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a b s t r a c t

This study introduces a fuzzy filtering based technique for rendering robustness to the modelling
methods. We consider a case study dealing with the development of a model for predicting the
bioconcentration factor (BCF) of chemicals. The conventional neural/fuzzy BCF models, due to the
involved uncertainties, may have a poor generalization performance (i.e. poor prediction performance for
new chemicals). Our approach to improve the generalization performance of neural/fuzzy BCF models
consists of (1) exploiting a fuzzy filter to filter out the uncertainties from the modelling problem, (2)
utilizing the information about uncertainties, being provided by the fuzzy filter, for the identification of
robust BCF models with an increased generalization performance. The approach has been illustrated with
a data set of 511 chemicals (Dimitrov, S., Dimitrova, N., Parkerton, T., Comber, M., Bonnell, M., Mekenyan,
O., 2005. Base-line model for identifying the bioaccumulation potential of chemicals. SAR and QSAR in
Environmental Research 16 (6), 531–554) taking different types of neural/fuzzy modelling techniques.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Fuzzy systems by virtue of their uncertainties’ handling
capabilities have much to offer in the field of environmental
modelling. Several studies, applying fuzzy techniques in the
environmental problems, can be found in the literature. Some of
the recent studies applying fuzzy methods for environmental
problems include Fisher (2006), Li et al. (2007), Schlüter and Rüger
(2007), Fleming et al. (2007), Nguyen et al. (2007), Lad et al. (2008),
Wieland and Mirschel (2008) and Nasiri and Huang (2008). A fuzzy
logic framework was presented in Fisher (2006) for environmental
decisions. An integrated fuzzy-stochastic modelling approach to
quantify both probabilistic and fuzzy uncertainties associated with
the problem of risk assessment of groundwater contamination was
introduced in Li et al. (2007). The work of Fleming et al. (2007)
applied a fuzzy model to predict the cholera outbreak risk potential
in southern Africa. Fuzzy set theory was used in Nguyen et al.
(2007) to test an integrated water systems model. Lad et al. (2008)
outlined an approach using fuzzy multicriteria decision making for
environmental pollution potential ranking of industries. Fuzzy
models and neural networks were discussed in Wieland and
Mirschel (2008) with application to an estimation of regional yield
of agricultural crops. The authors in Nasiri and Huang (2008)
presented a fuzzy based methodology for environmental perfor-
mance assessment of waste recycling programs.
x: þ49 381 4949952.
Kumar).

All rights reserved.
Bioconcentration refers to the process of accumulation of
chemicals in an aquatic organism as a result of exposure of the
organism to a chemical concentration in the water via non-
dietary routes. The extent of chemical bioconcentration is
expressed in terms of bioconcentration factor (BCF) defined as
the ratio of the chemical concentration in the organism to that in
water (Mackay and Fraser, 2000). The BCF is a measure of the
tendency of a substance to bioconcentrate in aquatic organisms.
For an assessment of the bioaccumulation potential of chemicals,
BCF in marine or freshwater organisms is traditionally used as
an indicator. A flow-through method (European Centre for
Ecotoxicology and Toxicology of Chemicals, 1995) is used for an
experimental determination of BCF. The guidelines for character-
izing potential bioconcentration in fish under flow-through con-
ditions are provided in Organization for Economic Cooperation and
Development (1994). A method suitable for very hydrophobic
chemicals has been outlined in Gobas and Zhang (1995).

The motivation for developing the computer models for
predicting the BCF of chemicals is derived from the fact that the
experimental measurements are time-consuming, expensive, and
not feasible for many thousands of chemicals that are of potential
regulatory interest. Another motivation of BCF modelling is due to
the ethical issues involving animal testing. Many studies aiming at
the prediction of BCF values, based on Quantitative Structure–
Activity Relationship (QSAR) approach, have appeared in the
literature (Dearden, 2004). Typically, the models that map the hy-
drophobicity (log Kow) of the chemicals to their (log BCF) values are
developed. Several modelling approaches including linear BCF
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models (Veith et al., 1979; Veith and Kosian, 1983; Mackay, 1982),
bilinear BCF model (Bintein et al., 1993), polynomial BCF model
(Connell and Hawker, 1988), fragment based additive BCF model
(Meylan et al., 1999), nonlinear empirical model (Dimitrov et al.,
2002) can be found in the literature. The researchers, in addition to
the log Kow based modelling, also examined the BCF models based
on solubility in octanol (Banerjee and Baughman, 1991), models
based on aqueous solubility (Kenaga and Goring, 1980; Davies and
Dobbs, 1984; Isnard and Lambert, 1988), models based on linear
solvation energy relationships (Park and Lee, 1993; Ivanciuc, 1998),
models based on connectivity indices (Lu et al., 2000), models
based on fragment constants (Tao et al., 2000), models based on
quantum chemical descriptors (Wei et al., 2001), models based on
diverse theoretical descriptors (Gramatica and Papa, 2003, 2005;
Dearden and Shinnawei, 2004).

The most important concern in BCF modelling is to generate
a model with good generalization capability (i.e. good prediction
performance of the model for an unseen compound not included
in the training data set). The generalization performance of
a modelling technique would be affected by number of factors
including the choice of descriptors (model inputs), model type
(linear, neural, fuzzy, etc.), model structure (number of free
parameters to be adjusted), noise present in experimentally
measured training data, and the model training algorithm. A non-
robust modelling method typically shows good performance on
the training compounds and poor performance on the testing
compounds. This study is meant to improve the generalization
capabilities of a modelling technique via providing a robustness
against aforementioned factors which may affect adversely the
generalization performance of a modelling technique. In the text,
these factors would be represented mathematically by introducing
a variable (termed as uncertainty) in the input–output model
mappings.

