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bstract

oxicology studies have indicated that stone wools with different compositions have different levels of biopersistence. It is however not easy to
arry out a large number of in vivo experiments. It is also known that in vitro dissolution rates at two pH values correlate with two dissolution
henomena in lungs. In this work, nonlinear models of in vitro dissolution rates at pH 4.5 and at pH 7.4 have been developed for stone wools
f widely different compositions from a limited amount of experimental data. These in vitro dissolution rates, in combination with some other
ariables, have then been correlated with in vivo retention half times. It is expected that once the models predicting half times are reliable enough,
esting on animals could be reduced to a negligible fraction of its amount today.

The dissolution rates of stone wools depend on their composition in a complicated manner. Not only are the effects nonlinear, there are strong

ross effects of combinations of variables. Therefore, the conventional linear techniques are not effective. Phenomenological modelling is hardly
ossible since very little is known about the kinetics of the potential surface reactions taking place at different pH values.

New techniques of nonlinear modelling have made this kind of model development feasible, as it is illustrated in this paper. These techniques
ave opened up new possibilities in materials science, including fibre technology and ceramics.

2006 Elsevier Ltd. All rights reserved.
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. Introduction

Man-made vitreous fibres, synthetic mineral fibres and syn-
hetic vitreous fibres are generic terms indicating amorphous
bres including glass fibre, mineral wools and ceramic fibre
roducts. Mineral wool includes stone wools, glass wools and
lag wools. Stone wools are often the best choice as insula-

ion materials, because of low thermal conductivity and good
igh temperature resistance. If the composition of stone wools
s right,1 they have very little biopersistence implying a low car-
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inogenicity and a generally lower pathogenicity. Crystalline
ilicate fibres are known to be capable of causing pathologies
ncluding pulmonary fibrosis, lung cancer, mesothelioma and
leural plaques. Stone wools like MMVF 21 are typically made
rom basalt or dolomite. Stone wools with lower biopersistence
an be produced by modifying the composition in some ways.
lumina content, for example, is known to significantly influ-

nce biopersistence. Biopersistence can be reduced by additions
r reductions of some other oxides also, and alumina is not the
ain determining factor in biosolubility.
For about 20 years, a lot of vitreous fibres of various com-

ositions have been tested in vitro for their solubility at acidity
evels found in the extracellular environment in the lungs (pH
.4), and in the alveolar macrophages (pH 4.5).1–6 These are
upposed to reflect the biosolubility in the lungs. The Directive
7/69/EC on the Classification, Packaging and Labelling of Dan-

erous Substances put mineral wools in carcinogenic category 3
ut included exoneration criteria based on composition, bioper-
istence and dimensions. This has further activated the research
n biopersistence. A smaller number of in vivo tests have also
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een carried out. The in vivo tests are expensive, time consuming
nd involve ethical questions. Epidemiological studies published
uring the past 15 years provide no evidence of increased risks
f lung cancer or of mesothelioma from occupational exposures
uring manufacture of these materials, and inadequate evidence
verall of any cancer risk. Therefore the International Agency
or Research on Cancer (IARC) has reevaluated mineral fibres
n 2001 and considers mineral wool fibres, glass wool and stone
ool not classifiable as to its carcinogenicity to humans (group
). Luoto et al.2 also report a method in which macrophages and
bres are placed on a membrane through which culture medium

s allowed to flow, and dissolution rates of silica, alumina and
ron oxides are measured.

There are however no models which can reliably predict the
n vitro solubility of the stone wool fibres from the composition
f the fibres. There are no models which predict the biopersis-
ence of the fibres from the composition of the fibres, for a good
eason. The dissolution rates of stone wools depend on their
omposition in a complicated manner. The effects are not only
ot linear, there are strong cross effects of combinations of vari-
bles. Conventional linear statistical techniques are not effective
t describing these effects, while the new techniques of nonlin-
ar modelling are still not common. These new techniques have
ade development of such models feasible. An attempt has also

een made to correlate these results with the small amount of
n vivo data. Once we have sufficiently good nonlinear models
orrelating the biosolubility with composition, or models corre-
ating biosolubility with in vitro solubility, it is envisaged that
he in vivo testing will be redundant to a large extent.

This paper describes the results of modelling of total in vitro
issolution rates of fibres of different compositions with mod-
rate to high alumina, followed by a preliminary correlation
etween in vitro dissolution rates and in vivo half time for WHO
bres. It is envisaged that the next paper of the authors will deal
ith separate in vitro dissolutions rates for silica and alumina,

nd a correlation of those dissolution rates with in vivo half
imes.

