, and the value of membership to a cluster on

the y axis. This fuzzy rule would be interpreted as

follows:

IF A1 is small and A2 is bigger or equal to average

THEN S is very small.

When applying the fuzzy clustering algorithm

(Aroba et al. 2001) to the generated databases, it is

possible to obtain multiple projections in the input

parameters (mountain). In the fuzzy rule of Fig. 5, a

multiple projection (mountain) is represented in the

input parameter A1. In this case, we observe how the

parameter A1 can take different types of values for a

certain kind of output. This fuzzy rule can be inter-

preted as follows:

IFA1 is small or big and A2 is average THEN S is

very small.

Recently, one of the authors of this article has

investigated the stability of fuzzy logic control systems,

as well as their advanced industrials applications

(Andújar et al. 2004; Andújar and Bravo 2005; Andújar

and Barragán 2005).

Results

Table 1 shows the values taken by the concentrations

of the studied variables and the geographical reference

of the sample (Fig. 1).

Charts in Fig. 6 show, by means of fuzzy rules, pH

behaviour as opposed to the rest of variables as a

whole. The universe of discourse for each variable has

as end values those maximums and minimums given in

Table 1. So, in this case, 2 would be a very low pH and

8.21, a very high one. Thus, an average pH value is

around 5. In order not to excessively divide the uni-

verse of discourse of pH, and perhaps make interpre-

tation more difficult, only four intervals have been

established for the consequent. Nevertheless, this

consequent may project any (appropriate) value in the

variables that make up the antecedent. The meaning of

the charts is the following: when pH has values within

the low to very low ranges (from around 3.5 to 2),

average to low (from slightly over 5 to around 3.5),

average to high (from over 5 to around 7) or high to

very high (from over 7 to 8.21), the remaining variables

considered as a whole take the values shown in Fig. 6.

From the individual examination of the charts, the

following can be deduced:

High to very high pH values (Fig. 6a) are compati-

ble with:

• SiO2 and As, low to very low.

• PO4, average-low to very low.

• SO4, average to low.

• K and Sr, average to high.

• Ca, low to high, with a few points very high.Fig. 3 Trapezium approximation of a fuzzy set
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• Na, Cl and Mg, average to very high.

• Rb, average to high, with a few points very high.

• Cu and Zn, do not co-occur with this pH value.

• NO3, may appear in any concentration (it does not

provide significant information in that rule).

Average to high pH values (Fig. 6b) are compatible

with:

• SiO2, very low.

• NO3, As, low.

• PO4, low to very low.

• K, low to high, with a strong presence of average

values.

• Mg, average.

• SO4, low to high, the presence of points towards

high values decreasing progressively.

• Na, low to high, with greater presence of points

between average and high.

• Ca, average to low or high to very high, without

average values and with a few points at end

values.

• Rb and Sr, average to very high, with a strong

presence of points at high values.

• Cl, high to very high, the presence of points towards

very high values decreasing progressively.

• Cu and Zn, very low.

Fig. 4 Example of Fuzzy rule

Fig. 5 Example of Fuzzy rule
with multiple projection

Fig. 6 Graphic Fuzzy rules
for qualitative behaviour of
pH as opposed to the rest of
variables
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Average to low pH values (Fig. 6c) are compatible

with:

• NO3, low and few points highly concentrated at one

value.

• Cu, Zn and K, low to very low.

• SiO2, average to very low, the number of points

decreasing towards the end value.

• Ca, low, the number of points decreasing towards

the lower end value.

• Cl, low to very low or high, without average values

and with few points at end values.

• Sr, average to very low or high, without average

values and with few points at end values.

• Mg and Rb, average to very low values, with strong

presence of points around average value and

evident decrease towards the lower end.

• SO4, very low to high, decreasing between end

values.

• PO4, As and Na, do not co-occur with this pH

value.

Low to very low pH values (Fig. 6d) are compatible

with:

• PO4, low to very low or very high.

• NO3, low to very low or slightly over average.

• SO4 and K, average to very low.

• Na, Mg, Ca, Cl, Sr, high to very low.

• Rb, average to very high.

• Cu and Zn, except for very low values, any

concentration is possible.

• SiO2, low to very high.

As, any concentration except from average to low.

