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Abstract

Objectives Over the past few decades, mathematical modelling and simulation of

drug delivery systems has been steadily gained interest as a focus for academic and

industrial attention. Here, simulation of dexamethasone (DEX, a corticosteroid

anti-inflammatory agent) release profile from drug-eluting cochlear implant coat-

ings is reported using artificial neural networks.

Methods The devices were fabricated as monolithic dispersions of the pharma-

ceutically active ingredient in a silicone rubber matrix. A two-phase exponential

model was fitted on the experimentally obtained DEX release profiles. An artificial

neural network (ANN) was trained to determine formulation parameters (i.e.

DEX loading percentage, the devices surface area and their geometry) for a spe-

cific experimentally obtained drug release profile. In a reverse strategy, an ANN

was trained for determining expected drug release profiles for the same set of for-

mulation parameters.

Key findings An algorithm was developed by combining the two previously

developed ANNs in a serial manner, and this was successfully used for simulating

the developed drug-eluting cochlear implant coatings. The models were validated

by a leave-one-out method and performing new experiments.

Conclusions The developed ANN algorithms were capable to bilaterally predict

drug release profile for a known set of formulation parameters or find out the

levels for input formulation parameters to obtain a desired DEX release profile.

Introduction

Controlled release drug delivery concepts have attracted a

good deal of interest during the past half century due to

their great advantages over conventional dosage forms.[1]

Drug delivery concepts and methods are currently being

investigated with the aim of improving therapeutic per-

formance or reducing the side effects associated with appli-

cation of biomedical devices, such as stents or, more

recently, cochlear implants.[2–4]

Despite this long history, efficient development of a

controlled-release drug delivery device still presents the

challenge of providing the desired in-vitro drug release

profile along with a clinically acceptable in-vivo bioavail-

ability.[5] The existence of this challenge can be attributed to

many causes, including inherent complexities associated

with the physico-chemical phenomena governing drug

release from a polymeric carrier,[6] complex non-linear rela-

tionships existing between independent formulation vari-

ables and dependent outputs, such as drug release rate,[7,8]

or possible interactions between the formulation variables

themselves. A great deal of iterative experimental work is

usually required at the formulation development stage to

achieve the desired in-vitro drug release profile and the dose

delivered at each time interval. The finally optimized device

at this stage then must be tested in vivo to check whether it

satisfies the intended clinical application.[9] Since any

changes in a formulation can potentially alter its drug

release profile and consequently its in-vivo performance,

developing methods and tools to facilitate this time- and

resource-consuming product development process is always

desirable.
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Silicone elastomers, mostly based on polydimethylsi-

loxane, are among the few US Food and Drug Administra-

tion (FDA)-approved polymers commonly used for

drug delivery applications (especially for implantable

devices).[10,11] These rubbery materials possess a number of

advantages in the fabrication of biomedical devices, such as

being biocompatible, (relatively) inexpensive, resistant to

many sterilization procedures, flexible, resistant against

most chemicals and finally being biologically inert.[12–14] The

high flexibility of the silicon–oxygen bonds in their back-

bone provides a relatively high diffusion coefficient for non-

polar species, which in turn makes them suitable for

delivery of hydrophobic drug entities.[15] Using silicone

rubber matrices for drug delivery purposes, variables such

as silicone chemistry, device geometry and drug loading can

be modified by a pharmaceutical formulator to obtain a

monolithic device affording the desired release profile.[16,17]

When several factors can be modulated by a formulator

to achieve a specific dose delivered per definite time courses,

adopting a one-factor-at-a-time design of experiments

usually results in a large number of experiments. Experi-

mental design methodologies (e.g. factorial design, response

surface methodology, etc.) have been widely used[18,19] to

allow consideration of all the experimental variables chang-

ing altogether in a limited number of experimental runs.

However, these methods suffer from inadequacy in their

ability to predict the response outputs for new values of

input variables. Artificial neural networks (ANNs) can be

used to obtain an input–output correlation between the for-

mulation variables and a specific response[20] and hence can

be applied to shorten the iterative process of formulation

development.

