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a b s t r a c t

The recovery factor of tight oil reservoirs is comprehensively controlled by formation geological 
properties, well spacing, and fracturing intensity. Insufficient formation drainage or fracture-hits be-
tween wells can lead to low recovery factors. The integrated optimization of well spacing and fracturing 
intensity is a crucial approach to improving recovery factors in tight oil reservoirs. This work analyzes 
the production characteristics of tight oil wells and identifies the main factors affecting productivity 
applying machine learning methods. An integrated workflow combining fracturing modeling, reservoir 
simulation, and production optimization is developed and applied to a real field reservoir block to 
explore the optimal matching relationship between well spacing and fracturing intensity. The research 
results indicate that the fractured horizontal well productivity is highly correlated with the stable water 
cut and is influenced by reservoir geological parameters and fracturing intensity. The material balance 
method can quickly reconstruct water saturation field after fracturing, which improves history 
matching. Moreover, simple machine learning method, response surface experiments, is used along 
with our integrated workflow to generate well spacing and fracturing intensity matching charts under 
different reservoir permeability conditions and provided the corresponding recovery factor prediction 
correlations. This study offers a fast and efficient method for developing tight oil reservoir with opti-
mized well spacing and fracturing intensity.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

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

1. Introduction

Tight oil reservoirs, as a tremendous unconventional resource 
to supplement conventional oil reservoirs and ensure future oil 
supply, are of great significance for their rational and efficient 
development (Conti et al., 2016). Compared to conventional res-
ervoirs, tight oil reservoirs have inferior reservoir properties, low 

permeability, and high flow resistance, requiring the use of hori-
zontal wells combined with hydraulic fracturing technique for 
development (Zhang et al., 2016; Liu, 2023). Multiple field cases 
have shown that while production rates from tight oil wells are 
initially high after hydraulic fracturing, they decline rapidly, and 
the elastic recovery factor is low (Male and Duncan, 2022; Luo and

Su, 2022). In fact, the development effectiveness of tight oil res-
ervoirs is influenced by a combination of formation properties, 
well spacing, and fracturing intensity (Zhang et al., 2019; Tong 
et al., 2024). For regions with different geological properties, 
how to specifically design well spacing and fracturing intensity is a 
key issue in improving the recovery factor of tight oil reservoirs. 
Geological parameters such as permeability, porosity, and oil 
saturation directly determine both the in-situ occurrence state and 
the producible potential of crude oil. For reservoirs with significant 
heterogeneity, using the same well spacing and fracturing in-
tensity across different areas within the same block is unwise (Al-
Fatlawi et al., 2019; Lei et al., 2020). It is essential to implement 
differential design based on a clear understanding of the reservoir 
properties (Xiong et al., 2018; Helmy et al., 2025). Fracturing in-
tensity parameters such as proppant intensity and fluid intensity 
determine whether tight oil reservoirs can be effectively stimu-
lated. In recent years, the well spacing for horizontal tight oil wells 
has been decreasing, leading to frequent inter-well fracture hits 
(Pankaj, 2018; Gupta et al., 2021; Fowler et al., 2022; Wang et al.,
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2024c). The matching relationship between well spacing and 
fracturing intensity warrants further investigation. Well spacing 
optimization needs to consider the direction and extent of fracture 
propagation, avoiding excessive density that leads to well inter-
ference, or too sparse spacing that results in insufficient reservoir 
drainage (Wang et al., 2024a, 2025c; Wu et al., 2025). Fracturing 
intensity optimization requires adjusting the fracture geometry 
based on well spacing, ensuring maximum Stimulation Reservoir 
Volume (SRV) while minimizing unnecessary fracture interference 
(Wang et al., 2026). In essence, well spacing and fracturing in-
tensity are mutually constrained and interdependent (Tian et al., 
2019; Xiong et al., 2020; Wang et al., 2024b). To achieve efficient 
development of tight oil reservoirs, it is essential to comprehen-
sively consider the relationships between these two factors on a 
clear understanding of the reservoir geological properties.

