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Abstract

The use of artificial neural networks (ANNs) in modelling a fluidized bed granulation process is reported. The
granules were made in a fully instrumented laboratory-scale granulator (Glatt WSG 5, Glatt GmbH, Germany). The
independent input variables were inlet air temperature, atomizing air pressurc and binder solution amount. The
input variables varied in thrce levels. The responses used were mean granule size and granule friability. Neural
computing was carried out using a commercial NeuDesk software (Neural Computer Sciences, U.K.) in a 486
microcomputer with a specific accelerator card, NcuSprint (Neural Computer Scicnces, U.K.). In total, 36 different
ANN models were tested. The results were also compared with a statistical method (multilinear stepwise regression
analysis). The results showed clearly that the best networks were able to predict the experimental responses more
accurately than the multilinear stepwise regression analysis. On the other hand, it also became evident that several
different structures should be trained with different training end points to generate a proper model.

Key words: Artificial neural network; Multilayer feedforward network: Neural computing; Process modelling;
Fluidized bed granulation; Multilinear stepwise regression analysis

1. Introduction limited (Hussain et al., 1991). The application of

ANNSs can be divided into two main categories:

The use of artificial intelligence and artificial
neural networks (ANN) is a very rapidly develop-
ing field in many different areas of science and
technology (Nukhodhayay and Narendra, 1993;
Savkovic-Stavanovic, 1993), but the use of ANNs
in pharmaceutical technology has been rather
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classification and modelling.

Examples of classification problems are, for
instance, insurance risk evaluation, marketing
analysis, signal processing, machinery defect diag-
nosis, process supervision and general diagnosis
(Yoon et al., 1993). The modelling problems can
handle, e.g., the following types of systems: pre-
diction of economic indicators, robot control and
navigation, process control, aircraft landing con-
trol, prediction of performance of drugs from the
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molecular structure and weather forecasts (Gill
and Shutt, 1992).

Fluidized bed granulation is a widely used and
important process in the pharmaceutical industry.
since it has scveral advantages (Aulton and Banks.
1981; Jones 1985; Kristensen and Schafer, 1987).
However. the process itself is very complicated
and the modclling of the process requires sophis-
ticated instrumentation (Banks 1981; Niskanen et
al., 1990; Merkku et al.. 1992a.b). Furthermore,
the study designs and the frequently used statisti-
cal analyses. ¢.g., multilincar stepwise regression,
require systematic approaches. This methodology
in some respects may still be rather limited. The
rapid development of microcomputers and soft-
ware, especially in the field of ncural computing,
appears to provide an interesting and, cvidently,
cffective method of modelling complicated multi-
variate production processes such as fluidized
bed granulation. ANN analysis is quite flexible
concerning the amount and form of the training
data which make it possible to use more informal
cxperimental designs than with  statistical ap-
proaches. Authors also presume that ncural nct-
work models might gencralize better than regres-
sion models generated with the multilinear step-
wisc technique, since regression analyses are de-
pendent on predetermined statistical significance
levels. This means that less significant terms arc
not included in the models. The application of
artificial ncural networks is a totally different
method in which all possible data are used for
making the models more accurate.

In this study, the use of ANNs in modelling
the fluidized bed granulation process is intro-
duced, with a short introduction to ncural com-
puting. The results obtained on the basis of dif-
ferent trained ANNs are compared with those
calculated using multilinear stepwise regression.

2. Theory
2.1. Neural computing
The principle of artificial neural networks

(ANNSs) simulates the structure and function of
the human brain. Biological ncural systecms con-
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Fig. 1. An artificial neuron (O, input of a neuron: (. output

of a neuron: 7. index of the neuron that feeds neuron i n
weight of the connection).

sist of nerve cells connected by synaptic junctions.
The synaptic junctions (synapses) transmit nerve
impulses from one neuron to another. The effect
of impulscs can be either excitatory or inhibitory
in the receiving nerve cell.

