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Salsalate solubility in supercritical carbon dioxide was studied in this research by computational
simulation to correlate the solubility to input parameters including temperature and pressure. A dataset
was collected from resources and the models were correlated to the data. Both training and validation
steps have been performed to implement the computational tasks. Indeed, we are dealing with a dataset
with two P and T inputs and one output (drug solubility), and 32 data points. We chose three models
based on Gaussian Process Regression (GPR) including simple (raw) GPR, Ada-boosted GPR, and
Bagged GPR as two ensemble methods for correlation of the solubility data. All hyper-parameters were
tuned for more general models and models evaluated with standard metrics. The GPR,
Adaboost + GPR, and Bagging + GPR have scores of 0.9779, 0.9992, and 0.9795 using R-squared, respec-
tively. Also, in terms of RMSE models have error rates of 1.25 x 1074, 1.20 x 1074 and 1.29 x 1074,
respectively. Finally, considering the standard criteria and visual analysis, the boosted GPR model is
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selected as the main model. The optimal values found as (P = 400, T = 338.0, Y = 0.003879).

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

Development of supercritical processing and its application in
pharmaceutical manufacturing has gained momentum recently,
due to the superior characteristics of supercritical processing
which can be considered as green technology [1-4]. The technol-
ogy is attractive as it utilizes mainly CO, as the solvent for the pro-
cessing drug formation such as solid dosage oral formulations. The
drug particles can be prepared in nanosized which can enhance its
solubility in aqueous solutions specifically for poorly water-soluble
drugs [5-11]. Basically, the drug particles at nano scale provide
higher free energy due to their high surface area which is favorable
for enhanced solubility in aqueous media [12-18]. For preparation
of nanomedicine, supercritical technology using CO, as solvent can
be employed by which the drug solubility in the solvent is a crucial
parameter prior to design of process and operation [19,20]. The sol-
ubility can be measured by different techniques among which

* Corresponding author.
E-mail address: 1wl225@163.com (W. Liu).

https://doi.org/10.1016/j.molliq.2022.119208
0167-7322/© 2022 Elsevier B.V. All rights reserved.

gravimetric method is the major method due to its simplicity
and reliability [21,22].

The solubility of drugs in supercritical solvents can be also
interrogated using computational techniques such as thermody-
namic models, semi-empirical correlations, and machine learning
techniques. Recently, semi-empirical methods have been exten-
sively used for correlation of drug solubility in supercritical CO,
to the operational parameters, i.e., pressure and temperature
[19,21-28]. Also, it has been reported that machine learning mod-
els can be successfully used in correlation of drug solubility in
supercritical carbon dioxide. In terms of fitting accuracy, machine
learning models have shown to be more accurate compared to
other models such as thermodynamic models [29,30]. Therefore,
development of machine learning models for prediction of drug
solubility is a great subject of research with practical application
in pharmaceutical manufacturing of solid dosage oral formulations
[31-36].

Machine learning (ML) methods can be used like other compu-
tational techniques for prediction and understanding the relation-
ship between the process parameters and response in physical,
chemical, and biochemical processes [31,37-45]. These techniques
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use database technology, statistical analysis, and some other disci-
plines to extract information, correlations, and hidden patterns of
different datasets [46,47]. Modeling and forecasting are often
accomplished using two strategies. The classic approach is built
on a single independent model, whereas the modern ensemble
methods such as bagging, and boosting are built on several models
[48]. The established results show that these learning methods
outperform the typical individual ML models [49-51]. The ensem-
ble models initially train numerous weak (base) predictors with
training data and then combine them to form a strong predictor
[52-54]. In this study, we used kriging or Gaussian process regres-
sion both as a standalone model and base model for bagging and
boosting models.

The Gaussian process regression model is a helpful nonpara-
metric Bayesian model that can be employed in exploration and
exploitation. One of GPR’s key advantages is its ability to process
an accurate response to a model’s input variables. This method
may display a vast variety of correlations between input features
and output targets by employing a theoretically boundless quan-
tity of input features and letting the data to control the complexity
of predictors with Bayesian inference [55-58].

Boosting is a popular and necessary approach in ensemble
learning, also known as improved learning. Boosting improves pre-
diction outcomes by incorporating key factors. AdaBoost is a com-
mon Boosting approach that combines the estimations of multiple
weak learners to create more efficient and applicable estimates.
AdaBoost is a repeated strategy that trains a large number of base
(weak) estimators for the whole training data set and then aggre-
gates these base estimators to create a more robust final robust
learner [51,59,60].

Furthermore, Bagging is a widely used ensembles for modeling
that uses the bootstrap sample selection (for developing base mod-
els) strategy and aggregating advantages. The initial training set
replaces part models during the bagging process. In this method,
a data point may be used in training multiple weak predictors
and some other data points may never be used. The final result is
then computed by averaging the weak model outputs [61,62].

2. Data set for the computational study

The experimental data set contains 32 data points, each with
two P and T inputs and one output (Table 1). This dataset is the
same as reported in [63] for the solubility of Salsalate drug in
supercritical CO, at different operational conditions as listed in
Table 1. Indeed, we have taken the data and used them for training
and validation in this work. Also, the pairwise Pearson correlation
between input and outputs is shown in Fig. 1.