. Experimental data

Experiments were carried out to measure the dissolution rates
t pH 4.5 and at pH 7.4 of stone wool fibres of a number of dif-
erent compositions. All in vitro measurements at pH 4.5 and pH
.4 have been performed using the flow-through measurement
ethod. The reliability and comparability of the results have

een improved in this study by using measurements from just
ne laboratory, and using a reference fibre in all series of mea-
urements. The dissolution rate, Kdis, for each fibre has been put
n relation to the corresponding dissolution rate of the reference
bre. The in vivo measurements for measuring fibre clearance
rom laboratory animals have been performed at the Fraunhofer
nstitute using the intratracheal installation method.

Data was available for 66 different compositions for dissolu-

ion rates at pH 4.5 and for 38 compositions at pH 7.4. Alumina
ontents varied from low levels to as high as 24%. The maximum
ontent of magnesium oxide was about 20% and the maximum
ontent of iron oxides was over 10%. Sodium and potassium
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xide contents were relatively low among most of the fibres
n this study. Like any data set from the real world, the dis-
ribution of the data is not very good from a modelling point
f view. There are internal correlations among input variables,
hich make empirical modelling more difficult. Sodium oxide

nd magnesium oxide correlate strongly in the available data. In
hese situations, it becomes more difficult to distinguish between
he effects of the correlated variables. There are lone points, far
rom where the majority of the data is located, which can either
e very valuable in terms of information content, or can dominate
he model formation in wrong ways. Fortunately, the harmful
ffects of internal correlations were minimal for pH 4.5, but
ere overwhelming for pH 7.4. It was still possible to develop
oderately good models by imposing certain restrictions on the

artial derivatives or by combining some input variables.
The data was preprocessed and analysed by the NLS Prepro-

essing Software, which has several facilities, including simpler
hings like calculating the basis statistics of the data set, filtering
bservations with missing measurements or variables beyond
he range of interest, calculation of correlation matrices, show-
ng the plots of every variable against every other, and more
dvanced features like clustering, calculating sets of observa-
ions with maximum or minimum similarity, and dividing the
ata into training, test and validation sets with desired forms of
mbalance.

. Nonlinear modelling

Nonlinear modelling has successfully been used for a large
umber of processes and materials in several sectors of pro-
ess industries including polymers, plastics processing, ceram-
cs, cement, concrete, pulp, paper and board, power generation,
emiconductor processing, water treatment, chemical produc-
ion, food processing, etc.

Nonlinear modelling can roughly be defined as empirical or
emi-empirical modelling which takes at least some nonlinear-
ties into account. Nonlinear modelling can be performed in

any ways. The simpler ways include polynomial regression
nd linear regression with nonlinear terms. One can also use
asis functions and splines, and in cases where the form of the
onlinearities is known, nonlinear regression can be used. Arti-
cial neural networks are a set of efficient tools for nonlinear
odelling, particularly because of the universal approximation

apability7 of feed-forward neural networks. The user does not
eed to know the type and severity of nonlinearities while devel-
ping the models.

.1. Why nonlinear modelling?

It is not possible to use physical modelling in many situa-
ions. Even if it is possible, physical models tend to compute the
utput more slowly than empirical or semi-empirical models.
evelopment of physical models is time consuming. Nonlin-
ar modelling tends to be expensive, but physical modelling
sually costs even more. Physical models involve assumptions
nd simplifications. Thus empirical modelling is often a better
lternative.
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Fig. 1. A typical feed-forward neural network with one hidden layer.

Nothing in nature is absolutely linear. Therefore, you obvi-
usly do better by taking nonlinearities into account than by
gnoring them. Earlier, the means for nonlinear modelling were

odest, and the computational power was limited which pre-
ented significant use of nonlinear modelling. Proponents of
inear techniques base their arguments on simplicity of linear

odels, and on the possibility of using quadratic or other terms
n linear models. Nature does not always fit the simplicities we
ry to force it in. Just as nothing in nature is linear, nothing
s quadratic either. Feed-forward neural networks, on the other
and, make no assumptions about the nonlinearities involved,
nd are capable of approximating all continuous, bounded, first-
rder differentiable functions.