The relationship between independent and dependent

variables in an ANN model can be generalized without

considering a specific mathematical function in contrast

to the most commonly used statistical models. Distinct

features of an ANN make it highly applicable when a clear

functional dependence between the input variables and

output results is not known; thus, it is used for solving com-

plicated problems encountered in a real-life setting, such as

pattern classification, clustering, function approximation

and optimization.[1,7,8,21,22] Use of ANN algorithms in

pharmacokinetics–pharmacodynamics studies,[20,23] process

development,[24] the search for in vitro–in vivo correla-

tions,[25] and product development[26–28] has been reported

during the recent years.

Recently, a mechanistically realistic mathematical model

was proposed by Siepmann et al., to describe dexametha-

sone delivery profile from silicone-based cochlear implant

electrodes. The presented model was based on Fick’s second

law of diffusion allowing for in-silico simulations of the

impact of the key formulation variables (i.e. geometry, size

and composition of the devices) on the resulting drug

release kinetics.[29] However, we describe here for the first

time how formulation variables and drug release profile can

be correlated to each other using ANNs for silicone rubber-

based cochlear implant coatings. Formulation variables

studied here consisted of the device’s geometry (truncated

cone or cylindrical), drug releasing surface area and drug

loading percentage. Drug release data were used to build an

ANN algorithm to predict drug release profile based on the

formulation variables. The reverse strategy was also exam-

ined to predict the initial formulation variables based on a

desired but hypothetical drug release profile. The validity of

the models was checked out experimentally.

Materials and Methods

Materials

Two parts (part A : part B = 10 : 1) pourable medical grade

silicone rubber (MED-4244) was provided by NuSil

(Carpinteria, CA, USA). Pharmaceutical-grade (USP XXV)

micronized dexamethasone (DEX; as base) was purchased

from Aventis (Romainville, France). Isopropyl alcohol,

toluene, sodium acetate (Merck, Darmstadt, Germany) and

acetonitrile (ROMIL Ltd, Cambridge, UK) were used as

received. Sodium chloride 0.9% was supplied from

Daroupakhsh Co. (Tehran, Iran). All of the used solvents

and reagents were of analytical or reagent grade and pur-

chased from Merck.

Device fabrication

To provide completely uniform blends, DEX (0.25, 0.35, 0.5,

1 and 2% weight of drug/weight of the final cured sample)

was thoroughly mixed with part A of the silicone rubber

using a high-speed dual centrifugal mixer (SpeedMixer,

DAC150: FVZ-K, Hauschild, Germany). This compound

was either used when fresh or was kept refrigerated at

-10°C until use when part B was added. Before injecting

into a mold, compounds were mixed again and degassed to

prevent bubble formation in the fabricated devices. Samples

were cured at 120°C for 20 min then post-cured at 90°C for

5 h to establish the final physical properties. Cleaning pro-

cedure was performed on the samples before any further

experiment by thorough brushing with isopropyl alcohol.

DEX-loaded devices were cut from the tip and stem of the

devices (see Figure 1) as truncated cones (31.5 mm length,

f = 1.3 mm at base, surface area = 54.16 mm2) or cylinders

(f = 1.3 mm, 10 or 20 mm length, and surface areas of 43.5

and 84.3 mm2, respectively). The characteristics of the

samples studied in this research are shown in Table 1.

Batch reproducibility analysis was performed on the

three consecutive batches to assure the formulation and

processing consistency by mixing the batches in one

day and preparing the devices on consecutive days. The
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fabrication process was validated in terms of surface hard-

ness (36 � 2 in shore A) and tensile strength (8.4 �

0.3 MPa). Other qualification tests, such as content

uniformity and blend homogeneity analysis, were also

performed on the formulated devices. The details are

outside the scope of this report and are partly reported

elsewhere.[3]

Dexamethasone release experiments

Release experiments were performed under non-sink condi-

tions. Samples (n = 4) of different drug loadings (0.25, 0.35,

0.5, 1 and 2%w/w), geometries and surface areas were

weighed and placed separately in stoppered test tubes. One

millilitre of sodium chloride 0.9% solution was added to

the test tubes as drug release medium. The tubes were incu-

bated in a water bath maintained at 37°C. Sampling inter-

vals were planned geometrically to provide more data

points during the first two weeks for burst-release determi-

nation and then the intervals were increased. Upon sam-

pling, the release medium was completely withdrawn from

each test tube and replaced with an equal volume of fresh

sodium chloride 0.9% solution. The withdrawn samples

were immediately analysed by a validated high-performance

liquid chromatographic (HPLC) method to determine DEX

concentration. These concentrations were used to calculate

the amount of DEX released at each time point, cumulative

amount and percentage of DEX released considering the

initial amount of DEX loaded in the devices. The results

were plotted against time and reported for four replicates in

three consecutive batches as the mean � standard deviation

to investigate inter- and intra-batch reproducibility of the

results. Release experiments were continued up to more

than 75% release of the content.

