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a b s t r a c t

Oil shale reservoirs are characterized by significant heterogeneity in mineral components and pro-
nounced anisotropy in micromechanical properties—both influencing resource recovery. We couple 
fine-scale nanoindentation and mineral analyzer (Tescan Integrated Mineral Analyzer (TIMA)) profiling 
of the mechanical properties and components of oil shale samples from the Ordos Basin, China. We use 
an updated clustering method, including a more precise way to delineate mineral boundaries, to pre-
cisely categorize the numerous nanoindentation test data into mineral composition groups. The lowest-
to-highest ranking of Young's modulus and fracture toughness values in our samples is in the order clay, 
quartz, feldspar, dolomite, and then pyrite. Anisotropic characteristics of each phase were determined at 
various scales, with values of Young's modulus and fracture toughness are higher on surfaces parallel to 
the bedding plane than on those perpendicular to it. The clay-rich dark phase exhibits lower Young's 
modulus, making its pore structures more prone to collapse during gas depletion. Conversely, the 
fracture toughness of the bright phase is higher than that of the dark phase, causing the hydraulic 
fracturing to more easily penetrate through the dark phase and stop at the bright phase boundary. These 
divergences in mechanical properties are caused by the microstructure of the oil shale during sedi-
mentation: the discrete distribution of hard minerals in the bright phase constrains deformation, while 
the lamellar clay layers in the dark phase provide less restriction. Upgraded mesoscopic mechanical 
parameters obtained from the modified Mori-Tanaka method, incorporating a shape factor, return re-
sults close to reality. Young's modulus and fracture toughness are lower at the mesoscale than at the 
microscale, indicating greater rigidity and toughness in fine structures. This study provides important 
insights into the cross-scale deformation and fracture behavior of shale, highlighting its impact on 
reservoir deformation, fracture propagation, and oil recovery efficiency.
© 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-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Lacustrine oil shale reservoirs (Fig. 1(a)) are recognized as a 
significant alternative resource because of their substantial 
contribution to world energy (Duan et al., 2024; Fu et al., 2020; 
Guo et al., 2024). Such reservoirs present significant heterogene-
ity in mineral composition, comprising multiple mineral compo-
nents often observed in bright and dark phases at mesoscale (~ cm 

scale). Recent nanoindentation results on the caprock formation in
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Daqing reveal notable elastic anisotropy across all major mineral 
constituents, with anisotropy ratios ranging from 1.01 to 1.96 
depending on mineral type and orientation (Wu et al., 2020). 
Despite extensive studies on the geological attributes of lacustrine 
shale, little attention has been devoted to understanding the var-
iations in mechanical properties across different minerals, orien-
tations, phases and scales (Chalmers et al., 2012; Loucks et al., 
2009; Vernik and Milovac, 2011). These limitations hinder the 
efficient exploitation of oil shale reservoirs and highlight the ne-
cessity of investigating the anisotropy and characteristics of each 
phase from microscale to mesoscale.

Lacustrine shales are broadly classified into massive and lami-
nated shales (Li et al., 2017; Liang et al., 2018; S. Wang et al., 2021). 
The latter term, associated with higher oil content, is generally 
identified by alternating bright and dark phases (Fig. 1(b) (Liao 
et al., 2024; Wang et al., 2014; Yuan et al., 2015)). The mineral 
percentage and mechanical properties display significant differ-
ences within these two phases (Bohacs et al., 2000; Hu et al., 2022; 
Zhao et al., 2019). The bright phase predominantly consists of hard 
minerals (e.g. quartz) and the dark phase predominantly clay 
minerals (e.g. illite and montmorillonite) (Hupp and Donovan, 
2018). As a result, the bright phase has a higher mechanical 
strength and a lower compressibility at the sample scale (Zhang 
et al., 2021) and the dark phase the converse with a higher pro-
pensity for plastic deformation or creep (Zhu et al., 2019). In 
addition, the laminated structure significantly influences the me-
chanical properties along bedding and perpendicular that bedding 
(Sone and Zoback, 2013). Generally, the mechanical properties, 
such as stiffness and strength, are lower in the direction perpen-
dicular to the laminae (bedding faces) compared to those in the 
parallel direction (Hu et al., 2024; Tan et al., 2014). In summary, the 
mineralogical and structural differences between bright and dark 
phases, along with the laminated structure, significantly influence 
the mechanical properties and anisotropy of lacustrine shales.

The micromechanical properties of minerals within oil shales, 
such as Young's modulus and fracture toughness, play a crucial 
role in determining the mechanical behavior at both meso- and 
macro-scales (Cheng et al., 2025a; Evans, 1990). Nanoindentation, 
a non-destructive instrumental indentation technique (Schuh, 
2006), has been used to investigate the anisotropy and heteroge-
neous mechanical properties of lacustrine Triassic Yanchang For-
mation shale at the microscale (Li et al., 2022; Wang et al., 2022). 
Also, dynamic fracture growth mechanisms in the Qingshankou 
shale under compressive failure have been explored (Cai et al., 
2022; Meng et al., 2023a), providing valuable insights into its 
mechanical behavior during deformation. However, limited 
studies have specifically focused on the varied mechanical be-
haviors of the bright and dark phases of these oil shale reservoirs 
(Meng et al., 2023b). Meanwhile, previous studies (Charlton et al.,
2023; Szab�o et al., 2021; Zhang et al., 2025) commonly employed
clustering analysis methods to classify nanoindentation experi-
mental data into mineral categories when investigating the me-
chanical properties of various minerals. The Gaussian mixture 
models and K-means algorithms were extensively selected for data 
fitting and identified different mineral phases from the load-
displacement curves (Liu et al., 2022; Yang et al., 2020). Howev-
er, the widely used traditional clustering methods have certain 
limitations, resulting in deviations in the clustering analysis out-
comes. In the classical method, a probability equation, governing 
the distribution of test data, is isolated for each mineral compo-
nent, with no overlap between adjacent populations. As a result, a 
specified interval is assigned to only one mineral. However, this 
assumption may not be representative of the inherent variability 
in rock data (Cavicchia et al., 2022; Madenova and Madani, 2021; 
Wang et al., 2021). For example, Young's modulus for clay min-
erals ranges from ~32 to 73.9 GPa, and this interval as 58–90 GPa 
for calcite (Broz et al., 2006; Kumar et al., 2012; Shukla et al., 
2013)—thus, overlapping regions exist. Furthermore, the popular
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Fig. 1. Multiscale schematic of reservoir. (a) Hydraulic fracturing at field scale. (b) Mesoscale sample of Ordos lacustrine shale. Sub-sample of Ordos lacustrine laminated shale, for 
(b1) bright and (b2) dark phase samples. (c) Schematic of loading direction for nanoindentation as bedding-normal and bedding-parallel (accessing the bedding face) and (d) 
Mmicroscale nano indented shale sample surface.
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Gaussian Mixture Model (GMM), employing random and arbitrary 
distribution ranges for a specific phase, usually results in errone-
ously covering regions that do not match the actual data. There-
fore, an upgraded clustering approach is required to accurately 
capture the micro-mechanical characteristics of the mixed mineral 
assembly.