3. Computational method
3.1. Gaussian process regression (GPR)

Non-parametric learning algorithms have grown in prominence
in machine learning over the last decade, particularly the Bayesian
approach for Gaussian Process (GP) models [64]. GPR, a complete
Bayesian learning method, is used in a variety of applications
including multivariate regression, experiment design, and model
approximation [65,66]. A process is called Gaussian Process if the
model outputs’ joint probability distribution is Gaussian. The fun-
damental profit of GPR is that it incorporates several various ML
tasks such as uncertainty estimation, model development, and tun-
ing of hyper-parameters [67-69].

GPR operates under a probabilistic framework, which takes a
training dataset D = [(y;x;) n = 1,.. .I] including I input data points
x;€R? as input and output y; (a noisy scalar), and develops a
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Table 1
The whole data set used in this work [63].

No x1=P x2=T y
1 120 3.08 x 107 1.07 x 107*
2 120 3.18 x 10? 7.07 x 107°
3 120 3.28 x 10? 6.12 x 10>
4 120 3.38 x 107 3.77 x 107°
5 160 3.08 x 10? 1.98 x 1074
6 160 3.18 x 10? 217 x 1074
7 160 3.28 x 102 1.87 x 107*
8 160 3.38 x 10? 1.66 x 10°*
9 200 3.08 x 10? 247 x 1074
10 200 3.18 x 102 359 x 1074
11 200 3.28 x 107 514 x 1074
12 200 3.38 x 10? 593 x 104
13 240 3.08 x 10? 2.95 x 1074
14 240 3.18 x 10? 483 x 1074
15 240 3.28 x 10? 6.85 x 1074
16 240 3.38 x 10? 1.02 x 1073
17 280 3.08 x 10? 3.88 x 1074
18 280 3.18 x 10? 6.74 x 1074
19 280 3.28 x 102 1.05 x 1072
20 280 3.38 x 102 1.60 x 1073
21 320 3.08 x 107 471 x 1074
22 320 3.18 x 10? 8.59 x 1074
23 320 3.28 x 102 1.39 x 1073
24 320 3.38 x 102 211 x 1073
25 360 3.08 x 10? 5.35 x 1074
26 360 3.18 x 10? 9.58 x 1074
27 360 3.28 x 102 1.69 x 1073
28 360 3.38 x 10? 252 x 1073
29 400 3.08 x 10? 577 x 1074
30 400 3.18 x 10? 1.28 x 1073
31 400 3.28 x 10? 225 x 1073
32 400 3.38 x 10? 3.88 x 1073
Pearson Correlation Plot .
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Fig. 1. Pairwise correlation plot.

predictor that generalizes to the distribution of the target value
for at unseen data points. Using the GPR, the computation of y; is
acquired as follows:

Vi =fx) + &

It is important to mention that Gaussian Process Regressor
assumes the latent function values f(x;) as random variables, and
the relevant input variables x; are used to index them .¢; indicates
the Gaussian noise (variance ¢2,, and mean = 0) i.e., & N(0, 02 ,)-

noise noise
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The fundamental benefit of employing the Gaussian prior
assumption is that functions may be defined easily using a mean
function m(x) and a covariance function cov(x, x'). Let x* reflect a
random sample of input variables; consequently, the output vari-
able is estimated by the predictive probability distribution p(y * |
X, y, x) with mean and variance [70]:

P = m(x) + k(K + a20) ' (y — m(xx))

02 =k + 02—k (K + a2l),

Here, I denotes the identity matrix, k, stands for some vectors
which is defined by [k,]; = cov(x;, xx), k, = cov(x; xx) and K shows
a covariance matrix of [K];; = cov(xi, x;). When the aforementioned
descriptions are taken into account, it is evident that the model
output is dependent on the training group X, y, as opposed to
canonical regression approaches in which the parameters are only
used to derive the model estimation [70].

To acquire reliable estimations, the covariance and mean func-
tion parameters are retrieved from the provided dataset. As a
result, these parameters, known colloquially as hyper-
parameters, completely dictate the predictive probability distribu-
tion. The hyper-parameter values are calculated by maximizing the
log-likelihood function of the training group [70]:

1 _ 1
logp(y|X) = —ij (K + o) 1y -3 log(|K + a2I)| — g log(27)

Here, n is the quantity of training subsets.

3.2. Bagging and boosting ensembles

Machine learning (ML) techniques use ensemble techniques to
improve recognition and prediction reliability. These methods fre-
quently help to alleviate the over-fitting problem by integrating
and aggregating numerous weak learners. Creating multiple sub-
models’ components (base predictors) (1, ..., M) by intelligently
updating training data can be used for developing some better
learners. Particularly, the ideal parametric or predictive model
can be obtained by combining qualifying sub-models using averag-
ing or voting combination procedures [71].

The boosting approach, like the bagging technique, creates an
ensemble model that results in the construction of some of learn-
ers with more accuracy than a single model.