DEX release kinetics model

A model, based on the first-order drug release kinetics, was

developed to describe DEX release profile from cochlear

implant coatings as the amount of DEX released vs time:

Q Q e kt= −( )−
max 1 (1)

where Q is the cumulative amount of DEX released at time

t, Qmax is the cumulative amount of DEX released at infinite

time and k is the first-order release rate constant, which can

be expressed as a reciprocal of the t axis time units. Fitness

of data to the developed model was investigated by examin-

ing the squared correlation coefficient (R2) and absolute

deviation percentage (PD) of the predicted F-value (fi,pred)

relative to the observed f (fi,obs) values. The latter was calcu-

lated using the following equation:

PD
N

f f

f
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N
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(2)

Higher R2 and lower PD values indicate the accuracy of a

given model. Regression was considered acceptable when

average R2 values were equal or higher than 0.999 along

with the lowest PD for all cases.

Two distinct stages (i.e. burst release phase and steady

release phase) were observed in DEX release profiles, con-

secutively. The burst and steady DEX release phases can be

described according to the following equations:

Q Q Burst releaseBR = × ( )max % 100 (3)

Q Q Burst releaseSS = × −( )max %100 100 (4)

1 cm 2 cm

133.7 mm
31.5 mm

The Tip

φ = 1.3 mm

Figure 1 Dimensions of the CI devices and placement of the exam-

ined samples.

Table 1 Specifications of the molded samples used as drug-eluting devices

Case no.

Number of

batches tested

Number of samples

per batch

Drug loading

(%w/w)

Surface area of

device (mm2) Geometry

1 3 4 0.25 54.16 Conical

2 3 4 0.35 54.16 Conical

3 3 4 0.5 54.16 Conical

4 3 4 1 54.16 Conical

5 3 4 2 54.16 Conical

6 3 4 0.25 43.5 Cylindrical

7 3 4 0.25 84.3 Cylindrical

8 3 4 0.5 43.5 Cylindrical

9 3 4 0.5 84.3 Cylindrical
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Q Q Q Q e Q eB S BR
k t

SS
k tB S= + = −( ) + −( )− −1 1 (5)

where QBR and QSS are parameters showing mass span

for burst and steady-state amount of DEX released from

the devices. The term ‘%Burst release’ indicates the percent-

age of DEX released in the burst release phase. QB and

QS are the fast and slow release rates and kB and kS are

the burst and steady-state DEX release rate constants,

respectively.

Objectives of simulation

The mean cumulative amount of DEX, released by time, as

determined by drug release experiments was used to

develop an ANN model to predict drug loading percentage

(%w/w), surface area (mm2) and type of geometry (trun-

cated cone or cylinder) of the devices. Moreover, the experi-

mental results of the DEX release profile were used to

establish an intelligent network capable of predicting the

cumulative amount of DEX released over time for a specific

loading, surface area and geometry, and was again validated

by performing new experimental work.

Artificial neural network

The typical structure of the hierarchical ANN used in this

research, composed of one input layer, one or more

hidden layers and one output layer, is shown in Figure 2.

The number of inputs and outputs were defined based on

each specific case. The number of inputs was confined to a

minimum since extra variables can confuse and dilute the

outcome. The number of the hidden nodes was a critical

aspect in the network performance. Too few nodes can

lead to under-fitting and too many nodes can lead to data

pattern memorization.[30] According to Kolmogorov’s

theorem, it is understood that twice the number of input

nodes plus one is sufficient to compute any arbitrary con-

tinuous function.[31] Hence, we started with Kolmogorov’s

number of hidden nodes and reduced the number until a

network with least mean-squared error was attained. Each

layer has some units and the units in the neighbouring

layers are fully interconnected with links. Sigmoidal trans-

fer functions were chosen throughout this research because

of its nonlinear nature, and its well-suited character as a

back-propagation transfer function. An ANN leans on an

approximate, non-linear relationship by a procedure called

‘training’, and weight value variations.

