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Abstract: Quantitative structure–property relationship
(QSPR) modeling was investigated to predict drug and
drug-like compounds solubility in supercritical carbon
dioxide. A dataset of 148 drug\drug-like compounds,
accounting for 3971 experimental data points (EDPs), was
collected and used for modelling the relationship between
selected molecular descriptors and solubility fraction data
achieved by a nonlinear approach (Artificial neural network,
ANN) based on molecular descriptors. Experimental solubil-
ity data for a given drug were published as a function of
temperature and pressure. In the present study, 11
significant PaDEL descriptors (AATS3v, MATS2e, GATS4c,
GATS3v, GATS4e, GATS3 s, nBondsM, AVP-0, SHBd, MLogP,

and MLFER_S), the temperature and the pressure were
statistically proved to be sufficient inputs. The architecture
of the optimized model was found to be {13,10,1}. Several
statistical metrics, including average absolute relative
deviation (AARD=3.7748%), root mean square error
(RMSE=0.5162), coefficient of correlation (r=0.9761), coef-
ficient of determination (R2=0.9528), and robustise (Q2=

0.9528) were used to validate the obtained model. The
model was also subjected to an external test by using 143
EDPs. Sensitivity analysis and domain of application were
examined. The overall results confirmed that the optimized
ANN-QSPR model is suitable for the correlation and
prediction of this property.
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1 Introduction

Supercritical Fluid (SCF) technologies are nowadays well-
known processing techniques in many industrial fields
including chemical, biochemical, food, and pharmaceutical.
SCF techniques are used in extraction, separation, and
crystallisation procedure that are the main steps in active
pharmaceutical ingredients (APIs) synthesis and particle
engineering. Particle design of APIs is very critical in
manufacture solid and liquid dosage forms. They are used
to modify and to control numerous particle properties,
including various sizes, shapes, crystallinity structures, poly-
morphism, processability, and solubilities.[1–5] Among the
advantages of the SCF used are their potential regulating
properties with temperature and pressure. Also, SCF are
known to be non-toxic, non-flammable, and can achieve
high mass and heat transfer rates.[1–6]

Current literature on applications of SCF technology
applications in particle engineering, including crystal and
polymorph modification, complex formation, solid disper-
sion, and other methods, used to improve the solubility of
API, the bioavailability and processing capacity.[7]

Carbon dioxide is considered the most common solvent
for SFT applications in the pharmaceutical industries (98%
of applications).[2,6,7] The most interesting characteristics of
SC� CO2 are their low critical point (31.3 °C, 7.4 MPa), that
are easy to reach and to manipulate in an industrial
device,[2,6,7] their appeal for heat-sensitive materials; it is
inert, leaves no traces after the process, inexpensive, non-
inflammable, GRAS (generally regarded as safe) status, and

easy to recycle.[2–10] Another distinctive property of SC� CO2
is its small linear structure, which increases its
permeability.[11]

The solubilities of solid solutes in a SCF are a complex
phase equilibrium at high pressure. Subsequently, it was
demonstrated for the first time that solubility can be
improved by using an SCF. The SCF community has actively
measured and published solubility data.

A compilation of most of the experimental data
published before 2004 was provided by Gupta and Shim[12]

.A review series[13–18] on high pressure phase equilibria also
present a compilation of experimental investigations on the
solubility of solid solutes in SCF. Two other review papers
on solubility of solids in sub- and SCFs gave a compilation
of published experimental data.[19,20] A distinct advantage of
SCFs is that the solubility of a solute is strongly a function
of temperature and pressure. This advantage leads to a
large demand for data.[21] Measuring the solubility of
pharmaceutical compounds in SC� CO2 at various temper-
atures and pressures became a fundamental necessity to
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assess whether the drug is suitable for treatment by this
technology. In the supercritical conditions, the solute can
create a metastable equilibrium with the solvent.

The addition of co-solvent or crystal grains allows to
increase the solubility. In general, static and dynamic
methods are applied for the solubility measurement of a
solid in the supercritical solvent.[7] A reasonably good
solubility measurement for a single solute in a single SCF
requires at least 15 and possibly up to 40 experimental
conditions (exp. 5–10 pressures at 3 or 4 different
temperatures).[21] However, for low solubilities these meas-
urements are not easy because they are time-consuming
and expensive. This background explained why data on
drugs solubility in SC� CO2 is still not available for most
pharmaceutical compounds.[1,22] Despite this, a large
amount of experimental data on the solubility of solids
(including solid drugs) in SC� CO2 is now available, which
allowed further attempts to develop models analogously to
the measurement of the solubility. The objective behind the
development of these models is to minimize the use of
experiments, to offer the possibility of interpolating
between the points measured experimentally, and to
provide a tool to support process design and analysis. The
ideal target for modelling is purely theoretical predictive
models. However, up to now, these models are far from
being effective. In the absence of predictive models, three
approaches are used. The solubility of a solid solute in SCF
is a phase equilibrium problem. Therefore, the obvious and
straightforward approach of modelling solubility of a solid
solute in a SCF is the use of a thermodynamic approach
based on equations of state (EoS).[23–30] This can be divided
into three main classes: cubic EoS, complex non-cubic EoS
and conductor-like screening model (COSMO) based on
quantum mechanical calculation results to determine the
interaction between molecules in a mixture, which can be
used to predict the solubility of a solid solute in SC� CO2.
The second approach is empirical or semi-empirical
correlations[31–36] and the third is intelligent computer
techniques.[37–42] All these modelling approaches rely on
experimental data.