Achieving collaborative optimization both well spacing and 
fracturing intensity is by no means an easy task. The influence of 
different factors on the long-term development performance of 
the reservoir is constrained by production time and therefore 
cannot be directly obtained through short-term field monitoring. 
Production prediction must instead rely on analytical or numerical 
simulation methods (Hu et al., 2017; Iqbal et al., 2023). Meanwhile, 
the recovery factor of tight oil reservoirs is affected by a multitude 
of factors, making it impractical to optimize all of them simulta-
neously (Guo et al., 2022; Hui et al., 2023; Rostamian et al., 2025). 
Since these factors have different degrees of influence on recovery 
factor, performing a full-factor experiment whether through 
analytical methods or numerical reservoir simulations would 
require an excessive number of runs, resulting in heavy compu-
tational workload and low efficiency.

To address these problems, this study proposes an integrated 
workflow that establishes a detailed geological model to charac-
terize reservoir parameters, conducts fracture propagation simu-
lations to define fracture features, performs main controlling 
factor analysis to identify the key influences on recovery factor, 
and utilizes numerical simulation to predict long-term production 
dynamics. Finally, based on response surface experiments, a 
collaborative optimization of the well spacing and fracturing in-
tensity is achieved. The data used in this workflow are readily 
accessible from actual field, and only a small number of experi-
mental samples are required. The optimization results are quan-
tifiable and exhibit strong applicability. We implemented this 
workflow in an actual field case, identifying the optimal matching 
relationships among the reservoir, well spacing, and fracturing 
intensity, and established a predictive equation for recovery factor. 
Through data-driven main controlling factor analysis combined 
with numerical simulation, the approach effectively overcomes 
the limitations of practical field development and provides robust 
decision support for the efficient exploitation of tight oil 
reservoirs.

2. Analysis of factors affecting the production capacity of 
tight oil reservoirs

2.1. Applied machine learning methods and data processing

The Pearson correlation coefficient is widely used to measure 
linear relationships, and the Spearman rank correlation coefficient 
is used to evaluate monotonic relationships. However, data re-
lationships in actual field are often more complex, and traditional 
methods have “blind spots” in capturing such patterns. To over-
come this limitation, researchers have turned to information 
theory-based approaches, namely mutual information (MI). MI 
measures the statistical dependence between two random vari-
ables and is sensitive to any functional relationship. However, its

calculation depends on the variable distributions and lacks a 
standardized range, making it difficult to compare results between 
different variable pairs. Moreover, for continuous variables, dis-
cretization is required, and the choice of discretization strategy 
greatly affects the results. The emergence of the Maximal Infor-
mation Coefficient (MIC) method elegantly solves these problems. 
The MIC method calculates mutual information across all possible 
grid scales and normalizes the results to obtain a metric capable of 
capturing associations of any form between variables. In machine 
learning and data mining, the MIC method is commonly used to 
select features that are most strongly correlated with the target 
variable. The calculation process of the MIC mainly consists of 
three steps: data discretization and gridding, mutual information 
calculation, and determination of the maximal mutual informa-
tion, as follows:

(1) Data discretization and gridding: divide the scatter plot 
formed by the data of variables X and Y into an m × n grid.

(2) Mutual information calculation: calculate the mutual in-
formation between the two discretized variables under 
different grid scales (m × n), which can be expressed as 
follows:

MI(X; Y) = 
∑ 

x∈X 

∑ 

y∈Y

p(x; y)log 2
p(x; y)

p(x)p(y)
(1)

where MI(X; Y) is the mutual information between variables X and 
Y, p(x) and p(y) represent the marginal probability density func-
tions of X and Y, and p(x; y) is the joint probability density function 
of X and Y.

(3) Determination of the MIC: normalize the mutual informa-
tion values obtained under different grid scales and then 
determine the maximum value:

MIC(X; Y) = max
m×n≤B(N)

MI[X; Y]
log 2(min{m; n} )

(2)

where MIC(X; Y) is the maximal mutual information, 
log 2 (min{m; n}) is the normalization term used for scaling the 
results, m and n represent the grid partition scales, m × n ≤ B(N) is 
the constraint on the total number of grid cells, and B is typically 
set to the 0.6th power of the total sample size.