We consider the problem of developing a model M whose inputs
(x1,.,xn) are the numerical values of the chosen descriptors and
output is the log BCF value. The modelling problem consists of
identifying a set of model parameters (p1, p2,.) using available data
such that

log BCF ¼ Mðx; pÞ þ n; (1)

where x¼ [x1.xn]T ˛ Rn is the input vector, p¼ [p1p2.]T is the
parameters vector that characterizes the model M, and n is the
underlying uncertainty due to the non-optimal choice of the chosen
inputs, non-optimal structure of the model M, non-optimal number
of model parameters, noise in the experimentally measured data,
and so on. The modelling methods identify the parameters vector p,
that matches the model output to the log BCF value in some ‘‘opti-
mal manner’’, using the available data of N compounds (i.e.
fxðkÞ; log BCFðkÞgN

k¼1). The different choices of model M and the
parameters ‘‘identification criteria’’ lead to the different modelling
techniques.

The uncertainty n is the root cause of the poor generalization
performance of the model. To improve the generalization perfor-
mance of QSAR models, Bayesian regularization has been suggested
in Burden and Winkler (1999a,b), Burden et al. (2000) and Winkler
(2004). Regularization is a general method of improving general-
ization of the identified model via converting the identification
problem into a ‘‘well-posed’’ problem. However, the choice of
regularization parameters is usually not obvious. Bayesian regula-
rization makes some stochastic assumptions on the nature of
uncertainties and provides an optimal value of regularization
parameters (MacKay, 1992). If these assumptions are not met, the
identification performance may not be optimal. Recently, we have
proposed in Kumar et al. (2007a) a fuzzy based method that takes
into account the uncertainties without making any assumptions
about their nature and thus leads to QSAR models with an im-
proved generalization performance.

Given the training compounds data
fxðkÞ; yðkÞgN

k¼1; yðkÞ ¼ log BCFðkÞ, our approach to improve the
generalization performance of the modelling techniques is based
on the following ideas.

(1) A fuzzy filter is constructed using data fxðkÞ; yðkÞgN
k¼1 that

would filter out any uncertainties arising due to the com-
pounds behaving differently from the input–output data trend.
For a compound, described by descriptors values x(k), the fuzzy
filter is used to obtain a filtered y(k) value, denoted as yf(k).
That is, N data pairs fxðkÞ; yf ðkÞgN

k¼1 follow, without an excep-
tion, a trend of input–output mappings. The uncertainty asso-
ciated to the compound is assessed as bnk ¼ yðkÞ � yf ðkÞ.

(2) The uncertainties fbnkgN
k¼1 and filtered output values

fyf ðkÞgN
k¼1 are assumed to have been produced by a set of

random sources. We estimate the parameters of these random
sources via modelling the N number of 2-dimensional data
points fzk ¼ ½yf ðkÞbnk�T˛R2gN

k¼1 using finite mixture models
McLachlan and Basford (1988) and McLachlan and Peel
(2000). That is, we estimate the parameters of a set of prob-
ability density functions such that each data point zk is
modelled as having been generated by one of the probabilistic
models in the set.

(3) The finite mixture modelling leads to the clustering of the data
via identifying which source (i.e. probabilistic model) produced
each data point. Assume that C different sources, with the
known probability density functions, have been identified
producing the data fzkgN

k¼1.
(4) The data points associated to a source could be used to train

(i.e. develop) a local model. A local model Mi (associated to the
ith source), if trained using a non-robust algorithm conven-
tionally with data fxðkÞ; yðkÞg, may lead to a poor generaliza-
tion performance. The reason being that in the training of
model Mi, the data points associated to a higher magnitude of
uncertainties might act as outliers and adversely affect the
training of the model. Therefore, we want to train the models
with some penalized data fxðkÞ; yi

pðkÞg.
(5) For any kth data point used in the training of model Mi, the

output value y(k) is penalized (in a context of the ith source)
for the magnitude of the uncertainty associated to the kth data
point. This is done via defining a penalized output value yi

pðkÞ
such that yi

pðkÞ is closer to y(k) for the data points being
treated as ‘‘regular’’ (typically characterized by a lower mag-
nitude of estimated uncertainties), while yi

pðkÞ is closer to yf(k)
for the data points being treated as outliers (typically char-
acterized by a higher magnitude of estimated uncertainties).
To define the penalized value yi

p, we make use of the ith
probabilistic model that provided information about the
uncertainties.

(6) A model Mi (associated to the ith source) is not trained con-
ventionally using data fxðkÞ; yðkÞg, however, trained using pe-
nalized data fxðkÞ; yi

pðkÞg. Now, for the data points (might being
acting as outliers), yi

p is closer to yf (i.e. closer to a point free
from uncertainties) and thus training the model using yi

p values
should not adversely affect the training method.

(7) Finally, the C different local models M1,.,MC are combined to
estimate the final output.

Roughly speaking, our approach renders robustness in the
identification of local models M1,.,MC via penalizing the data. The
local models operate in the predefined regions. To penalize the
data, as will be explained, we make use of the information about
uncertainties provided by a fuzzy filter. The design of the fuzzy
filter is based on an ‘‘energy-gain bounding approach’’ (Kumar
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et al., 2006a) that filters out the uncertainties without making any
statistical assumptions about the nature of uncertainties. The filter
design criterion is to minimize the maximum possible value of
energy-gain from uncertainties to the filtering errors. The maxi-
mum value of energy-gain (that will be minimized) is calculated
over all possible finite uncertainties (Kumar et al., 2006a). Our
approach is closely related to the method presented in Kumar et al.
(2007b), where the fuzzy filtering based approach has been in-
troduced. This study is different from that of Kumar et al. (2007b) in
the following.

(1) In Kumar et al. (2007b), the local models are developed in the
partitions of 1-dimensional real line of filtered values. In this
study we partition the 2-dimensional space of filtered values
and uncertainties, since the information about uncertainties
will be used to penalize the data.