ANNs consist of simple processing c¢lements
(Fig. 1) which simulate biological ncrve cclls
{neurons), and interconnections between the cle-
ments. The interconnections act like the synaptic
junctions. According to Freeman and Skapura
(1991), it is not always appropriate to condiscr
that the processing clements in a neural network
arc in a one-to-one relationship with actual bio-
logical nerve cells. Tt is sometimes better to imag-
inc 4 single processing clement as representative
of the collective activity of a group of nerve cells.

In this paper, the terms neuron and connec-
tion arc used for processing clements (artificial
ncurons) and interconnections between them. A
ncuron may have several input values, but only
onc output value which, howcever, may be copied
and sent to other neurons in the network. Fig. |
depicts an example of an individual neuron (),
which has four inputs (O, ..., 0,). The output
value is copied, and the neuron has two outputs
(0,). Four preceding neurons arc connected to
the neuron (7) and the symbols W ... W, rep-
resent the weight values of the connections.

The output () of an individual neuron (Fig.
1) is calculated by summing up the input values
(0.) multiplied by their corresponding weights
(W) (Eq. 1) and converting the sum (X)) o
output (Q)) by a transform function (Lqg. 2). The
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most common transform function is a sigmoidal
function (Dayhoff, 1990; Davalo, 1991) where O
is the output of a neuron, / denotes the index of
the neuron that feeds neuron (). and W is the
weight of the connection.

X; = Z O, W,; (H

1
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In an ANN the neurons are usually organised
in layers. There is always one input and one
output layer. Furthermore, the network also usu-
ally contains at least one hidden layer. The use of
hidden layers also confers to ANNs the ability to
describe nonlinear systems (Dayhoff, 1990). In
neural computing, applications are generated by
training the network with proper data, which
does not require traditional programming. Dur-
ing the beginning of the training every connection
between the neurons has a random weight value.
The signal will either increase or decrease pass-
ing through the connection. The number of con-
nections may casily be large even in relatively
small networks. Fig. 2 shows an example where
two hidden layers in an ANN result in 84 connec-
tions.

An ANN attempts to learn the relationships
between the input and output data sets in the
tollowing way: During the training phase, input/
output data pairs, called training data, are intro-
duced into the neural network. The difference
between the actual output values of the network
and the training output values is then calculated.
The difference is an error value which is de-
creased during the training by modifying the
weight values of the connections. Training is con-
tinued iteratively until the error value has reached
the predetermined training end point. The train-
ing end point is used for the termination of the
training. In this study, training was terminated
when the the error value for each input/output
data pair in the training data reached the prede-
termined error level. This is referred to as the
training end point. If a neural network is used for
process modelling, the information of the process

Ioput layer Output layer

Hidden layers

Y
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Fig. 2. Typical architecture of a multilaver fully connected
neural network (1. input neuron: H, hidden neuron: O. output
neuron).

behavior is transformed to a weight matrix during
training.

There are several algorithms available for
training neural networks (Lisboa, 1992). One quite
commonly used algorithm is the back propagation
which is a supervised learning algorithm (both
input and output data pairs are used in the train-
ing). It is also called the generalized delta rule
(GDR) and is commonly used in many applica-
tions (Bhatt et al.,, 1990; Beale and Demuth,
1992; Lodewyck and Deng, 1993). The output
layer weights are updated by Eq. 3

Wl (n+ 1) =W7(n) + 130, + a(W)(n)
—W(n+ 1)) (3)

and the hidden layer weights by Eq. 4

Win+1)= W (n) +78"0, + a(W,_}’(n)
—W(n+ 1)) (4)

where n is the number of the iteration epoch, «
respresents the momentum factor and 7 is the
learning rate. If the learning rate is too high, the
weights alter dramatically in each iteration epoch
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and the network output does not converge on the
training end point, but the output crror varics
randomly. On the other hand, an excessively low
learning rate increases the training time (Frec-
man and Skapura, 1991).

In Eq. 3, 5;’ is the error term for the output
layer neurons and is calculated according to the
following formula:

= ()T 0f) (5

where 7" is the training output valuc and O,
denotes the actual output value of the nctwork.
In Eq. 4, Sj" is the error term for the hidden layer
neurons which is calculated as follows:

al =f(x) 8wy (6)

After training the network may be consulted and
responsc values gencrated using new input data.