Establishing a robust link between macroscopic, mesoscopic, and 
microscale mechanical properties of shale is essential in multiscale 
analysis. Cross-scale correlations between the elastic moduli of in-
dividual minerals and mesoscale shale have been established (Wang 
et al., 2022), providing a rapid and efficient method for character-
izing shale mechanical properties. The Mori-Tanaka approach has 
been widely employed for homogenizing elastic moduli across scales 
(Chen et al., 1992; Cheng et al., 2025b). Li et al. (2023) adopt the 
Mori–Tanaka (MT) and the Halpin–Tsai (HT) methods to homogenize 
the elasticity parameters (elastic modulus and Poisson's ratio) and 
the hydraulic conductivity of the rock material, respectively. Simi-
larly, Meng et al. (2023a) combined nanoindentation data, K-means 
clustering, and the Mori-Tanaka method to upscale nanoscale me-
chanical properties, effectively characterizing shale reservoir het-
erogeneity. However, current studies rarely address the influence of 
mineral composition and microstructure on multiscale analysis. In 
this study, the effect of mineral shape on shale homogenization 
analysis is explicitly considered, providing a more realistic charac-
terization of the linkage between microscopic and mesoscopic me-
chanical properties of shale.

The main aim of this work is to analyze the mechanical prop-
erties of various minerals through micro-scale measurement and 
update these to the mesoscale to investigate the mechanical 
behavior of bright and dark phases of oil shale reservoirs, in gen-
eral, and in the Ordos Basin in particular. The specific objectives 
include: (a) investigating the microscale mechanical properties of 
shale, with particular emphasis on Young's modulus and fracture 
toughness; (b) developing a novel clustering method to more 
accurately classify mechanical properties into mineral phases at 
the micro-scale; and (c) analyzing the anisotropic and heteroge-
neous characteristics of shale mechanical properties at both 
micro-scale and mesoscale.

2. Methodology

2.1. Samples

The Ordos Basin, the second-largest lacustrine shale-oil sedi-
mentary basin in China, covers ~250,000 km 2 (Yan et al., 2009). 
The basin evolved from deposition within a craton depression lake, 
characterized by a broad, gently sloping, shallow and tectonically 
stable environment. This environment was highly conducive to the 
accumulation and storage of oil shale and gas (Lyu et al., 2022), 
facilitating the deposition of a kilometer-thick sedimentary 
sequence, composed of river-delta-lake sediments. These sedi-
ments are stratigraphically divided into 10 distinct oil-bearing 
groups, spanning Chang 1 to Chang 10 (Gao et al., 2020; Li et al., 
2020). The Chang 7 shale of the Yanchang Formation in the Or-
dos Basin has shown considerable potential for oil and gas re-
covery (Han et al., 2021; Zhang et al., 2022) and is stratigraphically 
subdivided into three sublayers: Chang 7 1 , Chang 7 2 , and Chang 7 3 . 
In this work, core samples from the Chang 7 2 layer were collected 
from designated research well JK04, located in Jin Suoguan town, 
Tongchuan City, in the southern part of the basin. The cores, ob-
tained from depths between 122.57 and 124.99 m, displayed 
prominent corrugated lamellar structures.

The retrieved cores display alternating bright and dark laminae, 
indicative of compositional and structural heterogeneity (Fig. 1(a), 
(b1) and (b2)). To enable micromechanical characterization, two

cuboid specimens (8 mm × 8 mm × 3 mm) were extracted using 
wire-electrode cutting (Fig. 1(b1) and (b2)). The specimens were 
then prepared for nanoindentation testing in two principal ori-
entations: (i) parallel and (ii) perpendicular to the bedding plane 
(Fig. 1(c)). A 10 × 10 indentation grid was constructed on the test 
surface (Fig. 1(d)), with a spacing of 50 μm between adjacent 
points. This sufficiently large distance minimizes the interaction 
between neighboring indents, ensuring the accurate acquisition of 
the sample's micromechanical properties. (Hou et al., 2021; Huang 
et al., 2025). This layered sampling strategy ensures the repre-
sentation of intra-layer heterogeneity and enables rigorous eval-
uation of mineral-phase-dependent mechanical behavior under 
varying structural orientations, thereby supporting the subse-
quent multiscale mechanical modeling.

2.2. Equipment

To quantitatively characterize the mineralogical and micro-
mechanical properties of the shale samples, three types of in-
struments were employed: an X-ray diffractometer (XRD), a 
Tescan Integrated Mineral Analyzer (TIMA), and an iMicro Nano-
indenter. The schematic workflow and corresponding in-
struments are illustrated in Fig. 2.

XRD was conducted to determine the bulk mineralogical 
composition of the shale samples (Fig. 2(b)). The operational 
principle is predicated upon the interaction of incident X-rays with 
the crystalline lattice of the specimen, resulting in a diffraction 
pattern that is emblematic of its mineral composition (Kahle et al., 
2002). Specific peaks corresponding to minerals were identified to 
establish the dominant phases. This step provides foundational 
mineralogical information essential for subsequent mechanical 
phase classification.

Scanning electron microscopy integrated with energy-
dispersive spectroscopy (SEM-EDS), via the TIMA system, was 
applied to acquire high-resolution mineral mapping at the 
microscale (Fig. 2(d)). Backscattered electron imaging differenti-
ates mineral phases based on their mean atomic number contrast, 
while EDS spectra deliver precise elemental composition (Hrstka 
et al., 2018). By integrating these datasets, individual mineral 
phases are spatially resolved, enabling the establishment of 
mineral-structure property correlations.

Instrumented nanoindentation was utilized to measure the 
micromechanical properties, including hardness and Young's 
modulus, of the individual mineral phases (Fig. 2(f)). The instru-
ment applies a controlled load to a Berkovich diamond indenter. 
From the recorded load-displacement curves, mechanical param-
eters were extracted using the Oliver-Pharr method (Deng et al., 
2024; Fischer-Cripps and Nicholson, 2004; Oliver and Pharr, 
1992). The separation of loading and unloading stages ensures 
the decoupling of plastic and elastic responses, enabling accurate 
mechanical phase differentiation.