(2) The method of Kumar et al. (2007b) trains the models with the
filtered data fxðkÞ; yf ðkÞg and thus there are no uncertainties (in
the training data) that could adversely affect the training pro-
cedure. However, here we use the penalized data fxðkÞ; yi

pðkÞg
for the training of the models, offering the flexibility of
‘‘smooth switching’’ between fxðkÞ; yðkÞg (for regular data
points) and fxðkÞ; yf ðkÞg (for outliers).

(3) The approach of Kumar et al. (2007b), unlike this study, pe-
nalizes all the data points (regular as well as outliers) and thus
is over conservative.

This text is organized as follows. Section 2 presents the math-
ematical theory followed by the details of our method in Section 3.
A case study concerned with the modelling of the bioconcentration
factor of chemicals is provided in Section 4. Finally, the concluding
remarks are given.

2. A review of the fuzzy filtering theory

This section reviews the mathematical theory of a clustering
based fuzzy filter from our previous works (Kumar et al., 2007a,b).
The fuzzy filter establishes the mappings between descriptor values
and the corresponding output (i.e. log BCF value) via creating dif-
ferent clusters in the descriptor input space and associate to each
cluster the output value. The mappings between input descriptors
values (denoted by a vector x¼ [x1x2.xn]T ˛ Rn) and output value
(denoted by a scalar y) are defined using different fuzzy rules:

R1 : If x belongs to a cluster having centre c1 then y ¼ a1;
«

RK : If x belongs to a cluster having centre cK then y ¼ aK ;

where ci ˛ Rn is the centre of ith cluster, and the values a1,.,aK are
real numbers. Such clustering based fuzzy mappings have been
introduced in Kumar et al. (2006b) and applied to QSAR studies in
Kumar et al. (2007a,b). The degree, by which an n-dimensional
vector x belongs to the ith cluster, can be defined by a fuzzy set, say
Ai. Given a universe of discourse X, a fuzzy subset Ai of X is char-
acterized by a mapping:

Ai : X/½0;1�

where for x ˛ X, Ai(x) is a value in the closed interval [0,1] that
represents the degree to which x belongs to Ai (i.e. ith cluster). This
mapping is called as membership function of the fuzzy set. For
a given input vector x, the output of the filter is calculated by ag-
gregating the rules as

FðxÞ ¼
PK

i¼1 aiAiðxÞPK
i¼1 AiðxÞ

: (2)
The membership function Ai(x) is chosen based on some fuzzy
clustering criterion. By the method of fuzzy c-means (FCM), the
membership function Ai(x) must satisfy (Bezdek, 1981)

X
x˛X

XK

i¼1

A ~m
i ðxÞkx� cik2/Minimum;

XK

i¼1

AiðxÞ ¼ 1

where ~m > 1 is the fuzzifier and k$k denotes the Euclidean norm.
The membership function that minimizes this objective function
for a given choice of cluster centres fcigK

i¼1 follows as

FCMiðx; c1;.; cKÞ ¼

8>>>><>>>>:
1PK

j¼ 1

�
kx�cik2

kx�cjk2

� 1

~m�1

for x˛Xy
�

cj
�

j¼1;.;K ;

1 for x ¼ ci;
0 for x ˛

�
cj
�

j¼1;.;K yfcig:

(3)

A possibilistic approach for c-means clustering relaxes the unit
sum constraint on the membership values so that Ai(x) better re-
flects the typicality of x to the ith cluster (Krishnapuram and Keller,
1993). Another approach called the noise clustering method has
been introduced in Davé (1991) to deal with the noisy data. This
approach considers noise a separate cluster such that membership
of x to the noise cluster is defined as 1�

PK
i¼1 AiðxÞ and the noise

prototype is always at the same distance from every point in the
data set. Another possible clustering criterion, assuming a noise
cluster outside each data cluster, minimizes

JcðAiðxÞ; c1;.; cKÞ ¼
X
x˛X

XK

i¼1

h
AiðxÞkx� cik2þf1þ AiðxÞlog AiðxÞ

� AiðxÞgdi

i
where the second term in the objective function is intended to be
a noise cluster. The term f1þ AiðxÞlog AiðxÞ � AiðxÞg may be inter-
preted as the degree to which x does not belong to the ith cluster and
thus the membership of x to the noise cluster. If the distance of x to
the cluster centre ci is greater than

ffiffiffiffi
di

p
, then the minimization of Jc($)

forces a small value of Ai(x) and a large value of membership of xi to
the noise cluster. Therefore, one of the strategies may be to set di

equal to the distance of nearest cluster centre from ci, i.e.
di ¼ min

j
kcj � cik2. Minimizing JcðAiðxÞ; c1;.; cKÞ with respect to

Ai(x) leads to the following expression for the membership function:

RCiðx; c1;.; cKÞ ¼ exp

 
� kx� cik2

di

!
: (4)

The membership functions of Eqs. (3) and (4) can be combined by
adopting a mixed clustering criterion (Zhang and Leung, 2004; Pal
et al., 2005). One way to do this is to assume that the membership
function Ai has 2 components A1i and A2i such that

Ai ¼
A ~m

1i
2
þ A2i

2

where A1i, A2i minimizes following constrained objective function:

X
x˛X

XK

i¼1

��
A ~m

1iðxÞ þ A2iðxÞ
�
kx� cik2þ

n
1þ A2iðxÞlog A2iðxÞ

� A2iðxÞ
o

di

�
;
XK

i¼1

A1iðxÞ

¼ 1:

Now, A1i will be given by Eq. (3) and A2i by Eq. (4). Thus,
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Aiðx; c1;.; cKÞ ¼
jFCMiðx; c1;.; cKÞj

~m

þ RCiðx; c1;.; cKÞ: (5)

2 2

For any membership function Ai(x), defined by Eqs. (3), (4), or
(5), if we define