The dataset from actual field is typically large and may contain 
erroneous or invalid values. Therefore, data preprocessing is 
required before analysis. First, parameters unrelated to this study 
were removed, and wells with a large amount of missing data were 
excluded. Then, for wells with only minor data gaps, interpolation 
was used to fill in the missing values. Finally, outlier detection was 
performed on the reservoir geological and engineering parameters 
using the boxplot method and outlier monitoring, and the detec-
ted outliers were eliminated. The ranges of the processed data are 
shown in Table 1.

Table 1
Parameter ranges following data preprocessing.

Parameters Value Parameters Value

Porosity, % 5.1–12 Effective pay encounter rate, % 50–80
Permeability, mD 0.1–4.6 Effective thickness, m 2–20
Oil saturation, % 35–70 Proppant intensity, m 3 /m 3–26
Reservoir abundance 0.2–3 Fracturing fluid intensity, m 3 /m 160–560
Fracture height, m 5–40 Stable water cut, % 35–100
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2.2. Analysis of key factors controlling productivity

Optimization work is usually carried out before large-scale field 
development, when the production time of the block is relatively 
short. Since tight oil production declines rapidly, the early pro-
duction characteristics are distinct and show a strong correlation 
with the Estimated Ultimate Recovery (EUR). Therefore, using the 
cumulative oil production in the first year as an indicator to 
characterize well productivity is reasonable. The MIC method is 
used to analyze and rank the influence of geological and engi-
neering parameters on the cumulative oil production of horizontal 
wells during the first year, as shown in Fig. 1. Among all parame-
ters, the stable water cut has the greatest impact on first-year 
cumulative oil production, followed by porosity, proppant in-
tensity, permeability, and fluid intensity. Porosity reflects the 
reservoir storage capacity, and permeability determines the ease 
of oil-water flow in the matrix and the diffusion of fracturing fluid. 
Fluid intensity and proppant intensity determine the overall scale 
of hydraulic fracturing.

The results of the MIC analysis indicate that the stable water cut 
is the most influential factor affecting the initial productivity of 
fractured horizontal wells. The water cut is a complex function of 
geological parameters (such as porosity and permeability) and 
fracturing parameters (such as proppant intensity and fluid in-
tensity). Accurate matching of water cut in numerical simulations 
is therefore essential. The fracturing fluid retained due to the 
closure of unpropped fractures leads to a redistribution of for-
mation fluids. If the original reservoir properties are used for 
calculation, substantial errors may arise in both history matching 
and production prediction. Hence, reconstructing the saturation 
field is crucial which is an important aspect often overlooked in 
previous studies.

A large amount of retained fracturing fluid alters the distribu-
tion of oil, water, and energy in the reservoir, causing tight oil or 
shale oil reservoirs to exhibit different oil and water production 
dynamics compared to conventional reservoirs. Male (2019) 
summarized the water cut variation over time for thousands of 
shale oil wells in the major U.S. shale oil producing regions of 
Bakken, Eagle Ford, and Permian. Despite significant differences in 
water cut across individual shale oil wells, the overall trend fol-
lows an L-shaped curve, where the water cut decreases rapidly at 
first, then flattens out within 6 to 12 months. Guan et al. (2024) 
conducted a study on a continental shale oil block in the Bohai Bay 
Basin, China. The results showed that the initial water cut was high 
but decreased rapidly, reaching a plateau value after approxi-
mately six months, and then remained relatively stable. Fig. 2 
presents a box plot of the water cut variation over time for all wells

in this study block, demonstrating a consistent trend, which is 
similar to that of U.S. shale/tight oil.

When the fracturing intensity is similar, the stable water cut 
shows a strong correlation with well productivity. Guan et al. 
(2024) found that the cumulative oil production in the first year 
of multi-stage fractured horizontal wells is strongly correlated 
with stable water cut. The lower the stable water cut, the higher 
the cumulative oil production in the first year. Furthermore, the 
first-year cumulative oil production is strongly positively corre-
lated with the predicted estimated ultimate recovery (EUR), indi-
cating that stable water cut also influences long-term productivity. 
Male et al. (2018) analyzed production data from tens of thousands 
of wells in the Bakken shale oil block. The results showed that 
water cut is the most important factor influencing the EUR of 
fractured horizontal wells. The level of stable water cut reflects the 
effectiveness of reservoir stimulation and serves as effective evi-
dence for the retention of fracturing fluid in the formation.

