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a b s t r a c t

Grain boundaries (GBs) in natural gas hydrates (NGHs) are ubiquitous crystal imperfection that un-
dermine the stability of NGHs. In this study, we report the diverse cage structures and mechanical
properties of GBs in methane hydrates using molecular dynamic (MD) simulations with advanced
machine learning (ML) techniques. Employing a Random Forest-based feature extraction method, we
weight and rank the 84 degrees of freedom to eliminate cage types with zero weight. Notably, 11 cage
types identified through principal component analysis (PCA) play critical roles in dictating the overall
mechanical properties of GBs in methane hydrates. This work establishes an MD-ML framework to
elucidate the relationships between GB composition-structure-mechanical properties in NGHs, which is
of great importance in predicting the mechanical stability of sediment-hosted NGHs.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Clathrate hydrates (CHs) consist of water molecules hydrogen-
bonded (HB) to form cage structures that trap small molecules as
guests under harsh conditions of high-pressures and low tempera-
tures (Sloan, 2003; Hester and Brewer, 2009). Depending on the size
and shape of guest molecules, three types of clathrate hydrate
structures including cubic structure I (sI), cubic structure II (sII), and
hexagonal structure H (sH) can mainly form in natural settings. The
most important clathratehydrate is natural gas hydrates (NGHs) that
massively occurred in permafrost and marine sediments. NGHs are
considered potential future energy resource, with total resource
value of 41.46 × 1012 m3 at the year of 2050, which is about 10% of
total natural gas resource in conventional reservoir (Pang et al.,
2021). NGHs are garnering increasing attention due to their

numerous advantages, including wide distribution, large reserves,
and low pollution (Zi et al., 2018; Lu et al., 2020; Wei et al., 2024).

NGHs-bearing sediments show enhanced geo-mechanical prop-
erties compared to the native sediments because sediment frame-
works are critically cemented by NGHs. When suffering natural and
anthropogenic disturbances such as submarine (Zhang et al., 2021a),
coastal development (Liu et al., 2019), and petro-activities (Boswell,
2009), NGHs could experience large deformations, causing stress-
induced dissociation into the fluid phase of water and methane gas
(Freij-Ayoubetal., 2007;ZhangandTaboada-Serrano, 2020; Liuet al.,
2022a). Suchhydrate dissociation significantly reduces the sediment
strength and stiffness, thereby resulting in geo-mechanical in-
stabilities. It is therefore suggested that the mechanical character-
istics of NGHs themselves have profound implications in the seabed
stability (Ning et al., 2012), the safety of ocean engineering
(Kvenvolden, 1999), the natural gas recovery and CO2 sequestration
by CH4− CO2 replacement (Zhang et al., 2022), as well as hydrate-
based CO2 geological storage (Ota et al., 2005; Tung et al., 2011).
Given the importance of NGH mechanical properties, extensive ef-
forts havebeen devoted over recent years to a deepunderstandingof
mechanical behaviors of NGHs and other gas hydrates, mainly
focusing on internal influencing factors such as guest occupancy (Yu
et al., 2019), water vacancy (Peters et al., 2008), guest size (Vlasic
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et al., 2017), grain size (Qin et al., 2021), and so forth (Li et al., 2016). It
was found that flawless monocrystalline gas hydrates (MCGHs)
yieldedYoung’smodulus and failure strengthup toGPa-level, aswell
as mechanically fail with brittle fractures.

In contrast, polycrystallinemethane hydrates (PCMHs) exhibited
maximumstrengthup tohundred-MPa level (Stern et al.,1996,1998;
Durham et al., 2003a, 2003b; Wu et al., 2015; Cao et al., 2021;
Sveinsson et al., 2021), with several times lower than MCGHs.
Moreover, PCMHsdemonstratedexceptional long-rangeductile flow
characteristics, where X-ray analyses revealed that PCMHs un-
dergoes a process of solid-state disproportionation or exsolution
during deformation (Stern et al., 1996, 1998). Molecular dynamics
(MD) simulations suggested that the combination of structural
transformations and grain-boundary (GB) sliding are the main
sources of the long-range plastic flow stress (Wu et al., 2015;
Sveinsson et al., 2021). More intriguingly, there existed crossover in
themechanical strengthof PCMHsat critical grain size, belowwhich,
grain size-strengthening behavior is identified, whereas above
which, it is observed grain size-weakening behavior (Wu et al., 2015;
Sveinsson et al., 2021). The grain boundary (GB) networks that sur-
round crystalline hydrate grains (Murshed et al., 2008) play pivotal
roles in the anomalous mechanical behaviors of PCMHs, as well as
the prevailing failure mode (Zhang et al., 2021b).

