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Abstract

The aim of the current study was to evaluate the potential of the dynamic lipolysis model to simulate the absorption of a poorly
soluble model drug compound, probucol, from three lipid-based formulations and to predict the in vitro–in vivo correlation (IVIVC)
using neuro-fuzzy networks. An oil solution and two self-micro and nano-emulsifying drug delivery systems were tested in the lipolysis
model. The release of probucol to the aqueous (micellar) phase was monitored during the progress of lipolysis. These release profiles
compared with plasma profiles obtained in a previous bioavailability study conducted in mini-pigs at the same conditions. The release
rate and extent of release from the oil formulation were found to be significantly lower than from SMEDDS and SNEDDS. The rank
order of probucol released (SMEDDS � SNEDDS > oil formulation) was similar to the rank order of bioavailability from the in vivo
study. The employed neuro-fuzzy model (AFM-IVIVC) achieved significantly high prediction ability for different data formations
(correlation greater than 0.91 and prediction error close to zero), without employing complex configurations. These preliminary results
suggest that the dynamic lipolysis model combined with the AFM-IVIVC can be a useful tool in the prediction of the in vivo behavior of
lipid-based formulations.
� 2008 Elsevier B.V. All rights reserved.
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1. Introduction

In recent years, much attention has turned to lipid-based
formulations with the aim of improving the oral bioavail-
ability of poorly water soluble drugs. Lipid-based formula-
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tions encompass a diverse group of formulations, very
different in physical appearance, ranging from a simple tri-
glyceride vehicle to more sophisticated formulations such
as self-emulsifying drug delivery systems [1,2].

Most lipid-based formulations are designed to deliver
the entire dose in solution thereby bypassing the dissolu-
tion process in the gastro-intestinal (GI) tract, which has
been recognized as one of the main prerequisite for the effi-
ciency of these formulations [3]. However, the GI tract is a
complex organ where the environment (e.g. liquid volume,
pH, ionic strength and concentration of bile salt) varies
depending on dietary state. In addition, lipid-based formu-
lations containing hydrolyzable lipids like triglycerides are

mailto:df@dfuni.dk
mailto:leontios@auth.gr


888 D.G. Fatouros et al. / European Journal of Pharmaceutics and Biopharmaceutics 69 (2008) 887–898
prone to lipolysis by gastric and pancreatic lipase in the GI
tract.

The use of an in vitro lipolysis model has been proposed
as an approach to probe solubilization in the aqueous
phase during the progress of enzymatic degradation of
lipid-based formulations [4–9]. However, none of these
studies directly compared lipid formulations with the same
composition, relating the absorption of a drug from a lipid-
based formulation to the solubilization of drug in the
micellar phase during lipolysis.

In the present study we have attempted to relate the
in vivo performance of three different lipid-based formula-
tions using the in vitro solubilization data obtained from a
lipid digestion model.

Additionally a mathematical model was used to corre-
late the in vitro and in vivo data. Modelling of in
vitro–in vivo correlation (IVIVC) has been reported in
the literature [10–13] as an effort to successfully predict
in vivo drug concentration–time profiles using the in vitro
dissolution data. The degree of the assumed correlation
between in vivo absorption and in vitro dissolution proper-
ties of drug product reflects the existence or not of a point-
to-point relationship between in vitro dissolution and
in vivo input rate [14,15]. Efficient performance of an
IVIVC model can contribute to the optimization of the
drug formulation during clinical phases I and II, achieving
the target concentrations of drug in plasma. Furthermore,
it can support changes made to production procedures
(clinical phase III), such as variations or scale-up and dur-
ing the post approval period [16].

Many of the IVIVC models adopt a linear approach,
i.e., they relate a parameter of a time point descriptive of
the dissolution to a parameter or a time point descriptive
of the pharmacokinetic absorption [10–12]. However, these
IVIVC models are unable to account for any nonlinear
relationship between the in vitro dissolution data and the
in vivo pharmacokinetics and the intrinsic variability of
the parameters involved in the IVIVC modelling procedure
[17–19]. Newer IVIVC modelling tools involve artificial
intelligence, i.e., models using artificial neural networks
(ANNs). The latter have the ability to incorporate a large
number of possible variables and relationships without a
predefined model structure [20–22]. This characteristic
has fostered the use of ANNs in pharmacokinetics and
pharmacodynamics [23–26] and in product development
[27]. A thorough exploration of the efficiency of the
ANN-IVIVC modelling has been presented by Dowell
et al. [28], who developed a methodological approach to
ANN-IVIVC modelling and examined its feasibility based
on different ANNs configurations and data formats. Fur-
thermore, stochastic IVIVC modelling based on Bayesian
approach [29] has been recently proposed [30]. In that
IVIVC model, compartment models and related prior
information are used, whereas the results are interpreted
as probability distributions of the parameters; hence, pre-
dictions of plasma concentration profiles with probability
distributions based on in vitro dissolution data are feasible.
In this work, an extension to the ANN-based optimiza-
tion technique is introduced based on Neuro-Fuzzy Model-
ling (NFM). The concept of NFM has emerged in recent
years as researchers have tried to combine the transparent,
linguistic representation of a nonlinear system with the
learning ability of ANNs. The adopted neuro-fuzzy model
consists of an Adaptive neuro-Fuzzy Modeller (AFM)
[31,32] which combines ANNs with fuzzy logic (FL) [33]
to model nonlinear complex problems, such as IVIVC
modelling. Fuzzy logic is a powerful tool, which has been
successfully used in many signal processing fields, like sys-
tem modelling and control, pattern recognition, detection,
de-noising, prediction [34,35]. Unlike the Boolean logic, FL
allows the input and output values to a fuzzy inference
model to belong to multiple sets with different degrees of
membership in each set defined by a particular membership
function [33]. This facilitates the idea that a nonlinear sys-
tem can be approximated by softly merging locally linear
systems avoiding discontinuities if the system state moves
from one local model to another [36]. This fuzzy transition
is achieved using the membership functions to calculate the
validity of the different local models for a certain state [37].
The resulting structure of the fuzzy system has the appear-
ance of a network; hence, the learning methods of an ANN
can be easily applied to form a neuro-fuzzy model with
favourable characteristics.