Giðx; c1;.; cKÞ ¼
Aiðx; c1;.; cKÞPK

i¼1 Aiðx; c1;.; cKÞ
;

then the output of the fuzzy filter follows from Eq. (2) as

FðxÞ ¼
XK

i¼1

aiGiðx; c1;.; cKÞ:

Introduce the notations: a ¼ ½ai�i¼1;.;K ˛RK , q ¼ ½cT
1.cT

K �
T˛RKn,

and Gðx; qÞ ¼ ½Giðx;0Þ�i¼1;.;K ˛RK , so that output of the fuzzy filter
for an input x can be expressed as

FðxÞ ¼ GTðx; qÞa:

Thus, the fuzzy filter is characterized by 2 different parameters
vectors: a and q. For a development of the fuzzy filter, the param-
eters ða; qÞ must be identified using given input–output data set
fxðjÞ; yðjÞgk

j¼0. Assume that there exist some true fuzzy filter, char-
acterized by parameters ða*; fq*

j g
k
j¼0Þ, such that

yðjÞ ¼ GT
	

xðjÞ; q*
j



a* þ nj

where uncertainty nj arises due to the non-optimal choice of the
chosen inputs, non-optimal number of rules in the fuzzy filter,
noise in the experimentally measured data y(j), and so on. Let
ðaj; qjÞ denote an estimate of ða*; q*

j Þ using data fxðiÞ; yðiÞgj
i¼0 based

on some recursive estimation strategy. The filtering error for jth-
indexed data is given as

ej ¼ GT
	

xðjÞ; q*
j



a* � GT�xðjÞ; qj

�
aj:

Any estimation strategy will be considered performing good if it
results in a small energy of filtering errors, being measured asPk

j¼0 jejj2. The performance of any estimation strategy will be
affected by three kinds of unknown disturbances:

� the energy of uncertainties,
Pk

j¼0 jnjj2,
� deviation of initial guess a�1 from true parameter a*, assessed

as ka* � a�1k2,
� deviation of fq*

j g
k
j¼0 from their initial guess fqj�1gk

j¼0, assessed
as
Pk

j¼0 kq
*
j � qj�1k2. Here, we follow the approach of Kumar

et al. (2006a), where the initial guess about q*
j is taken equal to

the estimate of q*
j�1.

We are concerned with a robust identification method that is
least sensitive to the disturbances. Our approach to the robust
identification of fuzzy filter is based on energy-gain bounding
criterion (Kumar et al., 2006a):

min�
aj; qj

�k
j¼0

max
a*;
�

q
*
j

�k

j¼0
;fnjgk

j¼0

�
Pk

j¼0




GTðxðjÞ; q*
j Þa* � GTðxðjÞ; qjÞaj




2
m�1

��a*
��2þm�1

q

Pk
j¼0

���q*
j � qj�1

���2Pk
j¼0



nj


2

where m and mq are positive constants. The identification method
minimizes the maximum possible value of energy-gain from dis-
turbances to the filtering errors. Such an identification method will
guarantee that small disturbances cannot lead to large filtering errors.
The maximum value of energy-gain (that will be minimized) is
calculated over all possible finite disturbances without making any
statistical assumptions about the nature of signals. It follows from
Kumar et al. (2006a) that fuzzy filter parameters, based on energy-
gain approach, are identified by performing for j¼ 0,.,k, the
recursions

qj ¼ arg min
q

24



yðjÞ � GTðxðjÞ; qÞaj�1




2
1þ mkGðxðjÞ; qÞk2 þ m�1

q

��q� qj�1
��2

35;

aj ¼ aj�1 þ
mG
�
xðjÞ; qj

�h
yðjÞ � GT

�
xðjÞ; qj

�
aj�1

i
1þ m

��GðxðjÞ; qjÞ
��2 ; a�1 ¼ 0:

3. Methodology

Given the data of N training compounds fxðkÞ; yðkÞgN
k¼1, our approach to render

robustness in a neural/fuzzy modelling technique consists of following steps.

3.1. Identification of the parameters of a fuzzy filter

A fuzzy filter is identified based on the ideas outlined in Section 2. The identi-
fication method can be implemented using a Gauss–Newton based algorithm sug-
gested in Appendix A. For a choice of the number of rules in the fuzzy filter (i.e.
number of clusters K) and initial guess about cluster centres q�1, a clustering on
input data (e.g. using finite mixture models (Figueiredo and Jain, 2002)) could be
performed.

The output of the identified fuzzy filter represents the filtered output value. If we
denote the parameters of identified fuzzy filter by (aI,qI), then the filtered output
value of kth-indexed compound is given as

yf ðkÞ ¼ GT
	

xðkÞ; qI



aI : (6)

The uncertainty associated to the kth-indexed compound will be assessed as

bnk ¼ yðkÞ � yf ðkÞ: (7)

3.2. Gaussian mixture modelling of filtered data and uncertainties

Assume that the vector zk ¼ ½yf ðkÞ bnk�T represents one particular outcome of
a 2-dimensional random variable Z ˛ R2 whose probability density function can be
written as a mixture of the Gaussian distributions:

pðzÞ ¼
XC

i¼1

aipðzjmi;SiÞ; (8)

such that

� the mixing probabilities a1,.,aC satisfy ai� 0 and
PC

i¼1 ai ¼ 1,
� the parameters mi˛R2, Si (a 2� 2 positive definite matrix) characterize fully

the ith Gaussian component:

pðzjmi;SiÞ ¼
1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ð2pÞ2jSij
q exp

�
� 1

2
ðz�miÞTS�1

i ðz�miÞ
�
: (9)