In polycrystalline NGHs, however, GB networks are complex
molecular structures (Wu et al., 2015), which aremainly structurally
characterized by amorphous NGHs with diverse cages, amorphous
water, and methane gas (Max et al., 2006). In addition, GBs are
multiple metastable structures compared to the native crystalline
hydrates, and theyare liable toundergo structural transformations in
response todepressurizing, chemical,mechanical or thermal stimuli.
Such mutable GBs play an important role in modifying the micro-
structuresof PCMHs,whichcomplicates the stabilityandmechanical
properties of PCMHs. Due to the limitations of nanoscale visualiza-
tion for NGHs, however, it still remains challenge to experimentally
examine the molecular basis of GBs and their effects on the me-
chanical properties of NGHs (Cao et al., 2021).

Herein, we report an in-depth analysis of GB structures and
their mechanical properties in methane hydrates by molecular
dynamics (MD) simulations combined with advanced machine
learning (ML) techniques. The GB composition mainly consists of
two parts. One part is the overall properties of the interface
structure, including grain boundary energy, GB angles and me-
chanical properties, etc., which is described in Supplementary
Material S1. The other part is local structural information. We
streamline 84 degrees of freedom using a Random Forest-based
feature extraction method and employ deep neural network
(DNN) to well-predict the mechanical properties of GBs across an
extensive set of low to high misorientation angle (θ) in methane
hydrates. Our as-developed MD-ML framework not only enhances
the predictive accuracy of GB mechanical properties in methane
hydrates but also uncover the mechanisms by which specific al-
terations in GB-related cage structures influence the mechanical
behaviors of methane hydrate. This work provides the relation-
ships of microstructure-mechanical properties in NGHs, as well as
underscores the critical roles of GB microstructures in governing
the mechanical stability of sediment-hosted NGHs.

2. Models and methods

2.1. Workflow

Fig. 1 shows the workflow of this study for GB structures and GB
mechanical properties in methane hydrate using a combination of
MD and ML methods. NGHs are hosted by sediments (Fig. 1(a)), in
which NGHs are polycrystalline structures, containing GBs. In this

study, a number of 1250 models of symmetrical GB structures of sI
methane hydrate are constructed using straightforward method
basedon thecoincidencesite lattice (CSL)model.As-constructedGBs
withmisorientationangle (θ) varying fromaround5.2◦–45◦, inwhich
thedefinitionof θ andmore typicalGBswithdifferentθ aredescribed
in SupplementaryMaterial S1.1 and Fig. S1. As a result of wide range
of θ, GBs show diverse cage configurations (Fig. 1(d) and (e)). Struc-
tural information of GBs is quantitatively characterized by GB length
(LGB) and GB energy (γ) (SupplementaryMaterial S1.2). The clathrate
cages are identified using the hierarchical topology of rings (HTR)
algorithm (Liu et al., 2022b) (Supplementary Material S1.3 and
Fig. S2). It is identified a total of 80 species in clathrate cages,
including conventional cages of 512 and 51262 in sI hydrate, as well as
amorphous water (WA). Stretching MD simulations are conducted
until the separationofGBs, and threemechanical properties, namely,
Young’s modulus E, tensile strength σm (the peak stress value in the
stress-strain curves), and ultimate strain εb (the critical strain at
which the uniaxial stretch stress occurs) are collected asmechanical
features of GBs in methane hydrates containing approximately
5000–30,000 molecules depending on θ. Note that E of methane
hydrates is obtained by linear fitting of the uniaxial tensile stress-
strain curves with strain range of 0–1%. More detailed information
of MD simulations refers to Supplementary Material S2. Those
microstructural information and mechanical properties of GBs are
the datasets for ML study (Fig. 1(f)–(i)).

