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A B S T R A C T   

Kerogen is the primary material for oil and gas. Its maturity is used to determine the potential for hydrocarbon 
generation. Nowadays, kerogen maturity is mainly measured experimentally and characterized by its chemical 
composition. The fundamental reason for the change in its chemical composition during the maturation is the 
breaking and recombination of chemical bonds, manifested by the transformation in atomic hybridization based 
on quantum mechanics. While traditional methods are time-consuming and labor-intensive, machine learning 
technique has been introduced to clarify the relationship between hybridization and maturity. A kerogen 
maturity prediction model based on hybridization is constructed. The average error of the predicted values is 
only 4.91%, and more than 87% of the test samples have an error of less than 10%. The results demonstrate that 
the model can accurately predict the maturity of kerogen. As the evolution of kerogen maturity increases the 
proportion of sp2 hybridized carbons, the orbital hybridization maturity index (OrbHMI) is proposed. The 
chemical changes in the thermal evolution and pyrolysis mechanism of kerogen can be explained and understood 
more essentially by OrbHMI. The results provide a basis for guiding artificial maturation and pave a promising 
path toward studying the kerogen structure and predicting hydrocarbon generating potential.   

1. Introduction 

Kerogen is the primary organic matter insoluble in organic solvents 
and gas-generating/oil-forming parent material in sedimentary rocks [1- 
3]. In addition, kerogen is a complex and heterogeneous material 
composed of an amorphous porous carbon skeleton [4,5] and its me-
chanical behavior and properties transform during its evolution [6,7]. 
The study of the amorphous porous state is conducive to understanding 
the adsorption and efficient exploitation of shale gas [8]. In general, 
there are three kerogen types based on van Krevelen diagrams [9] of the 
ratio of atomic hydrogen/carbon (H/C) to oxygen/carbon (O/C). Type I 
kerogen has a high initial H/C and a low O/C atomic ratio, whereas type 
II kerogen has a slightly high H/C ratio and low initial O/C ratio. Type III 
kerogen has a relatively low initial H/C ratio and high O/C atomic ratio 
[10]. Kerogen types are associated with the hydrocarbon generation 
capacity of kerogen, and machine learning (ML) technique has signifi-
cant advantages for complex problems. Consequently, the ML approach 
that predicts the components and types of kerogen using nuclear mag-
netic resonance (NMR) spectroscopy has been developed [11]. However, 
the hydrocarbon generation capacity of kerogen is directly related to its 
maturity based on molecular structure analysis. Kerogen’s thermal 

maturity can explain variations in the amount and composition of oil 
produced during thermal cracking; it is related to the main chemical and 
physical characteristics of the oil [12]. Research on kerogen is mainly 
based on experimental methods. In general, pyrolysis experiments are 
performed to construct kinetic models of kerogen [13,14], and spec-
troscopy methods are used to study the chemical structure of kerogen 
[15-17]. Various parameters have been developed to describe the ther-
mal maturity [18,19], and maturity indicators were compared to the 
extent of oil generation [20]. Thus, the mechanism of maturation evo-
lution is vital from both fundamental and practical aspects. 

There are several indicators of maturity characterization. Vitrinite 
reflectance (VR) is one of the widely used indices for kerogen maturity to 
partly represent the hydrocarbon generation potential [9]. The mea-
surement of VR is conducted mainly by experimental methods, while 
simulation methods such as molecular dynamics are used to investigate 
oil shale pyrolysis [21]. Some VR models are based on kinetics [22-27], 
and the studies focus on the relationship between the H/C atomic ratio 
and VR. It was found that the logarithm of VR relates to the H/C atomic 
ratio [28], and then the O/C atomic ratio was introduced into the 
relationship for improvement [25]. To analyze the kinetics of kerogen 
thermal evolution, a kerogen maturity index (molecule-maturity index, 
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MMI) based on the molecular composition during the evolution of 
kerogen was proposed [29], and this indicator can help intuitively 
display the pyrolysis potential of kerogen [30]. These models reveal the 
change in the carbon skeleton macroscopically and implicitly reflect the 
alteration of the chemical structure. However, in essence, the change in 
the chemical structure is caused by the transformation of chemical 
bonds. Moreover, from the perspective of quantum chemistry, the hy-
bridization of atomic orbitals (AOs) is the intrinsic reason for forming 
chemical bonds. Therefore, it is crucial to establish an integrated model 
to combine kerogen maturity with hybridization and account for the 
underlying physical mechanism. 