Notably, each instrument contributes uniquely to this multiscale 
investigation: XRD provides the bulk mineralogical composition, 
TIMA offers spatially resolved mineralogical heterogeneity and 
structural information, and nanoindentation quantifies the micro-
mechanical properties of the shale samples. The data and properties 
obtained from each experimental technique are indispensable to the 
comprehensive understanding of shale behavior across scales.

2.3. Methods

2.3.1. Nanoindentation measurements
We use a 10 × 10 indentation grid over a square area of shale 

using a Berkovich indenter applied to the material surface via the 
lattice nanoindentation method (Ulm and Abousleiman, 2006).
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Bedding-parallel and bedding-normal loading orientations were 
employed to investigate the bright and dark phases of the shale. 
Therefore, four loading scenarios are categorized as bright 
bedding-parallel nanoindentation (BBP), bright bedding-normal 
nanoindentation (BBN), dark bedding-parallel nanoindentation 
(DBP), and dark bedding-normal nanoindentation (DBN). The 
nanoindentation testing process consisted of three stages: a 
loading phase, a holding phase, then an unloading phase. Typical 
load-indentation depth curves are shown in Fig. 2(d) (Hu and Li, 
2015). The displacement-load curve was employed to calculate 
the Young's modulus and hardness of the minerals within the 
sample.

The Young's modulus and hardness of the material can be ob-
tained from the value and area of the loading-unloading curves. 
The hardness is calculated as (Manjunath and Jha, 2019):

H = P m =(A c × h m ) (1)

where A c is the indentation contact area, P m is the maximum load 
applied during the experiment, and h m is the maximum 

displacement during the experiment. On the basis of the elastic 
energy ratio, the contact stiffness S, which is defined as the slope of 
the upper part of the quantized unloaded portion (h m ), can be 
obtained from h m (Hu and Li, 2015).

S = 0:75 × (2 × ν e − 1) × P m =h m (2)

The reduced Young's modulus E r is then calculated as (Oliver 
and Pharr, 1992):

E r = 
( ̅̅̅

π 
√ 

× S 
) /( 

2 ×
̅̅̅̅̅ 
A c

√ ) 
(3)

Young's modulus of a material, E, can be derived from Eq. (4) 
(Manjunath and Jha, 2019):

1 
/ 
E r = 

( 
1 − ν 2 

)/ 
E + 

( 
1 − ν i 2 

)/ 
E i (4)
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Fig. 2. Experimental equipment. (a) XRD experimental principle. (b) TIMA experimental principle. (c) Nanoindentation experimental principle.
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where v is Poisson's ratio of the shale sample, v i is Poisson's ratio of 
the indenter and E i is Young's modulus of the indenter.

2.3.2. Fracture toughness measurements
The fracture toughness is also calculated from an energy anal-

ysis of the nanoindentation loading curve. The irreversible energy 
(U ir ) is defined as the difference between the total energy (U t ) and 
the elastic energy (U e ) (Cheng et al., 2002). The mode I stress in-
tensity factor K IC is derived from the critical energy release rate 
and the reduced Young's modulus as:

K IC =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ 
G c × E r

√ 
(5)

where the K represents the stress intensity factor—describing the 
stress state at the crack tip, subscript “I” indicates a mode-I stress 
intensity, characterized by tensile opening; while the subscript “c” 
denotes the critical condition, referring to the value of the stress 
intensity factor at the onset of crack propagation. G c is the critical 
energy release rate, which can be calculated as (Liu et al., 2023):

G c = ∂U crack =∂A = U crack =A m (6)

The fracture energy (U crack ) can be described via Eq. (7):

U crack = U ir − U pp (7)

where U ir is the irreversible energy generated during the loading 
process. U pp is pure plastic energy. For the Berkovich indenter 
employed on this work, the maximum crack area A m can be 
calculated as (Liu et al., 2016):

A m = 24:5 × h m 
2 (8)

2.3.3. Clustering methods
The data obtained from the nanoindentation test comprised a 

collection of mineral-specific datasets. In this work, a novel clus-
tering method is employed to proportionally assign and classify 
each mineral through pre-convolutional and anti-convolutional 
fitting techniques, which are based on the Gaussian function. 
This approach aims to categorize the dataset into mineral phases 
and investigate the variations of micro-mechanical parameters 
with mineral phases. The Gaussian function is used to simulate the 
peak values within the dataset with the peak location, width and 
height determined as (Gauss, 1814):

f (x) = a × exp 
( 
− (x − b) 2 

/ 
2c 2 
)

(9)

where a is the peak height and b is the center of the curve, that is, 
the x coordinate where the peak is located. Similarly, c is the width 
of the Gaussian curve.

Our new methodology comprises two sequential steps: (i) 
reconstruction of the data space and (ii) application of cluster 
analysis. Initially, the data obtained from nanoindentation is re-
organized into ‘interval-count vs. Young's modulus’ data pairs. 
Thereafter, all the data pairs are pre-convolved to obtain the 
overlapped Gaussian distribution curves (Fig. 3 step (a)), which is 
the sum of the Gaussian function distribution for an individual 
phase f i (x):

y(x) = 
∑5

i=1 
f i (x) (10)

where i is the representative number of the different mineral 
phases—clay, quartz, feldspar, dolomite, pyrite. Then, a spatial 
coordinate system (x-x-y space) is established, with the y-axis

designated as the rotation axis and the x-axis serving as the radius. 
A Gaussian multi-peak surface is obtained through the rotation of 
the Gaussian curves, obtained by pre-convolution (Fig. 3 step (b)). 
Subsequently, the anti-convolutional operation (Richardson, 1972) 
is performed on the Gaussian multi-peaked surface to obtain the 
probability contour line. In this process, the probability equations 
are then used to calculate the pointwise probability of each point 
of the multi-peaked Gaussian surface:

p a i (x) = r a i × a i (x) (11)

The normalization factor r a i is defined as:

r a i = (1=w) × 

∫k+w

k

f i (x) 

/ 

y(x)dx (12)

where k is the starting value of the interval and w is the interval 
width. As a result, the probability contour map (Fig. 3 step (c)) is 
determined in the x-x plane by observing the entire Gaussian 
multi-peak surface along the negative y-axis.

In the clustering process, the data obtained from the nano-
indentation test are re-configurated into 'Young's modulus-
Young's modulus' data pairs. The data pairs are used to construct 
the anti-diagonal matrix and subsequently transferred to the input 
layer (Fig. 3 step (d)) within the data range constrained by the 
probability contour map. Subsequently, these data are directed to 
the pooling layer (Fig. 3 step (e)). In this layer, the data in the input 
layer are randomly allocated into different mineral phases based 
on the probability contour map obtained during the data recon-
struction process. Finally, the processed data are then transferred 
to the output layer (Fig. 3 step (f)) for visualization and the 
completion of clustering.