To ensure the optimality of the ANN structure, a cross-

validation technique (i.e. ‘leave-one-out method’) was

applied.[32,33] The data set was divided into a number of

approximately equal-sized divisions, ‘k’, where k was equal

to the number of samples in the training data set. The ANN

model was trained k times. Each time, one division was left

out for validation and the rest of the subdivisions were used

for training and testing. During the training process, the

network was trained using all data series except one, which

was used for ANN validation later on. This process was

repeated to complete the prediction of the response variable

in the data set.

Before training and testing, the input data values were

normalized.[34] Since the values of input data (both in train-

ing and testing data sets) were too scattered and contained

some negative values, they were summed by the lowest

negative value to obtain positive values and then the

logarithm was considered, instead of the quantity itself,

reducing such ranges to smaller ones. Moreover, the ratios

between different values corresponded to differences in

their logarithms.

Statistical analysis

Drug release profiles were drawn and analysed using

GraphPad PRISM (Ver. 5.0; GraphPad Software, Inc., La

Jolla, CA, USA) software. Statistical analysis was performed

using MiniTab software (Release 11.12; Minitab Inc., State

College, PA, USA). Data were reported as mean �standard

deviation at a significance level of P < 0.05. Outliers were

rejected during data processing using the T procedure.[35]

Differences between groups were analysed using one-way

analysis of variance and considered statistically significant

when the P-value was less than 0.05.

Software, executable under MS windows XP, was written

in-house and used to predict formulation variables or

release curves based on the input parameters according to

multi-objective problems in which the ANN was incorpo-

rated. Artificial neural networks routine in MATLAB (ver.

7.5; MathWorks Inc., Natick, MA, USA) was employed as

back propagation algorithm method.[34]

Output layer

Hidden layer

Input layer

xnxix1 x2

ymyjy1 y2

Figure 2 Typical structure of an artificial neural network. xi, input

value of causal factors; n, number of the causal factors; yj, output

value for response; m, number of the responses.
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Results

To investigate DEX release kinetics from cochlear implant

devices, several formulations were prepared differing in

geometry, drug-releasing effective surface area and DEX

loading percentage. Characteristics of the samples prepared

are shown in Table 1.

Determining formulation parameters using

experimentally obtained dexamethasone

release profiles

The cumulative amount of DEX released from cochlear

implant coatings is shown in Figure 3 for samples with dif-

ferent formulation variables shown in Table 1. The data

in Figure 3 shows results for nine different formulations

repeated in three consecutive batches (n = 4 for each batch).

Therefore, 12 samples for each drug loading were examined.

The effect of varying the formulation variables on the

DEX release profile was investigated by training the devel-

oped ANN model using DEX release data obtained from

samples of known formulation. The trained ANN was

capable of predicting formulation parameters for an

unknown, assumptive, DEX release curve. Time (in days)

could not be directly applied as an ANN input parameter

because the input of the network would be too great; many

nodes could lead to data pattern memorization and would

cause an over-fitting problem. To solve this shortcoming,

DEX release profiles were fitted to the two-phase exponen-

tial model (Equation 5) and QBS, QSS, KB and KS coefficients

were determined accordingly for each sample. The coeffi-

cients were fed into the built ANN algorithm as the input.

Drug loading percentages, the device’s surface area and its

geometry were considered as the outputs. Only one sample

from each batch was used as ANN input. Finally, the 36

experimentally fabricated devices were divided into two

sets. The ANN model was trained with the first data set

consisting of 30 experimental drug release profiles, and the

remaining 6 samples were used as the test runs to check if

the model could predict the previously described formula-

tion parameters accurately and precisely.

