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Accurate prediction of pure component physiochemical properties is crucial for process integration,
multiscale modelling, and optimization. In this work, an enhanced framework for pure component
property prediction by using explainable machine learning methods is proposed. In this framework, the
molecular representation method based on the connectivity matrix effectively considers atomic bonding
relationships to automatically generate features. The supervised machine learning model random forest
is applied for feature ranking and pooling. The adjusted R? is introduced to penalize the inclusion of
additional features, providing an assessment of the true contribution of features. The prediction results
for normal boiling point (Tp), liquid molar volume (L), critical temperature (T;) and critical pressure (P.)
obtained using Artificial Neural Network and Gaussian Process Regression models confirm the accuracy
of the molecular representation method. Comparison with GC based models shows that the root-mean-
square error on the test set can be reduced by up to 83.8%. To enhance the interpretability of the model, a
feature analysis method based on Shapley values is employed to determine the contribution of each
feature to the property predictions. The results indicate that using the feature pooling method reduces
the number of features from 13316 to 100 without compromising model accuracy. The feature analysis
results for Ty, Ly, Te, and P confirms that different molecular properties are influenced by different
structural features, aligning with mechanistic interpretations. In conclusion, the proposed framework is
demonstrated to be feasible and provides a solid foundation for mixture component reconstruction and
process integration modelling.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All
rights are reserved, including those for text and data mining, Al training, and similar technologies.

1. Introduction

precise molecular control, molecular management maximizes
resource utilization and minimizes ineffective reactions or by-

The petroleum refining and chemical industry is the third
largest greenhouse gas emitter among all stationary emission
sources, accounting for nearly 5% of global greenhouse gas emis-
sions in the energy sector [1]. Growing competitive pressures and
increasingly stringent environmental regulations have prompted
refineries to enhance resource conversion efficiency and transition
toward cleaner production, thereby reducing unnecessary energy
and material consumption. Under these circumstances, the concept
of “placing the right molecule in the right place at the right time, at
the right price”—known as “molecular management”—is highly
aligned with the objectives of modern refineries [2,3]. By exercising
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product formation, thus directly supporting the emission reduc-
tion goals of clean production [4—6].

With the advancement of computing power and the rapid
development of artificial intelligence, computer-aided molecular
design (CAMD) has been applied to molecular management [7,8]. Its
implementation typically involves three main steps: problem defi-
nition, molecular design, screening and selection. Among these,
molecular design is the crucial step, initially generating candidate
molecules and then predicting their properties. Accordingly,
appropriate mathematical models must be developed to estimate a
compound's properties based on existing experimental data.
Meanwhile, as chemical synthesis technologies continue to evolve,
the number of new compounds grow rapidly and their complexity
increases, making direct experimental measurements of molecular
properties impractical. Hence, developing accurate and efficient
methods for estimating pure component properties is an urgent
priority.
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Currently, group contribution (GC) methods are widely used for
estimating pure component properties [9,10]. In this approach, a
molecule is viewed as being composed of multiple functional
groups. Each group's contribution value and corresponding fitted
contribution vectors are then substituted into a linear relationship
to estimate the desired property. Gani et al. [11] introduced higher-
order groups to improve prediction accuracy. Specifically, first-
order groups capture chemical valence and atomic balance,
whereas higher-order groups recognize isomers and multi-
functional compounds. Building on the GC methods, the phase-
equilibrium prediction approach [12] and thermodynamic prop-
erty prediction method [13] were also subsequently proposed.
However, the phenomenon of residual absorption by certain
higher-order groups during the fitting process may lead to over-
fitting, which could reduce the prediction accuracy for unseen
molecules [14]. Meanwhile, the proximity effects and nonlinear
interaction features between groups remain unrepresented.

The powerful nonlinear representation capability of machine
learning helps address some of the aforementioned issues. Alshehri
et al. [10] employed gaussian process regression (GPR) on a dataset
of over 24000 chemicals, achieving accurate predictions for 25
different properties. Thermodynamic models based on group
contribution (GC), such as UNIFAC and SAFT-y Mie, are commonly
employed for predicting thermodynamic properties [15,16]. Cao
et al. [17] introduced a warping function based on GPR to encap-
sulate discrete variables and map them to a continuous domain.
Nevertheless, GC is built on a predefined library of functional
groups rather than a systematic, automatic feature-representation
method, so it cannot guarantee adequate representation of every
possible molecule. If a new molecule contains an entirely novel
functional group, the prediction becomes unreliable, the results of
Cao et al. [17] indicate that the model's performance in predicting
the properties of unseen molecules is significantly inferior to its
performance on the training set, Aouichaoui et al. [18] suggesting
that overfitting may still be present. At the same time, insufficient
molecular representation may lead to poor discrimination between
isomers, resulting in cases where different molecules share the
same feature vectors but have different physicochemical proper-
ties. This non-one-to-one mapping between molecular features
and properties significantly could reduce the prediction accuracy
and generalization ability of the model. In addition, the linear re-
lationships used in conventional GC frameworks cannot capture the
nonlinear interactions between different groups, which further
contributes to prediction inaccuracies [19]. These shortcomings
have motivated researchers to further develop new approaches for
molecular structure representation.

Using molecular descriptors to represent molecular structure is
another approach to molecular property estimation. Essentially,
this method encodes atomic, bonding, and topological indices into
descriptors—typically fixed-length numerical vectors—that serve
as inputs to machine learning or deep learning models, thereby
correlating those vectors with the pure component properties.
Visco et al. [20] proposed a Signature Molecular Descriptor that
represents molecular structure as a set of hierarchical “signatures”
to systematically encode topological information. Rogers et al. [21]
developed extended-connectivity fingerprints (ECFPs), assigning
an initial integer identifier to each atom and collecting identifiers of
neighbouring atoms; these are then hashed into a new, unique
identifier. The results showed that ECFPs can accurately and effi-
ciently facilitate property prediction and compound classification.
However, because ECFPs rely on hashing, the resultant fingerprint
vectors tend to be high-dimensional and sparse, negatively
impacting computational efficiency, while bit collisions may cause
different molecular structures to map to identical fingerprints. van
Geem et al [22] established a geometry-based molecular

representation that encodes internal distances, bond angles, and
dihedral angles, and uses gaussian mixture models (GMM) to learn
the statistical distributions of these geometric features, ultimately
converting the molecular structure into a fixed-length numerical
vector. While these descriptor-based methods can yield accurate
predictions, the quality of the results is highly dependent on the
descriptors' ability to capture the complexity of chemical struc-
tures. Moreover, because the descriptors reduce a molecule's
structural features to numerical vectors, their interpretability is
relatively weak, making it difficult to draw direct connections be-
tween a compound's structure and its properties.

Inspired by methods in natural language processing, Mi et al.
[23] proposed an approach to predict the melting points of organic
small molecules by parsing SMILES-encoded molecular structures.
This method eliminates the need for additional chemical de-
scriptors and demonstrates superior prediction accuracy compared
to traditional approaches based on molecular fragments or de-
scriptors. Zeng et al. [24] developed a deep learning system that
integrates molecular structures with biomedical textual informa-
tion, enabling comprehensive cross-source molecular under-
standing. Goh et al. [25] introduced SMILES2vec, which employs a
bidirectional gated recurrent unit and a convolutional neural
network (CNN) to extract SMILES-based “linguistic” features
without the need for manual feature engineering, thereby using
recurrent neural network to predict chemical properties. Subse-
quently, Mann et al. [26] proposed the Grammar2vec framework,
which uses a parse tree to treat SMILES as “sentences” and then
leverages the Word2vec model to convert molecular structures into
dense vectors. Compared with conventional SMILES representa-
tions, Grammar2vec demonstrates advantages from an
information-theoretic perspective. Although the aforementioned
methods have improved the prediction capability for the properties
of unseen molecules, this unsupervised feature extraction approach
struggles to establish a clear correspondence between molecular
features and specific molecular structures.