The probability contour map plays a vital role in the entire data 
processing procedure. Spatially, it defines a square region, con-
straining the size of the anti-diagonal matrix. At the computing 
level, it calculates the probability of input data to different mineral 
phases. The probability is then used in the pooling layer for as-
signments to data points.

3. Results

3.1. Experimental results

3.1.1. Mineralogical characteristics
Table 1 summarizes the volume fractions of mineral composi-

tions determined via XRD for the bright and dark samples.
The analysis indicates that quartz and clay minerals are the 

dominant components, constituting >60% of the total composi-
tion. The bright samples are predominantly composed of quartz 
(constituting 51.8%), followed by feldspars (23.7%), exceeding the 
proportion of clay at 11.3%. Dolomite and pyrite are present at 5.4% 
and 4%, respectively. In contrast, the dark samples contain a higher 
proportion of clay minerals (34.4%), surpassing quartz at 28.7%. 
Pyrite ranked third in the dark samples, accounting for 18%, while 
feldspars and dolomite are present at 10.7% and 5.1%, respectively. 
Trace amounts of halite, gypsum, and calcite were also detected, 
but their concentrations were below the threshold for further 
discussion in this study.

3.1.2. Microstructural characterization
Tescan integrated mineral analysis (TIMA) was selected to 

investigate the microstructure of the shale. The mineral surface 
distribution corresponding to two distinct loading directions, the 
bright and dark phases, is analyzed and presented in Fig. 4.
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Minerals present in the bright phase samples are distributed in 
separate blocks, while those in the dark phase samples exhibit a 
continuous band-like distribution. This observation indicates that 
the minerals in the bright phase are surrounded by other minerals, 
whereas the minerals in the dark phase are predominantly sur-
rounded by minerals of the same phase. This exerts significant 
impact on the disparities in the mechanical properties of minerals 
of the same type between different phases.

The shape factor can be calculated from the resultant TIMA plot. 
The shape factor is determined from Eq. (13), which relies on the 
phase diagram obtained through TIMA, and displayed in Table 2.

S r = 

(
∑ n

T=1

(4π × S T ) 

/ 

L T 
2 

)/ 

n (13)

where S T represents the area of the homogeneous minerals in the 
TIMA phase diagram, L T denotes the perimeter of the homoge-
neous minerals, and n indicates the number of areas where the 
homogeneous minerals are distinctly identified. The shape factor, 
which is approximately equal to 1, indicates that the shape of the 
samples is nearly circular.

3.1.3. Micromechanical measurements
Nanoindentation testing was conducted on a 10 × 10 grid (100 

points) for each sample, at an orthogonal grid spacing of 50 μm 

between each test point. The contact area of each indenter with 
the exposed surface was ~9 μm 2 (Eq. (8)). The mineral surface and 
indentation points are illustrated in Fig. 5 demonstrating that all 
the test points are associated with specific minerals, validating the 
use of the clustering analysis.

The results are represented as load-displacement curves 
(Fig. 6), where each curve corresponds to an indentation test, 
capturing the relationship between the applied load and the

resulting displacement. The curves exhibit considerable variability 
in shape and position, influenced by factors such as the loading 
direction, mineral composition and microstructural characteristics 
of the phases. Specifically, the maximum indentation depth, which 
reflects the material's mechanical response, differs for bright and 
dark phases due to their distinct mineral compositions and me-
chanical properties. Additionally, for the same maximum load, the 
variation in curve slopes and displacements indicate differences in 
hardness and elastic modulus under different loading conditions.

3.2. Micromechanical analyses

3.2.1. Gaussian curve fitting and clustering
Nanoindentation data points were analyzed using a Gaussian 

pre-convolution and deconvolution-based clustering method 
implemented in Python—enabling effective differentiation of min-
erals within each cluster. Separate clustering analyses were per-
formed for datasets corresponding to different minerals and loading 
directions, as illustrated in Fig. 7. Table 3 summarizes the result of 
the mineral composition proportions for each sample. The classifi-
cation results from the clustering method align closely with the XRD 
(Table 1) observations, with an overall error of less than 8%. These 
results highlight the high accuracy and reliability of the proposed 
clustering approach. However, an exception is observed for pyrite in 
DBN, where deviations reach up to 10%. These deviations are likely 
due to the reduced presence of pyrite at the nanoindentation 
sampling locations. This interpretation is further validated by 
experimental results for DBN plane samples, where the maximum 

measured Young's modulus does not exceed 110 GPa (Fig. 7).
Table 4 summarizes the experimental average Young's modulus 

values and range of Young's modulus for various minerals (clay, 
quartz, feldspar, dolomite, and pyrite) under different loading 
conditions. The results show that the measurements are consistent 
with previous studies, but vary considerably depending on the 
loading direction and mineral type. These discrepancies are 
attributed to mineralogical heterogeneity, microstructural fea-
tures such as interfacial weakening and porosity, and the aniso-
tropic nature of the samples.

3.2.2. Fracture toughness analysis
The fracture toughness at all nanoindentation sampling sites, 

for each phase and loading direction, was evaluated using Eq. (5).
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Fig. 3. Schematic diagram of the new clustering method.

Table 1
Composition and proportion of shale in the Ordos region.

Clay Quartz Feldspar Dolomite Pyrite Other

Bright 11.3% 51.8% 23.7% 5.4% 4.0% 3.8%
Dark 34.4% 28.7% 10.7% 5.1% 18% 3.1%
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Fig. 8 demonstrates a linear relationship between fracture tough-
ness and Young's modulus, independent of the loading direction or 
phase. While a significant difference in fracture toughness under 
similar Young's moduli are also observed, indicating the likelihood 
of mineral mixing. The fracture toughness ranking of the minerals

is largely consistent with the sequence of Young's modulus values, 
from highest to lowest as: pyrite, dolomite, feldspar, quartz, and 
clay.

The fracture toughness was compared with the values reported 
in previous studies. The experimental findings reported by Liu 
et al. (2016) and Liu et al. (2023) indicated fracture toughness 
values in the range of 0.5–6.5 MPa⋅m 0.5 , congruent with the range 
observed in our work.

4. Discussion

4.1. Advantage in upgraded clustering methods

To assess the stability and reproducibility of the novel clus-
tering method, we performed clustering analyses on the BBP 
dataset three times using Python on different computers, with the
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Fig. 4. TIMA experimental surface scanning results. (a) Bright bedding-parallel nanoindentation sample (BBP); (b) bright bedding-normal nanoindentation sample (BBN); (c) dark 
bedding-parallel nanoindentation sample (DBP); and (d) dark bedding-normal nanoindentation sample (DBN).