A cross-validation method was used to evaluate the pre-

diction capability of the network. The Multi Layer Percep-

tron (MLP) was trained by the Levenberg–Marquardt

optimization algorithm with 27 iterations (epochs). A

hyperbolic tangent sigmoid transfer function (tansig) and a

linear transfer function (purelin) were used for nodes in the

hidden and output layers, respectively. The obtained MLP

architecture consisted of four input nodes, one hidden layer

and three output nodes. The network was optimized with

respect to the number of nodes in the hidden layer and the

minimum number of data points necessary to provide a

good predictive performance. The structure of the ANN

was optimized by training networks containing 5, 6, 7, 8 or

9 nodes in the hidden layer; no test data set were used in

this case. The predictive capability of each architecture was

assessed by comparing the deviations mean square and R2

by analysis of variance of the linear regression of the pre-

dicted vs observed property values. The architecture with

the lowest deviations mean square and highest R2 was con-

sidered as the most predictive one. Seven nodes for hidden

layer structure were considered due to the best overall per-

formance. Mean square deviation and R2 for the seven-node

architecture were 2.43 and 0.997, respectively, for drug

loading percentage, and 0.07 and 0.998, respectively, for

surface area parameter. Using the seven-node architecture

for training of all subsequent models allowed a direct com-

parison of the effects of several experimental designs on the

predictive capability of the developed ANN.

To test the ANN performance, the QBS, QSS, KB and KS for

the remaining six data sets were fed into the built ANN and

the predicted formulation parameters were obtained. Pre-

diction errors for the ANN model can be reduced to a

minimum. The most common criterion of convergence is

based on the mean of squared errors. Supervised ANN

measures the difference (error) between the predicted

output values and the actual output ones during the train-

ing process. The mean of squared errors (MSE) and mean

of absolute error (MAE) for the test subsets were calculated

to be 8.86¥10-6 and 56¥10-3, respectively.

The network predictions for the formulation variables

are tabulated in Table 2, which shows RSD (%) values calcu-

lated for precision of predictions for drug loading percent-

age and the device’s surface area parameters.

Network prediction values for parameters and the aver-

aged total errors for the prediction of the release profiles are
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shown in Table 3. The errors have been defined as the sum

of squared differences between the predicted and actual

output values on each output unit.

Dexamethasone release profiles for a given

set of formulation variables

Here, the ANN input data consisted of drug loading per-

centage, the device’s surface area, its geometry and time

(day). The output dependent variable was taken as the

cumulative amount of DEX released at each specific time

point. This output can be used to build a release curve.

Finally, the developed ANN will be able to predict DEX

release profile for an assumptive device based on the inde-

pendent variables of the effective drug-releasing surface

area, its geometry and the corresponding DEX loading in

the devices as shown in Table 4. It should be emphasized

that the described ANN algorithm was only used to predict

the DEX release profile after a successful intrapolation of

the input parameters.

Figure 4 shows the results of the regression error analysis

for experimental vs predicted values using the ANN model

Table 2 Precision of the network predictions for finding formulation variables using known DEX release profiles in different test runs

Case

no.

Batch

no.

Experimental results ANN prediction RSD (%)

Surface area

(mm2)

Drug loading

(%w/w) Geometrya

Surface area

(mm2)