3. Integrated workflow for multi-fractured horizontal wells 
in tight oil reservoirs

In the preceding analysis, we employed a simple machine-
learning algorithm to identify the dominant controlling factors 
affecting the productivity of tight-oil wells. To achieve the optimal 
matching relationships among the reservoir, well spacing, and 
fracturing intensity, we developed an integrated workflow which 
consists of three modules: refined modeling, numerical simula-
tion, and collaborative optimization, as illustrated in Fig. 3.

Modeling is based on field-monitored data to establish a three-
dimensional fine-scale geological model and a geo-mechanical 
model of the reservoir. The geological model represents the 
spatial distribution of reservoir properties and serves as the 
foundation for subsequent studies, while the geo-mechanical 
model reflects the mechanical characteristics of the reservoir, 
determining the difficulty of hydraulic fracture propagation. Nu-
merical simulation involves conducting both fracture propagation 
simulation and reservoir simulation. Based on clearly defined 
reservoir geological and mechanical parameters, fracture propa-
gation simulations are performed for single wells under different 
fracturing designs corresponding to various reservoir properties. 
The simulation results are then seamlessly integrated into a high-
performance simulator to perform reservoir numerical simulation, 
enabling the identification of production dynamics under different 
well pattern parameters. Collaborative optimization, in turn, uses 
the dominant factors as variables and the recovery factor of tight 
oil wells as the objective function, optimizing the well spacing and 
fracture intensity parameters under different reservoir conditions 
to achieve optimal matching. This integrated workflow is not
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Fig. 1. Ranking of factors according to their impact on first-year cumulative oil 
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constrained by long-term production data; it utilizes only routine 
field test results and short-term production data to perform 

optimization. It is simple, efficient, and highly applicable to field 
engineering practice.

3.1. Geological and geomechanical modeling

Three-dimensional geological modeling employs data from 

well logging, seismic, and core sampling and so on. These data are 
typically obtained during the early stages of development like 
geological exploration or drilling and are often easy to collect and 
acquire, serving as essential information for understanding 
reservoir characteristics. By interpreting well logs and conducting 
geological stratification for individual wells, combined with 
seismic data and core sampling results, the reservoir's structural 
and lithology models are established. Subsequently, a lithofacies-
constrained stochastic modeling method is applied to generate 
property models, including parameters such as porosity and 
permeability. By applying lithology constraints, the issue of invalid 
reservoirs such as interlayers being interpolated into effective 
reservoirs during the modeling process is avoided. This approach 
reduces the uncertainty of stochastic simulations and ensures that

the reservoir properties better conform to reservoir formation 
mechanism and sedimentary characteristics. Fig. 4(a) presents the 
permeability model of the study area, and Table 2 lists the values 
and ranges of various properties in the geological model.

The three-dimensional geo-mechanical model is primarily con-
structed using basic data such as compressional wave time, shear 
wave time, and density logs. Based on geo-mechanical calculation 
formulas, data around well locations are first computed, and then a 
stochastic modeling method is applied to extend the results across 
the entire study area. Based on the geological model, three-
dimensional geo-mechanical properties such as Poisson's ratio, 
Young's modulus, maximum horizontal principal stress, and mini-
mum horizontal principal stress are established for the study area to 
support subsequent fracture propagation simulations. Fig. 4(b) il-
lustrates the minimum horizontal principal stress model of the 
study area, and Table 3 presents the values and ranges of the geo-
mechanical model properties.