Table 2
Individual mineral shape factors of the Ordos shale samples.

Sample Clay Quartz Feldspar Dolomite Pyrite

BBP 0.92 0.87 0.42 0.60 0.59
BBN 2.16 1.51 0.67 0.95 0.50
DBP 2.72 0.57 0.42 0.46 0.67
DBN 2.62 0.60 0.39 0.47 0.44

BBP: bright bedding-parallel nanoindentation sample; BBN: bright bedding-
normal nanoindentation sample; DBP: dark bedding-parallel nanoindentation 
sample; DBN: dark bedding-normal nanoindentation sample.
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results presented in Table 5. The clustering outcomes indicate that 
the results remain highly consistent across multiple runs, 
including the ranges and count of points in each mineral phase, 
demonstrating the method's strong stability and reproducibility. 

To validate the effectiveness of the upgraded clustering 
methods, the data obtained from BBP nanoindentation results 
were also clustered using the K-means clustering method and the 
Gaussian mixture model (GMM). The clustering results are illus-
trated in Fig. 9, providing a comparison to demonstrate the ad-
vantages of the novel approach. To provide a clearer comparison of 
the advantages and disadvantages of the three clustering methods, 
each method is analyzed using the same set of nanoindentation 
data (BBP) obtained under uniform testing conditions. In this 
context, the main sources of error in traditional methods arise 
from the mineralogical characteristics of the same sample, such as 
the variation in mineral composition, mechanical properties, and 
structure. Therefore, the method that better adapts to the intrinsic 
mineralogical properties of the sample will yield more accurate 
clustering results.

Traditional clustering methods such as K-means and GMM are 
sensitive to such data fluctuations. In this work, both K-means and 
Gaussian Mixture Model (GMM) clustering methods exhibit 
inherent limitations that result in errors when applied to experi-
mental data, particularly data involving complex physical prop-
erties. The K-means algorithm assumes hard boundaries between 
clusters, which leads to misclassification when dealing with 
overlapping distributions. Fig. 9(a) depicts the results of mineral 
species classification using the traditional K-means clustering 
method, where distinct boundaries are evident between varied 
clusters. This indicates that Young's modulus values obtained from 

the K-means clustering method are treated as entirely indepen-
dent with no overlap or intersection, which is inconsistent with 
the real data. Furthermore, the algorithm is highly sensitive to the 
initial cluster centroids, which can lead to unstable results, espe-
cially when dealing with non-spherical clusters or uneven data 
distributions.

One major limitation of GMM lies in its sensitivity to the 
choice of initial parameters and covariance structures. If the 
covariance matrices are assumed to be equal across clusters, 
GMM forces each cluster to have the same shape. However, in real

data, particularly for materials with varying mineral composi-
tions, the clusters representing different minerals often have 
distinct shapes and variances. This uniformity assumption leads 
to errors, especially when mineral distributions are not isotropic 
or homoscedastic. Fig. 9(b) shows the results of the Gaussian 
mixture clustering method. This approach effectively addresses 
the hybridity issue of Young's modulus across various mineral 
species. However, it also introduces a new challenge. That is, the 
range of the probability density function for Gaussian mixture 
clustering method may not be inappropriate for a specific min-
eral, as the parameters were randomly selected. For example, two 
outliers, with Young's modulus values exceeding 40 GPa, were 
incorrectly classified as clay minerals. The innovative method 
novel in this study addresses the issue of inappropriate evalua-
tion of Young's modulus ranges for a specific mineral existing in 
the aforementioned methods.

Compared with K-means and GMM, the new approach is better 
suited to handle overlapping data distributions and can adapt 
more effectively to experimental uncertainties. The Davies-
Bouldin Index (DBI), measuring the average similarity between 
each cluster and its most similar one (Davies and Bouldin, 1979), is 
employed as a metric to compare the clustering performance of 
three methods, as shown in Table 6. A lower DBI value indicates 
better clustering, featuring distinct and well-separated clusters. 
Our method exhibits a DBI value slightly higher than that of the K-
Means method and slightly lower than that of the GMM. This 
suggests that the inter-cluster separation and intra-cluster simi-
larity of our approach are somewhat lower than those of K-Means, 
but its advantage lies in its ability to better handle shale samples 
with complex anisotropy and multi-phase mineral compositions. 
Compared to the GMM, our method achieves better separation and 
clearer cluster boundaries while maintaining higher inter-cluster 
separation and intra-cluster similarity. Through the novel 
methods, we are able to finely distinguish between different 
mineral phases, particularly in terms of mechanical property var-
iations across different bedding orientations, thereby providing 
more accurate clustering results. The new approach effectively 
addresses the limitations of traditional clustering methods when 
applied to multiphase heterogeneous materials, demonstrating 
higher precision and adaptability.
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Fig. 5. Experimental surface imaged by TIMA. (a) TIMA phase diagram; (b) indenter surface contact area schematic.
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Through the novel methods, we are able to finely distinguish 
between different mineral phases, particularly in terms of me-
chanical property variations across different bedding orientations, 
thereby providing more accurate clustering results. This approach 
effectively addresses the limitations of traditional clustering 
methods when applied to multiphase heterogeneous materials, 
demonstrating higher precision and adaptability.

4.2. Micromechanical mineralogic anisotropy

This section explores the impact of mineral components on the 
micromechanical behavior of laminated lacustrine shales. The aim 

is to clarify the relationships between mineral composition and 
the observed mechanical properties at the microscale.

4.2.1. Young's modulus
As detected above, the mineral components of the bright and 

dark phases exhibit significant overlapping similarities. Four

permutations are selected for comparison: bright and dark phases, 
bedding-parallel nanoindentation, and bedding-normal nano-
indentation. The results, shown in Fig. 10, reveal that the Young's 
modulus of BBP and DBP samples (bedding parallel plan) is 
significantly higher than that of BBN and DBN samples (bedding 
normal plan). The experimental results consistently demonstrate 
that Young's modulus of the bright phase is higher than that of the 
dark phase for the same mineral, regardless of whether the testing 
direction is parallel or perpendicular to the bedding plane. This 
trend is validated across all four sample types and is consistently 
observed for all tested mineral types, including clay, quartz, feld-
spar, dolomite, and pyrite.