The joint examination of the charts allows us to

observe the following behaviour patterns among vari-

ables:

As pH decreases, the range of concentrations of

almost all elements increases, except for PO4 y SO4,

which deserve a different reasoning, and NO3, which

has the opposite behaviour.

As pH increases, Cl, Na, K and Mg concentrations

increase. Rb and Sr, showing similar behaviours with

one another, must be included in this same group. Also

Mg and Na present analogous responses with one an-

other for end pH values.

Ca wide concentration ranges appear for very high

or very low pH.

PO4 concentrations differ just slightly from those of

pH, except for average to low pH values, with which

they are incompatible. In this same pH range, neither

Na nor As are observed. It must be stressed that for

this same pH range, there are very few points with

highly defined low concentration of NO3.

For non-end pH values, no big concentration ranges

of any element exist.

Discussion

The clustering of responses from the different studied

variables according to their capacity of co-occurrence

with the remaining ones for concrete pH values is

evident. The phenomenon is conditioned by the con-

junction of different processes that control the chem-

istry of the estuary water. These processes have been

widely described by different authors such as Borrego

et al. (2002), Grande et al. (2000, 2003a, b, c), and Sáinz

et al. (2002, 2003) and can be summarized as follows:

Fluvial contribution with acidic waters loaded with

sulphates and dissolved metals from the spring area of

the rivers affected by AMD processes as they cross the

Iberian Pyrite Belt, where sulphate deposits have been

operated for over 4,500 years BP. The result has been

the formation of a fluvial system that is unique in the

world. Sáinz et al. (2002) estimate maximum daily

contribution as 1,481 kg of As, 470 kg of Pb and 170 kg

of Cd.

Industrial effluents in the zone of the estuary coming

from the chemical industrial complex with fertilizer

factories and phosphogypsum deposits, cooper found-

ries, paper mills and others (Grande et al. 2003a).

Marine input as a result of the sea balance that takes

remarkable values in this sector. According to Borrego

(1992) and Grande et al. (2003c), the volume of

freshwater inflow for the Tinto and Odiel rivers to the

inner zone of the estuary reflects a significant seasonal

and year-to-year variation. Therefore, from 1960 to

1996, the average monthly inflow of river water was

49.8 Hm3.

Taking into account that the data scanned here by

fuzzy logic and data mining have been studied by

applying different multivariate statistical techniques,

such as factorial and cluster analysis (Grande et al.

2000, 2003c; Borrego et al. 2002), we will now compare

the results in both cases, as a way of contrast for the

validation of the method in question.

In principle, our results do not come into conflict

with those of the referred authors. Nevertheless, in

certain cases some differences can be established,

which cannot be determined exactly with classical

statistical tools. This is the case of stability fields of

metals dissolved in water: while Pearson’s (1901) cor-

relation coefficient ‘r’ establishes the proximity be-

tween two variables, and therefore, in our case, informs

us of the proximity of one variable with respect to

another (i.e., whether one or another variable increases
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or decreases depending on the other without specifying

in which section of the variable path a greater or lesser

correlation occurs), the computer tool PreFuRGe of-

fers an overall view of the system’s qualitative behav-

iour as contrasted with pH variation stimuli, showing

the response of the set of variables, so that we obtain

acidity range distribution of the co-occurrence regions

for the studied parameters, also indicating the restric-

tion degree of the variable with respect to the stimulus.

Similar responses of variables allow us to call com-

mon provenance phenomena as Grande et al. (2000,

2003c), Borrego et al. (2002), and Sáinz et al. (2002)

propose. Thus, those variables that increase, in relation

to the four considered pH sections (low to very low,

average to low, average to high, and high to very high),

towards the highest pH value, such as Cl, Na, K, Ca, Mg,

Rb, Sr, inform us that the likelihood of their appearing

dissolved in the estuarine environment increases with

pH, i.e., in our case with tidal influence, whereby they

can be considered variables of marine provenance.

The same approach is applied to the variables whose

concentration ranges increase in the estuary as pH

becomes lower, such as Cu, Zn, As and SiO2. Here, we

have solutes whose presence is favoured by acidity, as

they are compatible only in highly acidic waters. Thus,

they are expected to have a fluvial provenance associ-

ated to AMD or industrial processes.