3.2. Hydraulic fracturing dynamics simulation

Based on the actual well locations, trajectories, and logging 
data from the field, a dynamic fracture propagation simulation 
model is established. The geological and mechanical parameters, 
as well as formation undulations, are calibrated using the geo-
mechanical model developed in the previous section. Incorpo-
rating completion data and pumping schedules, the dynamic 
fracture propagation is simulated using a fully coupled, grid-
oriented iterative scheme. The simulation sequence at each time 
step begins with the calculation of the net pressure:

P net = P f − σ − P p (3)

where P net is the net pressure, MPa; P f is the fluid pressure inside 
the fracture, MPa; σ is the minimum horizontal principal stress, 
MPa; and P p is the pore pressure, MPa. Subsequently, the fracture 
width is solved. As shown in Fig. 5, a shear-slip model is employed 
to decouple rock deformation by integrating the net pressure 
within a defined shear dampening radius:

w(x; y) = 
2 
( 
1 − ν 2 

)

πE

∫∫ 

Ω S d

P net (x 
′ 

; y 
′ 

)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x − x ′ ) 2 + (y − y ′ ) 2
√ dx 

′ 

dy 
′ 

(4)

where w is the fracture width, m; ν is Poisson's ratio; E is Young's 
modulus, GPa; and Ω S d represents the integration domain 
restricted by the shear dampening radius S d , which accounts for 
interfacial slippage. For tight oil reservoirs, where geological 
conditions are complex, interlayers are well developed, and strong
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anisotropy exists, shear failure exerts a greater influence, making 
the shear-slip model more suitable. With the fracture geometry 
defined, the fluid pressure distribution is solved by satisfying the 
mass conservation equation:

∂w
∂t 

+ ∇ ⋅ q→ 
+ q leak − q inj = 0 (5)

where q is the velocity vector of fracturing fluid, m 3 /d; q leak is the 
liquid leak-off rate, m 3 /d; and q inj is the injection rate, m 3 /d. The 
flow rate q is governed by Poiseuille's law, where the updated fluid 
pressure then triggers a recalculation of the net pressure and 
fracture width until convergence. Parameters including fracture 
length and height are dynamically calculated throughout the 
process. The reliability of the fracture simulation is further 
enhanced through history matching of the pumping schedule. 
During the fracture propagation simulation, factors such as frac-
turing fluid leak-off, proppant transport, and stress shadow effects 
caused by fracture interference are taken into account. The stress 
shadow effect can be calculated:

σ ss= 
1:057⋅P net
0:3048 t ⋅D t

(6)

where σ ss is the stress shadow, MPa; D is the distance from the 
fracture face, m; and t is transverse exponent that controls stress 
decay. The value of the exponent is 2 or less, with smaller values 
being more suitable for low-permeability reservoirs.

In traditional approaches, fracture toughness is determined in 
the laboratory and is difficult to upscale to the field scale. In 
contrast, the process zone stress (PZS) can be measured and cali-
brated during field operations:

PZS = P ISIP − P c (7)

where PZS is the process zone stress, MPa; P ISIP is the instanta-
neous shut-in pressure, MPa; and P c is the closure pressure, MPa. 
The fracture propagation is evaluated using the PZS criterion:

P net > (1 − ε)⋅PZS (8)

where ε is the fracture criteria tolerance. This criterion overcomes 
the stress singularity problem inherent in conventional linear 
elastic models, making it more consistent with actual field con-
ditions and resulting in more accurate predictions of fracture 
length. Fig. 6 illustrates the distribution of effective fracture con-
ductivity in a horizontal well within the study area after hydraulic 
fracturing. To ensure that the fracture model reflects realistic field 
operating conditions, the fracturing model parameters are set 
based on actual field completion and pumping data, and the 
simulated pressure is calibrated to match the measured field 
pumping pressure, as shown in Fig. 7. In practice, fracture propa-
gation dynamics are influenced by multiple factors, including 
reservoir heterogeneity, the degree of natural-fracture develop-
ment, fracturing fluid type, and pumping parameters (Wang et al., 
2025a, 2025b; Garcia et al., 2025; Nolte et al., 2025). This fracture 
model provides reliable estimation of key fracture parameters and 
is suitable for guiding field-scale reservoir simulation and devel-
opment decisions. Its applicability to more complex fracture

Table 2
Geological model properties and their ranges.

Property Range Average value

Porosity, % 8–13 10.2
Permeability, mD 0.1–10.3 0.35
Oil saturation, % 35–70 48

Table 3
Geomechanical model properties and their ranges.

