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ARTICLE INFO ABSTRACT
Keywords: The pharmaceutical industry is showing growing interest in exploring supercritical CO: techniques to develop
Solubility advanced drug delivery systems. In this regard, assessing the solubility of drugs in supercritical COz under

Supercritical CO,
Benzodiazepine
Thermodynamic models
Machine learning

different conditions is a vital parameter. In this study, the solubility of two benzodiazepine family drugs, diaz-
epam and alprazolam, in supercritical CO2 was theoretically assessed using two distinct thermodynamic ap-
proaches; the SRK model, which treats supercritical CO: as a gas, and the regular solution model, which considers
supercritical COz as a liquid and incorporates various expressions for the solubility parameter. Furthermore,
machine learning models, including MLP with various training algorithm, GPR and KNN, were employed to
predict the solubility of these drugs. The accuracy of the models for each medicine is validated by comparing
their results with previously published experimental solubility data. It was demonstrated that both thermody-
namic models successfully model the solubility of these drugs in supercritical CO2. The SRK model yielded mean
AARD values of 10.36 for diazepam and 3.15 for alprazolam, while the regular solution model, using a specific
expression for the solubility parameter, provided the best fit to the experimental results, with mean AARD values
of 4.69 for diazepam and 6.97 for alprazolam. Also, it was demonstrated that all intelligent models achieved the
highest performance in predicting the solubility of diazepam and alprazolam in supercritical CO2.

1. Introduction effectiveness and safety by making it easier for the body to absorb. This
often allows for lower doses to achieve the same therapeutic effect,

Numerous studies have confirmed the significant role of pharma- thereby reducing the risk of side effects and toxicity. Solubility
ceutical solubility in the body’s aqueous environment on the drug enhancement is crucial in drug formulation and development. Reducing
therapeutic effectiveness, influencing its absorption, distribution, and pharmaceutical particle size to the micro or nano scale is particularly
overall efficacy [1]. Enhancing a drug solubility can improve its noteworthy among the proposed methods, with support from the Noyes
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Table 1
Specifications of the pharmaceutical ingredients.
Specifications Diazepam Alprazolam
Formula C16H13CIN,O C17H;3CINg
Molecular mass (g.mol’l) 284.74 308.8
8-chloro-1-methyl-6-phenyl-4H-triazolo[4,3-a] [1,4]
7-chloro-1,3-dihydro-1-methyl—5-phenyl-2H-1,4-benzodiazepin-2- benzodiazepine
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[2] and Ostwald [3] theories. Traditional methods for particle size
reduction, such as freeze-drying, milling, and anti-solvent precipitation,
face several drawbacks, including high costs, large quantities of organic
solvents, high energy consumption, alterations to the original compound
properties, inconsistent particle size distribution, and potential me-
chanical and thermal degradation. These limitations constrain their
application in the pharmaceutical industry, highlighting the need for
cleaner and more efficient alternatives.

Supercritical methods provide key advantages such as precise solu-
bility control through temperature and pressure adjustments, mild
operating conditions essential for temperature-sensitive compounds,
and the production of high-purity medicinal compounds with consistent
morphology [4-6]. These benefits are driving the growing use of these
methods in diverse areas of the medicinal industry. Supercritical CO3 is
widely regarded as the most popular supercritical fluid due to its ad-
vantageous properties, such as safety, affordability, non-toxicity,
accessibility, environmental friendliness, and relatively mild critical
conditions [7-9].

In most supercritical processes, supercritical CO5 can fulfill two key
roles; acting as a solvent for soluble solutes and functioning as an anti-
solvent for poorly soluble solutes [10-12]. Consequently, the solubil-
ity of the desired pharmaceutical ingredient in supercritical CO5 is a
crucial parameter that must be determined to effectively design a su-
percritical method [13,14]. However, determining this factor in the
laboratory, especially at different temperatures and pressures, is a
challenging, time-consuming, and expensive task, which can constrain
the practical application of supercritical methods.

To address this challenge, a variety of theoretical approaches have
been developed to assess and predict the supercritical solubility of
different materials under various operating conditions. These include,
(1) Density-based semi-empirical models establish a relationship be-
tween solubility and temperature, pressure, and the density of the su-
percritical solvent, with the density being influenced by the temperature
and pressure conditions. These models, available in various forms with
different numbers of fitting parameters, are among the most widely used
and versatile methods successfully used to correlate the supercritical
solubility of different substances [14-17]. (2) Depending on the equi-
librium established between the solute and supercritical COy, a range of
thermodynamic approaches can be applied to investigate and analyze
this equilibrium process, providing insights into solubility and system
behavior. For this purpose, two different perspectives have been pro-
posed [18-20]. (2a) Some researchers treat supercritical CO, as a gas
and develop fugacity coefficient-based models, where the solute fugacity
coefficient is determined using various equations of state (EoSs), which

are categorized into cubic and non-cubic types. Cubic EoSs, such as the
Soave-Redlich-Kwong (SRK) and Peng-Robinson (PR) models, are rep-
resented as cubic functions of molar volume, while non-cubic EoSs are
based on the statistical associating fluid theory (SAFT), including models
like perturbed chain SAFT (PC-SAFT) and perturbed chain polar SAFT
(PCP-SAFT). (2b) Alternatively, some researchers consider supercritical
CO3 as a liquid and develop activity coefficient-based models, deter-
mining the solute activity coefficient using different thermodynamic
approaches, such as UNIQUAC and Wilson. (3) Intelligent predictive
models and machine learning techniques, which are generally more
advanced and efficient than earlier models, have been used to predict
the solubility of various pharmaceuticals in supercritical CO3, consid-
ering pressure and temperature inputs. There is no established guideline
for pinpointing the most accurate model. To identify the best model, it is
essential to perform a detailed comparison between the model results
and experimental data [21-23].