3. Materials and methods
3.1. Study design

In previous studies (Merkku and Yliruusi, 1993;
Merkku et al., 1993, 1994), a complete 3 facto-
rial experimental design was used in order to
evaluate the effects of three critical fluidized bed
granulation variables, i.e., inlet air temperature
(T), atomizing air pressure ( p) and binder solu-
tion amount (m), on granule properties. The inlet
air temperaturcs were 40, 50 and 60°C, the atom-
izing air pressures 1.0, 1.5 and 2.0 bar, and the
binder solution amounts 150, 300 and 450 g. The
factor levels used in the production of granules
are listed in Table 1. A total of 38 batches,
consisting of 27 experimental and 11 replicate
batches, were produced.

3.2. Materials

The filler material was 80 mesh lactose «-
monohydrate (DMV, Veghel, The Netherlands).
2% of anhydrous theophylline (Ph. Eur.) was
added as a marker in each batch to be granu-
lated. The 3 kg batches were granulated using a

Table 1
Factor levels used in the production of granules and the
measured mean granule sizes and granule friabilities (7. inlet
air temperature; p, atomizing air pressure; m. binder solution
amount)

T n i Granule size Friability
Q) (bar) (g) (pm) (“4)

(x +e)" (v +e)?
40 1.4 300 475+ 10 186424
40 1.0 450 St6+ 18 S6+04
40 1.5 150 354+ 1 36.9+ 3.7
40 1.5 300 355+ 12 16.1+25
40 1.5 450 439+ 4 834 1.2
40 2.0 150 305+ 8 453+ 1.4
40 2.0 300 328+ 6 374432
40 2.0 450 3564 6 233+ 1.7
50 1.0 150 362+ 5 242+24
S0 1.0 300 421+ 11 1.8+ 1.6
S0 1.0 450 405+ 13 N84+ 31
S0 1.5 150 296 + 10 374421
S0 1.5 300 344+ 5 24200
S0 1.5 450 27+ 6 242412
S0 2.0 150 32114 5 47.5+3.3
50 2.0 300 355+ 0 29.0+23
50 2.0 450 323+ 2 242430
60 1.0 150 368+ 4 4.1+ 3.8
60) 10O 300 433+ 8 14.1+4.7
60 1.0 450 4605+ 8 13.0+1.0
60 1.5 150 315+11 37.8+0.9
60 1.5 300 36+ 9 3+2.0
60 1.5 450 431+ 14 209429
60} 2.0 150 286+ 5 648+ 3.0
60 2.0 300 356+ 5 382433
60 2.0 450 367+ 2 36+36

“ x is the mean and e denotes the maximum crror estimate
defined as \(max—min) (n = 3).

20% water dispersion of polyvinylpyrrolidone
(Kollidon™ K25, BASF, Germany).

3.3. Preparation of granules

The granules were produced in an automated
laboratory-scale fluidized bed granulator (Glatt
WSG 5, Glatt GmbH, Germany). The process
automation system is based on a commercial con-
trol software package (Monitor 77. Telemc-
canique, France). The system controls the inlet
air temperature, air flow rate, atomizing air pres-
surc and binder solution pump unit. The granula-
tion conditions have been described previously by
Merkku and Yliruusi (1993).
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3.4. Mean granule size

Mean granule sizes were measured by laser
diffractometry (Malvern 2600C Droplet and Par-
ticle Sizer, Malvern Instruments, U.K.) using a
dry powder feeder. The focal length of the lens
was 1000 mm. The mean granule sizes were cal-
culated as averages of three parallel measure-
ments.

3.5. Granule friability

Friability of the granules was determined by
weighing 20 g of granules and 20 g of glass beads
into a 100 ml container. Before analysis the gran-
ules were sieved through a 355 pm sieve and the
oversize fraction was used in the analysis. The
granule sample was mixed with the glass beads
for 5 min in a Turbula mixer (System Schatz,
W.A. Bachofen, Switzerland) after which they
were sieved again through a 355 wm sieve. The
friability of the granules was calculated as the
loss of weight (%). Friability determinations were
performed in triplicate.