In addition to large and complicated computational
methods, the cubic equation of state-based models requires
the knowledge of critical and physicochemical properties of
solutes such as critical temperature, pressure, acentric
factor, sublimation pressure, molar volumes and vapor
pressure of the solids unavailable in many cases, especially
for pharmaceutical compounds and biomolecules. Obvi-
ously, the estimation of these properties with one of the
several group-contribution methods leads to add a degree
of uncertainty to the predicted results.[1,2,22] A review of the
use of cubic EoSs in this context has been published by
Yazdizadeh et al..[7,43]

Furthermore, the use of non-cubic complex EoS based
on statistical associating fluids theory (SAFT) has also been
investigated.[44–47] However, compared to cubic EoS, at-

tempts to model the solubility of complex solid molecules
in SC� CO2 using complex non-cubic EoS are very few.

This is due to the lack of sufficient experimental data as
this family of EoS use solute-specific parameters that usually
are fitted to pure fluid such as vapor pressure or liquid
density or few solubilities experimental data.[7] COSMO-
based predictive models cannot be used for high-pressure
phase equilibrium calculations without being coupled with
an EoS. The experimental data required for solutes the
melting temperature and the melting enthalpy of the solid
drug. Both were used effectively to predict solubility of
solids in SC� CO2.

[48–52]

Empirical and semi-empirical models are considered as a
simple alternative to EoS because they are based only on
density of the SCF and none of the solute parameters is
required.[1,2,6] Typically„ the logarithm of solid drug solubility
is assumed to be related to the SCF density for a given
temperature and pressure. Several reviews related to
density-based models for the correlation of solid solutes in
SC� CO2 were published.

[7,53,54] The main conclusion of the
various comparative studies[7,21,53–57] is that there is no model
able to correlate solubility with accepted precision for all
solids. The two key requirements for using the empirical
correlation, as highlighted by Stiver in a recent paper,[21]

are: a high-quality density source for SC� CO2 and a robust,
non-linear regression algorithm fitted to the AARD as
objective function with a special effort to identify the global
rather than a local minimum.

These last years. the application of artificial intelligent
techniques in various fields of chemistry has been devel-
oped significantly. A review of the current trends and future
direction of these applications has been reported recently
by Baum et al..[58] Artificial neural network (ANN), as power-
ful soft computing tool, has been widely applied in various
fields for modelling complex nonlinear problems. Applica-
tions of ANN modeling to correlate solubility of various
solid solutes in SC� CO2 have been reported.

[59–66] In all these
works, the physical properties such as critical temperature
and pressure, acentric factor, normal boiling point, molec-
ular weights of the solid solutes together with the temper-
ature and pressure have been used as inputs to the ANN
model. Another interesting approach still to be applied for
modelling the solubility of drug compounds in SC� CO2 is
the quantitative structure-property relationship (QSPR).

The field of QSAR, QSPR, and QSTR modelling is the
leading robust cheminformatics approach that links Activity
Property and Toxicity to the molecular structure, respec-
tively, to explore and exploit the dependence of chemical,
biological, toxicological, or other types of activities or
properties on their molecular characteristics.[67] QSAR mod-
elling has been traditionally used as an advanced optimiza-
tion technique in drug discovery research. However, in
recent years QSAR modelling has grown, diversified and
evolved from application to small series of homogeneous
compounds using comparatively simple regression meth-
ods to the analysis of very large datasets including
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thousands of diverse molecular structures using a wide
variety of machine learning and statistical techniques.

Additionally, the approach focuses on the field of drug-
like property prediction and chemical hazard
assessment.[67,68]

This paper deals for the first time the development of a
combined ANN-QSPR model for prediction and correlation
of drug and drug-like compounds solubility in supercritical
carbon dioxide. The approach adopted in this work, aims
first to find the molecular descriptors that are most
correlated to solubility. to determine the ANN-QSPR
architecture that best correlates the experimental data and
to validate the model using recommended statistical
metrics. Sensitivity analysis of the inputs was performed to
verify the existence of outliers in the experimental data.

2 Materials and Methods

2.1 Experimental Dataset

A total of 3,971 experimental data points (EDP) of drug (148
drug-like compounds) solubility (mole fraction
0.000000001–0.131) measured in supercritical carbon diox-
ide from 298 K to 373.15 K and from 80 bar up to 500 bars
were collected. The dataset of a previous work performed
by Si-Moussa et al.[53] was updated by increasing the
number of drug compounds from 99 (except for Azadir-
achtin) to 148 (Table 1), accounting from 2905 to 3971
experimental data points and increasing the number of
inputs by taking the two inputs of the previous study (the
temperature and the pressure) and adding the molecule
descriptors (The detailed drug solubility data are tabulated
in the Supporting Information). Then, the output property
was converted to the corresponding pLn property “-Ln(y2)”
to ensure a normality distribution, Figure 1.