Property Range Average value

Poisson's ratio 0.23–0.24 0.236
Young's modulus, GPa 20–36 30.6
Minimum horizontal principal stress, MPa 20–40 28.3
Maximum horizontal principal stress, MPa 25–45 36.8
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Fig. 5. Shear slip displacement model (dashed line for linear elastic model).
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behaviors, such as reorientation, branching, and strong fracture 
interaction, still requires further verification.

3.3. Saturation field reconstruction and reservoir simulation

3D geological modeling and fracture simulation are employed 
to define reservoir properties and fracture geometries, respec-
tively, providing the basis for the reservoir numerical simulation. 
The results of geological modeling and fracture propagation 
simulation are seamlessly integrated into a high-performance 
reservoir simulator. The simulator adopts a black oil model gov-
erned by the mass conservation law. For the phase l (l = o for oil, 
l = w for water), the continuous partial differential equation 
describing multi-phase flow in porous media is defined as:

∇⋅ 
[
kk rl 
μ l B l

(∇p l − γ l ∇Z) 
] 

+ q l;sc =
∂ 
∂t

( 
ϕS l
B l

) 

(9)

where k is the absolute permeability tensor; k rl is the relative 
permeability of the oil or water phase; μ l is the viscosity, mPa⋅s; B l 
is formation volume factor; p l is the phase pressure, MPa; γ l is the 
specific weight; Z is the depth, m; q l;sc represents the source/sink 
term per unit volume; ϕ is the porosity; and S l is the saturation. To 
solve this nonlinear system numerically, the control volume finite 
difference method is employed using a fully implicit scheme.
∑

j∈N i

T n+1 ij λ n+1 l;ij

( 
pn+1
j − p n+1i − γn+1

ij ΔZ ij 
) 
+ Qn+1

i

= 
V i
Δt

[ (
ϕS l
B l

)n+1

i
− 

(
ϕS l
B l

)n

i

] (10)

where N i is the set of neighboring grid blocks connected to block i; 
superscripts n and n + 1 represent the current and next time steps;
λ l;ij is the mobility term of the oil phase at the interface; Q i is the 
well production rate for block i; V i is the grid block volume; and Δt 
is the time step size. The fluid flow between adjacent grid blocks 
depends on the transmissibility:

T ij = β
A ij

d i + d j
⋅ 
k i k j 

( 
d i + d j 

)

k i d j + k j d i
(11) 

where β is a geometric factor; A ij is the interface area, m 2 ; d i and d j 
are distances from the grid centers to the interface, m; and k i , k j are 
the permeabilities of adjacent blocks, mD. Regarding the fracture 
representation, a Local Grid Refinement (LGR) method is employed, 
as shown in Fig. 8. To address the scale disparity between physical 
fractures and simulation grids, an equivalent permeability approach 
is applied. The effective permeability of the LGR blocks is derived as:

k eff = 
k f ⋅w f
w LGR

(12) 

where k eff is the effective permeability, mD; w f is the width of the 
hydraulic fracture, m; and w LGR is the width of the refined grid 
block, m. The resulting Jacobian matrix is solved via the Newton-
Raphson method to update pressure and saturation fields at each 
time step. The model setup uses fluid PVT parameters and relative 
permeability data obtained from laboratory tests, along with field-
specific data such as completion, perforation, and well operating 
conditions. All the aforementioned numerical computations and 
the solution of the governing equations were performed using the 
CMG-IMEX reservoir simulator.

