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Abstract:Nitroaliphatic compounds constitute an important class of energetic materials, and their impact sensitivity (hsg,) is a key
parameter for evaluating the safety of these compounds under mechanical shock. In this study, nonlinear quantitative structure-property
relationship (QSPR) models are developed to accurately predict the impact sensitivity of nitroaliphatic compounds, providing a reliable
alternative to experimental testing for safety assessment of energetic materials. Three key molecular descriptors previously screened by Prana
are employed to construct four nonlinear QSPR models: random forest (RF), linear mixed-kernel support vector regression (LMIX-SVR),
gaussian process regression (GPR), and linear multilayer perceptron (L-MLP). Model performances are comprehensively evaluated through
internal validation, external validation, and applicability domain analysis. Overall, models based on kernel methods with smooth distance

metrics (GPR and LMIX-SVR) or lightweight regularize neural networks (L-MLP) demonstrate superior fitting ability and prediction
robustness. Among them, the L-MLP model exhibit the best overall performance, with a coefficient of determination of R%m-n =0.9040 and
root-mean-square error RMSE .. =0.1406 for the training set; for the external validation set, RéXT=0.S343 and RMSE x1=0.1720; and cross-
validation results onzLOO=0.8511 and QgCV=0.8526. Within the applicability domain, for the internal validation set, the L-MLP model achieve
RfN=0.8073, RMSEy=0.1776, demonstrating significantly higher prediction accuracy than the conventional multiple linear regression model.

These results indicate that nonlinear QSPR models based on simple structural descriptors can effectively capture the complex structure—
property relationships governing impact sensitivity. In particular, the L-MLP model combines the interpretability of linear models with the
nonlinear fitting capability of neural networks, offering a reliable methodological reference for rapid prediction of the impact sensitivity of

nitroaliphatic compounds and for safety screening of energetic materials.
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1. Introduction

Nitroaliphatic compounds [6] represent a major class of energetic materials. Their impact sensitivity (hsqo), defined as
the height at which there is a 50% probability of reaction under mechanical impact, is a critical parameter for evaluating
the likelihood of reaction under shock conditions. This property serves as a key basis for safety assessment and explosive
classification of such compounds. Regulatory frameworks such as EU REACH and CLP [2] impose explicit requirements
for the accurate characterization of this property. However, given the vast number of chemicals awaiting evaluation,
comprehensive experimental characterization is impractical. Experimental measurements are constrained by long testing
times, high financial costs, and significant safety and ethical considerations. Consequently, there is an urgent need for
reliable alternative approaches capable of predicting chemical properties without extensive experimental testing.

Quantitative structure-property relationship (QSPR) modeling, combined with machine learning techniques, enables
regression analysis of selected molecular descriptors to predict target properties. This approach can provide more accurate
predictions of the impact sensitivity of nitroaliphatic compounds while avoiding repetitive experimental testing of
hazardous materials, thereby significantly reducing labor, material costs, and safety risks. As a result, QSPR modeling has
become an effective alternative to experimental determination and has been widely applied in the prediction of impact
sensitivity for energetic materials.

Prana[3] conduct a comprehensive study on predicting the impact sensitivity of nitroaliphatic compounds. They identify
three key structural descriptors and construct a multiple linear regression (MLR) model based on them. The descriptors can
be derived directly from the two-dimensional molecular structure, allowing straightforward statistical calculation without
requiring complex quantum-chemical simulations or three-dimensional structural optimization. However, the model MLR
relies on a linear modeling framework, whereas the structure—property relationships between molecular descriptors and
impact sensitivity exhibit complex nonlinear characteristics. Linear models are inherently limited in capturing such
nonlinear correlations, which restricts further improvement in prediction performance.

To address these limitations, the present study adopts the same three key structural descriptors identified by Prana[3] as
6
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model inputs and introduces nonlinear machine-learning approaches to construct four QSPR model: random forest (RF)
model, linear mixed-kernel support vector regression (LMIX-SVR) model, gaussian process regression (GPR) model, and
linear multilayer perceptron (L-MLP) model. These models are used to further investigate and predict the impact sensitivity
of nitroaliphatic compounds. By comparing their performance with that of the MLR model [4] using relevant statistical
indicators, this study evaluates the prediction capabilities of nonlinear models based on this descriptor framework. The aim
is to provide new modeling strategies for the accurate prediction of impact sensitivity in nitroaliphatic compounds and to
offer useful insights for QSPR-based prediction of physicochemical properties in energetic materials.
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2. Material and method

2.1. Data set

This study select 50 nitroaliphatic compounds and record their experimental impact sensitivity (hsq,) values, all data
derive from the research of Prana[3]. The allocation of relevant data and their experimental values are detailed in Table 1.