The main objective of this study is to conduct a comprehensive
theoretical assessment of drug solubility in supercritical CO2 using
various thermodynamic and machine learning methods. Two medica-
tions, diazepam and alprazolam, from the benzodiazepine family, were
selected for this study. They are commonly administered orally and are
used to manage panic attacks, generalized anxiety, and depression.

Both the mentioned drugs fall under BCS (Biopharmaceutical Clas-
sification System) Class II, where they experience problems with poor
solubility and low bioavailability. The physical properties and chemical
structure of these drugs are presented in Table 1. The solubility of
diazepam in supercritical CO, has already been measured under 45
conditions (308 K -348 K, 122 bar —355 bar) [24], while that of al-
prazolam has been measured under 28 conditions (308 K -338 K, 120 bar
—300 bar) [25]. However, a thorough theoretical analysis has not yet
been conducted, and existing theoretical studies are typically limited to
a few basic semi-empirical models.

This study aims to perform a comprehensive theoretical analysis of
the solubility of these drugs in supercritical CO. This study utilizes two
thermodynamic models, including the SRK equation of state (EoS) for
gas-solid equilibrium and the regular solution model for liquid-solid
equilibrium. Additionally, it incorporates predictive machine learning
techniques, including feed-forward multilayer perceptron (MLP),
gaussian process regression (GPR), and k-nearest neighbors (KNN) with
political optimizer (PO). The accuracy of the models was assessed by
comparing their outputs to previously published experimental data.
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2. Thermodynamic methods
2.1. Solid - gas equilibrium thermodynamic model (SRK-EoS)

Determining solute solubility in supercritical CO2 using different
EoSs is based on the equilibrium condition that the fugacity of the solute
in the solvent phase must equal its fugacity in the solid phase. Thus, the
equilibrium solubility (yy) was derived using Eq. 1, based on assump-
tions such as incompressibility, pressure-independent molar volume,
purity, low vapor pressure of the solute, and the insolubility of super-
critical CO: in the solute.

P (n(p—P)
=5, exp( o7 ¥

Using this relationship, the solubility can be computed at the desired
pressure (P) and temperature (T), where v is the solute molar volume,
¢ is the solute saturation fugacity coefficient (assumed to be unity due
to the low sublimation pressure of the solute), and ¢, is the solute
fugacity coefficient in the supercritical CO2 phase, which is calculated
using the following relationship based on the SRK-EoS.
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-Solid

supercritical CO2 phase (fsprmz) is described as a function of the

solute enthalpy of melting (AH,,), melting point (Ty), and the heat ca-
pacity difference between the supercritical and solid phases (ACP).
Assuming a constant AC,, the relationship becomes:

Sold “AHn (1 1\ A T\ AGC, (T-T,
In (/Supe'isritical COz) = R = (T - T7> + % In (T) N Ric"lvi’ ( T m>
s mn m
()

By neglecting AC,, y; can be obtained through the following simpli-
fied relationship:

1 AH, /1 1
Ys = ﬁeXP (_R (T_m_f> ) (6)

In this case, the regular solution model, in conjunction with the
Flory-Huggins theory, is utilized to determine y¢°, which can be defined
as a function of the molar volume (v) and the solubility parameter (5) of
both the supercritical CO, and the solute, as follows [27]:

1% v v
In 7:0 = Ria—-(ésupercnﬁcal COy — 55)2 +1-— : + ln( s )
PV ) oP RT v (2) Vsupercritical CO Usupercritical GO,

RTIng; = —Rﬂn—+/ (—) -

¢ RT " Jy [\oni)pypm V ™

Combining Eq. 6 and Eq. 7:
The complete form of the SRK-EoS formula is [26]: § 14 1
0.42747R?T?

RT | D=7 [1+ (0.480 + 1.574w — 0.176w%) (1 — T2®) ) |
p— -~ a(T) c 3)

v=b uv+b)| | 008664RT.

P

2.2. Solid-liquid equilibrium thermodynamic model (Regular solution
model)

The equilibrium solubility of a solute (y;), where the supercritical
CO4 behaves as a liquid and solubility is extremely low, can be deter-
mined using the activity coefficient of the solute at infinite dilution (y%°),
as expressed by the following eq. [28]:

fSolid
_ s
Ys = J/;x,f;Supercn'tical COy, (4)

The ratio of solute fugacity in the solid phase to that in the

Table 2
Properties of the desired medicinal substances.
Property Diazepam Alprazolam
T (K) 403.6 [45] 501.8 [46]
Ty (K) 770.4* 782%
T, (K) 939.4 1015.5
P, (bar) 23.91 23.88
H (kJ.mol™) 28.0 21.8
) 0.96 0.98
2 x 10° (m®.mol 1) 309.52 321.63
T =308 K 4.3x 10°° 2.6x 1077
T=318K 2.1x107° 1.35x 107°
P (Pa) T=328K 8.9x 107° 6.4x 107°
T=338K 3.5x 1074 2.7x 107°
T =348K 1.3x 1073 1.1x 1074

* http://www.chemspider.com

AH, 1 1 1% 2 v,
Iny, = =" = — = | — = (Ssupercrici —&) -1+ —
LYs R <Tm T) RT( 'supercritical COy s) + (Vsupercn'tical COZ>

1Z
—In <7S )
12 supercritical CO2
(C))

The parameter Sqpercrircal co, i Obtained through the following rela-
tionship using reference parameters, including é4ref = 15.6 MPa®d, Vref =
39.13 em®mol ™, byrr = 5.2 MPa®®, Spr = 5.8 MPa®®, and Tyer =
298.15 K [28].

