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A B S T R A C T

Background: Vapor-liquid equilibrium (VLE) data is essential for separation processes, but traditional models such 
as UNIFAC require extensive experimental parameters. To improve the efficiency of VLE modeling and reduce 
the dependence on experiments, we developed machine learning models using COSMO-based σ-profiles and 
MACCS keys.
Methods: Two deep learning models, MLP-COSMO and MLP-MACCS, are developed. MLP-COSMO, based on 
σ-profiles, allows high-precision phase equilibrium predictions using only molecular structures, eliminating the 
need for experimental interaction parameters. The pressure range spans 0.947 to 817 kPa and the temperature 
range spans 199.93 to 548.15 K.
Significant findings: By utilizing σ-profiles, our developed model MLP-COSMO, which surpasses COSMO-SAC 
(2010) in accuracy and achieves a level comparable to UNIFAC, with specific results of R²-y = 0.9926, R²-P =
0.9889, AAD − y(%) = 1.04% and AARD − P(%) = 2.88%, evaluated on a test dataset excluded from training 
process. This study successfully demonstrated that high-precision VLE predictions can be achieved using only a 
molecular structure, effectively addressing the challenge of missing experimental parameters. Furthermore, the 
results indicate that the spatial charge descriptor (σ-profile), encapsulating molecular polarity information, is 
considered to be more suitable as input data for machine learning models in VLE prediction than structural 
fingerprints of MACCS.

1. Introduction

In recent advances in chemical engineering, the study of essential 
properties of materials has become indispensable spanning diverse fields 
such as separation, materials design, environmental engineering, and 
the transition to renewable energy. Among the studies of physical 
properties in chemical engineering, phase equilibrium has been a long- 
standing area of research. Phase equilibrium refers to the balance of 
chemical species between different phases, such as gas and liquid, liquid 
and liquid, or liquid and solid in systems composed of one or multiple 
substances. For example, understanding the vapor-liquid equilibrium 
(VLE) is fundamental to designing and operating the distillation process.

To reduce experimental costs associated with phase equilibrium 
measurement, the development and construction of excess Gibbs free 
energy models remains a significant part of phase equilibrium research. 
Whether empirical or theoretical, the parameters of molecular in
teractions are key factors in determining the accuracy of the model, and 
these parameters are typically determined by fitting them into 

experimental data. Empirical excess Gibbs free energy models, such as 
the Non-Random Two Liquid (NRTL) Model [1], the Wilson Model [2], 
and the Universal Quasi-Chemical (UNIQUAC) Model [3], operate using 
empirically determined parameters. For systems or conditions lacking 
experimental data, the simulation of phase equilibrium becomes 
impossible. To address this issue, the UNIFAC (UNIQUAC Functional 
Group Activity Coefficients) model [4,5] based on group contribution 
method is developed and widely used. In UNIFAC, molecules are divided 
into functional groups, and each functional group contributes to the 
overall properties of the mixture. By summing the contributions of all 
functional groups present in a molecule, we estimate various thermo
dynamic properties, including activity coefficients, vapor-liquid equi
libria, and liquid-liquid equilibria.

As a first-principle approach, Klamt proposed the conductor-like 
screening model for Real Solvents (COSMO-RS) method [6–10], and 
Lin et. al. proposed the COSMO segment activity coefficient (COSMO-
SAC) method [11–15]. By combining the molecular surface screening 
charge distribution obtained through quantum chemical calculations 
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and the relationship equations of statistical thermodynamics, it is 
possible to calculate the activity coefficients of components in mixed 
systems using only molecular structure information. These methods do 
not require empirically determined parameters, allowing for the pre
diction of various thermodynamic properties, including phase equilibria 
[13,16,17], solubility [18,19], CO2 capture [20–23], and partition co
efficients [18,24,25]. In the thermodynamics models based on 
first-principles mentioned above, the probability distribution of the 
surface charge segment of a molecule was obtained by optimizing the 
geometry of molecules in the conductor like screening model (COSMO) 
continuum solvation model of conductor-like screening (COSMO), 
called the sigma profile (σ-profile). Since the σ-profile represents the 
distribution of surface charge densities in a molecule. When a molecule’s 
σ-profile shows a higher probability distribution in regions of high 
charge density, it implies that the molecule has hydrogen 
bond-accepting characters. Conversely, if the molecule exhibits a higher 
probability distribution in regions of low charge density, it often sug
gests that the molecule has hydrogen bond-donating characters.