The observed discrepancy in Young's modulus between the 
bright and dark phases of the shale is attributed to the varied 
micro-characteristics of shale formed during sedimentation (Chen 
et al., 2019). Minerals in the dark phase are layered in lamellae, 
whereas discretely distributed in the bright phase, as shown in 
Figs. 4 and 11(b). This structural disparity leads to varied

Fig. 6. Nanoindentation test results. (a) BBP; (b) BBN; (c) DBP; and (d) DBN.
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deformation responses of the ensemble mineral assemblages in 
the dark and bright phases to the nanoindentation test and, 
therefore, to varied micro-mechanical properties. Taking quartz as 
an example, in the bright phase, quartz is surrounded by isolated 
hard minerals—feldspars and pyrite (Fig. 11(c1))—which exhibit 
higher compressive strength and lower deformability. The 
displacement at the indentation location is smaller (Fig. 11(c2)) 
because of this boundary constraint, leading to a higher Young's 
modulus. Conversely, when the probe contacts quartz in the dark

phase, a greater displacement is detected due to the underlying 
softer clay layer. Therefore, a relatively small Young's modulus is 
returned.

Furthermore, Figs. 4(c), (d) and 11(b) also illustrate that mineral 
alignment exhibits a more orderly topological structure in the 
plane parallel to bedding rather than perpendicular to bedding and 
in the dark phase. This characteristic explains why the Young's 
modulus is considerably higher in the bedding-parallel direction 
than in the bedding-normal direction for the dark phase. However, 
in the bright phase, since mineral alignment shows no significant 
difference between the two directions (Fig. 4(a) and (b)), the 
Young's modulus exhibits minimal directional variation.

4.2.2. Fracture toughness
A comparative analysis was conducted to evaluate the variation 

in fracture toughness among different minerals across various 
groups. Fig. 12 presents the fracture toughness for different min-
erals in the Ordos bright- and dark-phase samples under different
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Fig. 7. Clustering results for the Ordos samples. (a) BBP; (b) BBN; (c) DBP; and (d) DBN.

Table 3
Percentage of mineral composition of each sample after clustering.

Clay Quartz Feldspar Dolomite Pyrite

BBP 10% 52% 25% 5% 3%
BBN 6% 48% 28% 6% 5%
DBP 35% 34% 9% 2% 17%
DBN 37% 36% 14% 5% 8%
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loading orientations. The plots reveal distinct variations in fracture 
toughness both between minerals and for different loading di-
rections. Notably, the arrangement of minerals based on fracture 
toughness closely mirrors that based on Young's modulus, which is 
primarily attributed to the linear correlation between these two 
parameters.

In general, fracture toughness for the bright-phase minerals is 
consistently higher than those for the dark-phase minerals, with 
bedding-parallel loading resulting in greater fracture toughness 
compared to bedding-normal loading. However, clay and quartz 
minerals exhibit an anomaly, with their fracture toughness being 
greater in the dark phase than in the bright phase. The reason of

Table 4
Comparison of the Young's modulus (GPa) of the clustering results for each mineral with the results of previous studies.

Clay Quartz Feldspar Dolomite Pyrite

BBP (Average) 18.22 52.19 97.26 113.71 126.14
BBN (Average) 14.33 51.13 85.58 114.86 125.99
DBP (Average) 26.06 56.49 79.65 94.01 102.76
DBN (Average) 14.93 30.96 56.06 82.36 93.92
BBP (Range) 10–32 15–85 82–112 105–125 125–127
BBN (Range) 5–26 29–83 85–107 112–118 122–129
DBP (Range) 8–42 43–71 74–83 93–94 97–121
DBN (Range) 9–26 20–62 50–70 76–97 87–101
Reported 7–20 (Zargari et al., 2011) 55–71 (Eliyahu et al., 2015) 90–100 (Eliyahu et al., 2015) 116.6 (Wang et al., 2001) 250–312 (Mavko et al., 2020)
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Fig. 8. Fracture toughness results for each mineral test point. (a) BBP; (b) BBN; (c) DBP; and (d) DBN.
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this deviation aligns with the previously discussed discrepancy in 
Young's modulus, which can be attributed to the effects of depo-
sition and mineral structure. As shown in Fig. 4, the mineral phase 
diagrams obtained via TIMA reveal that bright-phase minerals 
(Fig. 4(a) and (b)) are organized as discrete blocks surrounded by 
other minerals. In contrast, dark-phase minerals (Fig. 4(c) and (d)) 
form continuous bands, with minerals of similar types adjacent to 
one another in specific orientations. In the dark phase, clay min-
erals are arranged in continuous ribbon-like structures that 
impede crack propagation (Li et al., 2019).

The primary reason for the higher fracture toughness parallel to 
the bedding laminae compared to the perpendicular direction lies 
in the mineral alignment along the laminae, which typically fol-
lows the sedimentary layering. This parallel arrangement en-
hances inter-mineral interactions and promotes more uniform 

stress distribution along the laminae. In contrast, minerals ori-
ented perpendicular to the laminae are more prone to stress 
concentration. Such stress concentration results in lower fracture 
toughness and increases the likelihood of fracture.

4.3. Mesoscale—mechanical properties

Following this prior exploration of the micromechanical prop-
erties of the Ordos Shale, we address the engineering implications 
of these mechanical characteristics at the mesoscale. We upscale 
the nanoindentation data from microscale to mesoscale. The Mori-
Tanaka method is the most commonly applied to upscale multi-
phase elastic composites (Mori and Tanaka, 1973). Within this 
method, the shale matrix is modeled as a multiphase composite 
material consisting of a “matrix” phase cushioned within an “en-
velope” phase region. However, this conventional approach does 
not fully account for the influence of mineral geometric properties 
on mechanical behavior. To address this limitation, the mesoscopic 
Young's modulus of the shale sample regions was recalculated 
using a modified equation that incorporates shape factor. Table 7 
compares the results calculated with and without the inclusion of 
the shape factor and further contrasts them with previously re-
ported observations (Li et al., 2022; Wang et al., 2022).

In terms of Young's modulus, the incorporation of the shape 
factor results in a significant reduction for the dark phase samples. 
This is primarily attributed to the high clay content in the dark 
phase, which accounts for approximately 80% of the total volume 
fraction. Since clay has the lowest Young's modulus among the five 
minerals, the overall modulus is significantly reduced. In contrast, 
the change in Young's modulus for the bright phase samples is less 
pronounced. This is because the bright phase contains a higher 
proportion of quartz and feldspar, which collectively account for 
66% of the mineral volume in the parallel direction and 85% in the

Table 5
Young's modulus ranges and data point counts for BBP data across multiple clustering runs.

Clay Quartz Feldspar Dolomite Pyrite

First Range 8.28–32.29 15.87–110.44 81.98–112.73 105.84–125.29 125.03–127.34
Point counts 10 48 20 7 2

Second Range 8.28–33.24 15.87–110.44 81.98–110.13 105.84–125.29 125.03–127.34
Point counts 12 50 19 5 2

Third Range 8.28–32.29 15.87–110.44 81.98–107.6 105.84–117.15 125.29–127.34
Point counts 10 51 17 5 3
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Fig. 9. Traditional clustering results for BBP nanoindentation. (a) K-means clustering results; (b) GMM clustering results.