Following the dataset partitioning method of Prana[3], compounds 1 to 34 are selected as the training set, while 35 to 50
are used as the external validation set. This partitioning provides input data for the subsequent construction of the RF model,
LMIX-SVR model, GPR model, and L-MLP model,which are all nonlinear models built with the same set of descriptors
to facilitate a fair comparison of their performance.

2.2. Calculation and Screening of Molecular descriptions

For the 50 nitroaliphatic compounds under study, 66 structural descriptors that can be directly derive from the two-
dimensional molecular structure are systematically calculated [5], forming the initial set of descriptors. Subsequently, the
best multiple linear regression (BMLR) method [6] integrated in CodessaPro [7] software is employed to select descriptors
from the initial set. Among various descriptor combinations, the one that show the highest correlation with loghsq, and use
the fewest descriptors is selected to achieve a balance between prediction accuracy and computational simplicity. Finally
Student’s t test at the 95% confidence level is conducted to verify the statistical significance and correlation of the selected
descriptors in the models. The contribution of each descriptor to the model's prediction is assessed based on the t-test values.

After this selection and validation process, three key molecular descriptors are identified from the 66 structural
descriptors: nitrogen atom relative count (ny/Nyom), single bond count (Ngingie), @nd nitro group count (nNyo), which are
used as the input descriptors for the MLR model. The detailed information for each descriptor is as follows:

(1)nn/Natom: This descriptor is calculated by determining the total number of nitrogen atoms (ny) in the target compound
and dividing it by the total number of atoms (h,,m) in the molecule. It reflects the proportion of nitrogen atoms in the
molecule.

(2)nsingie: This descriptor counts the number of single bonds in the molecular structure of the target compound, excluding
double bonds, triple bonds, and other unsaturated chemical bonds. It characterizes the chemical bond saturation of the
molecule.

(3)nno2: This descriptor counts the number of nitro (-NO,) functional groups in the nitroaliphatic compound, which
serves as a characteristic functional group for this class of compounds. The number of nitro groups is one of the core
structural factors influencing impact sensitivity.

2.3. Random forest (RF) Model

Random Forest (RF) is an ensemble learning method that performs prediction by constructing a large number of decision
trees during the training phase and averaging their outputs. The central idea of RF is to introduce randomness in both sample
selection and feature selection in order to reduce overfitting and improve generalization performance.

Specifically, each decision tree is trained using bootstrap sampling with replacement from the original training dataset.
During the node-splitting process, only a randomly selected subset of features is considered as candidate splitting variables.
This dual randomness reduces the correlation among individual trees, thereby improving the robustness of the model against
noise and enabling it to capture complex nonlinear relationships between molecular descriptors and the target property.

For a new sample X, the prediction of the RF regression model is calculated as the average output of all decision trees:

°
1
yzf;n )

Where f;(x) denotes the prediction generated by the t-th decision tree.

During tree construction, node splitting is typically determined by impurity minimization criteria, such as the Gini index
in classification tasks or the mean squared error in regression tasks. In terms of descriptor importance evaluation, RF
measures the contribution of each descriptor by calculating the average decrease in impurity across all trees.

For classification problems, the Gini impurity at a node is defined as:

K
Gini(p):l-z p2
k=1

Where p, represents the proportion of samples belonging to class k at the node. In regression tasks, variance reduction
is commonly used as an analogous metric.

In addition to constructing trees using bootstrap sampling from the training dataset, RF can quantify the importance of

each descriptor through impurity-based measures such as the Gini index. Consequently, RF simultaneously provides
prediction capability and feature-importance evaluation in QSPR modeling.

14
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2.4. Support Vector Regression (SVR) Model

Random Forest models are prone to overfitting when applied to small datasets. Therefore, Support Vector Regression
(SVR) which is particularly suitable for small-sample scenarios is employed. By defining the width of the e-insensitive
band as 2¢. The objective is to ensure that as many samples as possible fall within this tube while minimizing both the
structural risk and the training error, thereby balancing model complexity and generalization ability.