PO4 and SO4 deserve a different treatment:

Since the PreFuRGe tool has been used for treating

the data regardless of its geographical location, we

understand that the triple provenance of phos-

phates—fluvial as a result of sulphide oxidation, mar-

ine and industrial associated to effluents from

phosphogypsum deposits (Grande et al. 2003c)—justi-

fies the limited definition of this salt’s response relative

to pH (Fig. 6). Measure points in the effluents from the

phosphogypsum deposits that have extremely high

sulphate concentration values (see Table 1) are dis-

guised by the remaining data with much lower con-

centrations.

Phosphates show behaviour similar to that of As; in

both cases, they present low to very low concentrations

for average to very high pH values, and also in both

cases they ‘disappear’ for average to low pH values.

What is most significant of this behaviour is the fact

that in low to very low pH sections we may find low to

very low or very high concentrations, in the case of

phosphate, and average to very high in the case of As.

However, in these sections, none of the elements

present average concentrations. This phenomenon,

which has not been described before with statistical

treatment, is clearly evident when scanning fuzzy rules.

The explanation must be sought in the following phe-

nomenon: in the environment being described, the first

input is acidic and fresh, whereby all metals will be

dissolved in the water. As a result of the tidal clash, a

periodic scavenging process occurs, originating in turn

remarkable variations of the immobilized As. To this

phenomenon widely described by Borrego (1992), the

double provenance—on the one hand fluvial associated

to AMD processes and on the other hand industrial

associated to effluents from the phosphgypsum

deposits, that can regulate the presence of dissolved As

must be added. In this context, Grande et al. (2003c),

after the correlate analysis of this same data, report

that the examination of the correlation matrix shows

the existence of high Pearson r values between pairs of

variables, which can be interpreted as the result of a

common provenance, since sampling has been carried

out in a sector subject to periodic tidal influence and to

fluvial input. In the referred work, after subjecting data

to factorial analysis, variables are gathered round two

factors (fluvial influence and tidal influence), whereby

they result in Pearson’s affinity clusters compatible

with the fuzzy clustering analysis that we propose.

Acting again over the same data, Grande et al.

(2003c), by means of classical cluster analysis, conclude

about the existence of two groups of variables in the

estuary. A first group with pH, SO4 and typically

marine indicators such as Na, K, Ca, Cl, Li, Rb and Sr,

and a second group with PO4, As, Zn, Cu, Mg, SiO2,

NO3 as fluvial indicators. If we observe the behaviour

of the charts provided in this work (Fig. 6), we can

reach identical conclusions, but with the possibility of

discriminating the functioning of the studied group of

variables as a whole depending on the predefined pH

range of our choice. This allows us also to know

interdependency reasons and therefore the system’s

response to stimuli that modify concentrations of the

dissolved elements. At the same time, the overall view

of the rules relative to each pH range allows observa-

tion of similar behaviours (as is the case of Cu/Zn),

(Rb/Sr), (PO4/As), (Ca/Mg), that suggest phenomena

of common provenance.

Conclusions

The aim of our work has been to present qualitative

models, which allow us, in an easy, intuitive and at-a-

glance way, and without the need of calculations or

data processing, to have a clear idea of the physical

processes that generate the data clusters shown by this

computer tool.

The developed methodology allows us to establish

cause–effect relationships, since the cause (fuzzy par-
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tition pH) originates the effect (element concentra-

tions and compounds), represented by the fuzzy clus-

ters at the income. Of course, interpretation must be

qualitative, i.e., as a human being would reason, so that

no numeric values but predicates are used: high, low,

medium, very high, very low, etc.

The application of fuzzy logic and data mining for

characterizing hydrochemical processes in the same

sector and from the same data confirm and enrich

functioning models previously proposed for this sector

by means of multivariate analysis.

While traditional tools of classical statistics widely

used in this context are useful for defining proximity

reasons among variables on the basis of Pearson’s

relations, the use of fuzzy-logic and data mining tools

provides, in addition to easy handling of large data and

easy understanding of charts, an improved definition of

the variations originated by external stimuli on the

whole set of variables.

The PreFuRGe tools allow high versatility, given

that the configuration of the antecedent and the con-

sequent of the fuzzy rule can be changed at will. In this

work, pH has been considered as the only consequent,

and the rest of elements as a whole have been con-

sidered the antecedent. However, other groupings

could have also been scanned.
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