An approach to the clustering of data fzkgN
k¼1 is to fit finite mixture models (8) to

the data, where a component distribution is used to model a specific cluster. That is,
ith cluster (with mean mi and covariance Si) is mathematically represented by
Gaussian distribution pðzjmi;SiÞ. ‘‘Expectation-maximization’’ (EM) is the standard
algorithm (McLachlan and Krishnan, 1997; McLachlan and Peel, 2000) used to fit
finite mixture models to data. In this study, however, we use the algorithm of
Figueiredo and Jain (2002) for estimating the parameters of the mixture (8). This
algorithm is capable of automatically selecting the number of components C. The
algorithm, unlike EM, is less sensitive to initialization and avoids the possibility of
algorithm convergence to the boundary of the parameter space. As an illustration,
Fig. 1 shows the Gaussian mixture modelling of an example data where the drawn
ellipses are the level-curves of component distributions. The data points in Fig. 1
could be clustered via associating each point to 1 of the 5 components. The matrix Si

in Eq. (9) could be chosen to be a diagonal matrix (i.e. the 2 random variables are
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independent). If mi ¼
"

m1
i

m2
i

#
and Si ¼

"
S1

i 0
0 S2

i

#
, then

pðzjmi;SiÞ ¼ p
	

yf




m1
i ;S

1
i



p
	bn


m2

i ;S
2
i



; (10)

where

p
	

yf




m1
i ;S

1
i



¼

exp

8<:�
	

yf �m1
i


2

2S1
i

9=;ffiffiffiffiffiffiffiffiffiffiffiffi
2pS1

i

q ; p
	bn


m2

i ;S
2
i



¼

exp

8<:�
	bn �m2

i


2
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The data points in Fig. 1 are taken from a case study to be discussed in Section 4.

3.3. A combination of local models

Given the knowledge of component distributions pðzjmi;Si;.; Þ, i ¼ 1;.; C, we
want to utilize this information in the development of neural, fuzzy, or of any other
type local models (M1,.,MC) valid in the predefined operating regions. The oper-
ating regions can be represented by fuzzy sets and the local models can be combined
using a fuzzy rule base:

R1 : For input x; if the filtered value yf ¼ GT
	

x; qI



aI is A1

	
yf



;

then output ¼ M1ðxÞ; ½w1�
«

RC : For input x; if the filtered value yf ¼ GT
	

x; qI



aI is AC

	
yf



;

then output ¼ MC ðxÞ; ½wC �

Here, (A1(yf),.,AC(yf)) are the membership functions, Mi(x) denotes the ith
model output for the input x, and wi˛½0;1� is the weight of the rule that represents
the belief in the accuracy of the ith rule Ri. The degree of fulfillment of the ith rule is
given by bi(yf)¼wiAi(yf). The overall output y, for input x, is estimated by taking the
weighted average of the output provided by each rule:

y ¼
PC

i¼1 wiAi

	
yf



MiðxÞPC

i¼1 wiAi

	
yf


 :

We want to define the membership function Ai(yf) in such a way that the data
points, belonging to the region covered by Ai(yf), are most likely to be generated by
the ith probabilistic model pðyf jm1

i ;S
1
i Þ. This is done by defining Ai(yf) as follows

Ai

	
yf



¼ knp
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i



; i ¼ 1;.;C (12)

where kn is a normalizing constant that ensures that Aiðyf Þ˛½0; 1�. In view of this
choice of the membership functions, the natural choice of the rule weight wi is the
prior probability of observing a data point from ith source i.e. wi¼ ai. Thus, the
overall output by combining the local models is given as

y ¼
PC

i¼1 aip
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 : (13)
3.4. The development of local models

One would normally expect to train a local model Mi (associated to fuzzy set
Ai(yf(k))) with input–output data set Di defined as

Di ¼
(

xðkÞ; yðkÞ; 1 � k � N; Ai

	
yf ðkÞ



� e

)
; 0 � e� 1: (14)

The data set Di contains all those training compounds whose filtered output
value belongs to fuzzy set Ai at least by a degree of e. As an illustration, the output
values of set Di have been displayed (marked as ‘‘$’’) in Fig. 2. However, as stated
earlier, the training of Mi with data set Di using a non-robust algorithm may lead to
a poor generalization performance of the model. The reason being that in the
training of model Mi, the data points lying far away from ith cluster centre along the
estimated-uncertainty-axis might act as outliers and adversely affect the training of
the model. Therefore, we want to train the models with some penalized data
fxðkÞ; yi

pðkÞg. A penalized value yi
pðkÞ is defined such that yi

pðkÞ is closer to y(k) for
the data points being treated as ‘‘regular’’ (lying closer to the ith cluster centre),
while yi

pðkÞ is closer to yf(k) for the data points being treated as outliers (far away
from ith cluster centre along the estimated-uncertainty-axis). Now, for the data
points (might being acting as outliers), yi

p is closer to yf (i.e. closer to a point free
from uncertainties) and thus training the model Mi using fxðkÞ; yi

pðkÞg values should
not adversely affect the training method.

Fig. 2 displays an example of the penalized values (marked as ‘‘B’’), shifting from
{y(k)} (marked as ‘‘$’’) to the {yf(k)} (marked as ‘‘þ’’), as we move away from the
cluster centre along the estimated-uncertainty-axis. To define the penalized values,
we make use of the information (provided by ith probabilistic model) on un-
certainties. One of the possible methods for defining the penalized values is as
follows:

yi
pðkÞ ¼ ui

kyf ðkÞ þ
	

1� ui
k



yðkÞ; (15)
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Here, sp is a ‘‘switching parameter’’ that controls the rate at which the switching
of yi

p from y to yf, with a decrease in pðbnkjm2
i ;S

2
i Þ (i.e. while moving away from ith

cluster centre along the estimated-uncertainty-axis), takes place. A lower value of sp

results in a faster switching and vice-versa. Let Dp
i denotes the penalized training

data set for Mi:

Dp
i ¼

n
xðkÞ; yi

pðkÞ; 1 � k � N; Ai

	
yf ðkÞ



� e
o
; 0 � e� 1 (17)

Finally, the data sets Dp
1 ;.;Dp

C could be used to train the local models M1,.,MC,
respectively.