The optimization objective of SVR can be expressed as:

m|n _"W"2+CZ (&+E)

st y-(w xi+b)§g+§i, (w- xi+b)-yi§g+§:, &.6>0

Where w is the weight vector in feature space,b is the bias term; Cis the regularization parameter controlling the trade-
off between model complexity and training error; ¢ defines the width of the insensitive tube; & and &:are slack variables
representing deviations above and below the e-tube.

Because the structure-property relationships between molecular descriptors and the impact sensitivity of nitroaliphatic
compounds are typically nonlinear, solving the problem directly in the original feature space is insufficient. Therefore, the
kernel trick is introduced to map the low-dimensional feature space into a higher-dimensional space through a kernel
function K(x;,x;)=(X;)- ¢(x;) enabling the identification of an optimal hyperplane while avoiding the computational burden
associated with explicit high-dimensional mapping.

The choice of kernel function plays a decisive role in determining the prediction performance of the SVR model. In
QSPR modeling and SVR regression tasks, the most commonly used kernels include the linear kernel, polynomial kernel,
and radial basis function (RBF) kernel.

. Linear kernel
K Linear (X0, )=Xi - X;
The linear kernel has low computational complexity, requires no additional hyperparameters, and offers strong
interpretability. It directly captures linear relationships among features and is suitable for simple linear structure—property

relationships. However, it can only address linearly separable problems and performs poorly when representing nonlinear
relationships.

(2). Polynomial kernel
degree
Kp0|y(Xi,Xj):(YXi . Xj"'COEf 0)

Where degree is the polynomial degree and coef 0 is the bias term.This kernel can capture higher-order nonlinear
interactions among features and provides both global and local representation capabilities. However, it involves multiple
hyperparameters, making optimization more difficult. High-degree polynomials may lead to numerical instability and
generally require greater computational effort than linear or RBF kernels.

(3). RBF kernel
Kror (Xi.%)=exp(-v[%i-j]%)
Where y denotes the kernel width parameter. The RBF kernel possesses strong nonlinear mapping capability and can

effectively model complex nonlinear relationships, particularly in small datasets. However, its strong local fitting capability
may increase the risk of overfitting and it may fail to adequately capture global linear trends.

A single kernel function is often limited in its ability to simultaneously capture global trends and complex nonlinear
structures. Hybrid kernels overcome this limitation by linearly combining multiple kernel functions, thereby integrating
their respective advantages and improving model adaptability and generalization performance.

According to Mercer's theorem, any non-negative linear combination of positive semi-definite kernels remains a valid
kernel function. In this study, a linear weighted hybrid kernel composed of linear, polynomial, and RBF kernels is
constructed:

Kimix (%1% ) =W Kiinear (Xi. %) FW2 Koty (Xi,%; ) +Wa Kipe (Xi,X))
Where wy,w,,w5;>0 are weight coefficients satisfying wy+w,+w;=1.
Due to the excessive number of parameters and their significant impact on model performance, Bayesian methods are
adopted. Bayesian optimization is employed to determine the optimal combination of hyperparameters,enhancing the

model's performance.By systematically exploring the hyperparameter space, this approach ensures that the best parameters
are selected for the kernel function, leading to improved model accuracy.

The hybrid kernel allows simultaneous modeling of linear trends, global multidimensional structures, and complex local
15
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nonlinear variations, thereby improving the ability of the SVR model to capture the structure—property relationship between
molecular descriptors and impact sensitivity.
2.5. Gaussian Process Regression (GPR) Model

Although SVR can capture nonlinear relationships through kernel functions, its performance on small datasets is often
sensitive to hyperparameter optimization. To address this issue, Gaussian Process Regression (GPR) is introduced. GPR is
a non-parametric probabilistic regression method based on a Bayesian framework. Unlike traditional regression methods,
it does not assume a predefined functional form. Instead, it directly models the function space through a Gaussian process
prior, which provides stronger generalization capability and better resistance to overfitting in small-sample scenarios. The
prior distribution of the regression function is defined as a Gaussian Process (GP), which is updated using the training data
to obtain the posterior distribution of predictions.

For the input set X={X;,X,,...,X, },the corresponding output y={y,,y,....,y, } follows a multivariate Gaussian distribution:
y~N(u(X),K(X,X)+o71)

Where u(X) is the mean function; K(X,X)is the covariance matrix constructed from the kernel function,c? is the noise
variance, | is the identity matrix.