Chembioa drawing software was used to determine the
SMILES notation of the 148 drug-like compounds. Their
molecular descriptors (1544) were calculated using an
online computer software program called PaDEL.[69] The
1544 descriptors were reduced to 124 using several variable
reduction methods, starting by removing features with zero
values. Then, the invariant descriptors, namely those with
absent values or those with almost the same values
“descriptor with all values ~ constant”, were manually
removed. Any descriptor that have identical values for 75%
of the samples and all descriptors with a relative standard
deviation <0.05 were removed. Finally, half of the
descriptors showing an absolute value of the Pearson
correlation coefficient >0.95 were also removed.

2.2 Selection of Relevant Descriptors

The genetic algorithm method (GA-MLR) was applied to
reduce more the inputs to the smallest significant combina-

tion able to predict the target property with an acceptable
error. The algorithm took as inputs the training set file (80%
of database) with an inter-correlation of 0.9. The selection
of the appropriate number of descriptors was carried out
over an interval of 5 to 19 features, forming 14 combina-
tions where each combination contained the data of the
temperature, pressure, and from 3 to 17 descriptors. In
order to select the best combination, the 14 models
obtained were statistically examined. The results proved the
over-performance of the model that has a combination of
13 features, best-fit combination. Multi-collinearity between
the descriptors of the selected model was detected by
calculating their variation inflation factors (VIF) using
XLSTAT® (Addinsoft, New York, NY, USA). A model is judged
acceptable if the VIF fell into the range of 1–5, Table 2. All
VIF values of the descriptors were lower than 3.265,
indicating that the obtained model has statistical signifi-
cance, and the descriptors were found to be reasonably
orthogonal. Therefore, the selected descriptors were as
follows: AATS3v, MATS2e, GATS4c, GATS3v, GATS4e,
GATS3 s, nBondsM, AVP-0, SHBd, MLogP, and MLFER_S,
with the addition of T (K) and P (MPa). More details on the

Figure 1. Normality distribution plot of mole fraction of solubility
data.
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Table 1. Drug names and references.

No. Names References

1 4-aminoantipyrine [91]
2 4-Aminosalicylic Acid [92]
3 5-fluorouracil [93]
4 10-undecenoic acid [94]
5 all-trans retinoic acid [95]
6 amiodarone hydrochloride [96]
7 Amlodipine Besylate [97]
8 Anastrozole [98]
9 Aprepitant [99]
10 Aspirin [100]
11 Atorvastatine [101]
12 Atropine [102]
13 Azathioprine [103]
14 Azelaic Acid [104]
15 Benzocaine [105]
16 Bisacodyl [106]
17 Budesonide [107]
18 Caffeine [108]
19 Capecitabine [109]
20 Carbamazepine [102]
21 Cefixime Trihydrate [110]
22 cefuroxime axetil [111]
23 Celecoxib [112]
24 Cetirizine [113]
25 Chloramphenicol [114]
26 Chlormezanone [115]
27 Chlorpheniramine Maleate [116]
28 Chlorpropamide [117]
29 Chrysin [118]
30 Cinildipine [119]
31 Cinnarizine [120]
32 Ciprofloxacin [121]
33 clemastine fumarate [122]
34 Climbazole [123]
35 Clobetasole Propionate [124]
36 Clofenamic acid [125]
37 Clotrimazole [126]
38 Clozapine [127]
39 Codeine [102]
40 Cortisone Acetate [128]
41 Coumarin-7 [129]
42 Cyproheptadine [130]
43 Cyproterone Acetate [131]
44 Dasatinib monohydrate [132]
45 Dexamethasone [133,134]
46 Diazepam [102]
47 Diclofenac Acid [135]
48 Diflunisal [136]
49 Docetaxel [109]
50 Dutasteride [137]
51 Enrofloxacin [121]
52 Esomeprazole [138]
53 Ethosuximide [139]
54 Exemestane [98]
55 Finasteride [137]
56 Fluoxetine hydrochloride [140]
57 Flurbiprofen [141]
58 Flutamide [137]
59 Fluvastatin [100]
60 Gabapentin [142]

Table 1. continued

No. Names References

61 Galantamine [143]
62 gambogic acid [144]
63 Gatifloxacin [121]
64 Gemfibrozil [145]
65 Ibuprofen [93]
66 Imatinib mesylate [146]
67 Imipramine HCl [147]
68 Ipriflavone [148]
69 Isoniazid [149]
70 Ketoconazole [126,150]
71 Ketoprofen [151]
72 Ketotifen fumarate (KTF) [152]
73 Lacidipine [153]
74 Lamotrigine [127]
75 Lansoprazole [154]
76 Letrozole [98]
77 Levonorgestrel [155]
78 Loratadine [156]
79 losartan potassium [157]
80 Lovastatine [100]
81 Mandelic Acid [158]
82 Medroxyprogesterone Acetate [131]
83 Mefenamic acid [159]
84 Megestrol Acetate [155]
85 Meloxicam sodium salt [160]
86 Metaxalone [115]
87 Methimazole [161]
88 Methocarbamol [115]
89 Methylparaben [106]
90 Metronidazole Benzoate [105]
91 Minoxidil [162]
92 Nabumetone [163]
93 Naproxen [105]
94 Nicotinic Acid [164]
95 Nifedipine [153]
96 Niflumic Acid [112]
97 Nimodipine [165]
98 Nitrendipine [166]
99 Norfloxacin [167]
100 Ofloxacin [167]
101 O-Nitrobenzoic Acid [168]
102 Oxcarbazepine [169]
103 Oxymetholone [110]
104 Paclitaxel [93]
105 Paeonol [170]
106 Penicillin G [171]
107 Penicillin V [172]
108 Pentoxifylline [120]
109 Phenazopyridine [161]
110 Phenylephrine Hydrochloride [173]
111 Pholcodine [174]
112 Pindolol [175]
113 Piracetam [120]
114 Piroxicam [176]
115 Prednisolone [128]
116 Prednisone [128]
117 Propranolol [161]
118 protocatechuic acid [118]
119 pyridin-4-amine [177]
120 Pyrocatechol [178]
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characterization of the selected descriptors can be found in
Table 2.