In this study, we used a simple bagging ensemble on the GPR
model alongside Adaboost as a boosting ensemble on the same
model. Adaboost [72] updates the distribution of the training
data set. In condition when &t is the miss-estimation rate at iter-
ation t, next the weights for miss-estimated examples in the
training subset will be modified by the factor pt =1 The
whole sum of the modified weights is set to one. The estimators
C1, C2, ..., Ct are combined based on the weighted averaging. Ct
is weighted by log(Bt). The iterations will be finished if et
N > 0.5 and iteration T is altered to t — 1. If ¢t = 0, then trial
T becomes t. As a result, the new ensemble estimators developed
by Adaboost are forced to focus on more difficult instances. The
performance of each estimator is weighted in the voting for the
final outcome [50,51,73].

4. results and discussion

The explained models in the previous sections have been uti-
lized in order to correlate the solubility of Salsalate to the pressure
and temperature. Ensemble model hyper-parameters can be corre-
lated with the appropriate quantity of weak predictors or learning
rates, as well as other such parameters that especially influence
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ensemble techniques. The three introduced models were tuned
to their hyper-parameters using the test and evaluated by standard
criteria. These criteria are presented below. There are also hyper-
parameters related directly to GPR such as alpha value. The three
selected GPR-based models were tuned to their hyper-parameters
and evaluated using standard criteria using the test. These stan-
dards are outlined below.

Certainty, R? is the most often utilized criterion for judging the
performance success of estimation outcomes. It displays how clo-
sely the patterns of the estimated results correspond to the trends
of the observed data [74]:

R2 -1- Z(yiixi)z
~\2
= (5 %)
The standard deviation of the difference between the predicted

and expected outputs is used to calculate the RMSE. It provides a
measure of predictability for the expected values [75].

MAPE is a widely used metric due to the scale independence
and interpretability. It is a statistical metric used to determine
the performance of an estimation model. MAPE defines error size
as a float between 0 and 1 or as a percentage [76]:

13~ Xi—Y
1\/1,4135_5'2:1]—Xi |

y; and x; indicate estimated and expected outputs, respectively.
x; is the average of expected data. n reflects the size of dataset.

The above criteria have been implemented for the developed
models and the statistical parameters are listed in Table 2 for three
models. It is clearly seen that the model of Adaboost + GPR has the
highest value of R? which is equal to 0.999 confirming the fitting
accuracy of this model compared to the other two models, as listed
in Table 2.

Figs. 2-4 display the comparison of actual (expected) and
predicted values of three implemented models. Comparing
them, we can see BAGGING + GPR and AdaBoost + GPR have
the relatively same result, and both are better than the GPR
model (without ensembles). According to these facts and results
in Table 2 finally, AdaBoost + GPR was selected as the most
accurate model in this study among other models. It is also
seen that all models have great capability in prediction of Sal-
salate solubility in supercritical CO, at various temperatures
and pressures.

Furthermore, the optimum points obtained by the model
(AdaBoost + GPR) are presented in Table 3. Also, the 3D and 2D
plots of the drug solubility as function of pressure and temperature
are illustrated in Figs. 5-7. Moreover, the residual of fitting is rep-
resented in Fig. 8. It is illustrated that the solubility of Salsalate in
the solvent is enhanced with both temperature and pressure. How-
ever, it is seen that the influence of temperature (x2) is more sig-
nificant compared to the effect of pressure (x1) on the drug

Table 2

Final model results.
Models MAPE RMSE R?
GPR 7.2389E-02 1.2500E-04 0.9779
Adaboost + GPR 7.2831E-02 1.2038E-04 0.9992
Bagging + GPR 7.329E-02 1.2945E-04 0.9795
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Fig. 2. Actual versus GPR predicted.
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Fig. 3. Actual versus ADABOOST + GPR predicted.
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Fig. 4. Actual versus BAGGING + GPR predicted.

Table 3
Final optimal values of the paramours for maximum response.
X1 =P X2=T Y
400 338.0 0.003879
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Fig. 8. Residuals

solubility. It is also indicated that the highest Salsalate solubility is
obtained at the maximum values of pressure and temperature as
listed in Table 3.

5. conclusion

We developed computational models for estimation of drug sol-
ubility in supercritical carbon dioxide as the green solvent with
view of nanomedicine production. Salsalate was considered as
the model drug in this work. We are dealing with a dataset con-
taining two P and T inputs, one output, and 32 data points in this
study. As two ensemble approaches, we used three Gaussian Pro-
cess Regression (GPR) models: simple (raw) GPR, Ada-boosted
GPR, and Bagged GPR. All hyperparameters have been tweaked
for a more general model, and models have been evaluated using
standard metrics. In terms of R-squared, the GPR,
Adaboost + GPR, and Bagging + GPR have values of 0.9779,
0.9992, and 0.9795, respectively. Furthermore, the RMSE models
have error ratings of 1.25E-04, 1.20E-04, and 1.29E-04, respec-
tively. As the third metric, in MAPE models have 7.2389E-02,
7.2831E-02, and 7.329E-02, respectively. Finally, the boosted GPR
model is chosen as the main model based on the usual criteria
and visual analysis. The ideal values were discovered to be
(P =400, T = 338.0, Y = 0.003879).
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