A large volume of fracturing fluid is injected into the formation 
under high pressure during hydraulic fracturing process. However, 
only a small portion of the fluid is recovered, while a significant 
amount remains trapped, resulting in a two-phase oil-water flow 

within the reservoir (Edwards et al., 2017; Cai and Dahi Taleghani, 
2019; Yang et al., 2019). Sharma and Manchanda (2015) suggested 
that during the hydraulic fracturing process, a large number of 
secondary fractures are generated, with over 90% of the fracturing 
fluid entering these unpropped fractures. The fracture system in 
tight oil reservoirs after hydraulic fracturing is complex, primarily 
consisting of natural fractures and induced fractures. Natural 
fractures are mainly structural fractures and bedding fractures, 
while induced fractures are primarily hydraulic fractures and 
shear fractures caused by induced stress. Hydraulic fracturing field 
tests in the United States have involved coring and imaging logging 
of horizontal wells after fracturing. The results indicated that no 
complex fracture network was found in the formation. Instead, 
near the main fractures, a large number of micro-scale fractures 
parallel to the main fractures were observed and their quantity far 
exceeded the number of designed clusters (Raterman et al., 2018; 
Fu et al., 2021). In recent years, hydraulic fracturing field tests in 
China's Ordos Basin and Junggar Basin have similarly fracture 
swarms, and the proppant migration distance within the fractures 
is limited. Due to low permeability of the matrix and the short 
injection time, very little fracturing fluid can leak off into the 
matrix, with the fracturing fluid mainly remaining in the primary 
and secondary fractures (Wang and Leung, 2015; Zhang et al., 
2021). In the fracture swarms, secondary fractures dominate in 
number. However, these fractures contain only a small amount of 
proppant near the wellbore, and the conductivity in these regions
is higher than in the matrix. Fracturing fluid is preferentially 
produced from the regions with higher conductivity. During the 
flowback stage, the bottom-hole pressure continuously decreases. 
Under the overburden stress, the secondary fractures quickly close 
due to the lack of proppant locking a significant amount of frac-
turing fluid within the reservoir (Sharma and Manchanda, 2015; 
Wu et al., 2017; Wu and Sharma, 2017). In previous studies, we 
find that fracturing fluid is easily produced from high-conductivity 
regions within the fracture swarms, while it is difficult to produce 
from low-conductivity regions. The difference in conductivity 
creates varying pressure gradients during the flowback process.
The pressure gradient formed between the high-conductivity re-
gions in the fractures and the matrix causes fracturing fluid orig-
inally flowing toward the wellbore in the low-conductivity regions 
to reverse direction and migrate into the matrix, leading to the 
retention of fracturing fluid within the reservoir (Wang et al., 
2025d).

Field cases shows that the fracturing fluid flow-back ratio in 
tight oil reservoirs is low, typically ranging from 10% to 30% 
(Alkouh and Wattenbarger, 2013; Abualfaraj et al., 2014). The 
lower the flow-back ratio, the higher the subsequent productivity 
and the lower the water cut. Fig. 9 illustrates our hypothesis of SRV 
and fracturing fluid distribution after hydraulic fracturing for high-
yield and low-yield wells. Under the same fracturing intensity, 
wells with higher productivity typically have a larger SRV, with

100
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Permeability,
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0
Log scale

Fig. 8. Local grid refinement method.
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fracturing fluid spreading farther and penetrating a larger area. 
The average water saturation within SRV is lower, resulting in a 
lower flowback rate during flowback and a lower water cut during 
production. In contrast, wells with lower productivity have a 
limited SRV, with fracturing fluid accumulating near the wellbore, 
penetrating a smaller area. The average water saturation within 
the stimulated area is higher, leading to a higher flow-back ratio 
and a higher water cut.

As shown in Fig. 10, we use the material balance (MB) method 
for fracturing fluid to calculate the changes in reservoir properties 
after fracturing fluid injection. The volume of fracturing fluid 
pumped for each well and the fracture-controlled area are statis-
tically analyzed. Based on the principle of material balance, the 
original oil saturation and porosity are modified and corrected, 
quickly restoring the oil-water distribution in the formation after 
large-scale multi-stage hydraulic fracturing of horizontal wells.