To our knowledge, the AFM approach has not been
previously used in the context of IVIVC modelling; hence,
the aim of the proposed study is to examine the predictive
potential of the AFM-IVIVC approach, based on different
data formats and using a relative small set of IVIVC data
for training and prediction.

2. Materials and methods

2.1. Materials

Pancreatin (porcine), bile extract (porcine) and sesame
oil were purchased from Sigma–Aldrich, USA. 4-Bromo-
benzeneboronic acid (BBBA) was purchased from Lancas-
ter, Germany. Cremophor RH 40 was purchased from
BASF, Germany and Maisine 35-1 from Gattefossé,
France, respectively. Phosphatidylcholine (Lipoid E PC,
purity >98%) was kindly donated from Lipoid GMBH,
Germany. The water used was obtained from a Milli-Q-
water purification system, Millipore, MA, USA. All other
chemicals were of analytical grade.

2.2. Preparation of lipid formulations

The lipid-based formulations tested were: an oil solution
and two self-emulsifying drug delivery systems which were
prepared as described previously [38] according to the fol-
lowing composition: SNEDDS [Sesame oil: Maisine 35-1:
Cremophor RH 40: Ethanol, 30: 30: 30: 10], SMEDDS
[Sesame oil: Maisine 35-1: Cremophor RH 40: Ethanol,
26.7: 26.7: 26.7: 20] and Oil [Sesame oil: Maisine 35-1:
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Ethanol, 45: 45: 10] expressed in w/w. The particle size for
the SNEDDS formulation was 45.0 ± 3.4 nm and for the
SMEDDS formulation was 4.58 ± 0.84 lm, respectively.

2.3. Lipolysis medium

In the current study a concentration of 20 mM of bile
salts and 4 mM of Phosphatidylcholine (Lipoid E PC,
purity >98%) was used. This simulates the fed state condi-
tions in the GI tract [39]. The composition of the digestion
buffer was 150 mM NaCl, 2 mM Trizma-maleate, pH 6.5
and the final volume 300 mL. The Trizma-maleate concen-
tration was chosen to be low (2 mM) to secure that ionized
fatty acids are able to change pH in order to trigger the
addition of NaOH in the pH-Stat [4]. We chose pH 6.5
as a compromise between the optimum for the pancreas
lipase, which is between 6 and 10 [40] and the measured
duodenal pH in the fed state, which is around 5.0–5.5 [41].

2.4. Preparation of lipase suspension

The lipase suspension was prepared in accordance with
the method described previously [5] to give an activity of
800 USP units/ml. Briefly 16.6 g of pancreatin was
weighted accurately, suspended in 110 mL of Millipore
water at 37 �C and mixed thoroughly. The suspension
was centrifuged for 7 min at 4000 rpm at 37 �C and the
pH of the supernatant was adjusted to 6.5 using 1.00 M
NaOH. The pH-adjusted supernatant (100 mL) was used
for the study. In order to minimize denaturation, the time
spent on preparing the suspension did not exceed 15 min.
The lipase activity of pancreatin was determined in accor-
dance with United States Pharmacopeia 26, 2003 [42].

2.5. In vitro digestion study

The experimental set-up of the in vitro lipolysis model
has been described previously [5]. Briefly it consists of a
thermostated double wall reaction vessel, the pH-stat with
the auto burette for the addition of NaOH, a peristaltic
pump for the addition of CaCl2 and the computer with
the software for the titration experiments. The temperature
is monitored during the experiment with a thermocouple.
The experiment is performed under continuous agitation
at 37 �C. A pH-stat titrate control the volume of NaOH
to maintain the initial pH. The number of OH� ions pres-
ent in the volume of the titrant can be equated with the
fatty acid liberation caused by lipolysis.

The bile salt, phospatidylcholine and buffer of the lipol-
ysis medium were mixed in a thermostatically controlled
vessel (37 �C). Three grams of the each formulation was
added to the obtained 300 mL of the bile salt medium, giv-
ing a final concentration of 1% w/v. The pH of the
obtained medium was adjusted to 6.5 with 1.0 M NaOH.
The lipolysis process was initiated by adding the 100 ml
lipase suspension. In the dynamic lipolysis model the con-
tinuous addition of calcium chloride solution serves to con-
trol accumulation of FA on the surface of the emulsions
particles by forming insoluble calcium FA soaps, which
precipitate thus removing FA from the system [43]. There-
fore a continuous addition of a 0.5 M Ca2+ solution was
started at time zero with a dispensing rate of 0.045 mM/
min. Throughout the study pH was kept constant at 6.5
by means of a pH-stat (Titrino 718 with burette from
Methrohm, Switzerland). The software used was Tinet,
version 2.3 also from Methrohm.