Although many conventional thermodynamic models have demon
strated good predictive capability for VLE, the development of model 
parameters has always been a tedious process. In recent years, 
leveraging machine learning (ML) and artificial intelligence (AI) to 
assist in thermodynamic model development or directly predict ther
modynamic properties has emerged as a promising solution. ML and AI 
have made notable strides in various chemical research domains in the 
past decade [26–34]. Recently, there has been an increasing amount of 
research attempting to use AI to predict VLE of substance mixtures. 
Mohanty applied AI network for the estimation of VLE for the binary 
systems of carbon dioxide–ethyl caproate, ethyl caprylate, and ethyl 
caprate. The results demonstrated a lower percentage deviation 
compared to the VLE estimated by the Soave-Redlich-Kwong or Peng 
Robinsons equation of state [35]. Vaferi et al. [36] built up a ANN based 
model to predict bubble and dew point pressures of various 
CO2–refrigerant binary systems. In the 9 binary systems studied, the 
predicted results showed the average absolute relative deviation (AARD 
− P(%)) and root mean square error (RMSE) of 2.79 % and 0.1153, 
respectively. Sun et al. [37] utilized machine learning models of ANN 
and RF, with input layers based on component thermodynamic prop
erties to predict the phase behavior of VLE. The model demonstrated 
high efficiency for a quick pre-estimation of the azeotropic distinction or 
a relative volatility estimation. Mesbaha et al. [38] developed a ML 
model based on the Least-Square Support Vector Machine (LSSVM) al
gorithm to simulate 425 VLE data from seven CO2/hydrocarbon binary 
mixtures in supercritical or near critical conditions, showed the AARD −
P(%) of 3.61.

Among these, the selection of molecular descriptors plays a crucial 
role in the predictive capability of the machine learning model. Taking 
the σ-profile as a molecular feature input layer in the machine learning 
model can provide numerous advantages over other conventional mo
lecular fingerprints. First, the σ-profile depicted the probability distri
bution of spatial surface charge densities of a molecule. Unlike 
traditional molecular descriptors that focus only on atom types and 
connectivity, this method incorporates spatial information, earning it 
the designation of a spatial charge descriptor [39]. Due to these addi
tional physical characteristics, it is better suited for predicting properties 
related to the three-dimensional structure. Another significant advan
tage is that the format of σ-profiles is customizable and remains 
consistent regardless of the size or complexity of the molecules, making 
it suitable for machine learning input. In a recent study, the σ-profile has 
been claimed to be universal molecular descriptors capable of predicting 
various physicochemical properties, highlighting its potential superior
ity over traditional molecular descriptors [40].

Numerous successful machine learning models have been imple
mented taking σ-profile as a molecular fingerprint. Hao et al. [39] in
tegrated the COSMO-based σ-profile into machine learning modeling, 
creating the COSMO-SVM model to validate cocrystal formation. They 

reported that the σ-profile, which contains intrinsic spatial charge in
formation, significantly improves the prediction accuracy of the ML 
model. Kataoka et al. [20] incorporated σ-profile into various machine 
learning models, successfully described the phase change of the biphasic 
solvent in the application of CO2 capture. Li et al. [41] took σ-profiles as 
molecular fingerprints to predict drug solubility in super-critical CO2. 
Their results demonstrated that deep neural networks (DNN) and 
random forest (RF) provided high accuracy in the prediction of solubility 
using σ-profile as input features. Mohan et al. [42] proposed an artificial 
neural networks to predict the solubility of CO2 in deep eutectic solvents 
(DES), using σ-profiles to represent DES molecules.

In this work, the multilayer perceptron artificial neural network 
(MLP-ANN) algorithm was selected to build predictive machine learning 
models. The algorithm had been successfully validated for the prediction 
of various thermodynamic properties [41,43–46]. Previous work using 
machine learning methods primarily used thermodynamic properties 
from real experiments of individual components as input information. 
By contrast, our study aims to develop predictive machine learning 
models using first-principle information as input for VLE behavior pre
diction, with the goal of reducing experimental costs and addressing the 
issue of missing thermodynamic parameters.