Table 6
Clustering performance comparison using DBI for different methods.

DBI K-means GMM This work

BBP 0.53 0.67 0.59
BBN 0.53 0.82 0.69
DBP 0.48 0.47 0.69
DBN 0.43 0.49 0.47
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perpendicular direction. As quartz and feldspar have Young's 
modulus that are intermediate among the five minerals, the 
overall modulus remains relatively stable despite the inclusion of 
the shape factor.

The fracture toughness of the Ordos shale remains below
3 MPa⋅m 0.5 , suggesting that the shales in this region exhibit rela-
tively low brittleness (Gupta et al., 2020). Furthermore, the dark 
phase samples exhibited a more significant reduction after
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Fig. 10. Young's modulus comparison box plot for component minerals. (a) Clay; (b) quartz; (c) feldspar; (d) dolomite; and (e) pyrite.
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incorporating the shape factor, with the bright phase samples 
showing a smaller change. This can be attributed to the differences 
in mineral composition and interaction between the two phases. 
The dark phase, dominated by clay, has inherently lower fracture 
toughness. The incorporation of the shape factor amplifies the 
effect of the weak-layered structure of clay, leading to a marked 
reduction in toughness. Conversely, the bright phase contains a 
higher proportion of hard minerals, such as quartz and feldspar, 
with higher and more uniform fracture toughness. As a result, the 
impact of the shape factor is less pronounced for the bright phase, 
leading to relatively minor changes in fracture toughness.

The Young's modulus of the oil shale reservoirs of the Ordos 
Basin is 41.39 GPa in bedding-parallel direction and 35.65 GPa in 
the bedding-normal, at the sample scale, as measured by Li et al. 
(2022) with the value of fracture toughness 1.49 MPa⋅m 0.5 

bedding-parallel and 1.32 MPa⋅m 0.5 bedding-normal. These values, 
obtained through the shape factor (Table 7), more closely 
approximate the actual measured values, primarily because the 
integration of the shape factor in the homogenization analysis 
better represent the geometric characteristics of minerals.

The anisotropy of the shale in this study is compared with that 
of shales from other regions, and Table 8 summarizes the macro-
scale Young's modulus anisotropy ratios R for several regions. As 
seen in Table 8, the R values vary widely, ranging from 1.2 for the 
Chicopee shale to 2.5 for the Chattanooga shale. Clearly, the R 
values determined in this study, for both the bright and dark 
phases, fall within a relatively low range compared to those from 

other regions. Upon comparing the anisotropy ratios between the 
bright and dark phases, it can be observed that the R values for the 
dark phase of the Ordos sample are significantly higher than those 
for the bright phase. This is mainly attributed to the high anisot-
ropy of clay minerals, which have a pronounced impact on the 
overall anisotropy of shale at the microscale, thereby influencing 
its macroscopic anisotropic characteristics.

While this study focuses on the micro-mechanical properties of 
shale samples and the upscaling process, it does not include Finite 
Element Analysis (FEA), which is widely utilized in understanding 
scale-dependent effects (Alzebdeh and Ostoja-Starzewski, 1996;

Danielli et al., 2023). FEA has played a crucial role in simulating 
the stress-strain behavior of materials under various loading 
conditions, offering deeper insights into their mechanical perfor-
mance (Lichinchi et al., 1998; Sami Ullah Khan and Wasim 

Jamshed, 2023). For instance, Tricarico and Tan (2022) employed 
finite element (FE) simulations in combination with nano-
indentation experiments to develop an appropriate constitutive 
model and determine a more accurate estimate of the yield stress.

4.4. Implications at field scale

This study highlights the variation in the mechanical properties 
of shale across length scales and phases, which plays a vital role in 
guiding the response in shale reservoirs. Porosity and permeability 
are identified as critical parameters in evaluating shale oil reser-
voirs, showing a clear correlation with Young's modulus (Cui et al., 
2018; Sone and Zoback, 2013). Bright-phase minerals, character-
ized by higher rigidity and lower porosity, may limit gas transport 
capacity, with the higher porosity of the dark-phase minerals 
enhancing gas storage and then release. The clay-rich dark phase 
exhibits greater deformability, rendering its pore structures more 
prone to alteration or collapse during gas depletion and conse-
quently reducing reservoir permeability. In contrast, minerals such 
as quartz, feldspar, dolomite and pyrite reflect a higher Young's 
modulus, exhibiting a more stable pore structure with lower 
compressibility. This stability reduces the stress sensitivity of shale 
reservoirs, maintaining high porosity and permeability under 
increased effective stress and enhancing shale oil recovery. 

Fracture toughness partly controls the hydraulic fracturing 
behavior of oil shale reservoirs (Gale et al., 2007). Our study re-
veals that the fracture toughness of the bright phase is higher than 
that of the dark phase, suggesting a greater resistance to both the 
initiation of new fractures and propagation of current fractures 
through the bright phase. In contrast, the lower toughness of the 
dark phase makes it more prone to fracture propagation under the 
same fracturing pressures (Sun et al., 2024). In other words, the 
hydraulic fracture is more likely to terminate in the bright phase 
and to continue through the dark phase. These findings highlight

Bright phase

Dark phase

(a)
(b) (c1) (c2)

(d1) (d2)

FeldsparQuartz

Pyrite

Clay

Dolomite

1 cm

Fig. 11. Schematic illustrating differences in the mechanical characteristics of the same mineral in each of the two different phases and measurement directions caused by 
deposition and compaction of mineral grains. (a) Prismatic sample; (b) mineral structure of bright and dark phases; (c1) microstructure of bright phase in an unloaded state; (c2) 
microstructure of dark phase in an unloaded state; (d1) post-indentation microstructure of bright phase; (d2) post-indentation microstructure of dark phase.
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the significance of customizing fracturing strategies in field engi-
neering to consider variations in fracture toughness related to 
different stratigraphic structures in shale formations (Cui et al., 
2020).

The variations in Young's modulus and fracture toughness 
across different scales indicate significant scale effects on the 
mechanical properties of shale. The higher Young's modulus and 
fracture toughness at the microscale compared to those at the
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Fig. 12. Boxplot of fracture toughness comparison for each mineral. Different components minerals are (a) clay; (b) quartz; (c) feldspar; (d) dolomite; and (e) pyrite.
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mesoscale indicate that shale exhibits greater rigidity and tough-
ness within fine structures or at the nanopore level. These findings 
emphasize the importance of considering scale-dependent effects 
during reservoir simulations and in designing exploitation stra-
tegies. By incorporating scale effects into predictive models, the 
accuracy of deformation and fracture behavior assessments can be 
improved, thereby enhancing the reliability and efficiency of shale 
reservoir development plans.