Graph neural networks (GNN) have also been used to extract
molecular features, representing molecules as graphs in which
atoms serve as nodes and bonds as edges [27,28]. Building on this,
Ishida et al. [29] incorporated three-dimensional structural features
by computing relative coordinate differences, thereby capturing the
spatial organization of molecules. These structural features are then
combined into molecular fingerprints via convolution and pooling
operations, and machine learning models are subsequently
employed to correlate these fingerprints with specific properties.
Zang et al. [30] proposed a hierarchical molecular graph self-
supervised learning framework, which modelled molecular struc-
tures using GNN and enhances molecular representation learning
through multi-level self-supervised tasks. This method introduces
molecular motif nodes and graph-level nodes to achieve hierar-
chical characterization of molecular structures, while improving
model generalizability via multi-tiered prediction tasks. Never-
theless, the convolution operation used in GNN can cause infor-
mation loss, making it difficult to trace how individual
substructures contribute to the overall property profile. In view of
this, Aouichaoui et al. [18] constructed feature vectors at three
levels including atomic, group, and junction-tree to achieve multi-
scale and multi-perspective molecular representations and intro-
duced an attention mechanism to highlight specific functional
groups based on the learned attention weights, thereby identifying
the most critical features for property prediction. However, the
attention mechanism may not always reliably reflect the true causal
importance [31], as attention represents only part of the internal
weights, and other layers also influence decision-making. Changes
in attention may be compensated by other parameters, leaving the
outcome unaffected. Many studies have found that even when a
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component with high attention score is removed, the prediction
sometimes does not change significantly [32]. Moreover, the
attention mechanism is only applicable to a network with an
explicit attention structure, making the model highly dependent on
such architecture.

SHAP analysis by calculating the marginal contributions of all
feature subsets, it considers the impact of adding or removing
features on the model output. In contrast to attention mechanisms,
SHAP analysis is grounded in strong axiomatic foundations, and is
completely independent of the model structure [33]. Yang et al. [34]
developed a hybrid molecular descriptor and predicted the solu-
bility of CO,, calculating Shapley values of individual features to
elucidate their importance in the prediction outcome. The results
indicated that pressure and temperature were the most influen-
tially operational variables, while molecular characteristics such as
bond lengths, bond angles distribution, electronic states, and sur-
face areas were also correlated with solubility. Similarly, Mann et al.
[26] proposed Grammar2vec to generate dense, numeric molecular
representations and perform a Shapley value based analysis to es-
timate feature importance. However, the specific influence of mo-
lecular structures on the prediction results has not been
determined in the aforementioned studies, which may be attrib-
uted to the inherent limitations of the constructed molecular de-
scriptors in capturing detailed structural information.

To overcome the disadvantages of the aforementioned methods
for property estimation of pure compounds, a novel framework for
pure component property estimation using explainable machine
learning methods is proposed in this work, where a molecule is
firstly represented as a connectivity matrix (CM) based on SMILES
and then a large number of submatrices from the CM [35] are
automatically and systematically extracted. Each submatrix repre-
sents the environment of an atom and molecular structure. The
frequency of occurrence of these submatrices is transformed into
molecular features, which are categorized into low-order and high-
order features depending on the number of connected atoms
considered during the submatrix construction. Compared to the
predefined group contribution-based feature construction, this
systematic and automated feature extraction method can enhance
the property predictive performance for unseen molecules,
meanwhile their proximity effects are thoroughly considered.
Subsequently, the supervised learning method, random forest (RF),
is utilized for feature pooling, preserving the original semantic
meaning of the features. Artificial neural network (ANN) and
Gaussian processes algorithms are employed to establish prediction
model for estimation of normal boiling point (Tj), critical pressure
(P¢), critical temperature (T.) and liquid molar volume (Lyy).
Adjusted R? is introduced to evaluate the impact of the number of
features on the prediction results, avoiding model overfitting.
Finally, Shapley value is employed to systematically understand the
importance of the features. The key molecular structures influ-
encing the above properties are thus summarized.

The remainder of this paper is organized as follows. In Section 2,
the property estimation problem is defined. Section 3 presents the
technical details of the proposed framework. Section 4 then de-
scribes dataset and details of the model training process. In Section
5, the results of feature generation and predictive results are pre-
sented, and then the most influential features are identified by the
Shapley values. Section 6 concludes the work and discusses po-
tential future directions.

2. Problem Statement
There are total I(i=1,2,---,I) molecules, A representative

molecule may have P(p= 1,2, -, P) roperties such as Ty, T, P- and
Lmy. The properties of each molecule can be obtained from a

database or estimated using property prediction models. We regard
this task as a regression problem, with the goal of constructing a
nonlinear fitting model to establish the mapping between pure
component properties and molecular structures, as shown in Eq.

(1).
pi=f(x.0) i<l (1)

where p; is a vector of thermodynamic properties to be estimated
for the i-th molecule; x; is the feature vector of that molecule; 3 is
the coefficient vector to be estimated by the regression model; f( -)
represents a vector of the nonlinear fitting models.

To achieve accurate property estimation, two key factors are the
construction of the feature vector x; and f( -). In this study, x; is
obtained via the proposed connectivity matrix—based molecular
representation method below, and a machine learning algorithm
(e.g., ANN) is employed to map these vectors to the target
properties.

3. Framework for Pure Component Property Estimation

This section provides a detailed introduction to the imple-
mentation process of the proposed framework and the methodol-
ogies, as shown in Fig. 1, the implementation process is as follows:
(1) Molecular structures are first represented using the connec-
tivity matrix method based on molecular SMILES. Submatrices for
individual atoms are constructed according to their bonding con-
figurations. Depending on different atomic bonding patterns, first-
order, second-order, third-order, and fourth-order submatrices can
be obtained, these submatrices are further combined to account for
the influence of interactions between adjacent atoms on the
properties. Furthermore, the frequency of occurrence of these
submatrices are regarded as the feature vector of the molecule. (2)
The supervised machine learning model RF is applied for feature
pooling, and the optimal hyperparameters are determined using
the GridSearchCV method [36,37]. To evaluate the impact of the
number of retained features on the results, the Adjusted R? is
introduced to penalize the inclusion of additional features, thereby
preventing an artificial increase in R?> simply due to feature
expansion (3) A machine learning model (e.g., ANN). is then con-
structed to predict Tp, Te, P and L. (4) Finally, to enhance the
interpretability of the model, a feature analysis method based on
Shapley values [38,39] is employed to determine the contribution
of each feature to the property prediction.

3.1. Molecular representation and feature generation

In this study, connectivity matrices are employed to represent
molecular structures. Ambiguities in molecular descriptions are
eliminated through canonical SMILES representation. For instance,
Toluene may appear as either “clccccc1C” or “Cclccceccl” in orig-
inal SMILES formats, but its canonical form is standardized as
“Cclcccecl”, ensuring strict uniqueness in atomic indexing. A
parsing script is developed using the open-source cheminformatics
toolkit RDKit [40] to directly extract atomic coordinates and bond
connectivity data from canonical SMILES strings, which are then
mapped to adjacency matrices.

In this canonical SMILES-based molecular structure character-
ization method, all atoms are assigned unique identifiers (IDs)
through sequential indexing. To systematically describe molecular
topological connectivity, an N x N adjacency matrix (denoted as M)
is constructed, where N corresponds to the total number of atoms
in the molecular system. The matrix structure is defined as follows:
M = (a;)y.y- The diagonal elements a;(i=j) record the atomic
number of corresponding elements, with row/column indices
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1 Molecular representation and feature generation
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strictly matching atomic IDs. Non-diagonal elements a;(i #j)
represent chemical bond types between atoms: elements are
assigned 0 when no bond exists between atoms i and j, while single,
double, aromatic, and triple bonds are represented by values of 1, 2,
1.5, and 3, respectively. This symmetric assignment mechanism
ensures complete mathematical characterization of molecular
connectivity relationships.

Based on this, the local chemical environment of an atom can be
defined by extracting specific submatrices from M, where the di-
mensions are dynamically determined by the neighbourhood
radius k (i.e., the number of consecutively bonded atomic layers).
When k = 1, the first-order submatrix of an atom is generated by
traversing the atoms directly bonded to it (including the atom it-
self) and extracting the rows and columns in the connectivity
matrix M whose indices match the ID numbers of these atoms.
When k > 2, the k consecutively bonded atoms are treated as a
whole, expanding the extraction range to include their direct
neighbouring atoms. To prevent overfitting, this study sets k™4 = 4
meaning that through a hierarchical extraction strategy, first, sec-
ond, third, and fourth-order submatrices can be obtained,
providing a scalable foundation for subsequent feature analysis and
machine learning modelling. However, even when atoms share
identical chemical environments within a molecule, their sub-
matrices may still exhibit variations. Addressing this issue requires
constructing an accurate submatrix representation system.
Although both the determinant and eigenvalues are fundamental
properties of a matrix, matrices derived from different atomic en-
vironments may have the same determinant values, rendering
determinant-based differentiation ineffective. Notably, eigenvalues
demonstrate superior discriminative capability in this context—-
when an atomic environment changes, its corresponding eigen-
values typically exhibit significant differences. Based on this
observation, this study selects eigenvalues as the characterization
parameter. Considering the mathematical simplicity of determi-
nant expressions, we first convert determinant values into standard
strings as primary identifiers. If duplicate determinant values occur,
they are distinguished using suffixes such as "_1”, "_2", etc. On this
basis, a classification criterion is established: if two submatrices
have identical sets of eigenvalues, they are classified as the same
category; otherwise, they are assigned to different categories.
Through this hierarchical recognition strategy, precise classification
and identification of all submatrices are ultimately achieved.
Finally, by statistically analysing the number of submatrices with
homologous eigenvalues, the characteristic distribution patterns
within the molecular system can be effectively represented.