.2. Artificial neural networks

Artificial neural networks resemble structurally and to a
maller extent functionally the networks of neurons in biologi-
al systems. Like the networks of neurons in the brains, artificial
eural networks of some kinds also consist of neurons in lay-
rs directionally connected to others in the adjacent layers (see
ig. 1).

There are many different types of neural networks, and some
f them have practical uses in process industries.8,9 Neural
etworks have been in use in process industries for about 10
ears. The multilayer perceptron, a kind of a feed-forward neural
etwork, is the most common one. Most neural network appli-
ations in industries10–14 are based on them.

There are a variety of training methods in use today. Back-
ropagation used to be the most common training method about
0 years back. Today, most people use good optimisation meth-
ds instead, like the Levenberg–Marquardt method.15,16

.3. Applications of nonlinear modelling in materials
cience
Materials science has been making good progress in the last
ew decades. New materials with better and better properties are
nvented all the time. For all materials, a set of some mechani-

n
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ig. 2. Material properties depend on composition and process variables.

al, chemical, thermal, electrical, optical and other properties are
mportant, which make them useful. Material properties of all
inds depend on the microstructure of the material, the composi-
ion and fraction of each phase, the size and shape of the crystals
nd amorphous regions, the molecular weights of the molec-
lar chains, etc. Material properties can thus empirically be
orrelated with its microstructure. Empirical or semi-empirical
odels of this kind are valuable for scientific and academic

urposes. Seen in another way, the microstructure is a conse-
uence of the bulk composition of the material, or the mix of
aw materials used to produce the material, and the process by
hich it is produced. Empirical or semi-empirical models of this
ind (see Fig. 2) are more practical for industrial applications,
ince it is normal for industries to measure the composition of
he material and material properties as a part of their quality
ontrol activities, and process variables are recorded in almost
ll plants which are not too old. Sometimes, dimension vari-
bles like fibre diameter are also taken into account in the input
ector.

This approach which was earlier not so feasible with linear
echniques is now a very practical approach and has success-
ully been used for a wide range of materials including metals
alloys), polymers/plastics, pulp/paper/board, concrete, ceram-
cs and even food materials. In some cases, the composition is not
n issue (for example, extrusion, where the same composition
s used). In some cases, process variables are not an issue (for
xample, where the process variables are determined entirely
y the composition of the material). Sometimes dimension vari-
bles, like particle sizes, thicknesses or diameters, are taken into
ccount in addition to composition or process variables.

. Results

The models developed during this work are plain feed-
orward neural networks with a single hidden layer (like the one
n Fig. 1) of sigmoidal activation functions. The models have
een developed using the NLS 031 nonlinear modelling soft-
are, which has several advanced features for monitoring the

ctivity of each neuron, each weight, and for restricting weights.
t is possible to follow the partial derivatives of the output vari-
bles with respect to any of the input variable, as long as the

umber of weights is not very large.

Although this work is done from a single data set, the numbers
f observations available for pH 4.5 and pH 7.4 are different, and
ence separate data subsets were created for model development.
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dissolution rates
ig. 3. A comparison of measured values with predictions from the nonlinear
odel for pH 4.5 (correlation of 96.3%).

his data was divided into training and test sets, but the final
odels are retuned from the undivided data sets for each pH. No

alidation set was created. A third data set, with 16 observations,
as separated out for the in vivo data. This amount is too small

o be divided into training and test sets.

.1. Models for dissolution rates at pH 4.5

The 66 available observations were divided into a training
et of 53 observations and a test set of 13 observations. The
nal models, however, are retuned based on all the 66 observa-

ions. A large number of models were attempted with different
onfigurations of feed-forward neural networks, with a single
idden layer, with three different activation functions. One or
ore of the free parameters or weights of many of those mod-

ls were restricted. This is particularly necessary because we
ave a very limited amount of data. Most of the better models
howed the same qualitative features, with a high degree of cor-
elation. Fig. 3 shows the comparison of the predicted (on the
ertical axis) and measured values for training (in blue) and test
in pink) observations. Fig. 4 shows a histogram of the predic-
ion errors for the training set (in blue) and test set (in pink). The

odel shows the effects of the different oxide contents as can be
xpected. Fig. 5 shows the effect of titanium dioxide content on

he dissolution rate at pH 4.5; Fig. 6 shows the effect of alumina
n dissolution rate at high, medium and low FeO content.