For a new input x«,the posterior prediction distribution y, is also Gaussian distribution:

y*~N(u*,0§)
where the posterior mean and variance are:
=K (% X)[K(X X)+02 1]y
022K (X, X )-K (X, X) [K (X, X) +62 1] K (X, %)

The key idea of hybrid kernels is to decompose a complex function space into the superposition of several simpler
subspaces, each characterized by a base kernel. This allows the model to simultaneously capture global trends, local
fluctuations, multi-scale structures, and stochastic noise.

To adequately represent the complex multi-scale nonlinear relationships between molecular descriptors and the impact
sensitivity of nitroaliphatic compounds, a hybrid kernel combining a constant scaling kernel, radial basis function (RBF)
kernel, rational quadratic (RQ) kernel, and white noise kernel is constructed:

Knix=C+ (Krer+tKra)*Kwhite
Where Ke=c, c is an optimizable scaling factor controlling the amplitude of the covariance.
For the rational quadratic kernel:
9 @
Kro(XiXj)= (1+ M)
2al

a is the shape parameter that enables modeling of local multi-scale nonlinear patterns.

The white noise kernel is defined as metezcﬁﬁij - &;j is the Kronecker delta function and 2 represents the noise level
used to model random noise in the data and improve model regularization

2.6. Linear-Multilayer Perceptron (L-MLP) Model

To simultaneously capture both linear trends and nonlinear residual relationships in the data, a hybrid Linear—-Multilayer
Perceptron (L-MLP) model is developed. This architecture integrates the interpretability of linear regression with the
nonlinear fitting capability of neural networks, thereby maintaining a simple model structure while improving the ability to
represent complex structure—property relationships.

The model consists of two parallel branches whose outputs are combined at the final layer (Figure 1).

16
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Figure 1. The Structure of L-LMP Model

The linear branch employs a simple linear transformation layer, which is essentially equivalent to a Branching Multilayer
Perceptron (BMLP) with no hidden layers. This branch captures the global linear trend in the data and provides a baseline
prediction.To model nonlinear relationships between molecular descriptors and impact sensitivity, a nonlinear branch based
on a lightweight multilayer perceptron (MLP) is introduced. The nonlinear branch contains two hidden layers. Considering
the relatively small dataset used in this study, the hidden layer dimensions are set to 5 and 3 neurons, respectively, to reduce
the risk of overfitting while maintaining sufficient representation capability.

The hidden layers employ the ReL U6 activation function, which enhances nonlinear representation ability while ensuring
stable training.

The final prediction is defined as the sum of the outputs from the linear and nonlinear branches:

y:ylinear-'-ynonlinear

Where y"near:WIinear ' X+b|inear ) ynonlinear:MLP(X)'
The model is trained using the Mean Squared Error (MSE) loss function with L2 regularization:

L= %Z (-9 MW

Where A is the regularization coefficient,IWI’represents the sum of squared weights.

This residual-style architecture enhances the model's expressive capability while avoiding the overfitting risk associated
with deep neural networks. The Adam optimizer is used for parameter updates, and L2 regularization is incorporated to
constrain the magnitude of model weights.

17
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Through this architecture, the model can effectively capture the structure—property relationship between molecular
descriptors and the impact sensitivity of nitroaliphatic compounds.

2.7. Applicability Domain (AD) Analysis

The applicability domain (AD) is an essential component of model validation, defining the chemical space within which
model predictions are considered reliable. To ensure consistency with the Eq.8 model proposed by Prana [3], the present
study adopt the same applicability domain determination method and results used in the original study rather than
performing an independent AD analysis.

In the original study, the AD is constructed using the three structural descriptors employed in the Eq. 8 model and is
determined using the Euclidean distance method. The AD boundary is defined at the 95% confidence level to include 95%
of the training samples.[3]

According to this criterion, 15 samples from the external validation set are located within the applicability domain when
evaluating the MLR model. The same AD determination is directly adopted in the present study to ensure objective and
consistent comparison of prediction performance between the nonlinear models and the MLR model within the valid
applicability domain.

2.8. Evaluation Metrics

To ensure consistency with the model evaluation framework proposed by Prana [3], several statistical indicators are used
to assess model performance:coefficient of determination (R?) . root mean square error (RMSE) . leave-one-out
cross-validation coefficient ( QEOO ) . five-fold cross-validation coefficient ( Qgcv ) . external coefficient of
determination (RZy;) . RMSE of the external validation set (RMSEgyxr) . external cross-validation coefficient

(QEXT) . coefficient of determination within the applicability domain (R%,) ,All indicators are calculated using
predicted values loghsgy ex, to maintain consistency with the original experimental study.