3.5. Implementation of the methodology for prediction

The given training data fxðkÞ; yðkÞgN
k¼1 is used to estimate the parameters ðaI ; q

IÞ,
fðm1

i ;S
1
i Þ; ðm2

i ;S
2
i Þ; ai; i ¼ 1;.;Cg and thus the training of local models M1,.,MC
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is accomplished. Now, the prediction of the output value for a given input (i.e.
prediction of log BCF value of a compound that may or may not be included in
training set) follows as

� for an input x, compute the filtered output yf ¼ GTðx; qIÞaI ,
� the outputs of the local models could be combined to predict the output

according to Eq. (13):
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4. Bioconcentration factor modelling

To illustrate our methodology, we consider the modelling of
a BCF data set of 511 chemicals taken from Dimitrov et al. (2005).
The data set includes following chemical classes: alkanes, alkenes,
mono- and diaromatic hydrocarbons, polycyclic aromatic hydro-
carbons (PAH), polychlorinated dibenzofuranes (PCDF), poly-
chlorinated dibenzodioxines (PCDD), polychlorinated biphenyls
(PCB), cycloalkanes and cycloalkenes, chloraromatic chemicals,
perfluorinated acids (PFA) with 6–13 difluoromethylene functions
in the chain, chlorinated biphenyl esters, aliphatic esters, chlor-
organic chemicals, aliphatic and aromatic N-containing com-
pounds, polycyclic aromatic N-containing compounds, organotin
compounds, and sulphur-containing heterocyclic compounds.

There is an uncertainty regarding the experimentally observed
BCF values of chemicals in the data set. It was stated in Dimitrov
et al. (2005) that the variations of 95% of the replicated experi-
mentally observed BCF values are within 1.5 log units. Moreover,
there are multiple BCF values associated to some chemicals in the
data set. For example, the entry 24 (with log BCF¼ 2.83) and entry
76 (log BCF¼ 2.27) in the data set of Dimitrov et al. (2005) refer to
the same chemical: 1,3,5-trimethylbenzene. Similarly entries 30
(log BCF¼ 2.72) and 150 (log BCF¼ 3.26) refer to the same chem-
ical: anthracene. Also, hexachlorobenzene has been reported in the
data set as entries 174 (log BCF¼ 4.21) and 218 (log BCF¼ 4.26). The
uncertainties, as we will observe, affect adversely the performance
of the BCF model.
4.1. Generation of training and testing data

A large number of descriptors are available in the literature for
QSAR studies. We calculate for our analysis several molecular de-
scriptors of the compounds using E-DRAGON (Tetko et al., 2005).
Out of the large number (several hundreds) of descriptors, a few
descriptors, that serve as the inputs of the models for predicting the
log BCF values, were chosen as in Kumar et al. (2007b):

(1) descriptors with a standard deviation less than 10�6 were
rejected;

(2) a pool of 20 descriptors, which showed highest absolute corre-
lation with the log BCF values, were created for consideration for
possible QSAR model inputs. This was done simply by calculating
the values of correlation coefficients among the variables;

(3) the method of ‘‘Principal Feature Analysis’’ (Cohen, 2000) was
used to choose 5 descriptors out of the 20, which retain most of
the information, both in the sense of maximum variability of
the descriptors in the lower dimensional space and in the sense
of minimizing the reconstruction error;

(4) these 5 descriptors are
� H1v (GETAWAY descriptor Consonni et al., 2002a,b): H auto-

correlation of lag 1/weighted by atomic van der Waals volumes;
� MATS4v (2D autocorrelation descriptor Moran, 1950): Moran

autocorrelation - lag 4/weighted by atomic van der Waals
volumes;
� BLTD48 (molecular property): Verhaar model of Daphnia base-
line toxicity for Daphnia (48 h) from MLOGP (mmol/l);
� R5p (GETAWAY descriptor Consonni et al., 2002a,b): R auto-

correlation of lag 5/weighted by atomic polarizabilities;
� TPSA(NO) (molecular property Ertl et al., 2000): topological

polar surface area using N, O polar contributions.

Our concern is not to optimize the choice of descriptors but to
provide, for the chosen molecular descriptors, the improvements in
the modelling performance using fuzzy filtering techniques.

The aim is to develop a QSAR model with these 5 descriptors as
inputs and log BCF value as the output. The model will be trained
with the data of around 2/3 of the total compounds and the
remaining 1/3 compounds will be used for the testing of the model.
The training and testing sets have been created as in Kumar et al.
(2007b).

(1) All descriptors and log BCF values are normalized to have zero
mean and unit variance.

(2) The point in the 6-dimensional space, whose coordinates cor-
respond to the minimum values of 5 descriptors and log BCF
value has been taken as the reference point.

(3) The Euclidean distance of each compound from the reference
point is calculated and all the compounds are arranged in the
ascending order of their distances from the reference point.

(4) Every third compound in the series of ascending order
arranged compounds is taken as the testing compound and the
remaining compounds as the training compounds.

This division of compounds into training and testing is meant for
sandwiching of testing compounds between training ones in the
sense of Euclidean distance.

4.2. The issue of uncertainties

The BCF modelling problem is studied using a neural network
and a fuzzy model. Let us first consider the training of a 3-layer
feed-forward neural network. The first layer has 6 ‘‘tansig’’ (i.e. with
hyperbolic tangent sigmoid transfer function) neurons, the second
layer has 4 ‘‘tansig’’ neurons and the third layer 1 ‘‘purelin’’ (i.e.
with linear transfer function) neuron. The network was initialized
with random values of weights and biases. The network was trained
using 2 different training algorithms: ‘‘scaled conjugate gradient
backpropagation’’ (MATLAB Neural Network Toolbox command
‘‘trainscg’’) and ‘‘Levenberg–Marquardt backpropagation’’ (MATLAB
Neural Network Toolbox command ‘‘trainlm’’). The training of the
network stops if the number of epochs exceeds 10,000.