At 0, 15, 30, 45 and 60 min, 20-ml samples were with-
drawn and the lipase was inhibited immediately with a 4-
bromobenzeneboronic acid (BBBA) Lancaster, Germany
solution as described previously [5]. The time zero sample
was taken just after adjustment of the pH in the medium.
The samples were centrifuged at 40,000 rpm for 135 min
[5] and probucol concentration in the aqueous phase was
determined by HPLC [44].
2.6. In vivo studies

The bioavailability study was conducted as crossover
study in male Göttingen mini-pigs fed a high fat meal
30 min prior to treatment [44]. The meal consisted of stan-
dard mini-pig diet enriched with 20 w/w% olive oil to
obtain a high fat meal (50% energy from fat).
2.7. Statistics

The solubilization of probucol from SNEDDS,
SMEDDS and oil formulations was compared with one-
way analysis of variance for each time point and in cases
of significance (p < 0.05) differences between formulations
were allocated by multiple comparison with an un-paired
t-test (Student–Newman–Keuls method) using SigmaStat
version 3.1 (Systat Software Inc., USA).
2.8. Implementation of the AFM-IVIVC scheme

The selection of different formatting of the input–output
association defines the structural characteristics of the
AFM-IVIVC scheme, as it varies the number of its inputs
and outputs, accordingly. Moreover, different types of pat-
tern files are constructed from the available experimental
data to accommodate for each association characteristics.

The data set reported in this study included solubiliza-
tion values from three extended-release formulations
(OIL, SMEEDS and SNEDDS) with five solubility time
points, i.e., 0, 0.25, 0.5, 0.75 and 1 h, each, at which three
batches were tested per formulation. Each formulation
was administered to six pigs in a crossover trial. The drug
plasma concentrations were sampled at 12 time points, i.e.,
0, 0.75, 1.5, 2.25, 3, 4, 5, 6, 8, 12, 24 and 48 h, following
oral formulation administration. The data set from the first
two formulations, i.e., OIL and SNEDDS, was used in the
training procedure of the AFM-IVIVC, whereas the third
one (SMEDDS) was kept as a validation set; hence, success
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Fig. 1. Schematic representation of the configuration of the AFM for two
inputs and one output. The premise and the consequent parts refer to
input variables along with their associations and the formation of the
output variable, respectively. For explanations of the symbols and unit-
types the reader should refer to the Appendix.
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of the AFM-IVIVC was based on the prediction of the
validation profile.

Similarly to the procedure introduced by Dowell et al.
[28], different types of pattern files constructed from the
same data were selected for evaluation. These pattern files,
namely ASSOCIATION-1 through ASSOCIATION-4,
included different formatting of the input–output associa-
tion [28], and a diagram of their structure is presented in
Fig. 2. In the latter, the structure of the input–output rela-
tionship is depicted, as well as the data format across asso-
Fig. 2. Diagrams of the input–output associations used in pattern files A
(in vivo); DISS, % dissolved (in vitro); i, pig number; j, tablet number; tPK, p
ciations to create a pattern file is shown via subscripts.
Moreover, a summary of the constructed pattern files is
presented in Table 1.

ASSOCIATION-1 refers to a functional relationship of
the data employing an input–output association that uses
all of the pharmacokinetic concentration values from a
pig as an output set associated with an input set that
consists of the solubilization profile from an individual for-
mulation. The resulting pattern file contains each pharma-
cokinetic observation set associated with each of the three
solubilization profiles. In our case, this association involves
5 inputs and 12 outputs, hence, it contradicts the output
configuration of the AFM, i.e., the number of outputs
should not be greater than four [32]. To overcome this con-
tradiction we split it to three subnets with 5 inputs and 4
outputs each, creating 3 training data sets for each output
set (5-1:4, 5-5:8, 5-9:12), so the estimation of the pharmaco-
kinetic observations at various time points should employ
the relevant subnet (Fig. 2(a)).

ASSOCIATION-2 is similar to ASSOCIATION-1,
including the complete kinetic set of solubilization values
for each tested formulation, but in this case each is associ-
ated with a single respective pharmacokinetic output, with
the input–output association lines of the pattern file forming
a pharmacokinetic time sequence. Moreover, the pharmaco-
kinetic time point is also included as an input (Fig. 2(b)).

ASSOCIATION-3 refers to an input–output association
consisted of each in vitro value as an input associated with
each in vivo output, excluding pharmacokinetic observa-
tions with no direct association with solubilization obser-
vations. The time of observation is also added as an
input (Fig. 2(c)).

ASSOCIATION-4 is a sequential time series and
includes previous solubilization values as inputs. The out-
SSOCIATION-1–ASSOCIATION-4. PK, Pharmacokinetic observations
harmacokinetic time point; tDISS, dissolution time point.