Hybridization is one of the most significant valence concepts [31]. 
The sp, sp2, and sp3 hybridization have been proposed as a mixture of s 
and p AOs based on quantum mechanics [32] and the bond is described 
by a pair of electrons in the AOs [33]. In addition to the formation of 
chemical bonds, the carbon hybridization state in the bonds is strongly 
associated with the corresponding bond distances [34]. Thus, this 
concept was applied to study the molecular structure of organic com-
pounds [35]. The transformation of the chemical structure during the 
evolution of kerogen was investigated [36], and it was found that 
chemical reactions cause the change in the molecular composition due 
to the breaking and generation of chemical bonds [37]. Kerogen is the 
main organic component of shale with a large molecular weight and 
very complex structure. Thus, the study of kerogen structure and the 
mechanism of kerogen evolution upon maturation are vital and chal-
lenging. Knowledge of the correlation between the hybridization of AOs 
and kerogen maturity can help better understand the alteration of 
chemical bonds during the structural evolution of kerogen. Solid-state 

NMR spectroscopy (especially the 13C NMR technique) has become a 
non-destructive technique for providing genuine chemical structure 
details of kerogen [3]. The NMR spectra are used to determine the 
electronic structure of molecules [38], and as one of the chemical 
structure details, the hybridization state of carbon is indicated by 13C 
NMR [39]. Chemical shifts are closely related to functional groups, and 
the correlation between chemical shifts and carbon types has been 
analyzed [40]. Carbon types can be generally divided into aromatic/ 
aliphatic carbons [41,42] or sp2/sp3 carbons [43]. By employing the 13C 
solid-state NMR technique, thermal maturity increases when kerogen 
trends toward condensed aromatic structures, and the kerogen types are 
determined via 13C cross-polarization/magic-angle spinning (CP/MAS) 
[44-46]. It is suggested that the aliphaticity of kerogen decreases while 
the aromaticity and carboxyl content increase when the type of kerogen 
transforms from type I into type III [47]. The change in the chemical 
structure of kerogen during maturation was also studied via NMR 
spectroscopy [48], and the results show that the trend is similar to the 
transformation from type I into type III. The sp2/sp3 hybridization ratio 
increases during the maturation of kerogen [4]. Therefore, exploring the 
transformation of the hybridization state during maturation is signifi-
cant both in research and engineering. 

In this study, we develop a model for characterizing kerogen matu-
rity based on hybridization and quantum mechanics (Fig. 1). Since the 
traditional methods are time-consuming and labor-intensive, the ML 
technique is used to identify kerogen maturity by hybridization owing to 
its high efficiency. The hybridized atoms are obtained via 13C solid-state 
NMR spectroscopy, and the ML methods are applied to predict the 
kerogen maturity compared with the MMI. A new kerogen maturity 

Fig. 1. Schematic of the characterization model. The chemical shift of the functional group containing sp2 hybridized carbon is generally higher than that containing 
sp3 hybridized carbon, and the kerogen with high maturity contained more sp2 aromatic carbons than the kerogen with low maturity. 
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index is proposed to quantify the relationship between kerogen maturity 
and hybridized atoms. The average error of the predicted values of the 
test set and analyzed samples is quantified to determine model accuracy. 
The linear relationship of predicted results of the ML model with the 
index is profiled to determine if the index can be used to characterize 
kerogen maturity quantitatively. The change in chemical structure and 
bonds in kerogen thermal evolution is elucidated based on the model 
and indicator. In addition, the relationship between hybridization, 
molecular structure, and maturity has been discussed. Therefore, this 
study may resolve issues concerning artificial maturation. Additionally, 
this study provides further understanding of the fundamental mecha-
nism of kerogen maturity evolution and promotes the study of the 
kerogen structure and the prediction of oil/gas generation. 