Also, a Sugeno type fuzzy model was trained using an in-built
training algorithm in MATLAB Fuzzy Logic Toolbox (‘‘anfis’’ com-
mand). The ‘‘anfis’’ algorithm combines the least-squares and
backpropagation gradient descent method to identify the param-
eters of the fuzzy model. The structure of the fuzzy model was
generated from the training data using subtractive clustering
(MATLAB Fuzzy Logic Toolbox command ‘‘genfis2’’). The fuzzy
model was trained till 1000 epochs.

The modelling performance is assessed by computing the co-
efficient of determination (R2) and root mean squared error (RMSE)
on training and testing data. Table 1 shows the performance of
some of the standard neural/fuzzy modelling methods. We observe
from Table 1 that the modelling techniques show good perfor-
mance on the training data, however, poor performance on the
testing data. This indicates the presence of uncertainties in the
modelling problem for the chosen molecular descriptors, chosen
model type and structure, training algorithms related chosen pa-
rameters, and so on. These uncertainties resulted in the over-
training of the model and thus a poor generalization performance



Table 1
The performance of some neural/fuzzy modelling methods

Method R2-training RMSE-training R2-testing RMSE-testing

‘‘trainscg’’ 0.8924 0.4297 0.5596 0.9975
‘‘trainlm’’ 0.9144 0.3831 0.5859 0.9298
‘‘anfis’’ 0.8691 0.4739 0.4721 1.1631

Table 3
The performance of ‘‘trainlm’’ network training algorithm via proposed technique

sp R2-training RMSE-training R2-testing RMSE-testing

0.01 0.7905 0.6366 0.6856 0.8371
0.03 0.7928 0.6306 0.6854 0.8346
0.05 0.7935 0.6282 0.6854 0.8314
0.1 0.8032 0.6077 0.6475 0.8721
0.2 0.8129 0.5879 0.7213 0.7752
0.4 0.8158 0.5747 0.7279 0.7484
0.5 0.8202 0.5672 0.7190 0.7676
0.75 0.8333 0.5444 0.6187 0.8920
1 0.8405 0.5315 0.7021 0.7821
2 0.8457 0.5198 0.6789 0.8127
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(as shown by a poor performance on the testing data). One could
argue for a decrease in the number of training compounds, how-
ever, our aim here is to highlight the issue of overtraining and
a method for dealing with the overtraining issue.
4.3. Rendering robustness in modelling methods via fuzzy filtering

We demonstrate that the proposed fuzzy filtering based meth-
odology could be used for rendering robustness in the modelling
methods against uncertainties. It will be seen that the training al-
gorithms of Table 1, if used to train the local models with penalized
data (as suggested in Section 3), would result in an improvement in
the generalization performance.

We employed a fuzzy filter, with membership functions defined
by Eq. (5) for ~m ¼ 2, for filtering out the uncertainties from the
modelling problem. The fuzzy filter parameters were identified
based on the energy-gain bounding approach described in Section
2. The identification method was implemented in MATLAB 6.5 us-
ing a Gauss–Newton based algorithm proposed in Appendix A. The
number of rules in the fuzzy filter (i.e. K) and initial guess about
cluster centres (q�1) were chosen via performing clustering on the
5-dimensional input training data using finite mixture models
(Figueiredo and Jain, 2002). The identification algorithm was run
till 100 epochs taking m¼ mq¼ 0.1. The identified fuzzy filter was
used to obtain for the training compounds the filtered values (6)
and the underlying uncertainties (7).

The Gaussian mixture modelling of the 2-dimensional data (fil-
tered and uncertainties values) identified 5 different component
distributions describing the behavior of the data. These 5 component
distributions have been displayed in Fig. 1. Associated to these com-
ponents, the penalized data sets Dp

1;.;Dp
5 (obtained using Eq. (17))

could be used to train the local models M1,.,M5, respectively. The
local models are finally combined using Eq. (18) to predict the overall
output. Table 2 shows the system performance when the local models
M1,.,M5 are neural networks trained with the ‘‘trainscg’’ algorithm.
Here, M1,.,M5 have the same structure, initial conditions, and
training parameters (e.g. number of epochs) as of the network trained
with ‘‘trainscg’’ in Table 1. The parameter e in Eq. (17), to define the
penalized data sets for different values of switching parameter sp, was
chosen as e¼ 0. In this text, we made no comment on the choice of
switching parameter sp, thus we consider the different values of
switching parameter sp ranging from 0.01 to 2.

Similarly, the Tables 3 and 4 show the performance of the
‘‘trainlm’’ and ‘‘anfis’’ algorithms, respectively, via proposed fuzzy
filtering based technique.
Table 2
The performance of ‘‘trainscg’’ network training algorithm via proposed technique

sp R2-training RMSE-training R2-testing RMSE-testing

0.01 0.7916 0.6355 0.6725 0.8542
0.03 0.7933 0.6309 0.6835 0.8405
0.05 0.7970 0.6230 0.6682 0.8598
0.1 0.8036 0.6084 0.6734 0.8433
0.2 0.8072 0.5962 0.6915 0.8188
0.4 0.8139 0.5793 0.7017 0.8009
0.5 0.8196 0.5681 0.7329 0.7485
0.75 0.8269 0.5541 0.6918 0.8022
1 0.8277 0.5516 0.7109 0.7790
2 0.8420 0.5253 0.7180 0.7627
A comparison of Tables 2–4 with Table 1, shown in Fig. 3, verifies
that the generalization performance (i.e. testing data performance)
of the modelling methods improved considerably via proposed
approach. The type, structure, and training conditions of the local
models in the studies are the same as of the models in Table 1.
However, none of the modelling method resulted in the over-
training of the model via proposed fuzzy filtering based technique.
This indicates that the robustness offered to the modelling methods
is obviously a result of