2.3 Artificial Neural Network

Artificial neural networks (ANNs) are computing systems
consisting of a number of simple, highly interconnected
processing units, which were developed by McCulloch and
Pitts.[70–73] Such a system processes information through its
dynamic state response to external inputs. These informa-
tion processing patterns were inspired by mimicking the
neural network of the human brain.[71] The ANN algorithm
provides efficient performances for dynamic and nonlinear
regression and classification problems.[72] The algorithm
consists of input, hidden, and output layers. Each layer
contains a set of interconnected processor components
(neurons or nodes) whose output is the input layer of the
next layer.

The output signal from one layer is connected to the
next layer by means of weight factors through an
intermediate that amplifies or weakens the signals.[71,74] A
transfer function (activation function) like a linear or
sigmoid function was used to calculate the outputs of
nodes in the hidden and output layers. The number of
neurons in the input and output layers is the number of
input and output variables, respectively. There is no specific
way to give the number of neurons in the hidden layer;
thus, the number of hidden layers and the nodes in each
hidden layer is usually related to the complexity of the
problem and the trial-and-error method.[72,75] There are
various neural networks with different training algorithms.
A multilayer perceptron (MLP) trained with Bayesian
regularisation backpropagation (trainbr) was considered in
this study. MLP are feed-forward multilayer networks that
supply flexible frameworks for non-linear function
prediction.[76] The ANN modelling process can be summar-
ised in two main phases: (1) assigning network structure
and (2) adjusting the weight of connections between

Table 1. continued

No. Names References

121 Quetiapine hemifumarate [179]
122 Quinine [180]
123 Repaglinide [181]
124 Rosuvastatin [100]
125 Salicylamide [160]
126 Salicylic Acid [182]
127 sertraline hydrochloride [183]
128 Simvastatine [100]
129 sinapic acid [118]
130 Sodium Valproate [184]
131 Sorafenib tosylate [185]
132 Spironolactone [186]
133 Sulfabenzamide [187]
134 Sulindac [188]
135 Sunitinib malate [189]
136 Tamsulosin [190]
137 Teriflunomide [191]
138 Tetramethylpyrazine [192]
139 Theobromine [108]
140 Theophylline [108]
141 Thymidine [93]
142 Tolbutamide [117]
143 Tolfenamic acid [125]
144 Triamterene [193]
145 Triclocarban [123]
146 Vitamin E Acetate [194]
147 Warfarin [195]
148 Zopiclone [165]

Table 2. Characteristics of the descriptors selected in the optimal model and their VIF.

Descriptors
Name

Type Class Description “Physical-chemical meaning” VIF

AATS3v 2D Auto correlation Average Broto-Moreau autocorrelation – lag 3/weighted by van der Waals
volumes

1.782

MATS2e 2D Auto correlations Moran autocorrelation of lag 2 weighted by Sanderson electro-negativity 1.226
GATS4c 2D Auto correlations Geary autocorrelation – lag 4/weighted by charges 2.875
GATS3v 2D Auto correlations Geary autocorrelation of lag 3 weighted by van der Waals volume 1.292
GATS4e 2D Auto correlations Geary autocorrelation of lag 4 weighted by Sanderson electro-negativity 3.265
GATS3 s 2D Auto correlations Geary autocorrelation of lag 3 weighted by I-state 1.247
nBondsM 2D Bond Count Total number of bonds that have bond order greater than one (aromatic

bonds have bond order 1.5).
2.472

AVP-0 2D Chi Path Average valence path, order 0 2.090
SHBd 2D Electro-topological State Atom Sum of E-States for (strong) hydrogen bond donors 1.823
MLogP 2D MannholdLogP Moriguchi octanol-water partition coeff. (logP) 2.207
MLFER_S 2D Molecular linear free energy rela-

tion “MLFER”
Combined dipolarity/polarizability 1.947

T(K) – – Temperature 1.024
P(MPa) – – Pressure 1.030
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neurons, as explained in [71]. More details can be found at
[71,75–77].