4. Data analysis

4.1. Multilinear stepwise regression analysis

In earlier studies (Merkku and Yliruusi, 1993;
Merkku et al., 1993), regression models were
developed for the mean granule size (Y,) and
granule friability (Y,) using multilinear stepwise
regression (Eqs. 7 and 8). In those studies only
significant terms (p < 0.05) were included. The
squared multiple R for mean granule size was
0.801 and for granule friability 0.717. The models
were generated using SYSTAT v. 5.0 (SYSTAT
Inc., U.S.A.). The regression models had the fol-
lowing forms:

(a) Mean granule size:

Y, =27.70 T> - 18.78 pm — 44.84 p
+42.52 m + 348.8 (7)

(b) Granulc friability:
Y,=3304 T+ 1137p—9.44 m+29.22 (8)

where 7 is the inlet air temperature (°C), p
denotes the atomizing air pressure (bar) and m is
the binder solution amount (g).

4.2. ANN simulator software

A commercial MS-Windows based artificial
neural network simulator software, NeuDesk
V.2.10 (Neural Computer Sciences, U.K.), was
used. Calculations were performed using a 486
personal computer with a special accelerator card,
NeuSprint (Neural Computer Sciences, U.K.)
which increased the processing speed approx.
100-fold.

4.3. Training data

The input (granulation variables) and output
(granule properties) factor levels presented in
Table 1 were used as the training data. In the
replicate experimental points, average values for
the granule properties were calculated and used
in the training. All variables were converted to
values between ‘0’ and ‘1’ with 10% headroom
after which the sigmoidal function (Eq. 2) oper-
ates in the more linear region. The network out-
put cannot reach the values 0 or 1 with the
sigmoidal transform function, since Eq. 2 ap-
proaches the values 1 and 0 asymptotically. Each
value of the training data is converted with the
scaling values calculated according to Eqgs. 9 and
10 as follows:

Ls = Min — 0.1(Max — Min) (9)
Us = Max + 0.1(Max — Min) (10)
where Ls and Us are the lower and upper scaling
values, respectively. Max and Min are the maxi-
mum and minimum data values in the training

data, respectively. The converted value for an
individual data item is calculated using Eq. 11:

ConvertedValue = (Value — Ls) /{Us — Ls)
(11)

where Value is an individual data item of the
training data.
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Table 2
Factor levels and the measured mean granule sizes and gran-
ule friabilities used for the generalization ability test (7', inlet
air temperature: p, atomizing air pressure; m, binder solution
amount)

T n m Granule Friability
) (bur) (g) size (pm) (%)
45 [.8 225 409 42.3
RN 1.8 225 396 433
45 1.3 375 530 12.8
S0 1.4 200 344 32.7
S0 1.7 410 403 254

4.4, Test data

In studying the generalization ability of ncural
networks, a number of further granulation experi-
ments were performed (Table 2). In the experi-
mental points, the factor levels of input variables
were chosen so that they were within the range of
the original training data (interpolation). The
generalization ability was studied by consulting
the network with test data and observing the
output values. The output values are predicted
granulc propertics. This operation is called inter-
rogation or querying.

Average error percentage i1s used for examina-
tion of the best generalization ability of ncural
networks (the smallest average error percentage).
The average error percentage is calculated ac-
cording to Eq. 12:

: ANN,
ERRY% = ) |abs|] -

o (iM”)/ﬂ’l

j=1
x 100% /n (12)

where 7 is the number of experimental points, m
denotes the number of replicate experiments, M
is the measured granule property value in the
cxperimental point / (replication j), and ANN;,
represents the granulc property value in the cx-
perimental point i predicted by the neural net-
work.

5. Results and discussion
5.1. Network topologies

The properties of the training data naturally
determine the number of input and output ncu-
rons. In this study, the number of factors (infct
air temperature, atomizing air pressure  and
binder solution amount) forced the number of
input neurons to be three. and the number of
granule propertics included (mecan granule size
and granule friability) forced the number output
neurons to be two. Only quite simple and small
networks were studied because one should never
use more hidden layer neurons than training sam-
ples. In fact, the number of hidden layer neurons
should be much lower than the number of train-
ing samples. Otherwise the network simply *mem-
orizes’ the training samples, resulting in poor
generalization (Hush and Horne, 1993).