(1) penalizing the data;
(2) combining the local models using a fuzzy rule base that has

been carefully designed, based on Gaussian mixture modelling
of filtered data and uncertainties.
4.4. Robust training algorithm

If the chosen training algorithm is robust towards uncertainties,
then the local model could be trained with data sets D1,.,DC de-
fined by Eq. (14). Since the training algorithm is robust, there is no
need of penalizing the training data. In this case, an improvement
in the modelling performance could be still expected as a result of
the fuzzy combination of local models. As an illustration, we con-
sider the Bayesian regularized neural networks that have been
accepted as a robust method of QSAR modelling (Burden and
Winkler, 1999a,b; Burden et al., 2000; Winkler, 2004). The local
models are trained with data sets D1,.,D5 defined by Eq. (14) for
e¼ 0.01 using Bayesian regularized neural network training algo-
rithm (MATLAB Neural Network Toolbox command ‘‘trainbr’’).
Table 5 illustrates the performance of a Bayesian regularized neural
network on BCF modelling problem and an improvement (although
slightly) to this as a result of the fuzzy combination of local models.

5. Concluding remarks

Several modelling methods have been proposed in the literature
aiming at the good generalization performance of the models. This
work, unlike many studies, doesn’t propose a new modelling
Table 4
The performance of ‘‘anfis’’ training algorithm via proposed technique

sp R2-training RMSE-training R2-testing RMSE-testing

0.01 0.7966 0.6293 0.6802 0.8421
0.03 0.7976 0.6248 0.6812 0.8383
0.05 0.7987 0.6208 0.6825 0.8343
0.1 0.7958 0.6197 0.6824 0.8257
0.2 0.8068 0.5961 0.6860 0.8152
0.4 0.8115 0.5830 0.6677 0.8352
0.5 0.8130 0.5789 0.6851 0.8067
0.75 0.8155 0.5715 0.7050 0.7805
1 0.8196 0.5636 0.6947 0.7938
2 0.8294 0.5459 0.7017 0.7841
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Fig. 3. An improvement in the generalization performance of the modelling methods
via proposed approach.

Table 5
The performance of Bayesian regularized neural network training algorithm

Method R2-training RMSE-training R2-testing RMSE-testing

‘‘trainbr’’ 0.8731 0.4666 0.7112 0.7604
‘‘trainbr’’ Via

proposed method
0.8787 0.4579 0.7466 0.7129
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method but provides a tool for rendering robustness in any mod-
elling method. A case study dealing with the bioconcentration
factor modelling of chemicals was provided to illustrate the effec-
tiveness of our technique. The choice of the inputs (i.e. molecular
descriptors), model type, model structure, and training algorithm
are the critical issues that need to be addressed in solving a mod-
elling problem. Our concern in this text was to improve the mod-
elling performance once the descriptors, model type, model
structure, and training algorithm have been chosen.

The uncertainties, affecting adversely the generalization capa-
bilities of the modelling methods, are filtered using a fuzzy filter.
Based on the available information about uncertainties, the local
models are developed in a manner that uncertainties are not
allowed to affect the training of the local models. This improves the
generalization performance of a modelling technique. The combi-
nation of the local models using a fuzzy rule base (that has been
carefully designed based on Gaussian mixture modelling of filtered
data and uncertainties) provides additional tolerance towards un-
certainties. One could observe in Fig. 3 a considerable improvement
in the performance of the different modelling methods via pro-
posed technique. However, there are some issues which remain to
be addressed in our future work. The automatic selection of the
value of switching parameter sp is a part of our future work. For-
tunately, the effectiveness of our approach has been observed at all
considered values of sp ranging from 0.01 to 2. For a choice sp¼ 0
(i.e. training of local models with filtered data), our technique
becomes close to the method of Kumar et al. (2007b).

The aim of this study is to provide to the researchers a piece of
software that would improve the robustness performance of their
favourite modelling methods. A website (http://www.fuzzymodeling.
com) is available to provide the users an online service for (1) a fuzzy
filtering of the uncertainties from the data, (2) building a robust data
model based on fuzzy filtering approach.
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Appendix A. A Gauss–Newton based algorithm

Given N input–output data pairs fxðjÞ; yðjÞgN�1
j¼0 , to compute the

parameters

qj ¼ arg min
q

24
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1þ mkGðxðjÞ; qÞk2 þ m�1
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we suggest a Gauss–Newton based algorithm. The algorithm con-
sists of following steps:

(1) Choose initial guess about cluster centres q�1, number of
maximum epochs Emax, a�1¼0, epoch count EC¼ 0, and data
index j¼ 0.

(2) If EC< Emax,
(a) if j� (N� 1),

(i) define rðqÞ ¼

"
½yðjÞ � GTðxðjÞ; qÞaj�1�2

1þ mkGðxðjÞ; qÞk2

#1=2

ðm�1
q Þ

1=2ðq� qj�1Þ

3775
2664 and let

s*ðqÞ be the
unique solution of following linear least-squares
problem:

s* ¼ arg min
s

h
krðqÞ þ r0ðqÞsk2

i
;

where r0(q) is the Jacobian matrix of vector r with re-
spect to q, determined by the method of finite-differ-
ences. The Jacobian r0(q) is a full rank matrix, as a result
of using regularization.

(ii) compute qj ¼ qj�1 þ s*ðqj�1Þ.
(iii) compute

aj ¼ aj�1 þ
mG
�
xðjÞ; qj

�h
yðjÞ � GT�xðjÞ; qj

�
aj�1

i
1þ m

��GðxðjÞ; qjÞ
��2 :

(iv) j d jþ 1 and go to step 2(a).
(b) EC d ECþ 1, a�1 d aN�1, q�1 d qN�1, j¼ 0, and go to step 2.
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