2.4 ANN-QSPR Modeling

For this study, the dataset of 3971 EDP were randomly
divided into two main sets. The first set contained 3828 EDP
that were used to develop the model, while the second set
of 143 was hidden from the model and kept as an external
test (validation set). Using the selected 13th early described
features, the first set of 3828 EDP was taken to build the
feed-forward MLP model, which contained a single input,
hidden and output layer. The implementation of the
algorithm was carried out under MATLAB® R2019b environ-
ment. The dataset was divided using MATLAB® divider and
function into two random sets as follows: 70% (2695 EDP)
for the training set and 30% (1155 EDP) for the test set. The
net was trained using the training function trainbr “Bayesian
regularisation back-propagation”. The logsig “Log-sigmoid”
function was chosen as a transfer function for hidden layer
and purelin “Linear transfer” function for the output layer.
The number of hidden neurons was selected to 10 “13
nodes of the input×0.75~10”. One output neuron was
used to represent the observed solubility fraction (y2).
Several 25–30 iterations were carried out. The model was
optimized based on their average absolute relative error
(AARD%) as an objective function. Therefore, the MLP-ANN

has the following architecture {13-10-1}. Figure 2 illustrates
the architecture of MLP-ANN used in this study.

2.5 Evaluation of the Model’s Performance

Various statistics metrics were adopted to evaluate the
performance of the QSAR model, as defined[78–81] by:
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Figure 2. MLP-ANN structure.
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Where, Q2 is the cross-validated correlation coefficient
(also notated CV, q2), R2 is the coefficient of determination, r
is the correlation coefficient between the observed and
predicted value of compounds with interception, k & k’ are
the slopes of the corresponding regression lines, r20 is the
squared correlation coefficient between the observed and
predicted value of compounds without intercept, r020 it bears
the same meaning as r20, but uses the reversed axes, �r

2
m&Dr2m

are theaverage and delta of r2m; y
obs
i is the observed

(experimental) value of Y, ypredi is the predicted (calculated)
Y-value of training set, test set or validation set, N is the
Number of data points in the data set (training, test…), �yobs

is the Average of Yobs , �Ypred is the Average of �ypred, PRESS is
the Predictive Residual Sum of the Squares, SSY is the Sum
of the Squares of the response values of the total
observations, AARD is the Average Absolute Relative
Deviation, MSE is the Mean Squared Error, RMSE is the Root-

Mean Squared Error, MAE is the mean absolute error, Bf is
the bias factor, and Af is the precision factor.

These statistical metrics were used to decide whether
the model is sound and unbiased (“good model”) or not.
These metrics were used as acceptability criteria, as shown
in Table 3.

In addition to:
* R2 -Q2 indicate whether the model is overfitted or not. It
should not be more than 0.3.

* PRESS/SSY ratio smaller than 0.4 indicates that the QSAR
model is reasonable. A ratio below 0.1, indicates an
excellent model, and proves that the developed models
predict better than chance.

* Perfect agreement between the observed values and the
predicted values give a Bf (or Af, after ignoring whether
the difference between the predicted value and the
observed value is positive or negative) of 1. A value
greater or less than 1 indicates an intrinsically safe. More
detail can be found elsewhere.[78–81]

Another interesting statistic parameter, namely, Akaike’s
information criterion (AIC)[82,83] was also used:

AIC ¼ Nln
SSE
N

� �

þ 2np þ
2npðnp þ 1Þ
N � ðnp þ 1Þ

(24)

SSE ¼
XN

i¼0

ðyobs
i � ypred

i Þ
2

(25)

where N is the number of experimental samples, Np is the
number of the parameters in the model and SSE is the sum
of square error. AIC is a statistical metric used to compare
different models and detect the best model that represents
the experimental results. A small AIC value indicates the
better fitted model. Typically, a single AIC value is mean-
ingless; the AIC value of the model studied in this paper
was compared to three ANN models.

2.6 Applicability Domain

For this study, William’s plot was adopted to verify the
domain of applicability of QSAR model. William’s plot is a
plot of standardized residuals versus leverage values, Hat
diagonal values (hi) are commonly used to visualize the
applicability domain[84–86] and to detect outliers’ response.
i. e., compounds with standardized residuals greater than
two standard deviation units (Y outliers) and structurally
influential chemicals (X outliers) in the model, i. e., hi>h*. In

Table 3. Acceptability criteria (A.C) of a model.

Parameter m n R2 Q2 Q2
pred K k’ �r2m Dr2m Bf Af

A.C value <0.1 >0.6 >0.5 >0.6 0.85<
<1.15

>0.5 <0.2 0.9–1.05
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this plot, the applicability of domain was established inside
a squared area within �3 standard deviations and a
threshold leverage value (h*).

The leverage (h) value of a compound in the original
independent variable space and the warning leverage (h*)
are defined as follows.[87]

hi ¼ xi X
TXð Þ

� 1xi (26)

h* ¼
3 pþ 1ð Þ

n
(27)

Where, xi is the descriptor-row vector of the query
compound, X k×n is a matrix containing the k descriptor
values for each one of the n training compounds, n is the
total number of samples in the training set, and p is the
number of descriptors involved in the correlation.

2.7 Sensitivity Analysis

ANNs are powerful tools able to predict and analyse easily
non-linear relationships. Numerous authors underlined the
interest in using ANNs instead of linear statistical models. In
fact, starting from input variables, ANNs have the capacity
to predict the output variable, but the mechanisms that
occur within the network are often ignored. ANNs are often
considered as black boxes. Several authors explored these
problems and proposed algorithms to illustrate the role of
variables in ANN models, the contribution of features.
Determination of the contribution of each variable is of
prime importance. This explanatory aspect of ANNs was
examined in the present study. These methods were used
to determine the influence of each input variable and its
contribution to the output. They are procedures to estimate
the relative contribution of each input variable.