The coefficient of determination R?reflects the linear correlation between predicted and experimental values,
representing the proportion of experimental variance explained by the model. Values closer to 1 indicate better model

performance.The RMSE measures the average prediction error between predicted and experimental values and has the
same dimension as the target property 1oghso, exp,Providing an intuitive measure of model accuracy.The cross-validation

coefficients Qfoo and Qécv all perform cross-validation calculations based on the training set and evaluate the robustness
of the model. Values closer to 1 indicate stronger model stability.

External prediction ability is evaluated using R2yt and RMSEgyr, Where larger RZ,1 and smaller RMSEgy indicate
stronger prediction capability for unseen samples.The external cross-validation coefficient QEXT is calculated as:
" 2
(D)
n, PR 2
2y YR)
Where y_. is the arithmetic mean of the experimental values IoghSO%exp in the training set. Finally RZ, and RMSEy

evaluate prediction performance within the applicability domain. Following the procedure in the original study, samples
locate outside the AD are excluded, and the metrics are calculated using only samples within the valid domain.

2 _
QEXT_l'

3. Result and discussion
3.1. Results of #F

The Random Forest (RF) model exhibit exceptional fitting performance on the training set, with an R? value of
0.9194,and an RMSE of 0.2839 indicating the model's ability to learn the mapping relationship between molecular
descriptors and target values in the training data. However, its performance significantly decline on the test set and in cross-
validation, where the R? reflect a drop of around 0.26 compared to the training set. The R2og is only approximately
0.5674.The five-fold cross-validation coefficient Qgcv is 0.6937,which is notably lower than the training set performance.
These results clearly demonstrate overfitting on the training set and insufficient generalization capability on the test set.
This is a characteristic of RF, where the model tends to excessively learn the fine details of the small sample data, leading
to poor generalization performance on new samples.

In terms of external prediction performance, the model's R2yt for the 16 external validation samples is 0.6611, with an
RMSEgx7=0.5424,The external validation cross-validation coefficient QEXT is 0.6611.Within the applicability domain, the

model show R?, is 0.6243, RMSE,y is 0.5467,which are consistent with the external validation results. This indicates that
the RF model's prediction ability within the applicability domain did not outperform its overall performance on the test set.
Compared to the MLR model, although RF demonstrate superior fitting on the training set, it exhibit a decline in
performance in both external validation and cross-validation, suggesting a trade-off between training set accuracy and
generalization in small sample scenarios. This highlights the limitation of RF as an ensemble tree method, where its
18
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powerful nonlinear fitting capability needs to be complemented with stricter pruning or regularization strategies to avoid
overfitting. The fitting results of the RF model are shown in Figure 2.
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The core reason for overfitting of the RF model lies in its fundamental component, the decision tree splitting mechanism.
Given the three continuous features and 34 training samples in this task, the decision tree essentially performs orthogonal
splits in the three-dimensional feature space, resulting in a "staircase-like" discontinuous response surface. When faced
with sparse small sample data, RF struggles to interpolate smoothly through kernel functions as kernel methods do. This
leads to significant prediction bias in the "gaps" of the feature space (i.e., new combinations appearing in the test set).

3.2. Results of LMIX-SVR
After optimizing the hyperparameters, the best combination for the LMIX-SVR model is determined:
(C,y,e,d,coefo,w,bf,w”n,wpo|y):(29.4101,0.0013,0.1869,3,7.8178,0.4258,0.3471,0.2271)

The detailed performance evaluation of LMIX-SVR is presented in Table 3.

For the training set, the LMIX-SVR model achieve an R? of 0.8842,and an RMSE of 0.3403, demonstrating a good
fitting ability. The internal robustness verification, measured through leave-one-out cross-validation QEOO and five-fold
cross-validation Qgcv result in values of 0.8511 and 0.8463, respectively. These values are closely aligned, indicating no
significant overfitting, and showing that the model maintained strong internal robustness.In terms of external prediction
performance, the model's R2y for the 16 external validation samples is 0.8058, with an RMSEgyy of 0.4106, and the
external validation cross-validation coefficient QEXT is 0.8058. Within the applicability domain, the model show

R2,=0.7740,RMSE,=0.42 indicating improved performance within the valid domain. Compared to the MLR model, the
LMIX-SVR show a slight improvement in training set fitting and enhance prediction capabilities in both external validation
and within the applicability domain. The fitting results of the LMIX-SVR model are shown in Figure 3.