Specifically, let d denote the total number of low-order and
high-order sub-matrix features for a molecule. The feature profile
of a single molecule is then represented by a vector f = (f;,---.fy) €
NA. If an atom has a first-order sub-matrix whose determinant
equals 5, and all other first-order submatrices in the molecule with
determinant 5 share exactly the same set of eigenvalues, we group
them under the common label “1st_5" and record how many times
this submatrix appears; that count is the vector element fy. If
another first-order submatrix with the same determinant 5 ex-
hibits a different eigenvalue pattern, we separate it into a new
category labelled “1st_5_2" and store its frequency as f,. Applying
this rule to every order (I1st — 4th) and to every unique
“determinant + eigenvalues” combination, we obtain the complete
sparse feature vector f = (fi,---.f4), which serves as the input to the
subsequent machine-learning algorithms.

3.2. Feature pooling

Due to the diversity of molecular fragments, the generated
submatrices are typically sparse, as many entries are zero.

Moreover, many features are irrelevant or redundant for regression
analysis and exist as noise. The presence of non-informative vari-
ables may increase prediction uncertainty, thereby reducing the
overall effectiveness of the predictive model. Therefore, feature
selection is necessary to reduce data dimensionality and enhance
model accuracy. To ensure that all molecules can be described by at
least some features, all first-order features are retained, and feature
selection is applied only to higher-order feature matrices.

Common feature pooling methods include principal component
analysis (PCA) [41] and Pearson correlation analysis [42]. However,
these methods are unsupervised learning techniques that map the
original feature vectors into a lower-dimensional space through
linear transformations, effectively generating new combined fea-
tures [41]. This process results in loss of the original feature infor-
mation, making the final regression model less interpretable and
overlooking nonlinear interactions between features. In contrast,
the RF method, as a supervised learning-based feature selection
strategy, effectively overcomes these limitations [43]. Each decision
tree serves as a classifier, and for a given input sample, N decision
trees will produce N classification results. RF aggregates the results
of multiple decision trees to form a strong classifier, thereby
improving classification performance. The final output is deter-
mined by the collective prediction results of all decision trees.

For a regression problem, the first step is to calculate the average
decrease in impurity (variance) caused by each feature when
splitting at all tree nodes, as shown in Egs. (2)-(3).

Var(D) = Z(yj yD)2/|D| (2)

jeD

Yp=> ¥/ID| 3)

jeb

where D is a set of molecules input to a node, which should be a
subset of set I; y; is measured (or target) value of molecules j, and y,
represents the mean of all measured (target) values.

The total impurity (variance) reduction contributed by a specific
feature within a single tree is computed to determine its feature
importance, as shown in Eq. (4):

AVar =Var(D) — %Var(DL) +%Var(DR) (4)

Where D;, Dg and D represent the set of samples (molecules) at the
left child, right child and the parent nodes, respectively. N is the
number of samples (molecules) in the parent node, while N; and Ng
are the numbers of samples (molecules) at the left and right child
nodes, respectively.

The feature importance across all trees is calculated, as shown in
Egs. (5)—(6). Finally, the features are ranked, and the top n features
with the highest contribution are selected.
Importance of feature;Slrlgle tree) _ Almpurity;

all nodes where X; is used

(5)

T
Importance of feature; = Z Importance of featurejm /T (6)
t=1

The above method is known as the Top-N algorithm [44], which
directly selects original features rather than generating linear
combinations. Additionally, based on the splitting rules of the tree
model, it can automatically identify complex nonlinear
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relationships between features and the target variable. To ensure
the correct ranking of feature importance, GridSearchCV [36] is
used to determine the optimal hyperparameter combination for the
RF model.

For regression problems, the R? value of the test set is often used
as an evaluation metric to reflect the model's explanatory perfor-
mance and generalization ability. A higher R? value indicates that
the model explains a larger proportion of variance, as shown in Eq.
(7). However, R? has a notable drawback: when irrelevant variables
are added to the model, R? artificially increases, even if these var-
iables do not actually improve the model's predictive ability. This
can lead to overfitting, especially in cases where the number of
variables is large.

R?> =1 — SSres /SStot (7)

n
where SS;e; is the residual sum of squares, SSres = >_ (V; — 57,-)2 and
i=1

n
SStot is the total sum of squares, SSior = > (Vi — y)z.
i=1

To mitigate this issue, the adjusted R? is introduced, as shown in
Eq. (8). Compared to the standard R?, the adjusted R? incorporates a
degree-of-freedom correction factor (n — 1)/(n — k — 1) to penalize
model complexity (i.e., the number of independent variables, k).
When a new feature is introduced, if it does not improve the
model's fitting performance (ie., R* remains unchanged), the
degree-of-freedom correction factor decreases, leading to a
reduction in adjusted R%. By evaluating the difference between
adjusted R? and R?, the risk of overfitting due to the inclusion of
irrelevant variables can be effectively avoided.

adjusted R2 =1 — [(1—R2)(n—1)/(n—k—1)] (8)

where n is the number of samples, and k is the number of features.
Finally, the RF feature importance ranking method is used to

independently evaluate the importance of first-order features Fl(M)

and higher-order features FéN), sorting them separately. Based on
this, starting from My = 20 and Ny = 20, features are incrementally
added in a step of 20, following a descending order of importance,
to construct dynamically increasing feature subset sequences
FM (M= 20,40, -, Mmax) and FS" (N = 20, 40, -, Nmax). These

(M.N)
F, final

subsets are then combined to form the joint feature space

F{M)uFéN ), By training a property prediction model and calculating
adjusted R?, the optimal number of features is determined by
maximizing adjusted R%.

3.3. Property prediction model

Regression analysis serves as a fundamental method for estab-
lishing the mapping relationship between independent and
dependent variables, For regression tasks, both parametric and
non-parametric models can be employed. To validate the generality
of the CM-based molecular representation proposed in this study;, it
is evaluated using both a classical parametric model, ANN [35,45],
and a non-parametric model, GPR [46], both of which have been
previously used for property prediction.

3.3.1. ANN model

The present study employs an ANN architecture to construct a
molecular property prediction model, with the design as follows:
molecular feature vectors serve as the input layer, while target
property parameters form the output layer. The relationship

between features and properties is established through nonlinear
transformations in the hidden layers. The model is developed using
Python Keras [47] and tensorflow [48] frameworks, implementing a
typical feedforward neural network structure, which consists of an
input layer, hidden layers, and an output layer. For a neuron j in
layer i (denoted as j;), its input and output are calculated by Eq. (9)-
(10).

qi-1

P i1 i1

X = 'Zl Wi i X 9)
Ji-1=

Vi =F (% +1j,) (10)

The mean squared error (MSE) is adopted as the loss function to
measure the discrepancy between the predicted and actual values
in regression tasks, where a smaller value indicates higher pre-
diction accuracy, as shown in Eq. (11).

I ~
L=< yn—¥al? (11)
Nn:]

where yy, is the experimental property value of the n-th sample; y,
represents the predicted value of the network, and N denotes the
total number of samples.

L2 regularization is employed to suppress excessive weights and
mitigate overfitting by penalizing large weight values and
smoothing the weight distribution, accordingly, the new loss
function can be expressed as Eq. (12).

H2 (12)

N[ >
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L
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=1

where W represents the weights of all neurons in layer [, and A is
the regularization coefficient that controls the strength of the
penalty on the magnitude of the weights.