2. Method

2.1. Multilayer perceptron-artificial neural network (MLP-ANN)

In this work, the MLP-ANN models were developed using Tensor
Flow [47], an open-source Python package. Among various artificial 
neural network (ANN) models, the multilayer perceptron (MLP) has the 
greatest practical importance. MLP-ANN is a type of feedforward 
network with a structure that includes an input layer, an output layer, 
and several hidden layers. Each layer consists of multiple neurons, each 
of which is connected to neurons in the preceding and following layers, 
allowing information to flow forward and back during training. 
Compared to deep neural networks (DNNs), MLP-ANNs typically have a 
limited number of hidden layers, making them relatively simple but still 
effective for many applications.

2.2. Hyperparameter optimization

Hyperparameter optimization is a process that aims to find the 
optimal set of hyperparameters for machine learning models. The 
commonly used algorithms include grid search, random search, particle 
swarm optimization, tree-structured Parzen estimator, hyperband, ge
netic algorithms, and Bayesian optimization. In this work, Bayesian 
optimization was used for hyperparameter optimization in the MLP- 
ANN model. The range of the hyperparameter is guided by previous 
experience and literature reference [41]. Based on the consideration of a 
relatively larger dataset, we expanded the range of neurons, epochs, and 
batch size during the optimization process. The hyperparameter opti
mization items and range are listed in Table 1. During the optimization 
process, hyperparameters were optimized to minimize the objective 
function, which will be introduced in the later section. The 

Table 1 
List of hyperparameter ranges in the MLP-ANN model during Bayesian 
optimization.

MLP-ANN

Hyperparameters Range

Number of hidden layers (1, 4)
Neurons (16, 256)
Epoch (200, 1500)
Batch size (16, 240)
Learning rate (0.0001, 0.01)
Activation function (ReLU)
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hyperparameter values obtained from Bayesian optimization in the 
developed MLP-MACCS and MLP-COSMO models are summarized in 
Table S1 of the Supplementary Materials.

2.3. Data transformation

Data transformation is a critical preprocessing step to address 
skewed data distributions. Data skewness can be understood as the 
asymmetry of a data distribution, in which the data points may cluster 
more on one side of the distribution than on the other. As is known, 
handling skewed or imbalanced datasets is a frequent and challenging 
issue in machine learning [48]. Classification models often misclassify 
the minority class. Consequently, if skewed data are not properly 
handled, the model is prone to high misclassification rates [49]. The use 
of logarithmic data transformation in handling skewed datasets also 
demonstrated an effective improvement in the predictive performance 
of the ANN model [50]. Inspired by previous works, we implemented 
root and logarithmic transformations for the correction of data 
skewness.

3. Data processing

The experimental data for VLE were obtained from the DECHEMA 
Chemistry Data Series [51]. The Fig. 1 shows distribution of VLE data 
including vapor composition (yA) and pressure (P). Fig. 1(a) and Fig. 1 
(b) are the original distribution of yA (yori

A ) and P (Pori) . In the original 
dataset, the distribution of yA shows negative skewness with skewness =
-0.6439. In contrast, the original P shows extremely high asymmetry 
with skewness = 4.3526. Therefore, we need to restructure the data 
based on the positive skewness of P to facilitate machine learning 
models. Fig. 1 (c) to 1(f) represent various data transformation methods 
in the pressure dataset, including square-root transformed pressure 

(P1/2) (Fig. 1 (c)), cubic-root transformed pressure (P1/3) (Fig. 1 (d)), 
15th-root transformed pressure (P1/15) (Fig. 1 (e)) and logarithmic 
transformed pressure (log P) (Fig. 1 (f)), respectively. As illustrated in 
Fig. 1 (c) to 1(e), the root transformation effectively reduces the 
skewness of the P distribution. Skewness decreases progressively with 
higher root orders. Fig. 1 (f) shows the logarithmic transformation of P, 
resulting in the smallest skewness value of 0.0768.