3.3. Results of GPR Model
After optimizing the kernel function hyperparameters, the GPR model achieve an optimal hybrid kernel form:
1.872-RBF(Iength_scaIe:4.28)+RationaIQuadratic(a=103,Iength_scale:4.29)+WhiteKerneI(noise_leveI:O.112)

The model's fitting performance on the training set is evaluated, with an R? of 0.9136 and an RMSE of 0.1334
representing a substantial improvement over the MLR model.The internal robustness validation show that the leave-one-

out cross-validation coefficient Qioo is comparable to the MLR model, and the five-fold cross-validation coefficient is
0.8254 slightly lower than the MLR model, but still indicate good internal stability and no significant overfitting.

For external prediction performance, the GPR model achieve an Ry of 0.8041 and an RMSEgy of 0.1871 for the
external validation set, with an external cross-validation coefficient QEXT of 0.8041.The aforementioned metrics are
essentially comparable to the MLR model R2y7, RMSEgxT, QEXT,indicating comparable external prediction ability to the
MLR model.Within the applicability domain, the model's performance show significant improvement compared to the
MLR model, with R%,=0.7800, RMSE,=0.1898,which reflected the model's enhanced prediction accuracy within the valid
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domain. The fitting results of the GPR model are shown in Figure 4.
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Table 2. The Performances of different models
Metrics RMSE+ .
Rérain Train Réxr RMSEgxr Q0
Model
MLR 0.88 0.17 0.81 0.22 0.85
RF 0.9194 0.2839 0.6611 0.5424 0.6937
LMIX-SVR 08842 0.3403 0.8052 0.4106 0.8511
GPR 0.9136 0.1334 0.8041 0.1871 0.8410
L-MLP 0.9040 0.1406 0.8343 0.1720 0.8511
Metrics 5 RMSE R,
Model 5CV EXT
MLR 0.85 0.81 0.23 0.78
RF 0.6937 0.6611 0.5467 0.6243
LMIX-SVR 0.8463 0.8058 0.42 0.7740
GPR 0.8254 0.8041 0.1898 0.7800
L-MLP 0.8526 0.8343 0.1776 0.8073

3.4. Results of L-MLP Model

3.0

The Linear-Multilayer Perceptron (L-MLP) model exhibit the best overall performance among the four models construct
in this study. It demonstrated superior fitting ability, internal robustness, external prediction performance, and prediction
within the applicability domain compared to both the MLR model and other nonlinear models. The core evaluation metrics

for the L-MLP model are summarized below.

In terms of fitting to the training set, the L-MLP model achieve an R%raining:0.9040 and an RMSE of 0.1406, representing

a significant improvement in fitting accuracy compared to the MLR model. This indicates that the L-MLP model can
effectively capture the structure—property relationship between molecular descriptors and impact sensitivity. Internal
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robustness is verified through leave-one-out cross-validation QZLOO=O.8511 and Qgcv=0.8526, indicating that the model do
not overfit and maintained good internal stability. For external prediction, the L-MLP model achieve an
RE&y7=0.8343, RMSEgyr= 0.1720, and QZ,;=0.8343 for the 16 external validation samples. These results suggest that the
L-MLP model demonstrates excellent prediction accuracy for new, unseen data. Within the applicability domain, the model
achieve an R%,=0.8073 and an RMSE, of 0.1776, representing a significant improvement in both prediction accuracy and
reliability compared to other models. These results further highlight the advantages of nonlinear modeling methods in
uncovering the complex structure—activity relationships between molecular descriptors and impact sensitivity, thus
enhancing the model's performance within the practical application domain. The fitting results of the L-MLP model are
shown in Figure 5.

4. Comparison and Discussion

Table 2 summarizes the performance of the four models across various evaluation metrics. Overall, the RF model exhibit
excellent fitting on the training set but demonstrate poor generalization capability on the test set, indicating overfitting. In
contrast, the other three models,LMIX-SVR, GPR, and L-MLP show strong fitting ability, robustness, and prediction
accuracy, with performance metrics closely aligned.Among these models, the L-MLP model exhibit a slight advantage in
both test set and external validation performance, indicating superior generalization capability. The GPR model show the
best fitting on the training set but perform similarly to LMIX-SVR on the test set. LMIX-SVR, on the other hand,
demonstrate a balanced performance across all metrics.