A 6-fold cross-validation strategy [49] is employed to fully
explore the statistical properties of the dataset and assess the
impact of feature perturbations on the model's generalization
ability. Specifically, the original dataset is evenly divided into six
mutually exclusive subsets, with each iteration selecting five sub-
sets as the training set and the remaining one subset as the vali-
dation set. To enhance computational efficiency and parameter
optimization stability, the Adam optimizer is introduced. During
backpropagation, network weights and biases are iteratively
updated by minimizing the loss function. In addition to R? and
adjusted R?, a multi-metric validation strategy is applied to each
fold to avoid evaluation bias caused by differences in metric scales,
incorporating RMSE [50], mean absolute error (MAE), and mean
absolute percentage error (MAPE) [51], as shown in Egs. (13)—(15).

1 ¢ .
RMSE= , | & ;(}’n — V) (13)

1Q .
MAE:N;W”—M (14)
MAPE:lXN:M x 100% (15)
Ni=l o
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3.3.2. GPR model

The performance of the GPR model is exclusively dependent on
the fitness of its covariance (or kernel) function. The goal of the
covariance function is to control the shape and characteristics of
the fitted function by defining the correlation between the i-th and
Jj-th molecules, given by Egs. (16) — (19).

Ypred = K1MW1 (16)

W= (KITA]XM)ytrain (17)

Covixi =Kix1 — KixmUmmKmx (18)
1

Uniws = (K + 021 (19)

where ypeq is the property value that needs to be predicted for the
test samples; Kis the covariance matrix, which is constructed using
the kernel function k; Ky, is the covariance matrix between the
test samples and the M training samples; K, is the covariance
matrix of the M training samples; y..i, iS the target value vector
corresponding to the training set; Cov is the uncertainty; ¢2 is the
observation noise variance.

The radial basis function (RBF) is selected as the covariance
kernel, which indicates the degree of correlation between the two
variables, as shown in Eq. (20). For a fair comparison, we adopt a
kernel function structure consistent with that used by Alshehri
et al. [10], which consists of the sum of four RBF kernels. The model
is implemented using the scikit-learn module in Python [52]. The
two parameters of the kernel function, the length scale ~ and the
signal variance ¢, control the horizontal and vertical variations of
the function, respectively.

|x; —xj||2),kEK (20)

4
1
k(x; — ;) = exp(——/
)= 2o "2

where ¥; and x; represent the feature vectors of two molecular
samples; ||¥; — ;|| is the Euclidean distance between them.

3.4. SHAP analysis

To enhance the interpretability of the ANN and GPR models and
identify the molecular structures that contribute most to the
property prediction, Shapley values are used to quantify each fea-
ture's contribution to the prediction results, providing insights into
feature importance in the estimation task [53]. This method has
been widely adopted in machine learning model interpretability
analysis [38,54].

Shapley values measure the average marginal contribution of a
feature across all possible feature combinations. Given a model
with n features, the Shapley value considers all possible feature
subsets and their marginal contributions in different permutations.
Specifically, it enumerates all non-empty subsets S< F\{i} of the
feature space F%M) and FéN), computing the difference in model
prediction before and after adding feature i to subset S (i.e., its

marginal contribution). The contribution of feature i to the final
prediction is calculated using Eq. (21).

pi= 3 BHO=BSI=Dleg iy fis) (21)

SCSF\{i} n!

where F\{i} represents the set of all features except feature i; |S|!
represents the ordering of the features in subset S; (n—|S|—1)!

represents the ordering of the remaining (n —|S| —1) features that
are not included in subset § and do not include feature i;
f(Su{i}) — f(S) represents the marginal contribution of feature i;
w to ensure that the probabilities of all subset combina-

tions are balanced.

4. Dataset -Description and Model Training

This section presents the details of the database used, along
with the hyperparameter selection for the RF model and the ANN
model. Section 4.1 describes the dataset used in this paper and
employs joint conditional entropy to demonstrate the superiority
of the connectivity matrix-based feature construction method over
the group contribution method. Section 4.2 presents the division
strategy for the training, validation, and test sets. Section 4.3 details
the hyperparameter selection for the RF model and the ANN model.

4.1. Dataset description

The database used in this study is based on the dataset pub-
lished by Alshehri et al. [10], which includes 25 pure component
properties and 424 different functional groups for each sample,
with molecular samples represented using SMILES strings.

This work selects Ty, T, Pc and Ly, as the target properties due to
their significance in characterizing thermodynamic phase behavior
and their relevance in industrial applications. T}, as a key indicator
of molecular volatility, not only determines the operating condi-
tions and energy efficiency of separation and purification processes
[55]. The ratio of T; to P. is often used in the calculation of many
equations of state, such as the Peng—Robinson equation of state
[56]. Therefore, accurate knowledge of T, and P, is essential for
reliable prediction of Pressure—Volume—Temperature (PVT) re-
lationships. Accurate prediction of Ly, provides a foundation for
reactor volume design, optimization of mass and heat transfer, and
indirect estimation of liquid transport properties such as density,
viscosity, and diffusion coefficient [57].

Due to the accessibility and experimental cost associated with
different molecular properties, the number of samples varies across
properties. As a fundamental indicator of volatility, T, has the
highest data coverage in the dataset (i.e., 5276 samples), as its
experimental determination can be conducted under mild condi-
tions (atmospheric pressure and standard temperature) and fol-
lows well-established standardized testing protocols (e.g., ASTM
D86). In contrast, the measurement of T. and P, requires precise
control of high temperature and pressure near the critical point,
making the experiments more costly and posing decomposition
risks for thermally sensitive compounds (such as polycyclic aro-
matic hydrocarbons and energetic materials); thus, the number of
available samples is lower, with 777 and 775 samples for T, and P,
respectively. The acquisition of L, relies on high-precision density
measurements, and its data scarcity is directly related to experi-
mental cost, complexity in phase control, and stringent re-
quirements for validating consistency across data sources. As a
result, the dataset size for Ly, is significantly smaller than that for
ambient-pressure properties, with a total of 1057 samples.

The distributions and kernel density estimation (KDE) curves for
Tp, Te, Pc and Ly, are shown in Fig. 2. The KDE curve is a non-
parametric method for estimating the probability density distri-
bution of data, effectively capturing the overall distribution trend
[58].

The distribution of T, values is primarily concentrated in the
range of approximately 400—600 K, exhibiting a distinct unimodal
characteristic, which indicates a high data density within this in-
terval. This distribution suggests that most samples have relatively
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Fig. 2. Data distribution and kernel density estimation.

centralized T, values, while a small number of samples exhibit
long-tail distribution at higher temperatures (above 1000 K) and
near room temperature. For T, the values are primarily concen-
trated in the range of 500 K to 700 K, with a peak around 600 K. The
KDE curve indicates that the overall distribution is relatively sym-
metrical, with low skewness. For P, the histogram shows that most
values fall within the range of 20 bar to 40 bar, with the highest
frequency near 25 bar. As observed from the KDE curve, the dis-
tribution exhibits a long tail extending into the high-pressure re-
gion. In contrast, L, values are mostly concentrated within a
narrow range (approximately 0.1—0.2 ml-mol~!) and follow a
unimodal distribution. For property prediction, the high concen-
tration of data around the peak implies that the main portion of the
dataset aligns well with conventional statistical model assump-
tions, facilitating the ability of machine learning algorithms to
accurately learn feature patterns in this range. The presence of
extreme values presents both challenges and opportunities for
model generalization over a broader range. Overall, this dataset
provides strong representativeness and applicability in property
prediction, serving as a viable foundation for machine learning
model development and validation.

The molecular sample features in the original dataset were
constructed using the GC method, with each molecule represented
by a 424-dimensional sparse vector [10]. We refer to this as the GC-
dataset. To further characterize the diversity within the GC —

dataset, we first count the number of molecules that share the same
label but have different feature vectors when using the group
contribution method for molecular feature construction. We then
perform the same analysis on the dataset constructed using the
CM-based approach proposed in this study (referred to as the CM-
dataset). The results are summarized in Table 1. It can be observed
that, under the same feature dimensionality, the connectivity
matrix-based feature construction method demonstrates a supe-
rior ability to distinguish between molecules compared to the
traditional group contribution method.

When all high-order features are included, the total feature
dimensionality reaches 12897. Furthermore, we introduce the joint
conditional entropy to evaluate the uncertainty of the target
property given the feature set, as defined in Eq. (22) [59]. A lower
value of joint conditional entropy indicates a stronger determina-
tive relationship between features and labels, meaning reduced
uncertainty in the predicted property. The theoretical minimum
value is zero.