2. Methodology 

2.1. Nuclear magnetic resonance (NMR) 

NMR was developed in the 1950s and has been widely used to study 
organic chemical structures [49-53]. The commonly used NMR spectra 
include 1H and 13C spectra. The 13C spectrum has a more comprehensive 
chemical shift range than the 1H spectrum, and it is more accurate for 
the study of kerogen OM structures. The carbon types are generally 
classified as aromatic and aliphatic carbon. Most aromatic carbon is sp2 

hybridized, while most aliphatic carbon is sp3 hybridized; thus, the 
chemical structure of the hybridization information is obtained. 13C 
NMR is used to obtain information on the sp2 and sp3 hybridized carbons 
in kerogen samples. It can be concluded that the chemical shift of the sp2 

hybridized carbons is greater than that of sp3 hybridized carbons [43]. 
This research has great significance for the subsequent study of kerogen 
molecular structure. 

2.2. Hybridization 

To describe an atomistic system in detail, information on the charges 
(G1,G2,…,Gn) and positions (r1, r2,…, rn) of the nucleus in the Hilbert 
space is necessary [54]. Wavefunctions are typically used to represent 
AOs, which can be obtained from the Schrödinger equation as follows: 

iħ
∂
∂t
|ψ〉 = Ĥ |ψ〉, (1)  

where ψ represents the wavefunction, Ĥ is the Hamiltonian operator, 
and ħ is the reduced Planck’s constant. The linear combination of AOs is 
called a hybrid orbital. As the s and p eigenfunctions are introduced to 
explain the formation of hybrid orbitals [32], the wavefunctions can be 
separated into two parts: 

ψn0(r, θ,φ) = Rn0(r)⋅s(θ,φ), (2)  

ψn1c(r, θ,φ) = Rn1(r)⋅pc(θ,φ), (3)  

where R is the radial function, s and p eigenfunctions that depend only 
on θ and φ, and c can take values x , y, and z. The sp2 hybridization is a 
linear combination of the s and px, py orbitals, forming three new hybrid 
orbitals. The wavefunctions of the hybrid orbitals are orthogonal and 
equivalent, and the other two wavefunctions can be expressed as 
angular dependence by rotation operators. Thus, we can only consider 
ψ I describing the hybridization of AOs. The origin can be regarded as the 
position of the sp2 hybridized atom. 

For an atomistic system including n atoms, every wavefunction of the 
orbital should be considered. In the same hybridization state, the 
wavefunctions have similar forms, and the expressions are the same in 
their respective relative coordinate systems. In the global coordinate 
system, they are generally related to the global coordinates of the central 

atom. The wavefunction ψ I has rotation symmetry relative to the Ox axis 
under the relative coordinates, confirmed by the Ox axis and origin. The 
chemical bond formed between adjacent carbon atoms coincides with 
the symmetry axis of the hybrid orbital. It allows the displacement 
vector between the two carbon atoms to act as the Ox axis and the 
starting point carbon atom as the origin of the relative coordinates. 
Therefore, a set of wavefunctions of the hybrid orbitals can be deter-
mined. The number of nuclear charges in the atomistic system de-
termines the type of atom and the spatial position to determine the 
chemical bond formation. The unit displacement vector Δr̂ = Δr/‖Δr‖ is 
under the global coordinate system, while the wavefunction is under the 
relative coordinate system. The coordinate transformation is considered 
r′

= Tr, with relative coordinates vector r′

∈ R3, coordinate trans-
formation matrix, T ∈ R3×3 and global coordinates r ∈ R3. Then, the 
unit vector Δr̂

′

∈ R3 of the Ox axis under the relative coordinate system 
is written as 

Δr̂
′

=
Δr′

‖Δr′
‖
= T

Δr
‖Δr‖

= TΔr̂, (4)  

without a change in the vector modulus, by substituting s = 1/
̅̅̅̅̅̅
4π

√
and 

px =
̅̅̅̅̅̅̅̅̅̅̅
3/4π

√
sinθcosφ into ψ I, the wavefunctions can be substituted as 

follows: 