2.2. Random Forest optimization descriptor selector

In this work, Random Forest (RF) is adopted to optimize the
descriptor selector in predicting the mechanical properties of GBs
in methane hydrates. RF is a bagging method in ensemble algo-
rithms, which combines multiple decision trees. Within RF, a
multitude of decision trees during the training is constructed, and
then the class (mode of the classes) for classification or the mean
prediction for regression from the individual trees is output. As-
constructed decision trees differ from each other, improving the
diversity of as-investigated system and enhancing the perfor-
mance of classification. RF can produce high-dimensional data
without requiring a reduction of dimensionality or feature selec-
tion. In addition, RF assesses feature importance by evaluating how
much the tree nodes using a particular feature reduce impurity
across all trees in the forest.

2.3. DNN model selection and performance

Based on MD simulations and RF optimization descriptor
selector, phase-dependent relationships between microstructural
information and mechanical properties of 1250 GBs are estab-
lished. Such relationships are integrated into our as-developed
DNN model for identification. The descriptors are utilized for
training, validating and testing our as-developed DNN model.
Using our well-developed DNN model, the mechanical properties
of GBs are predictedwith 84 degrees of freedom ofmicrostructural
information including 80 cage-type structures, WA, GL, γ, and θ.
Note that the cage information and WA are local properties, while
GL, γ, and θ are global information.

3. Results and discussion

3.1. Microstructures in GBs of methane hydrates

Fig. 2(a) presents zoomed-in snapshots of 8 GB-contained
bicrystallinemethane hydrates with① εbmin and② εbmax,③ σmmin
and④ σmmax,⑤ θmin and⑥ θmax,⑦ γmin and γmax. As is indicated,
bicrystalline methane hydrates with different properties show
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distinct GB microstructures characterized by different clathrate
cages and WA. By comparing the zoomed-in snapshots, bicrystal-
linemethane hydrates with high σm, large γ and small θ yield richer
clathrate cages and lowWA at GBs. This implies that GB of methane
hydrate exhibit θ-dependent structural andmechanical properties.
Fig. 2(b) shows detail information of 40 types of clathrate cages

identified in GBs of bicrystalline methane hydrates with ① εbmin
and② εbmax,③ σmmin and④ σmmax,⑤ θmin and⑥ θmax,⑦ γmin and
γmax, in which the 40 types of cages are selected based on the
largest 40 numbers for all types of cages for all samples. Note that
the numbers of cages are time averages during the relaxation
process. Apparently, there are pretty diverse cages identified at
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GBs, including conventional and unconventional cages. However,
there is no clear regularity in the order and number of cages for the
GBs of bicrystalline methane hydrates, indicating the complexity
of GB structures in methane hydrates. In addition, upon external
disturbances, GB microstructures are dynamical changes and
thereby aremultiple metastable configurations, for example, cages
undergo reversible cage conversions because there is minor en-
ergy difference between cage structures before and after cage
conversions. Figs. S3–S5 shows the diversity in the clathrate cages
at GBswith θ varying from5.19◦ to 40.6◦, as well as the fluctuations
in the number of clathrate cages with uniaxial strain for GBs with
θ = 5.19◦, 14.04◦ and 36.87◦. In a nutshell, GBs of methane hydrates
show complex microstructures that are mainly composed of
clathrate cages and WA.

3.2. Descriptors from RF and mechanical properties

As is abovementioned, GBs of methane hydrate show complex
solid microstructures, depending on θ. Fig. S6 presents the distri-
bution of WA, γ, GL, E, εb and σm. As is indicated, there are wide
distribution in the mechanical properties of GB-contained
bicrystalline methane hydrates. This wide range of GB