In this work, two molecular descriptors, the σ-profile and MACCS 
keys, are introduced as input layer information. The equilibrium mo
lecular geometry is first determined under vacuum, after which the 
COSMO calculations are performed without any additional geometry 
optimization. The σ-profile of a given compound is obtained by con
verting a .cosmo file generated using Gaussian 16 [52] at b3lyp/6–31G 
(d,p) level [53]. The fundamental and detailed procedure for generating 
σ-profile is described in the Supplementary Materials. The complete 
σ-profile comprises 51 surface area values, spanning charge densities 
from − 0.025 to 0.025 e/Å² in increments of 0.001. The MACCS keys 
descriptor is created by RDkit [54] by converting the SMILES notation of 
a compound obtained from the website ’PubChem Identifier Exchange 
Service’. The MACCS keys fingerprint consists of 166 bits; each bit po
sition corresponds to the presence (=1) or absence (=0) of a pre-defined 
feature, such as atom types, bond types and counts, specific atomic 
combinations, functional groups, and other structural elements. The 
conceptual modeling flow chart of this work is shown in the Fig. 2. The 
detailed architecture of the MLP-ANN in the prediction of VLE behavior 
is shown in the Fig. 3. The framework contains two MLP-ANNs, one 
using σ-profile and the other using MACCS keys to represent binary 
compounds during modeling. In our machine learning model develop
ment, all VLE data were randomly shuffled and divided into training and 
testing datasets in a 4:1 ratio using 5-fold cross-validation to prevent 
overfitting and ensure consistent results across different data subsets. 
The prediction precision of the MLP-ANN model was evaluated using the 

Fig. 1. Histograms of the original and transformed data distributions. (a) Original vapor composition distribution (b) original pressure distribution (c) square-root 
transformed pressure distribution (d) cubic-root transformed pressure distribution (e) 15th-root transformed pressure distribution (f) logarithmic transformed 
pressure distribution.
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average absolute deviation in mole fraction (AAD − y(%)) and the 
average absolute relative deviation in pressure (AARD − P(%)). The 
objective functions used in optimization are defined to minimize the 
sum of AAD − y(%)and AARD − P(%). The detailed expressions are as 
follows. 

AAD − y(%) =
⃒
⃒yexp

A − ycal
A

⃒
⃒× 100% (1) 

AARD − P(%) =

⃒
⃒
⃒
⃒
Pexp − Pcal

Pexp

⃒
⃒
⃒
⃒× 100% (2) 

obj of VLE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1

⃒
⃒yexp

i − ycal
i

⃒
⃒

√
√
√
√ +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1

⃒
⃒
⃒
⃒
Pexp

i − Pcal
i

Pexp
i

⃒
⃒
⃒
⃒

√
√
√
√ (3) 

4. Results and discussion

4.1. Model accuracy

As mentioned in the previous section, the skewness of the data dis
tribution plays a crucial role in the construction of machine learning 
models. First, we discuss the effect of data transformation on model 
accuracy. Fig. 4 is a combination of a line graph and histograms, 

Fig. 2. Conceptual flow chart for the use of the MLP-ANN algorithm with consideration of σ-profile and MACCS keys as input feature in this work.

Fig. 3. The architecture of the MLP-ANN framework in the prediction of VLE behavior.
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demonstrating the relationships between AARD − P(%) using MLP- 
COSMO and MLP-MACCS and various transformations of the pressure 
data distribution (line graph), as well as the skewness values for the 
different transformed pressure data distributions (histograms). The 
upper and lower error bars represent the maximum and minimum AARD 
− P(%) in the 5-fold cross-validation at various data transformations. It 
can be seen that the AARD − P(%) obtained from both developed models 
is significantly improved with data transformation. In general, lower 
skewness leads to smaller AARD − P(%) values, indicating the impor
tance of skewness correction in pressure data distribution. However, 
even though the logarithmic transformation of P shows the lowest 
skewness, the AARD − P(%)does not improve further. The variation in 
the 5-fold cross validation with the log P transformation is even larger 
than with the root transformation. As a result, the 15th root trans
formation is chosen for our model construction and data representation.

Table 2 shows the detailed AARD − P(%), R2-P, AAD − y(%) and R2-y 
in 5-fold cross validation at P1/15 skewness correctionobtained by MLP- 
COSMO and MLP-MACCS (The performance against other skewness 
correction was summarized in Table S2 of the Supplementary Material). 
The best model for MLP-COSMO and MLP-MACCS shown in the Table 2
are identified by the minimum sums of average AAD − y(%)and average 
AARD − P(%) from the 5-fold cross validation. The distribution and 
range of weights and biases for the model are shown in the Fig. S1 and 
Table S3 of the Supplementary Materials. Table 3 demonstrates the 
comparison of the precision in predicting vapor composition and pres
sure in VLE from this work (MLP-COSMO and MLP-MACCS) and the 
other models found in the literature. Building on the optimized hyper
parameters from 5-fold validation, the best MLP-COSMO model in this 
study achieved an average AARD − P(%) of 2.16% and an average AAD 
− y(%) of 0.64% in the overall dataset. For the test dataset excluded 
from the training process, the model yielded an average AARD − P(%) of 
2.88% and an average AAD − y(%) of 1.04% (refer to Table 3). It can be 
seen that the median AARD − P(%) and AAD − y(%) obtained by both 
developed models are significantly lower than the average values, 
implying that the dataset contains some outliers. This result also in
dicates the necessity of considering the mean and the median simulta
neously. The median AARD − P(%) and AAD − y(%) of the best MLP- 
COSMO model are both lower than those of the MLP-MACCS model, 
indicating that the model we trained demonstrates consistency across 