Table 1
Pattern files constructed from different input–output association types based on [28]a

Association # Associated input(s) Associated output(s) Pattern structure #Associations/
formulation

1 Subnet 1 DISSj(tDISS1:tDISS5) PKi(tPK1:tPK4) Pig1–6(DISS1–3) 18
Subnet 2 PKi(tPK5:tPK8)
Subnet 3 PKi(tPK9:tPK12)

2 DISSj(tDISS1:tDISS5), tPK PKi(tPK) PKi(tPK) Pig1–6[DISS1–3(tPK1–12)] 216

3 DISSj(tDISS),:tDISS |PK only those outputs
where tPK = tDISS

Pig1–6[DISS1–3(tDISS|PK1–5)] 90

4 tPK, DISSj(tDISS1:tDISS5)
(if tDISS 6 tPK)

PKi(tPK) Pig1–6[DISS1–3(tPK1–12)] 216

a PK: pharmacokinetic observations (in vivo); DISS: % dissolved (in vitro); i: pig number; j: tablet number; tPK: pharmacokinetic time point; tDISS:
dissolution time point.
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put consists of the pharmacokinetic concentration value,
whereas the inputs are the pharmacokinetic time point
and all the dissolution values that precede that point in
time. Dissolution values occurring after that pharmacoki-
netic time point are set to zero in the pattern file and are
interpreted as null inputs by the model (Fig. 2(d)).

The input/output pairs of the aforementioned associa-
tions were all presented to the system during AFM-IVIVC
training. Learning is implemented in epochs in order to
define the values of the premise and consequent parameters
by minimizing the Mean-Quadratic-Error (MQE) [32].
Each epoch foresees two passes: a forward pass of the sig-
nal, where the premise parameters are kept fixed and the
consequent parameters are calculated by the least squares
method, and a backward pass, where the consequent
parameters are kept fixed and the premise parameters are
updated by the gradient descent method [32].

In all realizations of the AFM-IVIVC according to the
four associations three membership functions of a Gauss-
ian-bell shape [40], uniformly distributed in their universe
of discourse, and three linguistic variables, i.e., ‘low’, ‘med-
ium’ and ‘high’, were defined as the initial conditions of
AFM-IVIVC, i.e., before the training procedure. The target
MQE for the training procedure was set to 10�4. The data
configuration according to the input–output relationship
of the four associations was performed using Matlab (Ver-
sion 7.1, The Mathworks, Inc., Natick, MA, 2005), whereas
the AFM-IVIVC was implemented using the AFM 2.0 soft-
ware (SGS-Thomson Microelectronics, 1998) [32].
ig. 3. The consumption of NaOH as a function of time for the oil
ormulation (j), the SNEDDS formulation (d), the SMEDDS formula-
ion (.), (mean ± SE, n = 3).
2.9. Performance indices

Similarly to the work of Dowell et al. [28], the perfor-
mance of the ANF-IVIVC was evaluated using the perfor-
mance indices defined below:

Correlation coefficient : R2 ¼
P
ðy � ŷÞ2

P
ðy � �yÞ2

ðiÞ

Mean prediction error : MPE ¼ 1

N

X
ðŷ � yÞ ðiiÞ

Mean absolute error : MAE ¼ 1

N

X
jy � ŷj ðiiiÞ
where y denotes the actual observation, Ŷ is the prediction
of the AFM-IVIVC, �y corresponds to the average observa-
tion and N is the number of observations. In addition, the
statistical significance of the estimation of the correlation
coefficient R2 is measured with the probability of false
hypothesis p, with values of p < 0.05 denoting statistical
significance of the estimated R2 value. Moreover, the ratio
of R2 between the predictions and training pattern files is
also used as an indicator of possible network
memorization.
3. Results and discussion

3.1. Lipolysis rate

The consumption of NaOH during the study, reflecting
the progress of lipolysis, is depicted in Fig. 3. The values
presented have been corrected by subtracting the amount
of NaOH consumed when carrying out experiment without
any formulation present. Initial lipolysis rates (up to 5 min)
are almost identical for all formulations After 60 min sig-
nificantly more NaOH had been consumed during hydroly-
sis of the oil formulation compared to the SMEDDS and
SNEDDS formulations. In absolute terms 1.85 ± 0.15 g,
F
f
t



Fig. 4. The % of drug released into the aqueous phase as a function of
time using the in vitro dynamic lipolysis model for the oil formulation (j),
the SNEDDS formulation (d), the SMEDDS formulation (.),
(mean ± SE, n = 3).
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0.94 ± 0.14 g and 1.04 ± 0.17 g of the lipid phase was
hydrolyzed after 60 min. However, when calculated as the
percentage of the total amount of hydrolysable ester bonds,
the oil, SMEDDS and SNEDDS formulations were hydro-
lyzed to the same extent of 68.7 ± 5.6%, 58.5 ± 0.9% and
57.8 ± 9.2%, respectively (not significant different).
ig. 5. Plasma concentrations of probucol after administration of
ifferent lipid formulations in fed state for the oil formulation (j), the
NEDDS formulation (d), the SMEDDS formulation (.), (mean ± SE,
= 6). Adopted from Nielsen et al. [44].
3.2. In vitro digestion of lipid formulations

The percentages of probucol released from the oil solu-
tion, SNEDDS and SMEDDS into the aqueous phase ver-
sus time are depicted in Fig. 4. The initial release values
(mean ± SD), before the onset of lipolysis were
27.2 ± 0.3% for the SMEDDS, 16.2 ± 0.4% for the
SNEDDS and 8.2 ± 2.1% for the formulation. The initial
release values reflect a partition of probucol between for-
mulation and the mixed micelles and other intermediate
products present in the aqueous phase.