ψI =
1̅̅
̅̅̅

2π
√

(
1̅
̅̅
6

√ + ‖r′

‖r′ *Δr̂
′

)

, (5)  

where r′ * satisfies the conjugation condition r′ *r′

= 1. To relate the 
wavefunction to the coordinates of the spatial position, Eq. (5) is con-
verted into the expression of the global coordinates 

ψI =
1̅̅
̅̅̅

2π
√

(
1̅
̅̅
6

√ + ‖r‖r*T− 1TΔr̂
)

=
1̅̅
̅̅̅

2π
√

(
1̅
̅̅
6

√ + ‖r‖r*Δr̂
)

(6)  

Other wavefunctions can be obtained by rotating around the Oz axis. 
Then, the wavefunctions of the sp2 hybridization in the atomistic system 
can be regarded as a set of ψ i, and the sp3 hybridization is performed 
analogously. Every carbon atom corresponding to one wavefunction can 
obtain: 

Ψ =
{(

ψ1
sp2 ,ψ2

sp2 ,…,ψm
sp2

)
,
(

ψ1
sp3 ,ψ2

sp3 ,…,ψk
sp3

)}
, (7)  

where ψsp2 represents the wavefunction of the sp2 hybridization state, 
and ψ sp3 represents the wavefunction of the sp3 hybridization state, m is 
the total number of sp2 hybridized carbons, and k is the total number of 
sp3 hybridized carbons. Since the sp hybridization corresponds to the 
carbon-carbon triple bond and takes up a very small proportion of 
kerogen molecules, it is ignored. Only the influence of sp2 and sp3 hy-
bridization on kerogen maturity is studied. The hybridization state can 
be obtained from NMR spectra based on the chemical shift ranges that 
vary according to the different types of functional groups. The carbon 
types are divided into sp2 and sp3 carbons, which are more suitable than 
aromatic/aliphatic carbon. Then, with the increase in sp2 hybridized 
carbons, the maturity of kerogen increases accordingly. Hence, the 13C 
NMR spectra with detailed structural information can characterize 
kerogen maturity through hybridization. 

2.3. Model 

Two major ML algorithms are applied in engineering, supervised and 
unsupervised learning. For regression problems, supervised learning is 
frequently adopted, and features are artificially extracted as sample la-
bels. The dataset is divided into training, validation, and test sets, and 
the test set is used to evaluate the model’s generalization ability. There 
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are two main challenges in model training; underfitting means that the 
training error is not sufficiently low, while overfitting implies that the 
gap between the training error and test error is too large. To solve the 
underfitting problem, adding new features or applying other activation 
functions and optimizers can be realized. To avoid overfitting a very 
important method is to introduce regularization to reduce the test error. 
In addition, early stopping can effectively avoid overfitting. 

The optimization algorithm used in the model is backpropagation, 
which is simple and effective for ML. The backpropagation algorithm is 
used to calculate the representation in each layer from the representa-
tion in the previous layer to indicate how the machine should change its 
internal parameters [55]. 

The high-throughput ML model applied is the multilayer perceptron, 
which is popular for classification and regression. Linear layers are 
written as an affine transformation: 

Z(x) = WTx+ b, (8)  

where x ∈ RDin represents the inputs, W ∈ RDin×Dout is the weight matrix, 
and b ∈ RDout is the bias parameter. The mean absolute error (MAE) is 
applied to define the effects of the neural network model. For nonlinear 
problems, an activation function is introduced to address them. We use 
R2 to describe the goodness of fit for the regression model [56]: 

R2 = 1 −
∑

i

(
yi − y′

i

)2
/
∑

i
(yi − M)

2
, (9)  

where yi is the true value, y′

i is the predictive value, and M is the mean 
value. There are two models in our research: the first one predicts the 
hybridized atoms and chemical bonds from 13C NMR spectra while the 
other realizes the mapping between the hybridization of AOs and 
maturity. A flow chart of the study is shown in Fig. 2. 