Drug loading

(%w/w) Geometrya

Surface

area

Drug

loading

1 1 0.25 54 0.5 0.243 53.9 0.5 0.13 2.01

1 2 0.25 54 0.5 0.245 54.1 0.5 0.13 1.43

1 3 0.25 54 0.5 0.237 54 0.5 0 3.78

2 1 0.35 54 0.5 0.35 54 0.5 0 0

2 2 0.35 54 0.5 0.33 54 0.5 0 4.16

2 3 0.35 54 0.5 0.35 54 0.5 0 0

3 1 0.5 54 0.5 0.475 54 0.5 0 3.63

3 2 0.5 54 0.5 0.484 54 0.5 0 2.3

3 3 0.5 54 0.5 0.462 54 0.5 0 5.59

4 1 1 54 0.5 1.011 54 0.5 0 0.77

4 2 1 54 0.5 0.998 54 0.5 0 0.14

4 3 1 54 0.5 0.999 54 0.5 0 0.07

5 1 2 54 0.5 2.005 54 0.5 0 0.18

5 2 2 54 0.5 2.009 54 0.5 0 0.32

5 3 2 54 0.5 1.977 54 0.5 0 0.82

6 1 0.25 43.5 1 0.238 43.5 1 0 3.48

6 2 0.25 43.5 1 0.249 43.5 1 0 0.28

6 3 0.25 43.5 1 0.239 43.5 1 0 3.18

7 1 0.25 84.3 1 0.286 84.6 1 0.25 9.5

7 2 0.25 84.3 1 0.261 84.6 1 0.25 3.04

8 1 0.5 43.5 1 0.433 43.3 1 0.33 10.16

8 2 0.5 43.5 1 0.504 43.5 1 0 0.56

8 3 0.5 43.5 1 0.461 43.3 1 0.33 5.74

9 1 0.5 84.3 1 0.514 84.3 1 0 1.95

9 2 0.5 84.3 1 0.476 84.2 1 0.08 3.48

9 3 0.5 84.3 1 0.526 84.3 1 0 3.58

a0.5 and 1 are coded values for conical and cylindrical geometries of the devices, respectively.

Table 3 ANN prediction with leave-one-out method

Case

ANN prediction RSD (%)

Drug loading

(%w/w)

Surface area

(mm2) Geometrya

Surface

area

Drug

loading

1 0.28 52.29 0.5 2.28 8

2 0.35 53.94 0.5 0.08 0

3 0.54 54.41 0.5 0.53 5.44

4 1.41 53.97 0.5 0.04 24.06

7 0.3 82.21 1 1.78 12.86

8 0.44 46.73 1 5.06 9.03

9 0.4 87.33 1 2.5 15.71

a0.5 and 1 are coded values for conical and cylindrical geometries of

the devices, respectively.

Table 4 Acceptable range of the input formulation variables to

predict drug release profiles

Input parameter Min. Max.

Drug loading (%w/w) 0.25 2

Surface area (mm2) 43.5 84.3

Time (day) 1 217

Geometry Conical or Cylindrical

Pedram Nemati et al.ANN for modelling of release profile
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as a proof of the excellent performance of ANN predic-

tions for formulation parameters. All of the calculated

R2 values were higher than 0.995 according to regression

analysis.

Bilateral combinatory model

We compared the two curves (i.e. experimentally obtained

and ANN predicted) with each other for each formulation.

To this end, some curves were selected in their acceptable

range (Table 4) initially; then the respective formulation

variables of drug loading percentage, the device geometry

and surface area were predicted for each case by the first

ANN algorithm as described under ‘Determining formula-

tion parameters using experimentally obtained dexametha-

sone release profiles’. The obtained parameters were fed into

the other ANN (section of DEX release profiles for a given

set of formulation variables), which led to the prediction of

the drug release profile; this was compared with the original

curve used in the first ANN to check out the accuracy,

and precision of the predictions made using the two ANN

algorithms.
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DEX release profiles for cases of 10, 11, 12 and 13 are

shown in Figure 5. The dashed lines in this figure represent

the experimental data, which were used as input data for the

first ANN; the data shown in Table 5 are the output of this

ANN process. Then, the parameters obtained using the first

ANN (as shown in Table 5) were used as input vectors for

the second ANN and drug release profiles were predicted.

Figure 6 shows regression error curves for five cases,

including 10, 11, 12 and 13.

Discussion

When performed in a trial-and-error manner, optimization

of the in-vitro drug release profile from long-acting drug

delivery devices, such as the silicone-based corticosteroid

eluting cochlear implant coatings described here, is a time-

consuming and costly practice due to the huge number of

release media samples generated during experimentation

which are then analysed (e.g. chromatographically).[3] To

achieve a specific target point (i.e. a therapeutically effective

dose delivered per day), formulation variables, like drug
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Figure 5 Comparison between ANN prediction for cumulative amount of DEX released from four formulations (cases no. 10, 11, 12 and 13),

including experimentally obtained curves shown as dashed line.

Table 5 Predicted values for formulation parameters (i.e. drug

loading percentage, device surface area and the geometry) found

using the first ANN for some selected cases in the standard range

according to Figure 5

Case no.

Device surface

area (mm2)

Drug loading

(%w/w) Geometry

10 56.31 0.78 Conical

11 56.13 1.52 Conical

12 43.26 0.38 Cylindrical

13 82.43 0.4 Cylindrical
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loading percentage, excipients (type and content) and the

device geometry, must be varied iteratively in most cases.