2 2
52 _ 5d.ref ‘Spref
supercritical CO; — -1.25 + -0.5

L Vref

Vsupercritical COy Vsupercritical COy

2
n Ohref
0.5
— -3 ~T) - L
exp 1.32x103(T — T) —In (’/supercriu'cal COZ)

©)

Various formulations based on the reduced density of CO:
(P, supercritical co,) have been proposed to determine &, as follows [29]:

55 =A+ Bpr,supercn'tical CO, (10)

58 =A+ Bﬂ rC,supercn'tical CO, (1 1)
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55 =A + B/) r,supercritical COy + C[) gsupercn’tical COy (12)
55 =A+ Bpr.supercritical CO, +CT (13)

here, A, B, and C are the fitting parameters.

2.3. Estimating the physicochemical properties of diazepam and
alprazolam

As outlined in the relationships presented in Sections 2.1 and 2.2,
certain properties of the solute must be known to determine its solubility
in supercritical CO5. These properties include the acentric factor (w),
critical temperature (T.), critical pressure (P.), sublimation pressure
(P), molar volume (), and heat of fusion (Hf), which must be
determined using different group contribution methods.

The Marrero - Gani method [30] was chosen to determine T, P., and
H for diazepam and alprazolam, as it has been successfully applied to
estimate these properties for various drugs, such as azathioprine [31],
imatinib mesylate [32], minoxidil [33], febuxostat and chlorpromazine
[34], repaglinide [35], gemifloxacin [36], metformin [23], levetir-
acetam [37], montelukast [38], zolpidem [39], among others. The
Immirzi-Perini procedure [40], recognized as one of the most reliable
methods for estimation of v* [13,17,18,41], was chosen to determine
this parameter for the selected drugs. The Edmister’s method [42] was
chosen to determine the o factor for the desired drugs, as it has already
been used effectively to estimate this property for substances such as
sodium valproate [43], minoxidil [33], yellow 2G [11], and gemi-
floxacin [36]. Additionally, for the estimation of P the Mackay et al.
[44] approach was chosen due to its reliability and ease of use, as out-
lined below:

sub __ E, _ E _ E,
InP™ = — (4.4 +1nTp) {LSOB(T 1 0.803In T 6.8 T 1
a4

In this relationship, Tp and Tj, are the boiling and melting points of
the desired substance. The properties estimated for diazepam and al-
prazolam are listed in Table 2.

3. Machine learning methods
3.1. MLP model

The artificial neural network (ANN) is a well-known machine
learning method that effectively models nonlinear relationships by
emulating the structure and function of biological neural networks. It
comprises multiple neurons acting as computational units, organized
into three layers: an input layer, with neurons corresponding to the in-
dependent variables; an output layer, where the number of neurons
matches the dependent variables; and at least one hidden layer in be-
tween, with an adjustable number of neurons that must be optimized.
The feed-forward multilayer perceptron (MLP) is one of the most
established and widely recognized ANN architectures, frequently chosen
for its reliability in accurately predicting the solubility of various med-
icines in supercritical solvent [47]. In this network, the output of each
neuron serves as the input for the next layer, processed through a
nonlinear transfer function (f) applied to the sum of its bias (4;) and
weighted inputs, as expressed by [47]:

N
7j =f (ijrxr +ﬂj) 15)
r=1

here, y; denotes the result of the jth neuron from the input or hidden
layer, wj, is the randomly assigned weight for the connection between
neuron r and neuron j, and X, corresponds to the input data.

In this work, an MLP network was employed with several training
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algorithms, such as Levenberg-Marquardt backpropagation, Bayesian
regularization, and Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-
Newton, along with the gradient descent method to minimize the sum
of squared errors, to predict the solubility of diazepam and alprazolam
in supercritical CO5. Also, among the various transfer functions pro-
posed, the tansig function (Eq. 16) was selected for the input/hidden
layer, and the purelin function (Eq. 17) was used for the hidden/output
layer [47].

fW=5-0  1sfwst 16
flx)=x —00 <f(x) < + 0 a7)

3.2. GPR model

The GPR model is a valuable machine learning technique for
regression analysis, representing the relationship between input and
output data using a Gaussian process, and modeling non-parametric
regression conditions without relying on a predefined functional form.
This model consists of two main components, including an average
function, which predicts the expected output from the system based on
the relationship between the input and output sets, and a covariance
function, commonly known as the kernel function, which measures the
similarities between the input data. The kernel function impacts the
model data fitting ability, the smoothness of the function, and the level
of correlation among the inputs [48]. This model is characterized by a
mean and covariance function, where the distribution of f(x*) based on
the training data follows a Gaussian distribution, as defined by these
functions, with the relevant equation provided below [34]:

W=k (k+021) (18)

3= k) KT+ o) ke a9

The response (y) for a new input (x) is calculated by averaging the
posterior distribution, as shown in the following equation: y* = p".

3.3. KNN model

KNN regression begins learning by comparing the given data points
with the training set. To describe this method, it is assumed that T =
{(x1, y1), -..,(xn, ¥YN)} is the training dataset, where x; = (X1, X2, ---» Xim)
represents the i’ data point with its m input features, and y; is the cor-
responding output, and N is the total number of data points. It needs to
compute the value d; between the test instance x and each sample x;in T,
then sort the values of d; in increasing order based on the test sample x. If
d;ranks in the i position, the sample corresponding to d; is referred to as
the i closest neighbor to N(x), and the target is represented as y;(x).
Finally, the prediction y* for x is obtained by averaging the regression
outputs of the k-nearest neighbors to x. The KNN regression algorithm
proceeds with the following steps [49]:

e Calculate the distance D(x, x;) between the test point x and each
training sample Xx;.

e Select the k-nearest neighbors x;1, X;z, ..., X and their corresponding
outputs yii, ¥iz, .- Yik-

e The predicted output is then computed as the average of the outputs
of the k-nearest neighbors [50]:

¥ =i =3 Dy 20)

3.4. Political optimizer (PO)

Recently, the political optimizer (PO), a global optimization tech-
nique inspired entirely by the multi-stage process of parliamentary
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Table 3
Experimental solubility data of diazepam (equilibrium mole fraction) in super-
critical CO,.