From 0 to 15 min a steep release of the drug was noticed
for the SMEDDS and SNEDDS formulations. The release
from the SMEDDS and SNEDDS formulations reaching
95.8 ± 0.8% and 71.5 ± 1.5% of the total amount at
15 min, followed by a levelling off for the SNEDDS formu-
lation up to 60 min (significantly different values at 15 and
60 min) and a plateau for the SMEDDS formulation (no
significant difference between 15 and 60 min). There was
no significant difference between 45 and 60 min with regard
to the release of probucol from SMEDDS and SNEDDS
formulations (p > 0.05).

The release profile for the oil formulation increases from
8.2 ± 2.1% at time point 0 to a plateau of 16.7 ± 9.0% at
45 min from where it decreased, but not significantly, to
15.9 ± 7.7% at 60 min (p > 0.05).

Despite the same relative level of hydrolysis, lipolysis of
the oil formulation releases significantly lower amounts of
probucol to the aqueous phase compared to the SNEDDS
and SMEDDS (p < 0.05). This could be attributed to an
up-concentration of probucol in the remaining non-hydro-
lyzed lipid phase [9]. At all sampling times, more non-
hydrolyzed lipid is present for the oil formulation. In addi-
tion, the Cremophor RH 40 in the SEDDS formulations
might partition into the aqueous phase during lipolysis
and aid an increased solubilization of probucol during
lipolysis of the SEDDS formulations.

The release profiles of probucol in the lipolysis model
were compared with data obtained from a bioavailability
study conducted in mini-pigs fed a high fat meal (standard
mini-pig diet enriched with 20 w/w% olive oil to obtain
50% energy from fat) 30 min prior to treatment [44].

3.3. In vivo studies

The mean plasma concentration–time profiles following
oral administration to fed mini-pigs are shown in Fig. 5.
No significant differences were found between the deter-
mined Tmax values from the orally dosed formulations in
the fed mini-pigs. The SNEDDS and SMEDDS formula-
tions had a median Tmax of 8 h, whereas the oil formulation
had a slightly longer median Tmax of 12 h. The SNEDDS
and SMEDDS formulations exhibited the highest Cmax.
The Cmax for the oil solution was significantly lower than
for SMEDDS.

No significant differences were observed between the
determined AUC0–48 h or the relative bioavailability in
the mini-pigs fed a high fat meal. The SMEDDS formula-
tion exhibited the highest relative bioavailability, which
was fixed at 100% for use as a reference. The SNEDDS for-
mulations exhibited a relative bioavailability equivalent to
that of SMEDDS (97%), whereas the relative bioavailabil-
ity of the oil solution was 61%.

The in vivo findings show that the SNEDDS and
SMEDDS formulations exhibit the same Tmax, but Cmax

and relative bioavailability are slightly higher for the
SMEDDS. These findings are in accordance with the pro-
files obtained from the in vitro lipolysis model.

The in vitro release profile for the oil formulation reach
a plateau later (after 30 min), and at a lower level than the
F
d
S
n
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release profiles for the SNEDDS and SMEDDS formula-
tions. This is in accordance with the in vivo findings show-
ing that the oil formulation exhibit slightly longer Tmax,
lower Cmax and relative bioavailability compared to the
SNEDDS and SMEDDS.

Using the area under the curve for the release profiles in
ranking the lipid-based formulations results in the follow-
ing order: SMEDDS � SNEDDS > oil in vitro. The same
trend was observed in vivo as well.

Although there was no significant difference between the
different formulations tested in vivo, there was a trend
towards higher absorption values for SNEDDS and
SMEDDS. This is also the case for the in vitro studies
emphasizing that important information may be gained
from the in vitro dynamic lipolysis model.
3.4. Mathematical modelling

Each configuration of the AFM-IVIVC based on the
four associations was trained as described in the method-
ology and inputs from the training and validation pattern
files were applied to the trained networks resulting in pre-
dicted output values; these were then compared to the
actual observations. Shown in Table 2 are the results of
the performance indices (see (10)–(12)), for both the
training and validation pattern files for each configura-
tion of the AFM-IVIVC scheme. These results are mea-
sured by the precision and bias of the predicted outputs
from the training and validation data. Clearly, Table 2
reflects a success of each AFM-IVIVC configuration
when applied to this particular set of IVIVC data. In
fact, the AFM-IVIVC attempted to account for the
determination of a mean concentration curve based on
the information contained in the solubilization kinetics
and for the variability in the pharmacokinetics due to
the variability in the solubilization kinetics. Nevertheless,
as it is noted in Table 2, ASSOCIATION-3 did not pro-
vide statistically reliable correlation results, as the
structure of this configuration combined with the experi-
mental set-up resulted in a very limited number of valid
cases (two only). In all other cases, the estimated correla-
tion was statistically significant (p << 0.001) exhibiting
R2

T and R2
V values greater than 0.94 and 0.91 for the train-

ing and validation set, respectively, resulting in a R2
V =R2

T

ratio greater than 0.96. Moreover, in all cases, the
Table 2
Performance of the AFM-IVIVC scheme for each realization based on the co

Association # Training set

R2
T ðpÞ MPE MAE

1 0.998 (<<0.001) �0.001 0.201
2 0.973 (<<0.001) �0.005 0.224
3 NS 0.021 0.042
4 0.945 (<<0.001) 0.010 0.240

a NS, not statistically significant estimation due to very limited number of
correlation coefficient (see (10)) for the validation set; MPE, mean prediction e
hypothesis.
MPE and MAE were found close to zero for both train-
ing and validation sets.