Seven different methods that allow contribution analysis
were used. The Garson method to calculate the relative
importance of each input variable[88] was considered in this
study, as well as the relevance factor r, which is in the range
of � 1 to +1 and is stated by the following equation.[89]

rk ¼
Pn

i¼1 Xk;i � �Xk

� �
Yi � �Yð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 Xk;i � �Xk

� �2Pn
i Yi � �Yð Þ

2
q (28)

Where, Xk,I is the ith importing parameter, Yi is the ith

exporting value, �Xk is the average value of the kth input, �Y is
the average value of exporting parameter, and n is the
number of sets.

3 Results and Discussion

3.1 Model’s Performance

Figure 3 represents the scatter plots of the developed
model. i. e., predicted vs. observed values for the training,
test, and global set. A close correlation between the values
predicted by the ANN model and the observed values of
the mole solubility fraction was found, except for some
outliers points point, considered as accepted out of range.
Table 4 shows the statistical metrics results of the training

test and global set, Tables 5 and 6 show the error parameter
for the three sets and the AIC values respectively.

In summary, the results above are in agreement with
the acceptability criteria. Where the non-linear ANN model
gave good results with the highest global correlation
coefficients R (0.976), as well as the best robustness (Q2)
0.953, and the coefficients of determination R2 0.953. In
addition, to the error parameters that showed highly
acceptable results such as the global RMSE (0.516) and
AARD% (3.775). The calculation of the coefficient of
determination minus the cross-validated correlation coef-
ficient was lower than 0.3, indicating non-over-fitting for

Table 4. Validation parameters for the train, test, and global sets
for MLP-ANN model.

Statistical values Train Test Global

Q2 0.9529 0.9528 0.9528
R2 0.9529 0.9528 0.9528
r 0.9762 0.9761 0.9761
k 1.0000 0.9975 0.9993
k’ 0.9976 0.9998 0.9983
R0

2 1.0000 0.9999 1.0000
R’0

2 0.9999 1.0000 0.9999
m � 0.0415 � 0.0472 � 0.0432
n � 0.0414 � 0.0473 � 0.0432
Rm

2 0.7683 0.7594 0.7687
Rm

’2 0.7685 0.7695 0.7688
Bf 1.0014 1.0034 1.0020
Af 1.0379 1.0391 1.0383
�r2m 0.7684 0.7694 0.7687
Dr2m 0.0002 0.0001 0.0001

Table 5. Different errors for the train, test, and global sets for MLP-
ANN model.

Error Train Test Global

AARD% 3.7338 3.8704 3.7748
RMSE 0.5084 0.5339 0.5162
MSE 0.2585 0.2851 0.2665
MAE 0.3651 0.3690 0.3621
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this model. The calculated global PRESS value divided on
the SSY were lower than 0.1. This proved the efficiency of
the developed model, which predicts better than chance.

These results indicated that the ANN not only performed
well in model development but also had excellent
prediction capacity, suggesting a non-linear correlation
between the solubility fraction and the relevant descriptors.

� ln solubilityð Þ ¼ w2 �
Inputs

1 � e� w1�Inputs þ b1

� �

þ b2 (29)

The obtained w1, w2, b1 and b2 are provided in the
supporting information.

In Table 6, the values of AIC for the four ANN models
clearly denote that the experimental data is well fitted by
corresponding model of this study.

3.2 William’s Plot

The applicability domain (AD) of the model was analyzed
using William’s plot,[87] where the vertical line is the critical
leverage value (h*), and the horizontal lines �3 are the
cutoff value for the cutoff value for Yspace. In Figure 4 we can

observe that none of the drug-like compounds in the whole
dataset have leverage higher than the warning h* value of
0.016. 2633 data points belonging to the train set were in-
between the two horizontal lines, which means 98.25% of
the train set was covered. Out of 1148 data points of the
test set, only 16 data point showed a distribution outside
the two horizontal lines (98.6% of the test set was covered).
98.35% of the whole database was covered. It should be
noted that only 63 EDP showed a distribution out of the
two horizontal lines (1.65% outranges). Thus, these results
show that the MLP-ANN model complied with the third
principle of the OECD. Accordingly, the model developed in
this study provided excellent predictions for 148 drug-like
compounds (3828 EDP). It can be used to predict the molar
solubility fraction of those compounds, particularly for
those that have not been tested as well as new drugs.

Figure 3. Scatter plots Predicted vs. Observed values of the
solubility for the MLP-ANN model: (a) Global Set, (b) Training Set,
(c) Test Set, respectively.

Figure 4.William’s plot for MLP-ANN model.
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3.3 External Test

The hidden dataset from the model, which included 143
EDP, for the same selected number of features, was used
for the exploitation of the models. i. e., prediction of the
solubility fraction of a non-used dataset, known as the
validation set or external test. The correlation between both
log-transformed and original data is shown in Figure 5,
proving that this model can represent the predicted and
the observed solubility fraction of validation set with a close
positive correlation; while the Table 7 shows an acceptable
error for both cases. To this end, the model is valid for
prediction of future data.