mechanical properties are attributed to the complex GB structures
that are dominated by diverse clathrate cages. RF is able to assess
the importance of descriptors in the quantitative structure-
property relationship (QSPR) model by investigating the deterio-
ration in the model quality when specific descriptors are reduced
(Palmer et al., 2007). Furthermore, descriptors with zero weight
can be obtained by the RF method. Fig. 3(a)–(d) display the non-
zero importance of all cage and global WA, γ, and θ descriptors,
and the prediction of the E of bicrystalline methane hydrate using
RF ML model. As is seen, the most significant influences on E of
bicrystalline methane hydrates are the global properties of GBs
including WA, γ, and θ, with importance scores of 0.1261, 0.0746,
0.0639, respectively. Using the cage and global WA, γ, and θ de-
scriptors in the training and predicting E of bicrystalline methane
hydrates, the values of root mean square error (RMSE) are deter-
mined to around 0.007 and 0.099, respectively. This suggests that
as-developed RF ML model shows good performance in predicting
the E of bicrystalline methane hydrates. The We now focus on the
outcomes using the cage descriptors. Fig. 3(b) shows the weight
distribution of the clathrate cages after removing the global de-
scriptors (WA, γ, and θ), where the orange squares and lines indi-
cate the changes in the weights compared to the case with global
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descriptors (WA, γ, and θ), while Fig. 3(e) displays the corre-
sponding predictions of E against the MD data. Apparently, the
weights of different clathrate cages are redistributed when
removing the three global descriptors (WA, γ, and θ). Interestingly,
there is no change for the two types of 51263 and 4151063 cages that
yield the highest weights among the cage descriptors. This sug-
gests that 51263 and 4151063 cages play critical role in the E of GBs of
methane hydrates. In terms of RMSE, they are determined to be
0.007 and 0.084 for the training and testing by a new RF ML model
with all cage descriptors, respectively. This indicates that, without
the global descriptors (WA, γ, and θ), as-developed RF ML model
with cage descriptors is also able to show good performance in
predicting the E of bicrystalline methane hydrates. Fig. 3(c) shows
22 cage types with zero importance in predicting the E of bicrys-
talline methane hydrate. These types of cages are unconventional
cages, with tiny number occurring in finite GBs. Fig. 3(f) presents
the prediction of E of bicrystalline methane hydrates using new RF
ML model against the MD data, in which the cage descriptors with
non-zero importance are utilized. As is observed, as-developed RF
model show the RMSE values of 0.008 and 0.052 for the training
and testing, respectively, indicting good performance of as-

developed RF ML model in the prediction of E of bicrystalline
methane hydrate using frequently-occurred cage information.

3.3. Building DNN model

We proceed to train ANNmodel by excluding the descriptors of
cage types with zero weight evaluated by the RF. The details of
ANNmodels are described in Supplementary Material S3.3, as well
as the adopted parameters for ANN models. Fig. S7 shows the
variation in the RMSEwith Epoch step. Apparently, with increasing
Epoch step, the reduction in the RMSE becomes less significant,
and the RMSE converges within 30,000 Epoch steps. For the spe-
cific selection of neural network parameters, please refer to
Supplementary Material S3.2.

In neural networks with inappropriate neuron number and
structures, two unwanted cases can take place. One is that as
neural network is composed of too few neurons or layers, underfit
occurs, failing to capture the underlying patterns in the data. In
contrast, when neural network consists of too many neurons or
layers, overfit appears, causing poor accuracy. Fig. 4 shows the
prediction of E of bicrystalline methane hydrates by four ANN
models with different neuron numbers and structures. As
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indicated, ANN M1-4 models with different neuron numbers and
structures yield distinct accuracy and performance in predicting
the E of bicrystalline methane hydrates. With increasing the
neuron number from 512 to 1792 and layers from 1 to 3, ANN
model yields better performance in predicting E of bicrystalline
methane hydrates in terms of RMSE. With further increasing the
neuron number and layers to 3584 and 6, however, there is
reduction in the performance of ANN model in predicting the E of
GB-contained bicrystalline methane hydrates in terms of RMSE. In
a nutshell, ANN-M3 model demonstrates the best performance in
predicting the E of bicrystalline methane hydrates.

3.4. Prediction of GB mechanical properties

After determining the parameters and the descriptors for ANN
model (ANN-M3), we proceed with training ANN-M3 ML model in
predicting various mechanical properties of GB-contained bicrys-
tallinemethane hydrates (Fig. 5(a)). The uniaxial tensile stress-strain
curves of all GB-contained bicrystalline samples are shown in
Fig. 5(b), while Fig. 5(c)–(f) displays the variation in the γ, E, εb and
σmwith θ. Apparently, it is difficult to establish intrinsic relationships
of structural/mechanical properties and θ. As a result, ANNmodel is
required to establish quantitative structure-mechanical properties
relationships. The dataset of GB structures is divided into threeparts,

with 68% for training, 15% for validation, and 17% for testing. To
identify overfitting or selection bias,10-fold cross-validations to test
the accuracy of as-trained ANN-M3 model. All input values are
normalized between 0 and 1 to ensure an evenly distributed feature
space. TheoptimizedANN-M3structure (DNN-M3) isused formodel
training. Fig. 5(g)–(f) shows the predictive results under the frame-
work of as-developed DNN-M3 ML model, with training errors of
γ = 0.0188 kcal⋅mol− 1⋅nm− 2, εb = 0.00134, σm = 0.00985 GPa, and
E = 0.0708 GPa, respectively. Such a DNN-based ML framework can
well predict the mechanical properties of GBs in methane hydrates.
Note that, for all ANN ML models, particularly for the DNN models,
the selectionof trainingparameters is time-consuming.Additionally,
many efforts should be made to ensure data integrity, ensuring the
most significant features are included. A tabular summary (excel
sheet source) comparing the microstructural features and mechan-
ical performance metrics of methane hydrates with different GB
configurations is insert in the end of the Supplementary Material.