H(Y /X)=> p®H(Y /X=X) (22)

where H(Y /X) represents the entropy of Y given a specific value of
X, which quantifies the uncertainty of Y under that condition, bit;
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Table 1
Impact of different feature construction methods on joint conditional entropy.
Dataset Feature dimensionality No. of molecules® H(Y/X)/bit
Tb Tc Pc Lmv Tb Tc Pc Lmv
GC-dataset 424 748 67 66 69 0.306 0.177 0.116 0.148
CM-dataset 424 595 54 54 53 0.233 0.0931 0.047 0.105
CM-dataset 12897 200 20 20 25 0.066 0.0077 0.0051 0.047

@ Molecules with different features but identical property values.

p(x) denotes the probability that the random variable X takes the
value x.

The results in Table 1 indicate that, under the same feature
dimensionality, the CM-dataset exhibits lower joint conditional
entropy. This suggests that the mapping between features and la-
bels is more distinct, making it easier for the model to learn the
underlying relationship and achieve better fitting performance.
Given the input features, the output is almost deterministic, which
further implies that the CM-dataset has low noise and low
heterogeneity.

4.2. Training, validation and test subset partition

For this prediction task, 95% of the data is used for training and
validation, while the remaining 5% is reserved for testing. The
training and validation data are further divided into six folds for
cross-validation [35] as illustrated in Fig. S1 of the Supplementary
Material. At each iteration, a fold is selected as the validation set to
monitor the training process, while the remaining five folds are
combined to form the training set. The test set is used exclusively to
evaluate the model's final performance. This strategy ensures that
each sample participates in validation exactly once, allowing for a
comprehensive assessment of the model's robustness across
different data subsets. The test set remains frozen throughout the
model development process and is only used for final performance
evaluation after hyperparameter optimization is completed. This
design strictly adheres to the “training-validation-testing” three-
stage separation principle, ensuring the objectivity of model per-
formance metrics.

4.3. Model hyperparameter selection

As previously mentioned, to ensure the accurate computation of
feature importance, GridSearchCV, based on the Scikit-learn
framework [52], is used to determine the optimal hyperparameter
combination for the RF model. By systematically searching through a
predefined parameter space and applying a five-fold cross-valida-
tion strategy, the best-performing hyperparameter configuration,
which maximizes the model's generalization performance, is ob-
tained as follows: max_depth 30, min_samples_leaf = 2,
min_samples_split = 2, and n_estimators = 500. A deeper tree
structure enables the model to capture high-order nonlinear feature
interactions, while imposing constraints on leaf node sample size
and split conditions helps mitigate the risk of overfitting. Addi-
tionally, the ensemble of 500 decision trees further improves model
stability by reducing variance.

For ANN, hyperparameter settings are determined based on
preliminary experiments and domain expertise. The learning rate is
set to 0.0001 to prevent oscillations during the gradient update
process. The number of neurons in the hidden layer is 500, and the
EarlyStopping parameter is set to 100, meaning that training is
terminated if the validation loss does not improve for 100
consecutive epochs. This strategy effectively prevents overfitting by
monitoring the convergence of the validation loss curve and stop-
ping training when no further improvement is observed [60].

For GPR, in order to compare with the results of Alshehri et al.
[10], we adopt the same training approach as theirs. Specifically,
95% of the data is used as training with 20-fold cross-validation.
The length scale, signal variance, and noise variance are itera-
tively optimized by maximizing the log marginal likelihood. Simi-
larly, the initial values of the kernel's scale parameters and
hyperparameters are kept consistent with theirs, with the four
initial length scale values set to 0.5, 1, 2, and 5, the noise parameter
a set to 1 x 107>, n_restart_optimizer set to 5, and random_state
fixed at 19.

5. Results and Discussion

This section presents the detailed results obtained by using the
proposed framework. Section 5.1 uses meta-xylene as an example
to illustrate generation of the first-order and higher-order feature
matrices and the final feature vector. Section 5.2 provides the
prediction results and analysis of Ty, T, P and Ly,. Section 5.3
conducts an interpretability analysis of the developed ANN model
and identifies the molecular structural features with the greatest
impact on the prediction results, Finally, we provide the corre-
spondence between common molecular structures and their fea-
tures for reference.

5.1. Results of submatrix feature generation

We use meta-xylene as an example to illustrate the framework.
First, the proposed framework is used to process the SMILES
encoding with the RDKit cheminformatics toolkit, obtaining the
standard SMILES code for meta-xylene as ‘Cc1cccc(C)c1’. Each atom
is then assigned a unique identifier, and finally the molecular
connectivity matrix is constructed according to the method
described in Section 3.1, as shown in Fig. 3.

Taking atom 1 in meta-xylene as an example, its first-order and
higher-order features are derived based on its connectivity re-
lationships, as shown in Fig. 4. For the first-order features, the
determinant of its first-order environment matrix is calculated as
1098, and it is labelled as “1st_1098.” Treating atoms 0 and 1 as a
whole, the determinant of their connectivity matrix is computed,
and the feature is labelled as “2nd_531."” Similarly, considering
atoms 0, 1, and 7 as a whole, the determinant of their connectivity
matrix is calculated, resulting in the feature label “3rd_17258.625.”

Subsequently, all atoms in the molecule are traversed to
compute their respective order features. The frequency of occur-
rence of these features are recorded and the molecular feature
vector is then constructed. By applying the proposed framework to
the SMILES codes of all molecules in the dataset, the corresponding
feature vectors are obtained, forming the overall feature matrix for
the dataset. The first-order feature set contains 419 features, while
the higher-order feature matrix consists of 12897 features. Fig. 5
illustrates a schematic of the first-order feature matrix. For T
prediction, there are 5276 samples, resulting in a first-order feature
matrix with dimensions of 5276 x 419.

Figs. 6 and 7 present the feature importance results of the first-
order and higher-order feature matrices based on the RF model for
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Ty prediction. The feature contributions for both matrices are
quantified separately where only the top 20 features are displayed.
Following the method described in Section 3.2, these features are
ranked by importance, and an incremental feature selection
approach is applied. The feature subset is gradually expanded in
steps of 20 to evaluate the impact of feature space dimensionality
on prediction performance.

From the computational results in Figs. 6—7, it is evident that
first-order features are more important than the higher-order
features in T, prediction. The importance of feature 1st_153 is

0.18, whereas the most important higher-order feature, 2nd_689,
has an importance of 0.048, meaning that 1st_153 is 3.75 times
more influential than 2nd_689. Additionally, the fifth-ranked first-
order feature, 1st_1287, has an importance comparable to 2nd_689.
Among the top 20 first-order and higher-order features, the num-
ber of features with an importance greater than 0.025 is seven in
both cases. However, considering the total number of first-order
and higher-order features, which are 419 and 12897, respectively,
it can be concluded that the first-order features play a more critical
role in the prediction of Tp.
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5.2. Prediction results

Taking T, prediction as an example, Fig. 8 illustrates the per-
formance of R* and RMSE on the test set as the feature subset ex-
pands. Notably, for each feature subset size, six-fold cross-
validation is performed, meaning that a total of 126 predictions is
executed considering different feature counts and training sets. The
final R? and RMSE values for each feature count correspond to the
best-performing ANN model among the six folds. The results show
that when the number of features reaches 160, R® attains its
maximum value of 0.917, and RMSE reaches its minimum value of
24,07, indicating the best model performance at this feature
dimension.

From Fig. 8 (a), it is evident that when the number of features
increases from 1 to 100, R? rapidly rises from an initial value of
0.742 to 0.910. Beyond this point, R? oscillates around 0.9, indi-
cating that the additional features contribute minimally to the
model performance. This observation aligns well with the feature
importance results from the RF model, where the importance of the
254th feature is zero, as shown in Fig. S2 of the Supplementary

Materials. This suggests that subsequent features do not provide
meaningful contributions to the model's predictive capability.

Furthermore, adjusted R? is computed, with the results shown
in Fig. 9. It can be observed that when the number of features
reaches 100, adjusted R? attains its maximum value of 0.85.
Although the introduction of additional features slightly increases
adjusted R?, the improvement is significantly smaller than the
penalty introduced by the increasing number of features, leading to
a decline in adjusted R?. This indicates that the newly added fea-
tures contribute minimally to the model's performance, which is
consistent with our previous conclusions.