3.4 Descriptor’s Contribution and Interpretation

After the selection of the molecule descriptors, 11 pertinent
descriptors with two intensive state variables (pressure and
temperature) were used to develop the ANN-QSPR model,
which were nBondsM, GATS4c, AVP-0, MLFER_S, AATS3v,
SHBd, MLogP, GATS4e, GATS3 s, GATS3v, MATS2e, P (MPa)
and T (K). To evaluate the scope of each descriptor for the
prediction of solid drugs solubility, the relevance and the
relative contributions of the 13 descriptors to the ANN
model were determined and a description of these
descriptors is shown.

The absolute value of the relevance factor has a direct
relation to the output. As can be seen in Figure 6, the
solubility showed a straight dependency on the descriptors
named: AATS3v, nBondsM, SHBd, MLogP, and MLFER_S,
and an opposite dependency on the temperature and the
pressure, and the rest of descriptors. In addition, MLFER_S,
and pressure were the most relevant input variables, with a
relevance factor of +0.25 and � 0.24 respectively. Contra-
riety, the temperature and nBondsM were the least relevant,
with a relevance factor of � 0.03 and+0.01, respectively.

Figure 7 depicts sensitivity analysis for ANN-QSPR model
and shows that the GATS4e and GATS3 s share the highest
contribution (11.59% and 11.57%, respectively) where the
lowest contribution was by T (K) (1.94%). The rest of the
inputs had an importance between 4.43% and 11.06%. The
relative contribution level of the descriptors was found to
be in the following order: GATS4e, GATS3 s, AATS3v,
GATS4c, SHBd,MLogP, MLFER_S, AVP-0,nBondsM, GATS3v,
MATS2e,P(MPa) and T(K) (Figure 7). In this case, we can see

that the variables that have the highest relative contribu-
tion were successively GATS4e, GATS3 s, AATS3v.

GATS4c, AATS3v, GATS4e, are a 2D auto correlation
molecular descriptor, which is known respectively as the
geary autocorrelation-lag 4/weighted by charges, autocor-
relation of lag 3 weighted by vdw volume, geary autocorre-

Table 6. AIC values of the four ANN models.

Model Training function Activation function AIC
Hidden layer Output layer

Corresponding Model trainbr logsing purelin � 5034.59
Model 1 trainbr tansing purelin � 4895.65
Model 2 trainlm logsig purelin � 4926.54
Model 3 trainlm tansing purelin � 4527.42

Figure 5. Scatter plots Predicted vs. Observed values of the
solubility for the MLP-ANN model, external test.
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lation of lag 4 weighted by atomic Sanderson electro-
negativity. SHBd describes the electropological state (E-
state) in different aspects. SHBd represents the sum of E-
states for (strong) hydrogen bond donors. An increase in
the value of this descriptor means that the molecule is
more and more hydrophobic. AVP-0 is a topological
descriptor that gives information regarding the connectivity
of various atoms in the molecule. This descriptor is able to
take into account the presence of heteroatoms in a
molecule, as well as double and triple bonds. GATS3 s is 2D
auto correlation molecular descriptors, which describes how
the considered property (atomic masses, polarizability,
charges and electro-negativities) is distributed along a
topological molecular structure. On the other hand, GATS3v
and MATS2e are defined as Geary autocorrelation of lag 3
weighted by van der Waals volume and Moran autocorrela-

tion of lag 2 weighted by Sanderson electro-negativity,
respectively. The molecular descriptor MLOGP (which is the
square root of MLOGP2) is considered as a measure of
lipophilicity of a molecule. The MLFER_S descriptor is a
descriptor for combined dipolarity/polarizability. It is one of
the molecular linear free energy relations. The 2D descriptor
“nBondsM” is defined as the dimensionless total number of
bonds that have bond order greater than one (for example
aromatic bonds have bond of 1.5) and is encoded to an
unsaturation. It referred to as the number of non-kekulized
structures. In summary, in this model, it is concluded that
the lipophilicity, electro-topology and electronic properties
(polarizability, electro-negativity, atomic masses, van der
Waals volume, unsaturation, and charges) of a molecule are
of major importance in the solid drugs solubility, whereas
temperature and pressure does not appear to be a major
factor. Although both are very important in experiments.
The mathematical formula for predicting the molar solubil-
ity fraction of drug-like compounds obtained using XLSTAT®
(Addinsoft, New York, NY,USA) is given by:

Ln y2ð Þ ¼ � ð22:4581 � � 7:2613 � 10
� 3 � T kð Þ�

9:0914 � 10� 2 � p MPað Þ þ 0:0184 � AATS3v�

2:1674 �MATS2e � 2:9553 � GATS4c�

3:6541 � GATS3v þ 1:6024 � GATS4e�

2:3767 � GATS3s � 0:1746 � nBondsM�

11:0664 � AVP0þ 0:6300 � SHBdþ 0:5326 �MLogPþ

1:0102 �MLFERS

(30)

3.5 The use of QSAR for Regulatory Purposes

This study aims to use QSARs combined with an ANN as an
alternative for experimental data to predict and correlate
drug solubilisation in supercritical carbon dioxide at specific
temperature and pressure values. To facilitate the consid-
eration of a QSAR model for regulatory purposes, the
development of QSPR models should comply to the five
principles for the QSAR validation drawn by the Organisa-
tion for Economic Cooperation and Development (OECD),[90]

namely: (1) a defined endpoint; (2) an unambiguous
algorithm; (3) a defined domain of applicability; (4)
appropriate measures of goodness of fit, robustness,
predictability; (5) a mechanistic interpretation, if possible.
These criteria were applied to the newly ANN-QSPR model
developed in the present work:
1. OECD criterion 1: the first step of the QSAR development
was the selection of the appropriate endpoint (s). The
selected endpoints solubility for drug and drug-like
compounds was further defined according to the
following endpoints criteria:

Table 7. Different errors for the validation set for both cases.