The optimization algorithm uses backpropagation and stochastic 
gradient descent (SGD), which is simple and effective. First, define the 
cost error 

J(Θ) =
1
m

∑m

i=1
L
(
x(i), y(i),Θ

)
, (10)  

where m is the total number of samples, x is the input, y is the output, Θ 
is the parameter, and L is the loss function. Then, the gradient can be 
calculated according to the chain rule: 

∇ΘJ(Θ) =
1
m

∑m

i=1

∂L
∂Θ

=
1
m

∑m

i=1

∂L
∂Zl+1

∂Zl+1

∂Al
∂Al

∂Zl
∂Zl

∂Θ

=
1
m

∑m

i=1

(
(
Wl+1)T ∂L

∂Zl+1

)

⊙ σ′ ( Zl) ∂Zl

∂Θ
, (11)  

where ⊙ is the Hadamard product, where each element is the product of 
the elements of the original two matrices. Then, calculate the gradient of 
weight W and bias b:  

Fig. 2. Flow chart of predicting kerogen maturity by ML method.  

∇Wl J
(
Wl) =

1
m

∑m

i=1

∂L
∂Wl =

1
m

∑m

i=1

∂L
∂Zl

∂Zl

∂Wl =
1
m

∑m

i=1

∂L
∂Zl

∂
(
WlAl− 1 + bl)

∂Wl =
1
m

∑m

i=1

∂L
∂Zl

(
Al− 1)T

,

∇bl J
(
bl) =

1
m

∑m

i=1

∂L
∂bl =

1
m

∑m

i=1

∂L
∂Zl

∂Zl

∂bl =
1
m

∑m

i=1

∂L
∂Zl

∂
(
WlAl− 1 + bl)

∂bl =
1
m

∑m

i=1

∂L
∂Zl,

(12)   
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and use SGD to update 

Wl
t+1 = Wl

t − η∇Wl J
(
Wl) = Wl

t − η 1
m

′

∑m′

i=1

∂L
∂Zl

(
Al− 1)T

,

bl
t+1 = bl

t − η∇bl J
(
bl) = bl

t − η 1
m′

∑m′

i=1

∂L
∂Zl,

(13)  

where η is the learning rate, t represents the iterative time step, and m′

denotes the number of mini-batches. In this research, the widely applied 
framework TensorFlow is chosen [57]. 

2.4. Dataset description 

The molecular weight of kerogen is too large, and therefore, it is 
impractical to utilize a large number of kerogen samples for training 
directly. However, kerogen molecules are composed of many small 
functional groups, and their properties are also affected by various 
functional groups [58]. Furthermore, functional groups contribute to 
genetic potential [59], which is indicated by maturity. Therefore, the 
sample set collects small molecules with the same functional groups as 
the kerogen molecules for research. The basic chemical organization 
mechanisms between kerogen molecules and these small molecules are 
same, and machine learning models can learn these mechanisms and use 
them for prediction. Many of these molecules are the products of the 
thermal cracking of kerogen or similar substances, such as ethers [60], 
alkenes [61], alkanes [62], naphthalenes [63], anthracenes [64], and 
phenanthrenes [65]. Based on this, we establish 90,000 samples for 
training and testing. According to van Krevelen diagrams [9], the sam-
ples here contain types I, II, and III, and part of them have been suc-
cessfully applied to predict kerogen types and skeleton components 
[11]. The molecular structure data are obtained from PubChem [66] and 
laboratories. The 13C NMR spectra are calculated using MestReNova 14 
[67], and the information of hybridized atoms and chemical bonds can 
be obtained using the open-source cheminformatics toolkit RDKit [68]. 
The Easy%Ro [24] and MMI [29] are directly related to the H/C and O/ 
C, and the MMI is defined as 

MMI =
1

1 + rH/C + rO/C
, (14)  

where 1, rH/C, and rO/C represent the atomic ratios of C/C, H/C, and O/C, 
respectively. When the MMI value is 1, the kerogen is completely 
carbonized. Since the MMI has a more straightforward expression than 
Easy%Ro, we choose the MMI as our maturity label. In addition, the 
MMI has a linear relationship with the VR derived from experimental 
data [69-72], so this model can also be applied to predict traditional 
maturity indicators. 