The rms error of this model was 0.05783. The effects of
ncreasing the amounts of most of the oxides on dissolution

Fig. 4. A histogram of the prediction errors from the nonlinear model.
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ig. 5. Effect of titanium dioxide content on the dissolution rate at pH 4.5
ccording to the nonlinear model.

ates at pH 4.5 were positive. The effects of oxides of silicon
nd titanium were negative according to the nonlinear model
eveloped during this work.

.2. Models for dissolution rates at pH 7.4

The number of available observations puts an upper limit
n the number of free parameters we can use in the empirical
odels. With only 38 observations, it is highly desirable, almost

ssential, to maintain the number of free parameters well below
0. This turns out to be a significant restriction for modelling
rom this data. More data would improve this situation. However,
s the results show, the models derived from this data are still
airly good.

The 38 observations were divided into 31 training observa-
ions and 7 test observations. The situation was not very good,
nd it was not easy to divide the data set in a balanced manner.
he division had to be revised a couple of times. The final model

s based on all the 38 observations. With more experimental data,
his model will be improved.

.3. Correlating in vivo retention halftime with in vitro
For correlating in vivo retention half times with in vitro dis-
olution rates, only 16 observations were available. It is possible

ig. 6. Effect of alumina on dissolution rate at high, medium and low FeO
ontent.
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1
control in the wire rod industry. Wire Ind., 2000, 67, 253–258.
ig. 7. Retention half time correlates inversely with dissolution rate at pH 4.5.

o see from the data that half times (for WHO fibres as well as
or long fibres) are lower when the dissolution rate at pH 4.5
s higher. Such a correlation is not visible for pH 7.4. It was
ossible to develop preliminary correlations between the half
imes and the in vitro dissolution rates in combination with the

ean fibre diameter. It is difficult to see how good these corre-
ations are, since the statistical measures from 16 observations
re not likely to be sufficient indications of the quality of the
orrelations.

The correlation developed during this work was implemented
n a LUMET system which allows facile use of nonlinear models
r correlations by people not familiar with nonlinear modelling.
ig. 7 shows the relation between the dissolution rate at pH 4.5
nd the half time in days.

There seems to be a general agreement that the half times of
bres in the lung are dependent on both the dissolution rate at
H 4.5 and 7.4. Fibres of some compositions dissolve better in
neutral environment and some in an acidic environment.

In order to get a better correlation between the in vitro disso-
ution rates and the in vivo half times of fibres, further scientific
nvestigations should be carried out or more test data must
ecome available, so that the combined effect of the two dissolu-
ion mechanisms can be better combined and correlated with the
ehaviour in the lung. Another issue which needs to be taken into
ccount is the length of the fibres. The fibres are broken down
y phagocytosis, which can be abnormal if the fibres are rela-
ively long. Since in any in vivo test, the lengths of fibres will
ary, some measure of the fibre length distribution would be a
esirable input variable for a more accurate in vivo correlation.

. Conclusions

In this work, nonlinear models predicting dissolution rates in
H 4.5 and pH 7.4, and a correlation between these dissolution
ates and biopersistence were developed. The nonlinear model
or dissolution rate at pH 4.5 is quite good and shows certain
henomena which are known from theory. Nonlinear modelling,

hich has successfully been utilised for various materials and
rocesses, was the only feasible approach for this work. The
ffects of most oxide concentrations were found to be clearly
onlinear, with strong cross-term effects, which makes linear

1

1
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odelling techniques unsuitable. The effects of each oxide on
issolution rates vary depending on the level of other oxides in
he fibres. A simple comparison shows that a fibre with 18%
lumina and 15% lime has a 30% lower predicted dissolution
ate than a fibre with 13% alumina and 25% lime.

The nonlinear model for dissolution rate at pH 7.4 is not as
ood, primarily because the amount of observations available
or model development was too small. The amount of observa-
ions for in vivo half times is even smaller, and the correlation
eveloped in this work is a preliminary result, which will be
efined in further work. With some more data, advanced non-
inear models will permit us to predict in vivo half times based
ntirely on the composition of the fibres.

These models should make it possible to reduce the number
f animal experiments by a large fraction. Animal testing will
ssentially be replaced by in vitro experiments. It will be easier
o develop new grades of stone wools with lower biopersistence,
ithout substantially increasing the cost of the stone wool, with-
ut deteriorating the thermal and mechanical properties, without
ecessarily increasing the alumina content. The results of this
ork also demonstrate the strength of the nonlinear modelling

pproach.
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