Compared to the MLR model proposed by Prana [3], all four nonlinear models demonstrate improve prediction
capabilities. Specifically, models based on kernel methods with smooth distance metrics (GPR, LMIX-SVR) or regularize
neural networks (L-MLP) are more suitable for the current data distribution. The L-MLP model, in particular, achieve
higher external prediction accuracy while maintaining robustness, highlighting the potential of nonlinear models in
uncovering the inherent relationships between molecular descriptors and impact sensitivity.

5. Conclusion

This study successfully apply four machine learning methods, Random Forest, Support Vector Regression, Gaussian
Process Regression, and Linear-Mltilayer Perceptron, to predict the impact sensitivity of nitroaliphatic compounds. By
leveraging three simple structural descriptors proposed by Prana, all four nonlinear models demonstrate excellent fitting
ability, robustness, and external prediction performance. Among these, the L-MLP model exhibit the best performance in
external prediction.

The results indicate that by selecting representative structural descriptors and combining them with nonlinear machine
learning algorithms, reliable prediction models for impact sensitivity can be developed. This approach offers a feasible
nonlinear modeling strategy for QSPR prediction of the impact sensitivity of nitroaliphatic compounds and provides
valuable methodological insights for future research on safety assessment in energetic materials.

Conflict and interest
The authors confirm that this article content has no conflict of interest.

Reference

[1] R.Wang, J.C. Jiang, Y. Pan, H.Y. Cao, Y. Cui, Prediction of impact sensitivity of nitro energetic compounds by neural
network based on electrotopological-state indices.

[2] EC (2006) Regulation N°1907/2006 of the European Parliament and of the Council of 18 December 2006 concerning
the registration, evaluation, authorization and restriction of chemicals (REACH). EC, Brussels.

[3] PranaV, Fayet G, Rotureau P, Adamo C. Development of validated QSPR models for impact sensitivity of nitroaliphatic
compounds. Journal of Hazardous Materials, 2012, 235-236: 169-177.

[4] Vinca Prana, Guillaume Fayet, Patricia Rotureau, Carlo Adamo. Development of validated QSPR models for impact
sensitivity of nitroaliphatic compounds. Journal of Hazardous Materials, 2012, 235-236, pp.169-177.

21
2025@ The American Computational Science Society. All rights reserved.



Sournal of Computational Science &Fngineering 70 (2025) 6-23
[5] C.B. Storm, J.R. Stine, J.F. Kramer, Sensitivity relationships in energetic materials. Chemistry and physics of energetic

materials, Kluwer Academic Publishers, 1990.

[6] J.Hazard. Mater.166 (2009) 155-186

[71 CodessaPro, 2002, University of Florida.

[8] M. Karelson, Molecular Descriptors in QSAR/QSPR, Wiley, New York, 2000

[9] Zhang Guiping, Ding Changhua, Guo Yong, et al. Advances in Machine Learning for Performance Prediction and
Design of Surfactants [J/OL]. Organic Chemistry,1-19 2026-03-15.

[10] Kuriachan G ,A. P . Combining QSPR modeling and the VIKOR method to rank opioid analgesic drugs via topological
indices[J].Results in Chemistry,2026,23103161-103161.D0I:10.1016/J.RECHEM.2026.103161.

[11] Trepalin V S ,Komarov V P ,Knizhnik A A, et al. Synthetic accessibility score as a filter for virtual chemical structures
in polymer materials design.[J].Journal of molecular modeling,2026,32(4):89-89.D01:10.1007/S00894-026-06670-2.

[12] idris Ciftci. A theoretical and quartic regression-based QSPR model for predicting physicochemical properties of anti-
hepatitis compounds via Van and R topological indices[J] .Physica Scripta , 2026,101(8):085004-
085004.D01:10.1088/1402-4896/AE46EC.

[13] Altairi A ,Alhaj Z ,Alsharafi M , et al. From graph theory to chemoinformatics: modified bond-based indices and a
hypothesis-driven multi-task QSAR/QSPR benchmark.[J].Scientific reports,2026,D01:10.1038/S41598-026-40969-7.

[14] Henry E G ,Chandrasekaran S ,Hariharan C , et al. Combined QSAR/QSPR, cluster modelling and docking studies of
1,3,4 oxadiazoles as anticancer drugs[J].Chemical Papers,2026,(prepublish):1-14.D0I:10.1007/S11696-026-04689-6.