Table 2 presents the six-fold cross-validation results when the
number of selected features in the Top-N approach is 160. In each
fold, one subset is used as the test set, another as the validation set,
and the remaining four subsets are used for training. Since each fold
utilizes different data subsets, variations in training error (RMSE
and MAPE) as well as validation and test errors (RMSE and MAPE)
are inevitable. Additionally, ANN are subject to random initializa-
tion and hyperparameter search variability across different folds.
Even under the same hyperparameter settings, slight differences in
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convergence behavior may arise due to the randomness in initial
weights.

Fig. 10 shows the parity plot and relative error distribution of the
fifth fold. The mean error is close to zero (0.01%), indicating that the
model does not exhibit significant systematic bias. Additionally, the
MAPE is only 3.30%, demonstrating high predictive accuracy. The
error distribution exhibits a clear normal concentration trend,
suggesting that most predicted values deviate only slightly from
the true values, with only a few data points showing larger de-
viations. This indicates that the model achieves good fit and low
error in the target property prediction, exhibiting strong general-
ization capability.

For Ly, Tc and P, we employ the same modelling approach as
for Tp, using the six-fold cross validation. The results are

presented in Table S1—-S3 of the Supplementary Material. We
show the fold with the lowest RMSE on the test set among the
six folds as the optimal one. The results are shown in Table 3, and
the corresponding parity plots and error distribution plots are
also produced, as shown in Fig. S3—S5 of the Supplementary
Materials.

To further evaluate the impact of model architecture on the final
prediction results, we explore a deeper deep neural network (DNN)
architecture consisting of six hidden layers, with 512, 256, 128, 64,
32, and 16 neurons, respectively. Each layer employs the ReLU
activation function. The model is comprehensively evaluated using
6-fold cross-validation. To ensure a fair comparison, the same
feature set was used as in the ANN model. The results are sum-
marized in Table 4.
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Table 2

Six-fold cross-validation results for Tj prediction (feature number = 160).
Fold RMSE/K MAPE

Training Validation Test Training Validation Test

1 36.53 36.26 29.33 0.038 0.039 0.041
2 33.17 32.90 25.81 0.031 0.033 0.035
3 38.40 37.41 30.39 0.041 0.041 0.043
4 36.50 35.65 27.73 0.038 0.038 0.041
5 32.06 32.10 24.07 0.029 0.030 0.033
6 18.14 32.65 26.68 0.024 0.025 0.031

The results indicate that, given the feature representation and
dataset size used in this study, the DNN model does not signifi-
cantly outperform ANN. As shown in Table 4, the best-performing
fold is fold 3, with RMSE of 28.24 K on the test set, which is
notably higher than the best-performing fold in the ANN model
(ie., fold 5) with an RMSE of 24.07 K, as shown in Table 2.
Furthermore, we investigate the impact of the number of DNN
layers on model performance. The corresponding results are pre-
sented in Table 5. The hidden layer configuration of 512, 256, 128,
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Table 3

Best fold results for Ly, T, and P. using ANN (feature number = 160).

RMSE

MAPE

R? (testing set)

Training Validation Test

Training Validation Test

Ln, 0.0079 0.0098 0.010 0.048 0.057 0.052 0.99
T. 37.12 46.80 40.54 0.035 0.044 0.037 0.82
P 2.72 5.32 332 0.055 0.091 0.068 0.92
Table 4
Six-fold cross-validation results of T, using DNN (feature number = 160).
Fold RMSE/K MAPE
Training Validation Test Training Validation Test
1 36.54 4411 37.34 0.06 0.06 0.06
2 20.92 33.63 28.90 0.03 0.05 0.04
3 22.52 27.05 28.24 0.02 0.04 0.04
4 19.84 24.45 28.32 0.03 0.03 0.04
5 2041 28.07 28.97 0.03 0.04 0.04
6 20.23 68.83 32.78 0.03 0.04 0.04
Table 5
Impact of number of hidden layers on prediction performance (feature

number = 160).

Number of Hidden layer configuration RMSE on test set from
hidden layers the best fold/K

6 (512,256,128,64,32,16) 28.24

5 (512,256,128,64,32) 28.13

4 (512,256,128,64) 28.42

3 (512,256,128) 27.32

2 (512,256) 25.37

1 (512) 25.09

64, 32, and 16 indicates a total of six hidden layers, with each
number representing the number of neurons in each layer.

It can be observed that as the number of DNN layers increases,
the model performance gradually deteriorates. This is because
deeper networks introduce a significantly larger number of pa-
rameters, increasing the difficulty of optimization. To maintain
generalization without overfitting, more training samples are
required to effectively learn the underlying features. Therefore, we

Mean=0.01%
MAPE=3.30%

o T

=

0
Relative error/%

20 40 60

(b) Relative error distribution

Fig. 10. Parity plot and relative error distribution of the fifth fold for T}, prediction.
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Table 6
Effect of the number of neurons on prediction performance (feature number = 160).

Table 8
Comparative results for T, prediction using GPR model with different features.

No. of neurons RMSE on test set from the best fold/K

50 37.12
100 31.71
200 30.82
300 28.49
400 25.49
500 24.07
600 26.54

ultimately selected the more compact ANN model— which
demonstrated higher prediction accuracy on this dataset— as the
primary model for this study.

Furthermore, we analyze the effect of the number of neurons on
the results. The number of neurons increased from 50 to 600, and
six-fold cross-validation was performed for each setting. The
optimal fold was selected, and the results are shown in Table 6. It
can be seen that the best prediction performance is achieved when
the number of neurons was 500. Therefore, we ultimately selected
an ANN model with one hidden layer containing 500 neurons.

To evaluate the superiority of the features generated in this
work to those generated using GC by Alshehri et al. [ 10], we use the
features generated by GC as inputs to an ANN model. For a fair
comparison, we increase the number of features established by
connectivity matrix in this study from 160 to 424, having the same
number of features as Alshehri et al. [10]. The resulting ANN model
is referred to as ANN—GC. Furthermore, a GPR model using features
derived from the connectivity matrix is also trained, with its
structure and hyperparameters identical to those of Alshehri et al.
[10], and with a molecular feature dimension of 424. The resulting
GPR model is denoted as GPR—CM. Data splitting for these two
models is the same as [10], namely training and validation:
testing = 95%: 5%. The ANN model established using our CM fea-
tures is referred to as ANN—CM, while the GPR model using GC
features from Alshehri et al. [10] is designated as GPR—GC.

The comparative results from ANN—CM and ANN—GC are shown
in Table 7, where the optimal RMSE is 36.04 and R? is 0.81. Under
the same number of features, the proposed framework achieves an
RMSE of 25.15 and R? of 0.91, indicating that the ANN model
developed in this study effectively learns the mapping relationships
between different features and target properties and thus
demonstrating strong generalization capability.

The performance of the GPR—GC model from Cao et al. [17] and
Alshehri et al. [61] for predicting Ty, as well as the GPR-WP-GC [17]
and GPR—CM models, is given in Table 8. The performance of these
models for predicting Ly, T, and P. is presented in Tables 9—11,
with a molecular feature dimension of 424. The results shown
Tables 8—11 correspond to the fold with the lowest test RMSE in the
20-fold cross-validation, with all hyperparameters and data split-
ting ratios kept consistent. The complete results of 20 folders from
the GPR—CM model for predicting the four properties are provided
in Fig. S4—S7 of the Supplementary Materials.

Table 7
Comparative results from ANN-CM and ANN-GC on test set.
Fold RMSE/K R?
ANN-CM  ANN-GC Improved ANN-CM ANN-GC Improved
1 30.97 37.76 17.98% 0.86 0.79 8.35%
2 28.56 39.69 28.03% 0.88 0.77 13.98%
3 29.33 36.04 18.60% 0.87 0.81 7.67%
4 29.79 38.97 23.55% 0.87 0.78 11.49%
5 25.15 37.35 32.66% 0.91 0.80 13.57%
6 30.36 38.04 20.19% 0.86 0.79 9.45%

Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.

Model All dataset Test dataset

R? RMSE/K R? RMSE/K
GPR-GC-Cao [17] 0.99 7.65[17] © 0.86 28.29 [17] @
GPR-GC- Alshehri [61] 0.95 10.71[61] @ 0.92 22.00
GPR-CM (this work) 0.99 8.99 0.94 20.24
GPR-WP-GC [17] 0.99 6.88 [17] © 0.89 25.39[17] ©

Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.
@ results directly taken from reference.

Table 9
Comparative results for L, prediction using GPR model in different features.