4.5. Limitations and future work

4.5.1. Limitations
Several limitations of this study warrant acknowledgment. (i) 

The applicability and local optimality of the newly developed 
clustering method for measured data classification is constrained. 
A Gaussian distribution is specified in the new approach and this 
assumption may not adequately represent the configuration of 
mechanical properties of a certain mineral. Furthermore, the re-
sults obtained through Gaussian pre-convolution lack global 
optimality and may introduce computational imprecision. To 
mitigate this limitation, future work can focus on enhancing the 
generalizability of the clustering model, potentially incorporating 
more advanced statistical techniques or hybrid methods to better 
accommodate the diverse distribution of mineral properties. For 
example, Through the application of big data analytics to optimize 
the adaptation of micro-mechanical parameters across various 
minerals, combined with deep learning approaches for improved 
classification accuracy. (ii) Mechanical characteristics at the 
mesoscale may not be fully captured. Although a micro-
mechanical test and a n0ovel scaling method with a correction 
term were employed, the pores and fractures within the oil shale 
formation have been overlooked. (iii) Experimental conditions 
were limited to nanoindentation tests on dry samples at room 

temperature. These conditions do not account for in situ envi-
ronmental factors, such as elevated in situ temperatures and water 
saturation, which likely influence the mechanical properties of 
shale.

4.5.2. Future work
Based on the identified limitations, the following suggestions 

are proposed for future research: (i) Improvement in the accuracy 
and efficiency of the clustering method is urgently needed. Current 
clustering methods, utilizing Gaussian pre-convolution and

inverse convolution, categorize extensive measurement data into 
mineral groups with relatively high accuracy. However, advanced 
classification techniques are required to further enhance both 
accuracy and computational efficiency. (ii) Effort should also be 
focused on accurately describing reservoir characteristics after 
scale upgrading. This includes incorporating features such as 
natural fractures, large pores and other unique geological attri-
butes to refine upscaling methods to reservoir scale. (iii) Repli-
cating the reservoir environment is critical for the measurement. 
Nanoindentation tests should be conducted under conditions that 
simulate the in-situ reservoir environment, including thermal 
conditions and pre-immersion of samples in water to reflect 
varying water saturations. (iv) Future work could incorporate 
Finite Element Analysis (FEA) to simulate the stress–strain 
behavior of shale at multiple scales, providing deeper insights 
into scale-dependent mechanical responses and aiding in the 
validation of constitutive models derived from experimental and 
deep learning approaches.

5. Conclusions

We performed nanoindentation testing on laminated lacustrine 
shales to evaluate mechanical properties at the microscopic scale 
and on bedding faces and perpendicular to bedding. The resulting 
data were categorized into distinct mineral phases, using a novel 
clustering technique. A shape factor derived from TIMA was then 
incorporated into the upgraded Mori-Tanaka method, facilitating 
effective upscaling of mechanical properties from microscale to 
mesoscale. The key conclusions of this research are summarized as 
follows.

(i) An upgraded clustering technique, utilizing Gaussian pre-
convolution and anti-convolution, is developed and 
applied to establish the relationship between micro-
mechanical properties and mineral compositions. The 
upgraded clustering method has demonstrated highly 
consistent clustering results in multiple runs, proving its 
excellent stability and repeatability when dealing with 
complex measured data. This new approach effectively ad-
dresses the limitations of traditional K-means clustering, 
which assumes mutually exclusive clusters, and GMM 

clustering, which is prone to delineating incorrect mineral 
ranges.

(ii) The elastic properties of the shale matrix display anisotropy 
and heterogeneity at the micro-scale. The bright phase, 
featuring discrete hard minerals, limits deformation during 
nanoindentation and results in a higher Young's modulus, 
reducing the stress sensitivity of shale reservoirs, main-
taining initial porosity and permeability; While lower 
Young's modulus in clay-rich dark phase increases deform-
ability, making pore structures more likely to alter or 
collapse, thus reducing reservoir permeability during the 
gas depletion process. Also, the property of the dark phase is 
significantly greater in the bedding-parallel direction than 
in the bedding-normal direction due to more orderly

Table 7
Comparison of Young's Modulus and fracture toughness of shale minerals considering shape factor effects relative to previous results.

BBP BBN DBP DBN BP BN

Young's Modulus, GPa Without shape factor 93.33 92.80 77.50 63.63 41.39 (Li et al., 2022) 35.65 (Li et al., 2022)
With shape factor 66.05 70.29 39.26 22.18

K IC , MPa⋅m 0.5 Without shape factor 1.68 2.56 2.14 1.69 1.49 (Wang et al., 2022) 1.32 (Wang et al., 2022)
With shape factor 1.41 2.23 1.52 0.99

In the table, BP represents the bedding parallel plane, and BN denotes the bedding-normal plane.

Table 8
Macroscopic anisotropy ratios of shale from various regions.

Shale anisotropy ratios R Reference

Ordos bright simple 1.1 This work
Ordos dark simple 1.8 This work
Chicopee 1.2 Lo et al. (1986)
Longmaxi 1.4 Lin et al. (2017)
New Albany 1.8 Johnston and Christensen (1995) 
Boryeong 2.1 Cho et al. (2012)
Chattanooga 2.5 Johnston and Christensen (1995)

Z.-G. Pei, G.-L. Cui, Y.-T. Duan et al. Petroleum Science 23 (2026) 33–51

48



alignment, while little difference is observed in the bright 
phase.

(iii) Fracture toughness varies significantly among minerals and 
directions, with bright-phase minerals generally exhibiting 
higher toughness than dark-phase minerals, and loading 
along the bedding-parallel plane resulting in greater frac-
ture toughness compared to that in the bedding-normal 
plane. The alignment of minerals along sedimentary 
laminae enhances inter-mineral interactions and elevates 
stress distribution, leading to higher fracture toughness in 
the bedding-parallel plane compared to the bedding-normal 
plane. The varied fracture toughness among minerals makes 
hydraulic fracture more prone to penetrate in dark phase 
and terminate in the bright phase.

(iv) The Young's modulus and fracture toughness at the meso-
scale can be determined through the Mori-Tanaka method, 
incorporating a shape factor. The acquired value is lower 
than that obtained through the classical method and the 
value at a micro scale, and aligns more closely with the 
actual results of the triaxial test. The inconsistencies 
observed across various scales suggest that shale demon-
strates enhanced rigidity and toughness at the nanopore 
level. The developments of more accurate classification al-
gorithms, advanced upscaling techniques, experimental 
protocols and finite element analysis that better simulate in-
situ conditions are urgently needed for future studies.
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