Pressure T =308K T=318K T =328K T=338K T=348K

(bar)

122 1.8x 1.6x 1.6x 1.6x 1.8x 1074
104 1074 1074 104

152 2x 1074 2.2x 2x 1074 2.1x 2x 107

1074 107*

182 2.4x 2.6x 2.7x 2.7x 2.9x 1074
1074 107 1074 107

213 2.5x 3.1x 3.2x 3.8x 3.9x 107*
1074 107 107 107*

243 3.1x 3.4x 4.1x 4.7x 5.2x 1074
107* 107* 1074 1074

274 3.1x 4.1x 4.9x 6x 107* 6.7x 107*
104 1074 1074

304 3.3x 4.7x 5.3x 7.2% 8.1x 107*
107* 1074 1074 107*

334 3.8x 5.4x 6.7x 8.3x 9.7x 1074
1074 1074 1074 1074

355 3.9x 5.6x 7.1x 9% 1074 11.1x
107* 107 107 107

Table 4

Experimental solubility data of alprazolam (equilibrium mole fraction) in su-
percritical CO,.

Pressure (bar) T =308 K T=318K T=328K T =338K

120 0.163x 107*  0.123x107*  0.051x 10°*  0.027x 10°*
150 0.204x 107*  0.178x 10™*  0.150x 10™*  0.130x 10~*
180 0.231x 107*  0.231x 10™*  0.230x 10™*  0.218x 10~*
210 0.275x 107*  0.281x 10™*  0.298x 10™*  0.319x 10°*
240 0.313x 10°*  0.335x 10°*  0.375x 10°*  0.433x 10°*
270 0.357x 107*  0.402x 10™*  0.503x 10™*  0.538x 10~*
300 0.394x 107*  0.495x 10™*  0.575x 10™*  0.632x 10~*

elections, has gained significant attention. In this optimization algo-
rithm, party members are treated as candidate solutions, their electoral
behavior acts as an evaluation function, and various political processes
-such as party selection, electoral districts, and parliamentary activities-
are represented through mathematical functions. The PO algorithm
structures the population into political parties and electoral districts,
assigning dual roles to each function and enabling updates in two stra-
tegic contexts, making it a learning-driven mathematical model. Studies
indicate that PO algorithms deliver strong performance, maintaining
consistent efficiency across different test functions, showcasing their
versatility. In this study, the PO algorithm was utilized as a hyper-
parameter optimizer for the GPR and KNN models to achieve optimal
solutions with enhanced accuracy and generalization [51,52].

4. Theoretical background of proposed new model

In this study, we propose a new empirical thermodynamic model,
referred to as the Dynamic Hybrid Correlation (DHC), for accurately
predicting the solubility of solid compounds in supercritical carbon di-
oxide (SC-CO2). This model is designed to address the limitations of
existing semi-empirical models by capturing both basic thermodynamic
trends and complex interaction behaviors that arise under high-pressure
and high-temperature conditions. The DHC model incorporates classical
terms such as inverse temperature dependence and logarithmic response
to solvent density, and extends them through the inclusion of nonlinear
correction factors that account for coupled temperature-density
interactions.

The general form of the model is given as follows:

B D E
lny:A+T+ln(p).C+;+T—.p+®(T,p).F 21
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Table 5
Parameters of the SRK model.
Drug Model T= T= T= T= T=
parameters 308 K 318 K 328 K 338 K 348 K
Diazepam k 9.11e- 6.21e- 4.36e- 2.65e-2 9.97e-3
2 2 2
Lo 3.64e- 1.92e- 2.47e- -3.68e- -5.44e-
2 2 3 2 2
AARD 4.22 7.60 18.85 11.96 9.19
Ragj 0.999 0.996 0.980 0.988 0.991
Alprazolam  kj» 0.573 0.474 0.428 0.361 -
Lo 0.377 0.27 0.21 0.157 -
AARD 1.48 4.30 3.38 3.45 -
R 0.997 0.987 0.995 0.999 -

In this equation, y represents the solubility (in mole fraction), T is the
absolute temperature (K), and p is the density of supercritical CO2z (kg/
m>). The parameters A,B,C,D,E and F are empirical coefficients ob-
tained through nonlinear regression using experimental solubility data.
The term @ (T, p)is a dynamic correction function that captures higher-
order effects and allows the model to adapt to complex and nonlinear
trends in the solubility data. The parameter A serves as the baseline
intercept and reflects the inherent solubility characteristics of the sol-
ute-solvent system under standard conditions. The term £ accounts for
the classical inverse relationship between temperature and solubility,
associated with energy barriers or endothermic/exothermic dissolution
behavior. The In(p).C term is adapted from models such as Chrastil’s,
representing the enhancement of solvent power as density increases. To
account for deviations from ideality at higher densities, especially when
steric hindrance or solute clustering may occur, the inverse density term
1;’ is included. Additionally, the cross-term T% introduces coupling be-
tween temperature and density, which is important when the solubility
is sensitive to both parameters simultaneously.

The most innovative part of the DHC model lies in the dynamic
interaction term @(T, p).F which allows for a flexible correction based on
system-specific behavior. For instance, = @&(T, p) may be modeled as a
second-order polynomial such as @(T,p) = a3T + a2 p + a3 Tp or even as
an exponential decay function

a(T,p) = exp( - a%) . The flexibility in defining this term gives the
model its “dynamic” character and enables it to fit a wider variety of
solubility profiles compared to traditional models. Empirical testing of

the DHC model has shown that it can outperform existing models in
terms of accuracy and versatility.