the entire dataset. Compared to COSMO-SAC (2002) and COSMO-SAC 
(2010) for VLE prediction, MLP-COSMO demonstrates improvements 
of 62% and 46% in AARD-P (%) and 65% and 52% in AAD-y (%) for the 
test dataset, respectively. It is well known that UNIFAC can provide very 
accurate results for VLE, the best accuracy result of our MLP-COSMO in 
VLE prediction is comparable to that of UNIFAC. Fig. 5 (a) to Fig. 5 (d) 
show parity plots comparing the experimental pressure (Pexp) and vapor 
mole fraction of A (yexp

A ) with the predicted values from the MLP-MACCS 
(Fig. 5 (a) and Fig. 5 (b)) and MLP-COSMO (Fig. 5 (c) and Fig. 5 (d)). It 
can be seen that most of the points are located around the diagonal line 
through origin, demonstrating the outstanding prediction capability of 
our developed models. In pressure prediction, the distribution of data 
points in the high-pressure region (P > 400 kPa) becomes more scat
tered, indicating a slightly poorer prediction capability in the high 
pressure region. The corresponding R² values for the vapor composition 
and pressure test data set are 0.9926 and 0.9889, respectively. In the 
developed models, MLP-COSMO shows exceptionally strong predictive 
capabilities over other models for the pressure and vapor mole fraction. 
The results imply that the σ-profiles descriptor containing molecular 
spatial charge information can significantly improve the prediction ac
curacy of the equilibrium behavior of the vapor-liquid phase.

To gain deeper insights into the model’s performance across various 
types of molecules, all molecules in the dataset were classified into three 
main categories: hydrogen bond donors (HB), hydrogen bond acceptors 
(HB-A), and non-hydrogen bond (non-HB) molecules. The hydrogen 
bond donor class includes molecules with functional groups such as 
COOH, NH, and OH. The hydrogen bond acceptor class includes mole
cules with functional groups such as F, O, and N. In overall, all binary 
mixtures were categorized into 13 subgroups.

The detailed analysis of the two developed models is shown in Fig. 6. 
The results reveal that although MLP-COSMO has lower averages and 
medians in AARD − P(%) and AAD − y(%) compared to MLP-MACCS, 
MLP-COSMO exhibits the biases between systems that form hydrogen 
bonds (HB) and those that do not. Notably, both models demonstrated 
lower accuracy for the NH-OH subgroup. Biases in the prediction of VLE 
for mixtures containing hydrogen bond networks and nitrogen- 
containing compounds have also been reported in prior literature [25,
55,56]. In COSMO-SAC (2010), the σ-profile of each molecule was 

Fig. 4. The relationship between the accuracy of model prediction and the skewness of the pressure data distribution. The line graphs represent AARD − P(%) using 
MLP-COSMO and MLP-MACCS for different transformed pressure data distributions. Histograms represent the skewness values for the different transformed pressure 
data distributions.
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divided into contributions from non-HB atoms, the hydroxyl group, and 
from all other types of HB donating and accepting atoms [16]. Incor
porating the σ-profile from COSMO-SAC (2010) to enrich hydrogen 
bond information in molecular descriptors could be a potential strategy 
for future model improvements.

4.2. Prediction of VLE phase diagrams

To evaluate the prediction capability and the application scopes of 
the developed ML models, the VLE datasets were categorized into the 
associating and non-associating system. For systems composed of asso
ciating molecules, this indicates that, in this binary system, at least one 
component contains a hydrogen bond (HB) donor group, such as an OH 
or NH group. For the non-associating binary system, neither component 
contains an HB donor group. To further validate the predictive capacity 
of the model, we selected two binary systems that were not present in 
the original dataset. We compare the predictions of the VLE phase dia
gram obtained using MLP-COSMO, MLP-MACCS, COSMO-SAC (2002), 
COSMO-SAC (2010), and Mod-UNIFAC. The predicted P-xy phase dia
grams of specific mixtures in the dataset, as determined by MLP-COSMO 
and COSMO-SAC (2010), are shown in Figs. 7 to 9 The comparisons of 
the predicted P-xy phase diagrams by MLP-COSMO and MLP-MACCS, 
MLP-COSMO and COSMO-SAC (2002), and MLP-COSMO and Mod- 
UNIFAC are provided in Fig. S2 to S4 of the Supplementary Materials.