After the pioneering work of Higuchi in 1961, various

models, phenomenological or mathematical in nature, were

developed to analyse in-vitro drug release data and describe

the data as a function of input formulation variables

or physics of the events governing drug release (e.g.

diffusion).[36]

Kinetics of dexamethasone release

Drug release mechanisms and their corresponding kinetics

are two important characteristics of a drug delivery device.

A number of phenomenological or mathematical models

have been presented to analyse drug release kinetics and the

underlying mechanism from different types of delivery

devices.[37] There are a number of kinetics models that can

be used to infer the overall drug release mechanism from

different dosage forms. According to the results, a two-

phase exponential model possesses the highest R2 and

lowest PD values, which supports the anomalous nature of

transport phenomena governing the mechanism of DEX

release from the devices, showing the significance of two

parallel phenomena of diffusion and chain relaxation,

which both can be described by exponential equations. The

biphasic pattern of DEX release, including burst and steady-

state phases, can also be considered as another possible

cause for following the biphasic exponential model previ-

ously described. A high amount of DEX, mostly located on

the surface or inner layers near to the device surface, was

released in the burst-release phase. This and the subsequent

steady-state release phase can also be considered as possible

reasons for best fitting of DEX release curves to a biphasic

exponential equation. QBR, QSS, KB and KS are the parameters

extracted from fitting of the experimentally obtained release

data into the two-phase exponential model (Equation 5)

that were fed as the input parameters to the network.

Determining formulation parameters

using experimentally obtained DEX

release profiles

ANN and other logics, like fuzzy logic or genetic algo-

rithms, were mainly developed as control logics for control

engineering applications.[38] Models developed, based on the

ANNs, can be adjusted to predict drug release profile based

on the input formulation variables, derived from a phe-

nomenological or mathematical model, to shorten formula-

tion development process. Here, we show that this works

well for our purpose to predict drug release pattern or for-

mulation parameters for cochlear implant coatings made as

simple monolithic dispersions of DEX in a silicone rubber

matrix.

An ANN is a learning system based on a computational

technology, and can simulate the neurological processing

capability of the human brain.[20,39,40] This technique has

successfully been applied to solve various problems in

pharmaceutical research (e.g. product development,[28]

estimating diffusion coefficients,[41] predicting mechanism

of drug action[42] and predicting pharmacokinetic

parameters).[43–45]

The data from some known samples, as shown in

Figure 3, were used to train the developed ANN model.

Parameters obtained by fitting the two-phase exponential

model in Equation 5 were used in the ANN training. The

test results are presented in Table 2, which shows RSD (%)

values calculated for precision of predictions for drug

loading percentage and the device’s surface area parameters,

which can be regarded as a proof of the network perform-

ance. RSD (%) values were calculated as:

RSD
SD

mean
= ×100 (6)

where, SD (standard deviation) and ‘mean’ values are

obtained from both ANN prediction and experimental

results for each loading, surface area and its geometry

parameters.

Different sources of random errors are inherently incor-

porated in all release experiments, including operator

errors in manual sampling, release medium volumetric

inaccuracies or the analytical method precision and

accuracy. By considering these errors, the obtained RSD

values can be considered very small and acceptable. Con-

sidering all these sources of errors and all simplifying

assumptions made to develop a model like ANN, RSD

values obtained in this research (maximally ª 20%) seem

highly acceptable.

Due to the small number of data sets used, a leave-one-

out cross-validation process was chosen for training of the

network by combining the training and validation sets.

Each time, the network is trained using all except one of the

samples in the data set, and validated with the remaining

sample that was omitted from the data set during the train-

ing process. This allows the training algorithm to use virtu-

ally the entire data set for training. However, this process is

obviously very intensive. Network prediction values for

parameters and the averaged total errors for the prediction

of the release profiles are shown in Table 3.

Building drug release profiles for given

values of formulation parameters

Many different parameters can be named as the influential

factors in formulation of a monolithic drug delivery system.

These parameters may be geometric (e.g. the device

shape) or compositional like the constituent materials and
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excipients, drug loading, crosslinking density etc. However,

surface area, drug loading and its geometry are the most

important parameters according to the well-known models

describing simple monolithic dispersion of drugs in a

crosslinked matrix. Since it was impossible to investigate the

drug release profiles for all formulations varying all differ-

ent parameters, these three most important parameters

were used to build a satisfactory model to predict the

cumulative amount of DEX released for given values of the

parameters. The results are shown in Table 4.