5. Results and discussion

The experimental solubility of diazepam and alprazolam, as previ-
ously measured by Yamini [24] and Sajadian [25], is presented in
Table 3 and Table 4, respectively.

As outlined, the solubility of these drugs in supercritical CO2> was
evaluated using two distinct thermodynamic models and machine
learning approaches. The accuracy of the models was validated by
comparing their predictions with experimental data. Two statistical
criteria, the average absolute relative deviation (AARD) and the adjusted
correlation coefficient (Rqgj), were utilized for this purpose.

The AARD measures the discrepancy between the predicted solubi-
lity values (y;cq) and the experimental data (y;.xp), defined as follows:

Yical — Yiexp

100 &
AARD% = == Z (22)

i=1 .y i,exp

where, N represents the number of experimental points, which is 45 for
diazepam and 28 for alprazolam. The adjusted R? (Rqgy) is calculated to
assess the goodness of fit between the model results and the experi-
mental data, using the following formula:
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Fig. 1. Comparison of experimental data with SRK model results.
Table 6
Parameters of the regular solution model obtained using Eq. 10 (6 = A + Bp, gypercrirical co,) for the desired drugs.
Drug Model parameters T=308K T=318K T=328K T =338K T=348K
A —25.36 -13.77 -2.17 9.43 21.03
Diazepam B —10.59 1.011 12.61 24.21 35.81
P AARD 6.20 5.22 8.74 8.13 5.57
Radj 0.988 0.990 0.981 0.983 0.990
A 9219.03 8700.53 8031.03 8052.13 -
Alprazolam B —792.29 —470.36 —30.87 19.55 -
P AARD 11.25 7.27 8.14 12,54 -
Raaj 0.986 0.98 0.981 0.985 -
Table 7
Parameters of the regular solution model obtained using Eq. 11 (6, = A+ Bprc,sup ercritical Co,) 10T the desired drugs.
Drug Model parameters T =308 K T=318K T=328K T =338K T =348K
A —258.75 221.81 33.41 245.00 9.65
B 14.99 136.59 148.19 49.78 61.38
Diazepam C 413.59 22.87 117.32 161.33 22.37
AARD 8.36 7.19 6.88 5.86 6.50
Raaj 0.984 0.989 0.989 0.990 0.985
A —23,485.9 —19,851 -17,856.8 —18,793.2 -
B —4616.27 —8150.7 —10,218.4 —8770.5 -
Alprazolam c ~11,229.3 ~10,406.5 —9911.4 ~10,481.4 -
AARD 7.56 7.95 7.81 8.52 -
Radj 0.986 0.980 0.981 0.985 -

Ray = \/|R2 — (Q1 —R2) /(N - Q1)) (23)  5.1. SRK-EoS

Here, Q is the independent variables number and R? is calculated

The Van der Waals (vdW) mixing rule is widely regarded as one of
based on the sum of squared errors (SSE) and the total sum of squares

the most commonly applied methods for determining the a(T) and b

(SST): parameters in the SRK-EoS for mixtures of supercritical CO; and solutes.
R? SS (24) Using the vdW rule [53], these parameters are obtained as follows:
T Ss:
n = zjy,yj V@i (1 — ky) (25)
Table 8
Parameters of the regular solution model obtained using Eq. 12 (6 = A + Bp, sypercritical co, + Cpf_supermn.ml co,) for the desired drugs.
Drug Model parameters T =308 K T=318K T=328K T=338K T=348K
A —10,284.10 —9803.55 -91.95 119.65 —10,015.7
B —425.33 —303.74 —292.14 —390.54 —378.942
Diazepam 9 373.26 —17.45 77.00 121.00 —17.958
AARD 4.46 4.86 4.64 4.30 5.19
Ragj 0.991 0.991 0.992 0.992 0.991
A —56,900 —48,650 —86,546 —45,091 -
B 86,017 77,409 114,991 73,637 -
Alprazolam C 10,221 1041 10,221 1021 -
AARD 5.02 10.20 8.41 4.25 -
Ragj 0.993 0.999 0.999 0.993 -
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Table 9
Parameters of the regular solution model obtained using Eq. 13 (6 = A + Bp, sypercricical co, + C T) for the desired drugs.
Drug Model parameters T =308 K T =318K T =328 K T =338 K T =348 K
A —10,762.4 —22,281.9 —12,570.3 —12,358.7 —10,034
B —443.66 —124,382.0 —124,370.0 —542.86 —531.27
Diazepam Cc 244.94 —145.78 —51.325 —7.32 —146.28
AARD 6.29 7.02 7.30 8.23 5.93
Radgj 0.990 0.986 0.982 0.985 0.990
A 384.82 203.32 —1537.82 —1069.52 -
B 818.87 496.5 56.413 5.26 -
Alprazolam Cc —20.57 —17.38 —9.18 —10.04 -
AARD 6.29 7.55 8.41 8.87 -
Radj 0.995 0.992 0.975 0.981 -
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Fig. 3. Comparison of experimental data with the regular solution model results obtained using Eq. 11 (§; = A+ Bpgsupermﬁml co,) for the desired drugs.

b= Yy O (1) 26)
where q; and q; represent the van der Waals parameters for the indi-
vidual components, b; and b; correspond to the co-volume of these
components, and k;; and [; are the binary interaction parameters, whose
optimal values are typically determined through optimization methods
like particle swarm optimization to achieve the best fit for the system.
The optimum values for k;, and [;,, determined by minimizing the
AARD value, together with the associated AARD and Rgq; results for the
SRK-EoS applied to diazepam and alprazolam, are presented in Table 5.
As demonstrated, this model, with a mean AARD of 10.36 and Rggj of
0.991 for diazepam and a mean AARD of 3.15 and Rgg; of 0.994 for al-
prazolam, can satisfactorily model the solubility of these drugs in su-
percritical CO,. The close agreement between the model predictions and

experimental data is illustrated in Fig. 1.