3. Results and discussion 

3.1. Comparison of ML models 

To identify an ML model with the best performance, the ML models 
with different optimizers and activation functions are compared. The 
MAE and R2 as the metrics for the model selection criteria are chosen. 
The model’s inputs are the hybridization state of atoms and the number 
of chemical bonds and the output is the maturity. We select three pop-
ular nonlinear activation functions: rectified linear unit (ReLU), tanh, 
and sigmoid. From the results of Fig. 3, we can conclude that ReLU has 
the best performance in the model, compared with the other two acti-
vation functions. We choose adaptive moment estimation (Adam), 
Nadam, Adamax, SGD, and root mean square prop (RMSprop). Adam is 
an optimization algorithm of stochastic objective functions that are 
computationally efficient and suitable for big data problems [73], and 
Nadam and Adamax are variants of Adam. As indicated by Zou et al. 
[74], the learning rate of the optimizer can significantly influence the 
performance; hence, we set the learning rate of all optimizers to 0.001. 
For Adam, Adamax and Nadam, the exponential decay rates for the 
moment estimates, are 0.9 and 0.999, respectively. The rate of decay of 
SGD is 0 while that of RMSprop is 0.9. Although SGD performs similarly 
to Nadam when the activation function is ReLU, Nadam performs better 
than SGD with other activation functions. Thus, Nadam is more stable. 
Moreover, Nadam and Adamax perform better than Adam in general. 
Therefore, Nadam is chosen as the optimizer. 

We then consider the influence of different inputs (Table 1). When 
the inputs are only the hybridization state of atoms or the number of 
chemical bonds, the model’s performance decreases. It suggested that 
kerogen maturity is closely related to both the hybridization state and 
the chemical bonds. Therefore, to predict kerogen maturity, we need 
information on the hybridized atoms and chemical bonds, which can be 
obtained from the 13C NMR spectra. 

3.2. Obtaining the detailed structural information from NMR 

The model database for obtaining detailed structural information 
consists of 90,000 samples, 70,000 of which are used as the training set. 
By contrast, the residual samples are divided equally into the validation 
and test sets. The validation data are used to adjust the parameters of the 
model, whereas the test data are used to evaluate the generalization 

Fig. 3. Comparison of model performances of different activation functions and optimizers.  

Table 1 
Different predictive performances of various inputs.  

Inputs Mean absolute error (MAE) R-squared (R2) 

Csp2 , Csp3 , Osp2 ,Osp3   0.0194  0.7396 
B1, B2,B1.5   0.0241  0.6261 
Csp2 , Csp3 , Osp2 , Osp3 , B1, B2,B1.5   0.0058  0.9645  
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ability of the model. The inputs are the 13C NMR spectra results, which 
contain detailed information about the chemical structure. The outputs 
are the number of hybridized atoms and chemical bonds, including sp2/ 
sp3 hybridized carbons, sp2/sp3 hybridized oxygens, single bonds, double 
bonds, and benzene C-C bonds. 

Six situations with different batch sizes and initial learning rates are 
considered. The batch sizes are 200, 500, and 1000, while the initial 
learning rates are 0.001 and 0.0001. For a larger batch size and a lower 
initial learning rate, the model is difficult to converge. The accuracy of 
each parameter is counted and displayed as a percentage in Fig. 4. The 
predictive performance of the hybridization of AOs is better than that of 
chemical bonds. Therefore, we mainly focus on the hybridization char-
acterization and propose a new index of kerogen maturity based on 
hybridization wavefunctions. 