Figs. 6–9 depict the comparison between the actual
pharmacokinetic observations and the predicted ones by
the AFM-IVIVC for each configuration based on ASSO-
CIATION-1 through ASSOCIATION-4, respectively. In
all these figures, the (a) part corresponds to the case of
the analysis of the training data set, whereas the (b) part
corresponds to the case of the analysis of the validation
data set.

Looking at Fig. 6, it is clear that both in Fig. 6(a) and
(b), the predicted output of the AFM-IVIVC follows the
mean concentration curve of PK (shown as a solid line),
exhibiting high correlation ðR2

T ;V > 0:99Þ. These results
show that in the case of ASSOCIATION-1, where the
data are formatted as a functional relationship, the
AFM-IVIVC successfully determines the shape of the
mean PK, despite the noticeable variability in PK observa-
tions. Moreover, as it is deduced from Fig. 6(a) and (b),
the subnets involved in this configuration perform equally
well, providing reliable predicted output for each region of
pharmacokinetic time points (denoted as triangles with
three different orientations), as justified by the correspond-
ing small values of MPE and MAE (see Table 2).

In Fig. 7, which corresponds to the case of ASSOCIA-
TION-2, a performance similar to Fig. 6 is noticed, as, in
general, the predicted output is distributed around the
curve of the mean of the observed PK values (denoted as
solid line). However, there is a difference in the concentra-
tion of the predicted values around the mean PK between
the training (Fig. 7(a)) and validation (Fig. 7(b)) data sets.
Clearly in the case of the training data set (Fig. 7(a)), the
predicted values are less dispersed, following the shape of
the mean PK curve, whereas in the case of the validation
data set (Fig. 8(b)), the predicted values are more dis-
persed, yet successfully defining the shape of the mean
PK curve. This is also reflected in the difference seen in
the corresponding correlation values (see Table 1), i.e.,
R2

T ¼ 0:973 and R2
V ¼ 0:941, and in the small increase of

MPE and MAE of the validation data set compared to
the ones of the training data set (see Table 2). Nevertheless,
the general performance of the AFM-IVIVC under the
configuration of ASSOCIATION-2 is still high, accounting
both for the determination of the mean concentration
curve and the variability of PK values.
rresponding association (see Fig. 2)a

Validation set R2
V =R2

T

R2
V ðpÞ MPE MAE

0.994 (<<0.001) 0.020 0.251 0.996
0.941 (<<0.001) 0.007 0.305 0.967
NS 0.047 0.056 NS
0.914 (<<0.001) 0.177 0.329 0.967

valid cases; R2
T , correlation coefficient (see (10)) for the training set; R2

V ,
rror (see (11)); MAE, mean absolute error (see (12)); p, probability of false



Fig. 6. Prediction performance of the AFM-IVIVC for the case of pattern files of ASSOCIATION-1. (a) Actual pharmacokinetic observations (white
squares) from the training data set compared with AFM-IVIVC pharmacokinetic predictions (black triangles) using in vitro inputs from the training data
set. (b) Actual pharmacokinetic observations (squares) from the validation data set compared with AFM-IVIVC pharmacokinetic predictions (black
triangles) using in vitro inputs from the validation data set. Downwards, upwards and rightwards triangles correspond to the output from subnets 1–3 of
the AFM-IVIVC ASSOCIATION-1, respectively (see Fig. 3).

Fig. 7. Prediction performance of the AFM-IVIVC for the case of pattern files of ASSOCIATION-2. (a) Actual pharmacokinetic observations (white
squares) from the training data set compared with AFM-IVIVC pharmacokinetic predictions (black triangles) using in vitro inputs from the training data
set. (b) Actual pharmacokinetic observations (squares) from the validation data set compared with AFM-IVIVC pharmacokinetic predictions (black
triangles) using in vitro inputs from the validation data set.
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As it is already mentioned, the configuration of ASSO-
CIATION-3 combined with the experimental set-up
resulted in limited valid cases for the AFM-IVIVC. Fig. 8
illustrates the predicted output for this configuration corre-
sponding to two pharmacokinetic time points, i.e., 0 and
0.75 h. Both in the case of training (Fig. 8(a)) and valida-
tion (Fig. 8(b)) data sets, the predicted values account for
the variability of the observed PK values, resulting in small
values of MPE and MAE (see Table 2).

The performance of AFM-IVIVC for the configuration of
ASSOCIATION-4 is illustrated in Fig. 9. In this case, data
are formatted as a memorative pattern file and this pattern
file provides the advantage of being a generalized format
with a single output, which also allows the AFM-IVIVC to



Fig. 8. Prediction performance of the AFM-IVIVC for the case of pattern files of ASSOCIATION-3. (a) Actual pharmacokinetic observations (white
squares) from the training data set compared with AFM-IVIVC pharmacokinetic predictions (black triangles) using in vitro inputs from the training data
set. (b) Actual pharmacokinetic observations (squares) from the validation data set compared with AFM-IVIVC pharmacokinetic predictions (black
triangles) using in vitro inputs from the validation data set.