Model All dataset Test dataset

R? RMSE/ml-mol~!  R? RMSE/ml-mol !
GPR—GC-Cao [17] 0.999  0.0020 [17] 0.98 0.009 [17]
GPR—GC- Alshehri [61]  0.999  0.00 [61] 0.99 0.007
GPR—CM (this work) 0.999  0.0008 099 0.003
GPR—WP—GC [17] 1.000 0.0020 [17] 099 0.007 [17]

Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.

Table 10
Comparative results for T. prediction using GPR model in different features.

Model All dataset Test dataset

R? RMSE/K R? RMSE/K
GPR—GC-Cao [17] 0.94 24.30 [17] 0.37 91.14 [17]
GPR—GC- Alshehri [61] 0.99 11.04 [61] 0.97 17.96
GPR—CM (this work) 0.99 4.40 0.98 14.75
GPR—WP—-GC [17] 0.93 23.15 [17] 0.43 86.80 [17]

Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.

Table 11
Comparative results for P, prediction using GPR model in different features.

Model All dataset Test dataset

R? RMSE/bar R? RMSE/bar
GPR—GC-Cao [17] 0.99 0.77 [17] 0.87 2.87 [17]
GPR—GC- Alshehri [61] 0.96 1.42 [61] 0.96 1.94
GPR—CM (this work) 0.99 0.58 0.99 1.06
GPR—WP—GC [17] 0.99 0.74 [17] 0.88 2.77 [17]

Note: 1 bar = 0.1 MPa.
Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.

The results in Tables 8—11 show that for the predictions of Ly,
Pc, and T, the GPR—CM model achieved the best performance both
on the test sets and across the entire datasets. For the T, prediction,
it achieved the best performance on the test set and ranked second
across all data. This slight discrepancy is due to the difference in the
number of molecules used: the GPR-WP-GC model [17] was trained
on 4658 molecules, while the GPR—CM model in this work used a
total of 5276 molecular samples. Since Cao et al. [17] did not
disclose which molecules were excluded, it is not possible to pro-
vide the prediction results of our GPR—CM model on the exact same
set of 4658 molecules. As a result, our RMSE (i.e, 8.99) is a bit higher
than their results of 6.88 on the entire dataset. However, compared
to the GPR—GC—Alshehri model [61], which was also evaluated
using 5276 molecules, our model achieved better overall perfor-
mance, with an RMSE of 8.99 versus 10.71.

To better evaluate the model's performance, the percentage
deviation between predicted and measured property values is
calculated using Eq. (23), and the proportion of molecules falling
within percentage deviation thresholds of 1%, 5%, and 15% is
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Fig. 11. RAE plots for T, prediction on the entire dataset.
Table 12 Table 13
Comparative results with mainstream machine learning models for T, prediction. The performance of different models on the test set.
Model 1% error 5% error 10% error 15% error Properties Performance indicator ANN-CM GRP-GC GPR-WP
SVR 30.98% 80.36% 92.53% - Tp R? 0.91 0.86 0.89
LightGBM 20.55% 68.61% 86.41% — RMSE/K 24.07 28.29 25.39
BP 34.16% 86.88% 96.31% - P R? 0.92 0.87 0.88
CNN 18.38% 71.75% 91.41% - RMSE/bar 3.32 2.87 2.77
ANN — CM 37.9% 90.4% 97.2% 98.7 Tc R? 0.82 0.37 043
GPR — CM 92.57% 99.00% 99.77% 99.87% RMSE/K 40.54 91.14 86.80
GPR — GC 79.1% 87.8% 92.7% - Liny R? 0.99 0.98 0.99
RMSE/ml-mol ! 0.010 0.009 0.007

determined. The results show that 37.91% of molecules have a
relative absolute percentage error (RAPE) below 1%, while 90.45%,
97.23%, and 98.77% fall under 5%, 10%, and 15%, respectively, as
illustrated in Fig. 11. The comparative results with the mainstream
machine learning models [17] are presented in Table 12.

/ Ytrue

The results in Table 12 indicate that the proposed model out-
performs the currently mainstream machine learning models at
deviation thresholds of 1%, 5%, and 15%. From Fig. 11 (a), it can be
observed that the prediction error distribution for most molecules
is relatively smooth, without sudden peaks of exceptionally high
errors in the middle. This indicates that the model has learned a
continuous and stable mapping relationship, allowing to maintain a
relatively controlled error range when predicting previously un-
seen molecules from the training set, demonstrating strong
generalization capability.

Conversely, if the model merely memorizes specific molecules
from the training set or overfitting, the error would likely spike
sharply when testing new or slightly different molecules, leading to
abrupt jumps in prediction accuracy, like Fig. 11(b), the prediction
error remains extremely low for the first 4000 molecules but in-
creases sharply once the number of molecules reaches approxi-
mately 4500. This observation leads us to preliminarily infer that the
GPR-based prediction model may suffer from overfitting. In ma-
chine learning, overfitting typically manifests as significantly better
performance on the training set compared to the test set [62]. This
phenomenon is observed both in Table 8 and in the results reported
by Cao et al. [17]. Consequently, evaluating model performance
solely based on the entire dataset may create a misleading

RAE = 100% x YPl‘ed — Ytrue

(23)

Bold values indicate the best performance. For RMSE, lower values are better, while
for R?, higher values are better.

impression of exceptionally low error, resulting in an over-
estimation of the model's generalization ability. Therefore, we
shifted our evaluation focus to the model's performance on the test
set rather than on the entire dataset. The results are presented in
Table 13. It can be observed that for ANN-CM, the R? on the test set
for all four properties are the highest. Although the R? for P. and Ly,
are also superior compared to other models, the RMSE are slightly
higher. This slight discrepancy may be attributed to differences in
sample sizes. Although the same database was used in this work as
well as in GPR-GC and GPR-WP, there are deviations in the number
of samples. In this work, the sample sizes for Ty, P, T¢, and Ly, are
5276, 775, 777, and 1057, respectively, whereas in their studies, the
corresponding numbers are 4658, 717, 724, and 987 [17]. Since the
method for removing missing molecules was not disclosed in their
work, we adopted a more comprehensive original dataset in this
study.

In summary, the connectivity matrix-based molecular repre-
sentation method proposed in this work demonstrates superior
predictive performance compared to the mainstream GC-based
machine learning methods when both approaches utilize a 424-
dimensional feature set.

5.3. Model interpretability analysis

To further enhance the interpretability of the model, Shapley
values are employed to quantify the contribution of each feature to
the model's prediction, as shown in Fig. 12. This figure illustrates the
relationship between molecular features and their corresponding
Shapley values. The points in the plot are color-coded, where red
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Fig. 12. Shapley values of the top 20 features for T}, prediction.
represents higher feature values and blue represents lower feature
values. The Shapley value of zero serves as the reference line, with 6 1.5 0

points on the left indicating a negative contribution to the predicted
target value and points on the right indicating a positive contribu-
tion. Taking feature 1st_153 as an example, its higher feature values
are predominantly located in the right half of the plot, indicating
that the more frequently this feature appears in a molecule, the
higher the predicted boiling point.

For T, prediction, features such as 1st_153, 1st_5 and 1st_132
exhibit relatively higher contributions to the model's prediction,
and show a positive correlation. Notably, 1st_153 consistently
demonstrates the most significant influence across nearly all
predictions.

Referring to our feature definition rules, 1st_153 represents the
first-order feature (determinant = 153) corresponding to the first-
order environment of carbon atoms on a benzene ring, as illus-
trated in Fig. 13. This means that the greater the number of benzene
rings, the higher the Tp, value, which is consistent with the mech-
anistic explanation. The number of benzene rings is proportional to
the molecular mass, and as the molecular mass increases, more
energy is required to overcome intermolecular forces, leading to a
higher boiling point [63].

Similarly, 1st_132 represents the first-order feature
(determinant = 132) of the first-order environment of the methy-
lene carbon in propane as shown in Fig. 14, in this context, R does
not represent a specific atom or group; rather, it is a placeholder
used to simplify the structure and indicate a general part of the
molecule that does not affect the core functional group or skeleton
under discussion. This means that the more frequently this feature
appears, the longer the carbon chain, leading to a higher boiling

det(M)=153

Fig. 13. The molecular structure corresponding to 1st_153.

point, which aligns with the mechanistic theory, similarly, the same
applies to other highly contributing features. We further estab-
lished the correspondence between molecular structures and fea-
tures, as shown in Table 14, for reference.