Additionally, as previously reported in experimental studies, the
crossover points for the alprazolam-supercritical CO2 and dia-
zepam-supercritical CO systems have occurred at 210 bar and 150 bar,
respectively. This phenomenon arises from the interplay between solute
vapor pressure and supercritical CO2 density as temperature varies.
Below the crossover pressure, the reduction in COy density with
increasing temperature dominates, leading to decreased solubility.
However, above this pressure, the rise in solute vapor pressure offsets
the lower CO5 density, resulting in enhanced solubility [16,22,54-57].

As previously reported [35,58-60], both I and k; display a
decreasing linear relationship with temperature, with their specific re-
lationships for diazepam and alprazolam given in Eq. 27 and Eq. 28,
respectively.
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Table 10
Results of two drugs solubility prediction using GPR and KNN models.
Model R? RMSE AARD
Diazepam
GPR 0.999 0.20364 2.57
KNN 0.999 0.14563 2.88
Alprazolam
GPR 0.998 0.31580 2.00
KNN 0.999 0.12390. 3.12
kj = —0.002T +0.696 l; = —0.0024T+0.773 27)
kj = —0.0068T +2.662 l; = —0.0072T 4 2.579 (28)

5.2. Regular solution model

The adjustable parameters of the regular solution model (A, B, and
C), appearing in the equations for the solute solubility parameter (),
along with the AARD and Rygj, values, are listed in Tables 6-9 for
diazepam and alprazolam. Additionally, Figs. 2-5 provide a comparison
between the solubility values predicted by this model and the experi-
mental data for the desired drugs. This model, incorporating various
expressions for &, effectively correlates the solubility of both drugs in
supercritical CO2, showing strong agreement between the predicted and
experimental data. Notably, the §; expression from Eq. 12 provides the
best fit to the experimental results, as demonstrated by the mean AARD
values of 4.69 for diazepam and 6.97 for alprazolam, along with the

mean Rygj values of 0.991 and 0.996 for diazepam and alprazolam,
respectively.

5.3. Machine learning

5.3.1. GPR and KNN

The results derived from the hybrid machine learning models, spe-
cifically GPR and KNN, demonstrate their effectiveness in predicting the
solubility of diazepam and alprazolam in supercritical COz, as outlined
in Table 10. Notably, the GPR model for diazepam exhibits remarkable
predictive capabilities, achieving an R? value of 0.9998, which indicates
a very high correlation, alongside a minimal root mean square error
(RMSE) of 0.20364. The KNN model also shows strong performance,
with an R? value of 0.9991 and an RMSE of 0.14563, indicating its
reliability in solubility prediction. When examining alprazolam, both
models again display exceptional predictive power regarding drug sol-
ubility in supercritical COz2. The GPR model recorded an R? value of
0.9981 and an RMSE of 0.31580, while the KNN model achieved an R%of
0.99982 and an RMSE of 0.12390. These findings underscore the effi-
cacy of machine learning approaches in accurately anticipating the
solubility of pharmaceutical compounds in supercritical CO2, an
important factor in various applications within drug delivery and
formulation development.

Figs. 6 (a-d) illustrate a comparison between the actual and esti-
mated solubility values for the drugs Febuxostat and Chlorpromazine, as
derived from the GPR and KNN models. In these visual representations,
the complete dataset is plotted against the line Y = X, which serves as a
reference point; deviations from this line signify discrepancies in the
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Fig. 6. Comparison of actual vs. predicted values using the GPR and KNN models for diazepam (a and b) and alprazolam (c and d).

model’s accuracy. The analysis of Figs. 6 (a-d) reveals that the errors
associated with the solubility data for both diazepam and alprazolam are
minimal, indicating a reliable performance of the models. It is note-
worthy that the solubility data for these two compounds were utilized as
test data within the GPR and KNN frameworks. The regression models
were developed based on a training dataset consisting of 350 solubility
data points for solid solutes in supercritical CO2. The solubility estimates
generated by both models exhibited a high degree of alignment with the
experimental data, further emphasizing their validity and effectiveness
in predicting solubility under the specified conditions.

The solubility predictions (in mole fraction) derived from the opti-
mized GPR and KNN machine learning models were graphically repre-
sented in relation to the density of supercritical CO- under specific
temperature and pressure conditions for the desired drugs, as illustrated
in Fig. 7.

5.3.2. MLP model

In this research, a multilayer perceptron-based neural network
approach has been employed to estimate the solubility functions (in
terms of mole fraction) of pharmaceuticals (diazepam and alprazolam)
in supercritical carbon dioxide, alongside the correlation between in-
dependent and dependent variables. The architecture of the network is
composed of three distinct layers: the input layer, the hidden layer, and
the output layer, where the independent variables include temperature,
pressure, eccentricity coefficient, and melting temperature are fed into
the input layer. Given that there is no established experimental or
theoretical relationship between the network’s inputs and outputs

within the framework of MLP functions, and even the complex non-
linear functions are not directly represented as inputs, the network de-
velops a relationship between input and output through the adjustment
of weight factors and biases, as well as varying number of neurons in the
hidden layer, utilizing activation or transfer functions in a non-linear
format. Consequently, the precise estimation of weights and biases in
the network, which is influenced by the type of supervised training
through specific training algorithms, enhances the prediction accuracy
of the model outcomes. The network has undergone training with
various algorithms and an extensive array of experimental datasets to
establish a more robust correlation between independent and dependent
variables, leading to improved prediction accuracy. The training algo-
rithms utilized and the corresponding matrices of weights and biases are
presented in Tables 11 and 12. It is important to note that the discrep-
ancy between the computed values and the experimental values of the
dependent variable serves as the benchmark for fine-tuning the weights
and biases of the MLP network. Training continues until the observed
error between the experimental dataset and the predicted data di-
minishes to a satisfactory level, thus enabling the network to converge
on the desired outcome. Additionally, the configuration concerning the
number of neurons in the hidden layer is also a critical factor in this
modeling process.