The Fig. 7 (a) and Fig. 7 (b) present the typical zeotropic mixtures, 

consisting of water – methanol and trimethylamine – diethylamine, 
respectively. For both mixtures, the molecules involved were associated 
through HB (HB–HB), resulting in a positive deviation from Raoult’s 
law. From the results represented, the MLP-COSMO model demon
strated a more accurate predictive capability in the VLE phase diagram 
for both associating systems with temperature range from 298.15 to 
343.15 K. The COSMO-SAC (2010) generally resulted in better predic
tion for the liquid composition, but larger deviation in the vapor 
composition. In contrast, the MLP-COSMO exhibited a mote-balanced 
and accurate prediction for the gas and liquid phases.

For the systems shown in Fig. 8 (a) and Fig. 8 (b), which demonstrate 
the typical behavior of azeotropic mixtures, composed of propanol- 
undecanol (HB – HB) and hexane–methylethylketone (non-HB – HB), 
respectively. For the binary mixture propanol - undecanol, both the 
MLP-COSMO and COSMO-SAC (2010) models provide good prediction 
for the azeotropic point. However, the prediction of the azeotropic mole 
fraction for the hexane - methylethylketone system by COSMO-SAC 
(2010) is slightly overestimated. In contrast, MLP-COSMO demon
strates better predictive ability for systems containing azeotropes, both 
in terms of the location of the azeotropic point and the temperature 
dependence of the phase diagram. Finally, the Fig. 9 (a) and Fig. 9 (b) 
show the binary systems of water – 2-methoxyethanol (HB – HB) and 
water – 2-butoxyethanol (HB – HB) [57], the both systems were not 
included in our dataset. As shown in Fig. 9 (a) and Fig. 9 (b), the 
MLP-COSMO demonstrates superior prediction capability over 

Fig. 5. The parity plot of the experimental and estimated vapor composition and pressure obtained by the best developed model. (a) Vapor composition by using 
MLP-COSMO (b) pressure by using MLP-COSMO (c) vapor composition by using MLP-MACCS and (d) pressure by using MLP- MACCS.
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COSMO-SAC (2010), even for systems not included in the previous ML 
model training.

5. Conclusions

In this work, deep learning-based MLP-ANN was developed for 
highly accurate prediction in a binary vapor-liquid equilibrium dataset 
consisting of 169 compounds, 518 mixtures (the list of the mixtures is 
shown in the Table S4 of the Supplementary Materials) and 17,656 raw 
data, with pressure ranging from 0.947 to 817 kPa and temperature 
ranging from 199.93 to 548.15 K. Two molecular descriptors, the 

physically guided σ-profile and the chemical structural MACCS, were 
selected to represent the features of the input layer during the training of 
the ML model training. The MLP-COSMO model provides R2-P of 
0.9889, AARD − P(%) of 2.88% for pressure, and R2-y of 0.9926, AAD −
y(%) of 1.04% for vapor composition. The AARD − P(%) and AAD − y 
(%) obtained from MLP-COSMO show improvements of 46% and 52%, 
respectively, compared to COSMO-SAC (2010) and are comparable to 
those of UNIFAC. In the same ML algorithm (MLP-ANN), using the 
σ-profiles as input features leads to better prediction accuracy of VLE 
phase behavior over structural MACCS keys. Furthermore, for selected 
molecular pairs that are not in the dataset but have temperature and 

Fig. 6. The performance of (a) MLP-COSMO and (b) MLP-MACCS models on different pairs classified based on the various functional groups of the molecules.

Fig. 7. Vapor-liquid equilibrium diagram of (a) water - methanol, (b) trimethylamine – diethylamine obtained from the best MLP-COSMO and COSMO-SAC (2010) 
modeling, compared to experimental data.
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pressure within the training range, MLP-COSMO still demonstrates good 
predictive ability. In summary, we have successfully developed and 
investigated ML models based on MLP-ANN algorithms. Our models not 
only provided highly accurate predictions but also offered a satisfactory 
first-principle solution in VLE phase behavior [58].
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