3.3. Predicting maturity by hybridization 

3.3.1. Orbital hybridization maturity index 
The 13C NMR spectra contain information on the chemical structure, 

while the charges and spatial positions of atoms can determine the hy-
bridization state. From Eq. (6), it can be known that how wavefunctions 
relate to spatial positions. Then, all the sp2 hybridization wavefunctions 
are counted and divided into sp2 hybridized carbons and sp2 hybridized 
oxygens based on the charges of the hybrid atoms. The expressions can 
be written as follows: 

Csp2 =
∑

m

(
amr*

mΔrm + bm
)
=

∑

m
GC

mψCm
sp2 ,

Osp2 =
∑

i

(
cir*

i Δri + di
)
=

∑

i
GO

i ψOi
sp2 ,

(15)  

where a, b, c, d are constants, GC,GO represents the coefficient of the 
wavefunction of the sp2 hybridized carbon ψC

sp2 and the wavefunction of 
the sp2 hybridized oxygen ψO

sp2 , respectively. Analogously, Csp3 and Osp3 

can be written as follows: 

Csp3 =
∑

k

(
αkr*

kΔrk + βk
)
=

∑

k
GC

k ψCk
sp3 ,

Osp3 =
∑

j

(
γjr

*
j Δrj + ςj

)
=

∑

j
GO

j ψOj
sp3 ,

(16)  

where α, β, γ, ζ are constants, ψC
sp3 and ψO

sp3 represent the wavefunction 
of the sp3 hybridized carbon and oxygen, respectively. 

To determine the relationship between the hybridization state and 
kerogen maturity, the H/C atomic ratio is first characterized by the 
carbon hybridization state. We use Eq. (17) to represent the ratio of the 
sp2 hybridized carbons and fit with H/C, and their relation can be 
written as Eq. (18), which shows a linear relationship 

rC = Csp2/
(
Csp2 + Csp3

)
, (17)  

H/C = − 1.1rC + 1.85. (18)  

From the expression, it can be concluded that rC is proportional to the 
reciprocal of the H/C atomic ratio, which indicates that with the in-
crease in the sp2 hybridized carbons, H/C decreases, which is consistent 
with theory and experiment. Similarly, we define the ratio of the sp2 

hybridized oxygen atoms using Eq. (19), and then obtain an index called 
the orbital hybridization maturity index (OrbHMI) using Eq. (20) 

rO = Osp2/
(
Osp2 + Osp3

)
, (19)  

OrbHMI =
1

2.85 − 1.1rC + 0.1rO
. (20)  

As rO has little impact on maturity, the hybridization state of carbon is 
dominant when observing the process of kerogen maturation. From Eq. 
(20), we can conclude that as the content of sp2 hybridized carbons in-
creases, the maturity increases. This equation reveals the mechanism of 
kerogen thermal maturation. 

3.3.2. Training of the model 
The fully connected neural network from Section 2.3 for predicting 

kerogen maturity has multiple inputs and one output. The output is 
maturity, in contrast to the maturity indicators mentioned in the liter-
ature. The inputs include the number of sp2 hybridized carbons (Csp2 ), 
sp3 hybridized carbons (Csp3 ), sp2 hybridized oxygens (Osp2 ), sp3 hy-
bridized oxygen atoms (Osp3 ), single bonds (B1), double bonds (B2), and 
benzene C-C bonds (B1.5). The output data are calculated using Eq. (14). 
We set the initial learning rate at 0.001, the batch size at 1000, and an 
early stopping method is applied to prevent overfitting. The distribution 
of the dataset based on sp2 and sp3 hybridized carbons is shown in Fig. 5. 
It can be seen that the distributions of the training and validation sets are 
similar. 

The training process of the ML model is shown in Fig. 6a, and both 
the training and generalization errors are low. Therefore, the developed 
model can demonstrate the relationship between the hybridization of 
AOs and kerogen maturity under a deficient error. The inputs of the test 
set are obtained from the 13C NMR spectra, and the predicted values 
after training fit well with the labels (Fig. 6b), showing that the model 
can predict kerogen maturity accurately. 