Error Log-transformed Data original Data

AARD% 5.1982 99.3617
RMSE 0.7507 8.4365e–04
MSE 0.5635 7.1175e–07
MAE 0.5395 0.0013

Figure 6. Results of the relevance factor performed on the QSPR-
ANN model.

Figure 7. Relative contribution of each input variable using the
Garson method.
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* Target: Molar solubility fraction.

* Solid compounds: drug or drug-like compounds.

* Compounds solubility in SC� CO2.

* Temperature range: 298–373.15 k.

* Pressure range: 80–500 bars.

* Solubility mole fraction range: 0.000000001–0.131.

* Molecular descriptor: PaDEL Descriptors of the solid
compounds.
* Molecular descriptor range: AATS3v (114.80–411.05),
MATS2e (� 0.25–0.45), GATS4c (0.46–1.66), GATS3v (0.66–
1.39), GATS4e (0.38–1.91),GATS3 s (0–1.91), nBondsM (1–
27), AVP-0 (0.47–0.73), SHBd (0–2.36), MLogP (1.35–4.98),
and MLFER_S (0.22–6.19).
The QSPR-ANN model predicts a defined endpoint.

2. OECD criterion 2: the MLP-ANN model developed in this
present work is a clear and an easily applicable
algorithm carried out under MATLAB® R2019b environ-
ment. Both training and activation functions are defined,
the number of layers and the number of nodes in each
layer is already given, which fulfil the criterion on an
unambiguous algorithm. The transparency is ensured.

3. OECD criterion 3: QSAR models are only applicable within
a specific set of conditions known as applicability
domain, which identifies limitations and scope of the
model. The applicability domain of the ANN-QSPR model
developed was analyzed using a Williams plot, and it is
well documented.

4. OECD criterion 4: The goodness of the model was
reached by verifying the model fitting and the model
robustness by calculating various statistical criteria,
including the determination coefficient (R2>0.9) and the
cross-validation coefficient (Q2>0.9). Executing Y-scram-
bling to confirm the existence of a correlation between
the selected modelling features and the studied re-
sponse. The internal performance ends up indicating a
well-founded (not by chance) original model. Moreover,
the predictivity (as determined by external validation)
was reached by characterizing the correlation between
predicted and experimental values in the validation set
for both log-transformed and original data. In addition,
the AARD, RMSE, MSE, MAE that summarizes the overall
errors of model, were used to measure and compare
prediction accuracy in the training, test and validation
sets. The error values were close and there were no
significantly large residual values for the validation set,
demonstrating that the model had not overfitting. The
model exhibited a satisfactory goodness-of-fit, robust-
ness and predictivity.

5. OECD criterion 5: the mechanistic interpretation of solid
drug solubility in SC� CO2 shows to be mostly influenced

by the pressure, lipophilicity, electro-topology and
electronic properties of a molecule, while the temper-
ature has the lowest influence. However, experimental
measurements indicate that temperature and pressure
have a remarkable influence on the solubility.
For this, the developed ANN-QSPR model for drug and

drug-like compounds solubility in SC� CO2 meets all the
OECD criteria for use in a regulatory context.

4 Conclusions

In this work, supercritical carbon dioxide solubility data of
148 drugs collected from the literature were used to
develop a combined ANN-QSPR model to predict the
solubility of drugs in SC� CO2. 11 molecular descriptors were
retained as relevant after reducing the number of molecular
descriptors using various reduction techniques, Then, a
total of 3971 experimental data points, representing the
solubility (mole fraction) of the drug in SC� CO2 at different
temperatures (K) and pressure (MPa), were used for training
and validation of the model. The architecture of the
optimized network was obtained by varying different net-
work parameters. The best model was obtained using the
training function trainbr “Bayesian regularization back-
propagation”, logsig “Log-sigmoid transfer function” activa-
tion function for the hidden layer, network architecture of
{13–10-1}. Statistical studies recommended were tested to
assess the predictive performance of the optimized model.
The results showed that all the metrics fell within the
domain of acceptability, thus confirming the model validity.
All validations indicated that the built QSAR model was
robust, satisfactory, meets all the OECD principles for QSAR
validation and can be used to predict reliably the solubility
of drug-like compounds, for interpolation purposes for
drugs of the data set within the model space as well as for
extrapolation purposes for drugs not included in the data
set…

5 Data Availability

The Supplementary data to this article can be found online
at (Database.pdf, supporting file 2.xlsx). The software, web
servers and computational tools are owned by their
respective developers and copyright-holders. All statistical
and graphical analyses were obtained with codes we
created using the MATLAB® R2019b environment.
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