The ANN model was composed of four neurons in the

input layer and a neuron in the output layer. This ANN is of

the MLP type and fully interconnected. Some of the hidden

layer neurons were calculated using Kolomogrov’s theorem

and the network was optimized with respect to the number

of nodes in the hidden layer and the minimum number of

data points that are obligatory to provide a good predictive

performance. The input vectors were drug loading percent-

age, the device surface area, device geometry and the day

number. The target was to find the cumulative amount of

drug released at each time point, which was used to draw

the respective release profiles. So, predictions based on an

ANN algorithm for cumulative amount of DEX released

were used as input data sets (for all of the 34 different time

points) to achieve drug release curves. Using a six-node

architecture for training of all subsequent models allowed

direct comparison of the effects of several experimental

designs on the predictive ability of the ANN. Deviations

mean square and R2 for the seven-node architecture were

1.13 and 0.998, respectively for amount of drug release.

Using leave-one-out cross validation process, the ANN

was trained by eight formulations and one formulation

was left for testing. This method was repeated seven times

for all cases except 5 and 6 (in Table 1), which showed the

highest and lowest cumulative amount of DEX released.

Hence, they were not applied to the network to prevent

extrapolation.

As shown in Figure 4, the results of the regression error

analysis for experimental vs predicted values using the ANN

model confirmed the good performance for ANN predic-

tion of formulation parameters, indicating a satisfactory

training result as a sign of the network’s capability of

providing precise predictions. Therefore, the ANN model

was effective and accurate in modelling of non-linear

input–output relationships in this system and was capable

of predicting DEX release profile based on the device

formulation.

Bilateral combinatory model

Two unilateral ANN designs were modelled and reported

in the previous sections to predict formulation parameters

from a given drug release curve, or to draw a DEX release

profile for a given set of parameters. To prepare a bilateral

combinatory model, some curves were selected (e.g. cases

10, 11, 12 and 13 in Table 5). These release profiles are

shown in Figure 5 and were used as input data for the first

ANN and data shown in Table 5 are the output of this

ANN process. Figure 6 shows predicted regression lines

from the second ANN model vs the experimental ones for

cases 10, 11, 12 and 13 to prove the excellent performance

of the built ANN algorithms in a bilateral way of applica-

tion. All of the regression coefficients were higher than

0.994.

It should be finally emphasized that the developed ANN

is capable of handling different information sets other

than those reported here, considering the two important

conditions – keeping the drug delivery device components

constant, using silicone rubbers, DEX, and so on, and sec-

ondly keeping the device architecture constant as a simple

monolithic dispersion. Information on the release profile

and formulation parameters (in the training set) could be

recorded in the hidden layers, which can be viewed as a

‘black box’. The implementation or ‘inner working’ of the

ANN model could be executed based on specific math-

ematical principles by designing a software. In this way,

the user need only perform data entry for the input

parameters and the outputs would be provided by the

application.

Conclusions

This work has illustrated the potential for an ANN to assist

in simulating drug release profile from DEX-releasing coch-

lear implant coatings. This simulation enables formulators

to shorten the formulation development process and cut the

costs inherent in development of long-acting simple mono-

lithic dispersion drug delivery devices. The method was

employed to build a drug release profile from the device for

a given set of formulation parameters (i.e. drug loading per-

centage in the polymer matrix, surface area of the device

and device geometry). It was also reversibly capable of dis-

covering the same formulation variables for a given release

profile. In addition, with the two designed networks, assum-

ing that there is a direct relationship between drug release

profile and the initial formulation variables, the method can

be used to achieve a tailor-made drug delivery regime.

Hence, neural networks can successfully simulate non-

linear relationships between formulation variables and drug

release patterns. The validity of the model was checked out

experimentally, although it should be kept in mind that the

developed algorithms are only valid when the drug release

mechanism was kept unchanged. Hence, the model cannot

be extrapolated to the higher loading percentages (e.g. more

than 5%w/w) where different mechanisms will govern drug

release from the devices.
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