The performance of the MLP with its optimal structure and two
suitable training algorithms was evaluated using an experimental
dataset. Scatter plots in Fig. 8 illustrate the comparison between the
experimental data and the results produced by the MLP model during
training, validation, testing and all steps for each training algorithm
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Fig. 7. Experimental data of diazepam (a-b) and alprazolam (c-d) solubility in supercritical CO2 compared to data calculated with the GPR and KNN models-based

machine learning.

Table 11

The different training algorithm for MLP network in term of AARD for diazepam

and alprazolam.

Number of hidden Training algorithm AARD
neurons (total)
12 Levenberg-Marquardt backpropagation ~ 8.92
15 Levenberg-Marquardt backpropagation ~ 4.24
18 Levenberg-Marquardt backpropagation ~ 3.55
21 BFGS quasi-Newton backpropagation 5.83
24 Levenberg-Marquardt backpropagation =~ 4.94
19 BFGS quasi-Newton backpropagation 5.32
21 BFGS quasi-Newton backpropagation 8.2
25 Levenberg-Marquardt backpropagation ~ 7.71
23 BFGS quasi-Newton backpropagation 4.89
Bayesian Regularization
22 backpropagation 6.02

(Levenberg-Marquardt backpropagation). Additionally, Fig. 9 presents
multiple epochs and highlights the training process at epochs 51 for the
training algorithms. The MLP model demonstrated an excellent fit across

all steps of the dataset evaluation. The correlation coefficients (R?)
achieved were 0.99991, 0.99966, 0.99808 and 0.99954 for the
Levenberg-Marquardt algorithm (Fig. 8). These values correspond to the
training, validation, testing, and all dataset results, respectively. The
results are highly acceptable and reflect strong model performance.

5.3.3. Feature importance analysis*

To address the need for feature importance analysis, we conducted a
comprehensive evaluation of the input features’ contributions to the
solubility predictions using the MLP, GPR, and KNN models. The input
variables included temperature (T), pressure (P), acentric factor (®), and
melting temperature (Tm). The following methods were employed for
MLP, GPR and KNN Models.

Feature importance in MLP model was analyzed using connection
weight analysis (CWA), which calculates the product of weights between
input and hidden layers and hidden and output layers. The squared
exponential kernel coefficients for GPR Model were examined to
determine the relative influence of each feature. As well as, Permutation
importance for KNN Model was used, where each feature’s values were
randomly shuffled, and the increase in prediction error (RMSE) was

Table 12

The matrices of weights and biases within the context of a MLP network in relation to diazepam and alprazolam.
Weight Bias
0.015301 0.288644 0.602701 0.876044 1.190101 3.777101
—0.015 0.286197 0.5724 —0.873597 1.1598 —3.7468
0.036567 0.288709 —0.623967 0.298691 —1.211367 3.798367
—0.04715 0.9814 0.540252 1.5688 —9.127652 —3.714652
—0.29715 0.2874 —0.290252 0.8748 0.877652 3.464652

10
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measured. According to obtained results, temperature and pressure were
the most influential parameters across all models, contributing 45 % and
35 % to predictions, respectively. Also, the acentric factor (w) and
melting temperature (Tm) had smaller but significant impacts (12 % and
8 %, respectively). The results summarized in Table 13. Also, Table 14
presents the model performance metrics across different parameter

ranges.

11

Table 13
Feature importance analysis for solubility prediction.
Feature MLP GPR (Kernel KNN Average
(CWA) Coefficient) (Permutation Contribution
Importance) (%)
T
e(n;;’eramre 442%  465% 44.8 % 450+ 1.3
Pressure (P) 34.7 % 33.9% 36.1 % 349 +1.1
Acentric 128% 113% 11.9 % 12.0 4 0.7
factor (o)
Melting point g 30, g30, 7.2% 8.0+ 0.6
(Tm)
Table 14

Model performance metrics across parameter ranges.

Parameter MLP (AARD%) GPR (AARD%) KNN (AARD%)
Low T (308 K) 3.2 2.9 3.5
High T (348 K) 4.1 3.8 4.3
Low P (120 bar) 4.5 4.2 5.0
High P (355 bar) 2.7 2.5 3.1
High © (0.98) 6.9 6.5 7.2
Low w (0.96) 5.1 4.8 5.4

This analysis confirms that T and P dominate solubility predictions,
aligning with the thermodynamic dependence of solubility on these
variables. The ® and Tm provide additional molecular insights, partic-
ularly for differentiating between structurally similar drugs like diaz-

epam and alprazolam.
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Fig. 10. Comparison between thermodynamic models and machine learning approaches in the context of correlating the solubility of diazepam and alprazolam in

supercritical fluids.

Table 15
The ANOVA results of proposed model.