To investigate the influence of molecular structure on different
properties, the Shapley values for P; are also calculated. The results
are depicted in Fig. 15. It can be observed that for features 2nd_493

H H H 6 1 0 0 0
| | | 1 6 1 i 1
0O 1 6 0 0
R—C—C—C—R » o 1 0 1 o0
I I | 0o 1 0 o0 1
H H H det(M)=132

Fig. 14. The molecular structure corresponding to 1st_132.
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Table 14
Correspondence between molecular structures and features.
Feature name Atomic environment
1st_5 The hydrogen atom is bonded to a carbon atom C— H
1st_44 The carbon atom and the oxygen atom are bonded by a double bond. C —_— O
1st_153 The first-order environment of any carbon atom on the benzene ring
SH
1st_1307 The first-order environment of the methine carbon in cyclohexane
O—H
H
1st_17 First-order environment of the methylene carbon H
R—C—C—H
H H
1st_132 The first-order environment of the methylene carbon in propane H H H
R—C—C—C—R
H H H
1st_41 The first-order environment of the oxygen atom in a hydroxyl group C—O—H
1st_101 The bonding structure between chlorine and carbon atoms CI C
1st_2000 The first-order environment of the carbon atom in a carboxylic acid functional group H o
R—C—C—0O—H
H
1st_20 The first-order environment of the methylene carbon in a vinyl group H c R
H—C—H
1st_21 The first-order environment of the alkyne carbon in an alkynyl group R c
H—C
2nd_493 The atomic environment of the two connected methylene carbons in n-butane H H H H
R—C=—C—C—C—R
H H H H
2nd_689 The atomic environment of two adjacent carbon atoms on the benzene ring
A
~
H
3rd_1840 The atomic environment of the four methylene carbons in n- pentane backbone

H H
|
—C—C—R
||
H H

o
|
I—0—x
|
I—0—zx
|
I—0O—=I

(continued on next page)
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Table 14 (continued)

Feature name Atomic environment

3rd_15976

The atomic environment of the methine carbon bonded to two methylene carbons in 2-pentanol

H H H H H
[ A U
R—C—C—C—C—C—R
Y Y R R
H (I) H H H
H
4th_6867 The atomic environment of the four methylene carbons in n-hexyl backbone H H H H H H
bRl —t— R
| | | | | |
H H H H H H
High
Ist 5 % e “l ' o8 o oo § ° ° o
2nd 493 ee o oo odle ’
4nd_6867 o o e e @ ‘
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Fig. 15. Shapley values of the top 20 features for P. prediction (1 bar=0.1 MPa).

and 4th_6867, higher occurrence frequencies correspond to lower
Shapley values, indicating a negative correlation. The mechanistic
meaning of 2nd_493 is the atomic environment of the two con-
nected methylene carbons in n-butane, while 4th_6867 represents
the atomic environment of the four methylene carbons in the n-
hexyl backbone. A higher frequency of these features implies a
longer carbon chain, which corresponds to a lower value of P.. From
a mechanistic perspective, as the carbon chain lengthens, the van
der Waals forces between molecules increase, making it easier for
the molecules to condense into a liquid at lower pressures—an ef-
fect that can also be reasonably explained by the van der Waals
equation.

We also calculated the normalized Shapley values for T. and
plotted them together with the results for T, in a figure, a noticeable
overlap in the feature importance is observed between the pre-
dictions of Ty and T, as shown in Fig. 16, the Shapley values for L,

can be found in Fig. S6 of the Supplemental Materials. Features such
as 1st_5, 1st_132, 1st_153, 4th_6867, 1st_41, and 2nd_689 exhibit
similar contribution rankings in both models, indicating that these
structural characteristics influence both properties in comparable
ways. The high-frequency features mentioned above can be cate-
gorized into those that influence the T and T} of linear alkanes, such
as 1st_5, 1st_132, and 4th_6867. Their frequent occurrence indicates
an increase in carbon chain length. As analysed above, the increase
in carbon chain length not only determines the magnitude of T}, but
also affects T.. With longer carbon chains, more energy is required
for molecules to overcome intermolecular attractions and transition
into the gas phase, resulting in a higher T..

Based on the above analysis, we can conclude that T, and T
exhibit a positive correlation. Furthermore, we plotted the pre-
dicted values of Ty and T, in ascending order, as shown in Fig. S7 of
the Supplemental Materials. The results show that across the entire
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Fig. 17. Shapley values for T}, and P,.

C1CCCCCCCC1 (cyclononane), with predicted T, values of 408.31 K

dataset, T, and P, exhibit a proportional relationship, and T¢ is
and 430.12 K, and corresponding predicted T, values of 416.91 K and

consistently higher than Tj. To enable a more intuitive comparison,

we further plotted a parity plot as shown in Fig. S8 of the Supple- 433.38 K, respectively.
mental Materials. It can be seen that all samples in the upper-left We also calculated the normalized Shapley values for P. and

region, except for two points that appear slightly above the line. plotted them together with the results for Tp, as shown in Fig. 17. In
These two samples are C1CCCCCCC1 (cyclooctane) and contrast, certain features such as 2nd_493 and 1st_972, rank much
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lower in the prediction of T, and T, suggesting that P. responds
differently to molecular structural variations. Notably, 1st_5 consis-
tently demonstrates the most significant influence across nearly all
predictions, highlighting its critical role in property estimation. This
feature represents the local structural environment where a hydrogen
atom is directly bonded to a carbon atom, shown in Table 12.

From a mechanistic perspective, a greater number of C—H bonds
increases the molecule's surface area, which in turn leads to a
higher boiling point due to stronger intermolecular forces. These
enhanced interactions make it more difficult for the molecule to
transition into the gas phase, thereby resulting in an elevated T..
Additionally, the spatial arrangement of C—H bonds affects the
molecule's volume and packing efficiency. Molecules with smaller
volumes and tighter packing—such as ortho-xylene—require
higher external pressure to condense into the liquid phase during
gas-liquid phase transitions, resulting in a higher P.. Therefore, the
local structural feature of hydrogen atoms directly attached to
carbon atoms has a direct and significant impact on the prediction
accuracy of Ty, P, Te.

6. Conclusions

Accurate prediction of molecular properties is crucial for product
design and chemical process modelling and optimization. This study
proposed a pure component property estimation framework using
explainable machine learning methods. The molecular representa-
tion method based on the connectivity matrix effectively considered
atomic bonding relationships to automatically generate features.
Moreover, the one-to-one mapping between molecular features and
labels was improved, with the joint conditional entropy reduced by
29% compared to the dataset built using the GC method. Further-
more, feature importance was computed using the RF model for
feature pooling while preserving the original physical meaning of
the features. The ranked important features served as inputs for the
property prediction model. In this study, Ty Ly, T and P. were
predicted, the results demonstrated that the proposed method
outperformed the current mainstream machine learning models.
The prediction results indicate that when the descriptor count is
fixed at 424—the same as in the GC approach—the GPR-CM model
outperforms the GC-based GPR-GC and GPR-WP models in every
prediction task. On the test set, its RMSE drops by as much as 39.7%
for Ty prediction, 66.7% for Ly, prediction, 83.8% for T, prediction,
and 63.0% for P, prediction. Subsequent analysis showed that GPR
tends to over-fit, so a more extrapolative ANN-CM model was
adopted. For the four target properties, ANN-CM matches GPR-WP
on Ly, while boosting the test-set R? by 1% compared with GPR-
GC; for the other three properties it surpasses both GPR-WP and
GPR-GC on the test set, thus, for all four property prediction tasks,
the results obtained with both GPR models and ANN models
demonstrate that the CM based molecular feature extraction
method proposed in this study outperforms the GC approach.
Finally, Shapley values were employed for model interpretability
analysis, identifying key molecular structures affecting the property,
such as 1st_153, 1st_5, and 1st_132. The correspondence between
common molecular structures and features is also provided. For
example, 1st_132 represents the first-order environment of the
methylene carbon in propane, and 4th_6867 represents the atomic
environment of the four methylene carbons in the n-hexyl back-
bone. The study also confirmed that different molecular properties
were influenced by different structural features, aligning with
mechanistic interpretations. In conclusion, the proposed framework
was demonstrated to be feasible and provided a solid foundation for
molecular-level management in chemical processes.

In the future, thanks to the interpretability of the proposed
framework, the key molecular structures influencing different

properties can be systematically identified, facilitating the discov-
ery of common patterns among them. A novel property prediction
approach based on transfer learning will be developed to enable
large-scale prediction of additional pure component properties.
Moreover, the proposed framework will be further applied to tasks
such as mixture component reconstruction and process integration
modelling to achieve multi-scale process optimization.
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