Fig. 9. Prediction performance of the AFM-IVIVC for the case of pattern files of ASSOCIATION-4. (a) Actual pharmacokinetic observations (white
squares) from the training data set compared with AFM-IVIVC pharmacokinetic predictions (black triangles) using in vitro inputs from the training data
set. (b) Actual pharmacokinetic observations (squares) from the validation data set compared with AFM-IVIVC pharmacokinetic predictions (black
triangles) using in vitro inputs from the validation data set.
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incorporate relationships from the previous inputs. How-
ever, this pattern file seems unable to use information from
dissolution values with a time of dissolution greater than
the corresponding time of the PK observation [ref. ANNs].
Similar to the ASSOCIATION-1 and ASSOCIATION-2,
the predicted values of the AFM-IVIVC of ASSOCIA-
TION-4 shape quite well the curve of the mean PK,
exhibiting high correlation values for the training
(Fig. 5(a)) and the validation (Fig. 9(b)) data set, i.e.,
R2

T ¼ 0:945 and R2
V ¼ 0:914, respectively, with better perfor-

mance for the case of training than the validation data set
(see also the corresponding values of MPE and MAE of
Table 2). In general, a higher dispersion is seen in the distri-
bution of the predicted data when comparing ASSOCIA-
TION-4 with ASSOCIATION-1 and ASSOCIATION-2,
especially for the predicted values at pharmacokinetic time
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points lying within the time span of 1.5–8 h for the case of the
training set and for those at the pharmacokinetic time points
of 24 and 48 h for the case of the validation set.

4. Conclusions

Our results demonstrate that the in vitro dynamic lipol-
ysis model is a potential tool in evaluating new oral lipid-
based formulations and predicting their in vivo behavior
and lays the framework for future work. Moreover a novel
approach in the prediction of a mean in vivo plasma con-
centration profile using dissolution kinetics using neuro-
fuzzy modelling has been presented in this work. As it
has been demonstrated, the introduced AFM-IVIVC
scheme exhibited efficient predictive performance for differ-
ent data formations of this data set, without employing
complex configurations. The proposed AFM-IVIVC model
has the potential to establish complex relationships and
may also possess the ability to interpolate pharmacokinetic
parameters and profiles given the formulation specification.
Further refinement is possible with the application of the
AFM-IVIVC to other data types and larger scale experi-
ments; however, the flexibility and efficient performance
of the proposed AFM-IVIVC as it has been shown in this
study looks promising and enables the use of in vitro disso-
lution for formulation optimization and as a surrogate for
in vivo bioequivalent formulations.
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Appendix A

A.1. Functional principles of neuro-fuzzy modelling (NFM)

The AFM belongs to the family of NFM. In general,
neuro-fuzzy models belong to the category of empirical
data-based models (EDMs). These models rely on the fact
that the intrinsic features of the observed interactions of a
complex system and their mutual interrelations can be
learned from the data using a great number of simulta-
neously co-operating simple processing units or opera-
tions. This approach allows the extraction of
information (knowledge) from these low-level data into
other forms that might be more abstract [45]. EDMs that
make use of fuzzy inference system (FIS) combined with
adaptive networks provide a neuro-fuzzy network that
consists of nodes and directional links through which
the nodes are connected. Part or all of the nodes are
adaptive; hence, each output of these nodes depends on
the parameters pertaining to this node. The learning rule
specifies how these parameters should be changed to min-
imize a prescribed error measure [46]. In a neuro-fuzzy
network, the synergism of ANNs and FL manages to
model the structure of complex systems by extracting
the necessary knowledge from pairs of crisp input–output
data. In fact, an ANN can approximate a function, but
also it is impossible to interpret the result in terms of nat-
ural language. The fusion of ANNs and FL in NFM pro-
vide learning as well as readability. On the basis of the
FL technology, the model can be linguistically described
by means of input–output parameterized variables and
well-defined set of IF/THEN fuzzy rules (namely rule-
base). A general structure for a fuzzy rule is: ‘‘IF <ante-

cedent> THEN <consequent>”, for example: ‘‘IF speed is

high AND distance is small THEN brake force is high”.
In this example, speed, distance and brake force are fuzzy
variables and high and small are fuzzy sets. Fuzzy sets are
linguistic terms that are expressed in an exact mathemat-
ical way by using the concept of membership function,
which represents the degree of truth of an assertion
(e.g. pressure is high) in a y-axis range [0,1]. Membership
functions can have several shapes, the most common
being Gaussian, trapezoidal, triangular and sigmoidal
and their x-axis range forms the so-called universe of dis-

course [34].
The human-perceived information of the set of fuzzy

rules is all encoded, at the mathematical level, by means
of ‘fuzzy’ representations, which do not pursuit precision.
On the other hand, the ANNs technology, by means of
the precise input–output values, identifies the parameters
involved in the model, by training a generic model to
adaptively approximate the relationship between the
input–output data [47]. Thus, by means of its structure,
a neuro-fuzzy network manages not only to deal with
the uncertainties of complex systems, but it can provide
their model with transparent and interpretable structure.
Furthermore, based upon this modelling, a neuro-fuzzy
network manages to generalize; hence, it produces predic-
tive outputs when presented with new ‘proper’ input. The
theoretical details of the neuro-fuzzy modelling can be
found in [46,47]. Moreover, a simplified introduction
regarding the general issues of FL modelling, fuzzy sets,
membership functions and fuzzy clustering is provided
in [34]. However, relevant features and context that refer
to the adopted means of neuro-fuzzy modelling, i.e.,
AFM [32], are described in the subsection that follows.