3.3.3. Comparison of OrbHMI and model 
To visualize the relationship between OrbHMI and MMI, 300 sam-

ples are selected from the test set. The predicted value is obtained from 
similar samples, and the comparison is shown in Fig. 7. The figure shows 
that the OrbHMI is equivalent to the MMI, and R2 indicates the degree of 
fit of the predicted results and the actual results. The MMI is a contin-
uous representation of maturation and can be compared with traditional 
maturity indicators. Similarly, the predicted value is equivalent to 
OrbHMI. The index shows how hybridization impacts maturity, which is 
from the perspective of quantum. Since hybridization is associated with 
chemical bonds, the law of transformation from immature to mature 
kerogen can be obtained. The sp2 hybridized carbons represent the C-C 
double bonds and benzene C-C bonds, while the sp3 carbons represent 

Fig. 4. Predictive performances of the hybridization state and chemical bonds (unit: percentage).  
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the C-C single bonds. The sp2 hybridization implies high H/C, while sp3 

hybridization represents low H/C. As the maturity of kerogen increases, 
the proportion of the sp2 hybridized carbons increases, and the sp3 hy-
bridized carbons break and reform the sp2 hybridized carbons. There-
fore, the H/C atomic ratio decreases. This also indicates that the type of 
kerogen is from type III to I with the improvement in the hydrocarbon 
generation capacity. 

3.3.4. Error percentage 
The average error between the final predicted kerogen maturity and 

the actual value is less than 5%, and more than 87% of the samples have 
an error of less than 10%. The samples in the test set are divided into five 
parts according to the proportion of sp2 hybridized carbons. The average 
and standard errors of the predicted values are compared, and the results 
are shown in Fig. 8. It can be concluded that the average errors under 
different rC distributions are not significantly different, and the standard 
errors are minimal, indicating that most of the errors are concentrated 

Fig. 5. Data distribution of the database of the training set and validation set. (a) The distribution of sp2 hybridized carbons. (b) The distribution of sp3 hybrid-
ized carbons. 

Fig. 6. Performances of the ML model. (a) Training process based on the training error and test error. (b) Comparison of predicted value and true value and the color 
level represents the density of the samples. 

Fig. 7. Comparison of the OrbHMI with the MMI and the predicted value. The gray ovals are the confidence ellipse of the covariance while the number of standard 
deviations is two. 
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around the average errors. Most of the errors are within 20%, indicating 
that the prediction model has high accuracy. Therefore, the results may 
provide an accurate ML model for kerogen maturity prediction via 13C 
NMR spectra. 

4. Conclusions 

We propose the OrbHMI, a maturity index based on orbital hybrid-
ization, to calculate kerogen maturity. With the increase in sp2 hybrid-
ized carbons, OrbHMI increases, and kerogen trends toward aromatic 
structures. From the perspective of quantum mechanics, chemical 
changes in the evolution of kerogen are discussed, as well as the 
breaking and formation of chemical bonds during chemical reactions. 
This laid the foundation for further understanding of kerogen evolution 
and hydrocarbon generation mechanisms. 

An ML model based on NMR spectra is established to predict the 
maturity of kerogen. There are a total of 90,000 samples, of which 
70,000 samples are used for training, 10,000 for validation, and 10,000 
for testing. The hybridized atoms obtained from the NMR spectra are 
applied to predict kerogen maturity. The average error of the predicted 
values of the samples used for the test is 4.91%, indicating that the 
model has good generalization ability and can be directly applied to the 
prediction of kerogen maturity. The standard error of the prediction 
error is 4.49%, indicating that most of the errors are close to the average 
values. More than 99% of the data have an error of less than 20%, and 
over 87% of the data have an error of less than 10%, indicating that the 
prediction results of the model are highly accurate, benefited by the ML 
technique. 

Based on the ML model and maturity index OrbHMI, the quantitative 
characterization of kerogen maturity through hybridized atoms is real-
ized. The chemical changes in the evolution of kerogen are explained 
from the perspective of the underlying physical mechanism. To further 
study the potential of kerogen for hydrocarbon production and lay the 
foundation for the production of shale oil and gas, the relationship be-
tween orbital hybridization, molecular structure, and kerogen maturity 
is clarified. The results contribute to the artificial maturation of kerogen 

and an understanding of the mechanism of kerogen oil and gas 
production. 
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