The tested ANNs had either one or two hid-
den layers. All ncetworks were tully connccted
multilayer networks, which means that cach ncu-
ron is connected to every ncuron in the layer
below and in the layver above. The ncurons are
not connected to other neurons in the same layer.
This structure i1s commonly used with the back
propagation training algorithm. Similar small net-
works have been used in previous reports (Hus-
sain et al., 1991; Savkovic-Stavanovic, 1993), how-
ever, greater networks have also been used with
large data sets (Le Cun et al., 1990). The amount
of the training data here is relatively small and 1t
is reasonable to focus on simple networks. The
number of neurons in the hidden layer ranged
from 3 to 15. The lower limit is mainly dependent
on the number of input neurons, and the upper
limit was fixed experimentally during the study
when the effects of the different networks were
observed. Neurons were added to the hidden
layer one at a time. The networks were trained
and tested after each addition. After addition of
the 15th hidden ncuron, it became evident that
more hidden layer neurons did not improve the
generalization ability of the network. This tech-
nique is quite usual in practice, since there is no
generally acceptable theory for the limitation of
neurons in the number of hidden layers cven if
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some limited rules of thumb are presented (Pad-
gett and Ruppel, 1992; Hush and Horne, 1993).

5.2. Training of the networks

Networks were trained using different training
end points. The maximum error of the network
output was chosen and compared with the train-
ing end point after each iteration cpoch. If the
maximum error value converged under the prede-
termined training end point, the iteration was
terminated. In this study all networks tested con-
verged to the desired error level. The training
end point had an influence such that at the first
the generalization ability became better, however,
if the training is continued for too long, extra
training makes the generalization ability worse.
This effect is called overtraining. The first train-
ing end point (0.1) was chosen on the basis of a
short convergence time (a few seconds). Later,
the training end point was taken more accurately
until it became evident that the network lost its
generalization ability.

The generalization ability of the neural net-
work models was analyzed by interrogating the
networks with the test data (Table 2). The best
networks were chosen on the basis of the average
error percentage. The training algorithm was a
modified back propagation algorithm designated
as the Weigend weight eliminator (WWE)
(Weigend et al., 1992). During normal (back
propagation) training, WWE tends to decrease
the less important and unwanted weight values
close to zero.

Tables 3 and 4 represent the average error
percentages for mean granule size and granule
friability as a function of network topology and
training end point. The best generalization ability
for the mean granule size was achieved with a
network containing 11 neurons in one hidden
layer. For granule friability, the best network had
12 hidden neurons in one layer. In both cases, the
training end point was 0.1. The network seems to
lose its generalization ability casily when it is
overtrained.

In every case, the training end point 0.07 pro-
vided less accurate results than that of 0.1. If the
training end point is 0.05 or 0.03, the avcrage

Table 3

Average error percentages of mean granule size using differ-
ent numbers of neurons in the hidden layer and different
training end points

Number of neurons
in the hidden layers

Training end point

0.10 0.07 0.05 0.03

Layer 2 Laver 1

0 3 17.28 - - -

0 4 17.37 - - -

0 5 15.19 - . -

0 6 14.80 18.90 - -

0 7 15.12 15.90 16.72 -

0 8 14.92 18.96 19.24 20.46
0 9 15.15 18.83 19.05 19.72
0 10 14.93 18.12 19.60 16.77
0 11 14.71 18.69 18.35 18.13
0 12 14.87 18.14 - -

0 13 15.10 18.86 - -

0 14 15.07 18.21 - -

0 15 14.89 19.07 - -

4 4 14.95 - -

5 3 15.19 - - -

6 6 14.92 - ~ -

7 7 14.77 - -
Table 4

Average error percentages of granule friability using different
numbers of neurons in the hidden layer and different training
end points