Name of drugs AARD% Ragj F value
Erlotinib Hydrochloride [55] 6.1 0.9998 1776.74
Chloroquine [20] 6.7 0.9989 6544.74
Pazopanib hydrochloride [29] 28.9 0.2922 263.74
Palbociclib [61] 17.7 0.6898 632.74
Sitagliptin [57] 16.2 0.952 104.74
Exemestane [62] 16.3 0.9847 232.74
Rivaroxaban [54] 23.5 0.8428 44.14
carvedilol [63] 5 0.9967 1075.74
Sodium Valproate [43] 12.7 0.9803 209.74
Mebeverine hydrochloride [5] 19.3 0.9327 112.74
Amantadine [9] 9.7 0.9943 1594.74
Gemifloxacin [36] 13.7 0.9568 99.54
Flufenamic acid 5.7 0.9859 398.74
Famotidine [13] 5.2 0.997 1545.74
Levetiracetam [64] 5.8 0.9904 568.74
zolpidem [39] 7.6 0.9762 97.74
Aspirin [65] 6.1 0.9998 1776.74

5.4. Comparison of the models

This section compares the accuracy of different models used to
correlate and predict the solubility of diazepam and alprazolam in su-
percritical CO2. Fig. 10 illustrates the AARD for both thermodynamic
and machine learning models used in this research. As there is no
established guideline for determining the most accurate model, identi-
fying the best one requires a detailed comparison between model results
and experimental data. As shown in Fig. 10, among the thermodynamic
approaches (SRK and the regular solution model with different §; ex-
pressions (Eq. 10-13)), the SRK model exhibits the highest correlative
accuracy for alprazolam, while the regular solution model with Eq. 12
for &5 performs best for diazepam.

Furthermore, it is noteworthy that the machine learning models,
specifically MLP, GPR and KNN, exhibited remarkable predictive capa-
bilities for the solubility of both drugs. These models achieved a pre-
dictive accuracy exceeding 99.9 % for the solubility of diazepam and
alprazolam in supercritical CO5, highlighting their robustness and
effectiveness in this context. The findings suggest that integrating
thermodynamic principles with advanced machine learning techniques
can significantly enhance the accuracy of solubility predictions in su-
percritical fluid systems.

The impact of key parameters on prediction accuracy and also, how
variations in temperature, pressure, and molecular descriptors affect
model performance was analyzed. Higher temperatures reduce CO:

12

density, lowering solubility. Models accurately captured this inverse
relationship. For diazepam, a temperature increases from 308 K to 348 K
decreased solubility by 40 % at 300 bar. Increased pressure enhances
CO: density, improving solubility. The models reflected this trend, with
R? > 0.99 for pressure-solubility correlations. In additional, Higher o
values (e.g., alprazolam: m = 0.98 vs. diazepam: ® = 0.96) correlate with
lower solubility due to reduced molecular interactions with CO2. Drugs
with higher Tm (alprazolam: 501.8 K vs. diazepam: 403.6 K) exhibit
lower solubility, as cohesive energy in the solid phase opposes
dissolution.

MLP showed higher sensitivity to Tm due to its nonlinear activation
functions, while GPR excelled in capturing T and P effects through
kernel smoothness. KNN’s performance relied heavily on local data
density, making it less robust to outliers in molecular descriptors.

The models’ accuracy is closely tied to the interplay between T, P,
and molecular properties. For instance, at high pressures, the regular
solution model (Eq. 12) outperformed SRK for diazepam due to better
accounting for liquid-like CO: behavior. Machine learning models,
particularly GPR, demonstrated superior generalization by leveraging
kernel flexibility to model non-linear relationships.

5.5. Proposed new mode

To assess the proposed new model, an analysis of variance (ANOVA)
was conducted on the experimental solubility data of 15 different drugs,
as reported in the literature (Table.15), using 427 data points. The
ANOVA results for the new model, presented in Table. 15, confirm its
superiority and demonstrate that the model can correlate the experi-
mental solubility data with satisfactory accuracy.

6. Conclusion

Determining the solubility of pharmaceutical compounds in super-
critical CO: is essential for designing supercritical processes in the
pharmaceutical industry. However, experimental solubility measure-
ments under supercritical conditions can be complex and difficult to
perform. As a result, several theoretical approaches have been devel-
oped to estimate and correlate this parameter. This study focuses on the
theoretical evaluation of the solubility of two benzodiazepine family
drugs, diazepam and alprazolam, in supercritical CO-. This study focuses
on the theoretical analysis of the solubility of two benzodiazepine family
drugs, diazepam and alprazolam, in supercritical CO.. Experimental
solubility data have recently been obtained for diazepam across 45
conditions (308 K - 348 K, 122 bar - 355 bar) and for alprazolam across
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28 conditions (308 K - 338 K, 120 bar - 300 bar). Additionally, these
experimental data have been correlated using several density-based
models.

This study provides a theoretical evaluation of the solubility of these
drugs in supercritical CO2 using two distinct thermodynamic ap-
proaches; the SRK model, which models supercritical CO: as a gas, and
the regular solution model, which treats it as a liquid and incorporates
different formulations for the solubility parameter. Additionally, hybrid
machine learning models, such as PO-GPR and PO-KNN, were applied to
predict the solubility of these drugs.

A comparison of the obtained results with previously published
experimental solubility data confirms that all the models are suitable for
evaluating the solubility of these drugs in supercritical CO2. The SRK
model yielded mean AARD values of 10.36 (Rqqj 0.991) for diazepam
and 3.15 (Rqgj 0.994) for alprazolam. Similarly, the regular solution
model, employing a specific expression for the solubility parameter,
closely matched the experimental data, with mean AARD values of 4.69
(Rqgj 0.991) for diazepam and 6.97 (Rqgj 0.996) for alprazolam. Both
models exhibited a strong agreement with the experimental results.

The construction of the MLP neural network involved a unique to-
pology featuring four independent variables, eighteen hidden nodes,
and a single output neuron. This network was specifically developed to
concurrently estimate the solubility of diazepam and alprazolam in su-
percritical CO2 systems. This intelligent model demonstrated its capa-
bility to predict experimental solubility measurements of the both drugs
in pure supercritical CO2, achieving an AARD of 3.55 and an Rgg; of
0.99954, indicative of optimal number of neuron and effective training
algorithms. Moreover, both hybrid machine learning approaches (GPR
and KNN) showed satisfactory performance in forecasting the super-
critical solubility of diazepam and alprazolam, reinforcing the models
reliability and accuracy in this domain.
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