[15] Godlin J JJ ,Radha S . QSPR analysis of the drugs used to treat renal failure and its complications using degree and
modified reverse degree indices.[J].Scientific reports,2026,D01:10.1038/S41598-026-37586-9.

[16] Yuvaraj A ,Kalaimurugan G ,Thamizhmaran R , et al. Predictive modeling for physicochemical properties of B-lactam
antibiotics through eigenvalue based topological indices and non linear regression techniques.[J].Scientific
reports,2026,D01:10.1038/S41598-026-39436-0.

[17] Kausar S ,Kiran Q,Ali Y et al. Multiplicative neighborhood degree based indices of carbon nanostructures[J].Chemical
Papers,2026,(prepublish):1-17.D0I:10.1007/S11696-026-04700-0.

[18] Arockiaraj M ,Rajendran T ,Shalini J A, et al. Graph theoretical characterization and QSPR modeling of aluminum and
magnesium hydroxide networks through integrated face degree topological indices.[J].The European physical journal.
E, Soft matter,2026,49(1-2):14.DOI:10.1140/EPJE/S10189-025-00554-8.

[19] Noureen S ,Ashraf N ,Azam S . Structural modeling and machine learning-enhanced QSPR analysis of CAD-related and
cardiovascular  therapy drugs using topological descriptors[J].Microchemical Journal,2026,222117252-
117252.D0I:10.1016/J.MICROC.2026.117252.

[20] Mufioz C E ,Termopoli V ,Ballabio D, et al. QSPR-driven prediction of analyte permeability for advancing CP-MIMS
applications[J].Green Analytical Chemistry,2026,16100328-100328.D01:10.1016/J.GREEAC.2026.100328.

[21] Imran M ,Aqib M ,Malik A M, et al. Enhancing bioinformatics engineering by utilizing graph therapeutic properties
for clinically approved antitoxin drugs in zoonotic diseases.[J].Scientific reports,2026,D01:10.1038/S41598-026-
36036-W.

[22] Nagnure H ,Prasad T ,Kundu D . Analyzing molecular descriptors with quantitative structure—property relationships for
selective  gas  adsorption on  g-C3N4[J].Separation  Science and  Technology,2026,61(3-5):767-
777.D0I:10.1080/01496395.2025.2502763.

[23] BarmanJ,Das S . QSPR Analysis of Elliptic-type Entropy Measures and Their Correlation with Elliptic-type Indices of

Silicon Carbide Networks[J].Silicon,2026,(prepublish):1-26.D01:10.1007/S12633-026-03647-X.

22
2025@ The American Computational Science Society. All rights reserved.



Sournal of Computational Science &Fngineering 70 (2025) 6-23
[24] Mondal S ,Das P ,Raza Z , et al. Graph spectrum of neighbourhood sombor matrix and structure-Property

modelling[J]. Theoretical Computer Science,2026,1068115758-115758.D01:10.1016/J.TCS.2026.115758.

[25] Song S ,Song X . Flash point prediction of ternary miscible organic mixtures using random forest regression[J].Journal
of Loss Prevention in the Process Industries,2026,101105927-105927.D01:10.1016/J.JLP.2026.105927.

[26] Fedorova | ,Fedorov K ,Safonova L . QSPR modeling of the thermal properties of alkylammonium mesylates based on
guantum-chemical descriptors: gas-phase vs. CPCM calculations[J].Journal of Molecular Liquids,2026,446129328-
129328.D01:10.1016/J.MOLLI1Q.2026.129328.

[27] Garzegar S ,Askarishahi M ,Nodoushan S H M , et al. Developme6666nt of an ANN-QSPR Model for Prediction of

Octanol-Water Partition Coefficient of Anionic Surfactants by Effective Molecular Descriptors[J].Journal of Solution

23
2025@ The American Computational Science Society. All rights reserved.



	1. Introduction
	2. Material and method
	2.1. Data set
	2.2. Calculation and Screening of Molecular descriptions
	2.3. Random forest (RF) Model
	2.4. Support Vector Regression (SVR) Model
	2.5. Gaussian Process Regression (GPR) Model
	2.6. Linear-Multilayer Perceptron (L-MLP) Model
	2.7. Applicability Domain (AD) Analysis
	2.8. Evaluation Metrics

	3. Result and discussion
	3.1. Results of RF
	3.2. Results of LMIX-SVR
	3.3. Results of GPR Model
	3.4. Results of L-MLP Model

	Conflict and interest