A.2. Structure of AFM

AFM is a tool that easily allows obtaining a model of a
system based on FL data structure, starting from the sam-
pling of a process/function expressed in terms of input–
output values pairs (patterns). Its primary capability is
the automatic generation of a database containing the
inferencing rules and the parameters describing the mem-
bership functions. The generated FL knowledge base repre-
sents an optimised approximation of the process/function
provided as input. AFM is expected to reveal the correla-
tion between in vitro inputs (% dissolved) and in vivo out-
puts (pharmacokinetic observations) and generalize, i.e.,
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provide efficient predictions of the output when presented
with new input values. To infer this response values,
AFM is trained to evaluate the relation between in vitro
inputs and in vivo outputs. However, this initially
unknown relation is hidden within the empirical data that
are obtained from experiments. Therefore, AFM training
is an equivalent procedure to learning from empirical data.
This is achieved with the help of the learning capabilities of
ANNs to extract a fuzzy rule base automatically from
input–output data [48]. In fact, the NFMs can automati-
cally identify the fuzzy rules and tune the membership
functions by modifying the connection weights of the net-
works using the back-propagation algorithm [31]. The
AFM used here adopts a six-layer feed-forward network
structure [31] and belongs to the first of the three types
of NFMs introduced by Horikawa et al. [49]; it is charac-
terized by consequents of a constant type and its schematic
structure is depicted in Fig. 1. During training, at each
level, the parameterized nodes perform specific functions
of the incoming signal. Briefly, this type of NFM has spe-
cially designed structures to make the connection weights
of the networks correspond to the parameters of the fuzzy
inference. Through the learning with the back-propagation
algorithm, NFM can identify the fuzzy rules and tune the
membership functions automatically. One problem that
needs to be addressed when using neuro-fuzzy networks
for automatic rule extraction is the exponential dependence
on the number of inputs. For example, when a network is
structured for 8 inputs and 3 fuzzy sets per input, a base of
38 = 6561 rules is generated. This shortcoming can be over-
come by using appropriate clustering algorithms, like ‘the
winner takes all’ [50] that efficiently reduce the number of
rules in a knowledge base.

The functionality of the AFM structure, depicted in
Fig. 1, is explained, from a mathematical viewpoint.

Suppose, for simplicity, that AFM has two inputs, xj,
j = 1,2, one output variable, y and three membership func-
tions m1j (xj), m2j (xj), m3j (xj), for each input variable,
respectively (see Fig. 1). For constant consequence, the
rule-base could be formed as

Ri : IF x1 is mi1ðx1Þ AND x2 is mi2ðx2Þ THEN

y ¼ fi; i ¼ 1; 2; :::; n; ð1Þ
where Ri is the ith fuzzy rule and n is the number of fuzzy
rules. In this example, each rule has two variables in the
antecedent part (input variables) and one variable in the
consequent part (output variable). It should be observed
that in the reported example the output variable fi is a con-
stant (i.e., a crisp value) while in the general case it is a fuz-
zy variable. The circles and squares in Fig. 1 represent the
units of the network, whereas denotations wc, wg, wf, 1 and
�1 between the units are the connection weights; bias units
with outputs of unity are denoted with the symbol 1. The
input–output relationships of the units with symbols of f,
R and P̂ are defined as
I ðnÞj ¼
X

k

wðn;n�1Þ
jk Oðn�1Þ

k ð2Þ

f : OðnÞj ¼
1

1þ expðI ðnÞj Þ
ð3Þ

R : OðnÞj ¼ I ðnÞj ð4Þ
I ðnÞj ¼

Y

k

wðn;n�1Þ
jk Oðn�1Þ

k ð5Þ

P̂ : OðnÞj ¼
I ðnÞjP

kI ðnÞk

; ð6Þ

where I ðnÞj and OðnÞj are the input and the output of the jth
unit in the nth layer, respectively, wðn;n�1Þ

jk is the connection
weight between the kth unit and the (n�1) th layer and the
jth unit in the nth layer. Units without any symbol just de-
liver their inputs to succeeding layers. The AFM is divided
into the premise parts (layer I–layer V) and the conse-
quence parts (layers V and VI) (see Fig. 1). The degrees
of truth of the membership functions in the premises are
computed in layers I–IV; the connection weights wc and
wg determine the central position and the gradient of the
sigmoid function in the units in layer III, respectively.
Appropriate initialization of the weights of the AFM con-
nections allocates the membership functions on the uni-
verse of discourse. The truth values of the fuzzy rules are
obtained by the product of grades of the membership func-
tions in the units in layer V as

Inputs : li ¼
Y

j

mijðxjÞ ð7Þ

Outputs : l̂i ¼
liP
klk

; ð8Þ

where li is the truth value of the ith fuzzy rule and l̂i is the
normalized value of li. In the consequence part (layers V–
VI) the connection weights wfi represent fi in (1). The in-
ferred defuzzified output of the AFM is given as the output
of the unit in layer VI, which is the sum of the products be-
tween l̂i and wfi , i.e.,

~y ¼
Xn

i¼1

l̂iwfi ð9Þ
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