3.5. Reduced descriptors by PCA

Although DNN-M3 ML model yields good performance in pre-
dicting the structural and mechanical properties of GBs in
methane hydrates, the large number of cage descriptors is utilized
as inputs. Principal component analysis (PCA) is widely used in ML
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Fig. 5. (a) The number of GB models with different misorientation angles (θ), as well as the accumulating number of GB models with increasing θ. (b) Uniaxial tensile stress-strain
curves of symmetrical GBs in methane hydrates for all training datasets. (c)–(f) γ, E, εb and σm as a function of θ for all GB samples, respectively. (g)–(j) GB properties of γ, E, εb and
σm in methane hydrate by DNN-M3 models against the MD data.

K. Xu, R. Ma, Y.-X. Qu et al. Petroleum Science 22 (2025) 5268–5276

5273



algorithms across various disciplines to address multicollinearity
and reduce the number of variables used as inputs for ML study
(Howley et al., 2006). Here, the PCA is adopted to reduce the
number of descriptors and identify the critical cage types influ-
encing the mechanical properties of GBs in methane hydrate. As is
illustrated in Fig. 6(a) and (b), the PCA plots change significantly
when the non-cage descriptors are removed. It is observed from
Fig. 6(b) and (c) that when the cage type descriptors with zero
importance obtained from the RF Model are excluded, however,

there are insignificant changes in the PCA plots. With further
reducing cage types, it is revealed from Fig. 6(c) and (d) that there
are minor changes in the PCA plots. As is indicated in Fig. 6(d), 11
types of cages including 51268, 4151066, 51267, 4151065, 51264, 425861,
425862, 4151064, 4151063, 51265 and 51263 are the most significant
cages influencing the prediction of mechanical properties of GBs in
methane hydrate. Fig. 6(e) and (f) show the changes in the density
of these 11 cages with εb for all GB samples. For GB structures with
lower ultimate strain εb, the number and proportion of these 11
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types of cage are fewer found. In contrast, for GB structures with
high ultimate strain εb, the number and proportion of these 11
types of cage are frequently-observed.

In addition, 30 GBs with large θ are further created to confirm
the accuracy of as-developed DNN-M3 ML model. Fig. 7(a) shows
the PCA diagram, in which the blue square and red dots represent
the original and newly-generated GB models. Fig. 7(b)–(e) show
the prediction of γ, E, εb and σm of GBs in methane hydrates by as-
developed DNN-M3MLmodel. As is indicated, as-developed DNN-
M3 ML model show good performance in prediction of the me-
chanical properties of newly-generated GBs, demonstrating the
scalability of as-developed DNN ML model. Promising experi-
mental techniques such as q Plus-based low-temperature atomic
force microscope (Hong et al., 2024) for achieving reliable mea-
surements of the mechanical properties of polycrystalline
methane hydrates are expected to facilitate future validation of the
computational predictions presented in this work.

4. Conclusions

In summary, the microstructures and mechanical properties of
GBs of methane hydrates with wide range of θ generated by the
CSL model are examined using MD simulations. The GB structures
are characterized by 84 features including GL, γ, θ,WA and 80 types
of cage types that are selected as descriptors for ML study. De-
scriptors with zero importance are then screened using RF
method. Based on the structural characteristics, DNN ML models
with four different neuron numbers and structures are developed
to predict the structural and mechanical properties of GBs of
methane hydrate including γ, E, εb and σm. Furthermore, PCA
method is adopted to refine the descriptors, reducing the de-
scriptors down to 11 types of cages to well predict the mechanical
properties of GBs of methane hydrates. Our as-developed DNN-
based ML model demonstrates high-accuracy in predicting GB
properties of methane hydrates, which is of critical importance in
the understanding of mechanical stability of sediment-hosted
NGHs.
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