Number of neurons
in the hidden layers

Training ¢nd point

0.10 0.07 0.05 0.03

Layer 2 Layer 1

0 3 21.11 - -

0 4 13.89 - -

0 S 8.80) - - -

0 6 8.33 14.31 - -

0 7 8.14 10.26 21.83 -

0 8 8.09 13.74 20.93 25.46
0 9 8.15 8.85 22.09 26.96
0] 10 7.76 10.83 22.44 29.97
0 il 7.81 12.71 20.55 24.92
)] 12 7.75 8.48 - -

0 13 7.80 10,90 - -

0 14 7.78 11.47 - -

0 15 7.89 11.71 - -

4 4 881 - - -

S 5 8.76 - -

6 6 8.27 - -

7 7 R.07 - - -
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error percentage increases rapidly and the net-
work [oses its generalization ability almost totally.
In practice this mcans that the nctworks are
overtrained.

However, the number of hidden neurons does
not appear to influence markedly the average
crror percentage, cxcept when the networks are
very small (three or four neurons in onc hidden
layer). Using three or four hidden ncurons the
average error percentages are higher (Tables 3
and 4) when compared to networks that contain
five or more hidden ncurons. In such cascs. the
average error percentages are quite close to cach
other. It is evident that a greater number of
hidden ncurons does not automatically improve
the generalization ability of the network.

In this specific study. the training phase did
not take much computational time to achieve
proper weights because the amount of training
data was relatively small. The training of an indi-
vidual network with this data set takes only a few
seconds. The situation might change dramatically
if the amount of learning data increases.

5.3. Comparison of neural network and regression
model

In Fig. 3, experimental mean granule sizes arc
compared with the sizes predicted by the neural
network (ANN) and with those calculated by the
regression model (REG) (Eq. 7). The ANN sizes
are closer to the experimental values than the
REG sizes. It is interesting to observe that both

Mean granule size (um)

600

#(2) Experimental value

500

400

300

200

100

Experimental point

Fig. 3. Mean granule sizes: (a) experimental, (b) artificial
neural network estimated (ANN) and (¢) regression model
estimated (REG).

methods seem to underestimate the experimental
values.

In Fig. 4. the friability of granules is presented
according to the same principles as above. Also,
the friabilities arc predicted more accurately by
the ANN. In this case. the underestimation of the
modelling methods is no longer so apparent. Fur-
thermore. the estimations are now more accurate.
This is expected becausc the mcasuring accuracy
of friability is much higher than that of mecan
granule size.

Predicted granule properties (Fig. 3 and 4) in
the case of the ANN were closer to the experi-
mental values as compared to the regression
model. This effect was found systematically in
each experimental point although the ditferences
were not marked. The average error percentage
(Eq. 9) according to the regression model was
16.6% for mean granule size and 11.4% for gran-
ule friability. The corresponding values according
to the neural model were 14.7 and 7.8% . demon-
strating the ability of the neural model to predict
granule properties more accurately than the re-
gression model. On the other hand, it is not
possible to know beforchand which network to-
pology and training ¢nd point will have the best
generalization ability. Much work will be needed
in order to determine the proper topology and
training ¢nd point and/or a large amount of
training data.

The experiments were designed primarily in
order to test and to create regression models
(Merkku and Yliruusi, 1993). Here. the same data

Granule friability (%)

¥ B (a) Experimental value
a0k Cl(b) ANN
30
20 -
10 -
0

Experimental point
Fig. 4. Granule friability (“¢): (a) experimental, (b) artiticial
neural network estimated (ANN) and (¢) regression model
estimated (REG).
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were used for training neural networks. In gen-
eral, ANN analysis is not limited to a specific
number of experiments which is often the case in
statistical approaches. Some other type of experi-
mental design may be more effective for neural
computing, nevertheless, it was possible with these
training data to create neural models which were
more accurate than the regression models. Based
on the above, it is possible to claim that artificial
neural networks are promising methods for mod-
clling pharmaceutical fluidized bed granulation
processcs.

The quality of the training data plays a very
important role in modelling applications by neu-
ral computing (Stein, 1993a,b). Collection and
reprocessing of the training data should be stud-
ied morc closely in the future. At present, a large
amount of data can readily be collected from
instrumented industrial processes. By using such
data as the training data of a neural network, it is
in theory possible to model more accurately com-
plicated non-linear pharmaceutical processes.
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