According to the principle of material balance,

V ϕpost = V ϕpre + V ff (13)

where V ϕpost is the post-fracturing pore volume, m 3 ; V ϕpre is the 
pre-fracturing pore volume, m 3 ; and V ff is the fracturing fluid 
volume, m 3 . The pore volume multiplier can then be calculated as,

Mul ϕ = 
ϕ post 
ϕ pre 

= 
V ϕpost
V ϕpre

(14) 

where Mul ϕ is the pore volume multiplier, ϕ post is the post-
fracturing porosity, and ϕ pre is the pre-fracturing porosity. The 
water saturation and oil saturation multipliers can be calculated 
using the following formula,

Mul s w = 
S wpost 

S wpre
= 

S wpre × V ϕpre + V ff
V ϕpost

(15)

Mul s o = 
1 − S wpost

S opre
(16)

where Mul s w 
and Mul s o are the water saturation multiplier and oil 

saturation multiplier, S wpre and S wpost are the water saturation 
before and after fracturing, respectively, and S opre is the oil satu-
ration before fracturing.

Subsequently, the long-term production dynamics of the block 
are predicted using a high-performance reservoir numerical 
simulator. Fig. 11 shows the pressure propagation over 15 years of 
production for two wells at different well spacings. At a well 
spacing of 400 m, no pressure interference occurs between wells, 
resulting in high remaining pressure and the presence of 
remaining oil. As the well spacing decreases, pressure interference 
between wells gradually increases, and the interference becomes 
more severe as the well spacing reduces further.

Fig. 12 illustrates the cumulative oil production and oil pro-
duction rate curves over 15 years for a well at different well 
spacings within the block. The EUR decreases as the well spacing 
decreases, with a more significant decline in EUR once the well 
spacing drops below 250 m. When the well spacing is 150 m, the 
EUR is reduced by 34.7% compared to the current well spacing. 
Fig. 13 presents the box plot of EUR over 15 years for all wells in 
the block at different well spacings. When the well spacing is 
250 m, the EUR loss is approximately 13% compared to the initial 
well spacing. With minimal pressure interference between wells 
and a high degree of well utilization, a 250-m spacing is consid-
ered the optimal development spacing. This value will guide the 
design of subsequent experiments.

4. Collaborative optimization of well spacing and fracturing 
intensity

The tight oil reservoir has poor formation permeability, and to 
achieve an extended stable high-production period and improve

Matrix Matrix
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Average water
saturation
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Fig. 9. Schematic diagram of fracturing fluid invasion region and average water 
saturation for wells with different productivity levels. The ellipses indicate the region 
of fracturing-fluid invasion, i.e., SRV.
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reservoir utilization through large-scale fracturing of horizontal 
wells, it is essential to understand the impact of key factors such as 
reservoir geological properties, well pattern, and fracture network 
matching. In the above study, we identified the main factors 
influencing productivity as the average reservoir permeability, 
well spacing, and fracturing intensity. Therefore, in this section, we

specifically establish a reservoir-well spacing-fracture network 
collaborative optimization method for the target block, aiming to 
maximize recovery factor and improve reservoir utilization, and 
conduct matching study. Two wells from the same layer within the 
block are selected for the study. Based on the reservoir-well 
spacing-fracture network collaborative optimization method, a 
single-factor experiment is first conducted. Fracture propagation 
simulation and reservoir numerical simulation are performed for 
different experiments to analyze the impact of well spacing, 
fracturing intensity, and reservoir permeability on recovery factor. 
Building on the results of the single-factor experiments, a multi-
factor response surface experiment is then conducted to clarify 
the interactions between the parameters and provide adjustment 
strategies, offering guidance for subsequent development.

4.1. Single factor experiment

A single-factor experiment involves changing one factor at a 
time while keeping the other factors constant to observe the in-
dependent effect of that factor on the target outcome. In this study, 
the recovery factor over 15 years of production is used as the 
evaluation index. Each factor is designed with five levels: well 
spacing ranges from 150 m to 350 m, fracturing fluid intensity 
ranges from 12 m 3 /m to 36 m 3 /m, and the average reservoir 
permeability ranges from 0.1 mD to 0.5 mD. The fixed conditions 
(current situation) are as follows: horizontal well spacing of 
250 m, fracturing fluid intensity of 24 m 3 /m, and average perme-
ability of 0.3 mD. The study investigates the impact of these pa-
rameters on the recovery factor of horizontal wells. The 
experimental design is shown in Table 4.

Fig. 14 presents the results of the single-factor experiment. As 
shown in Fig. 14(a), with increasing well spacing, the recovery 
factor of horizontal wells gradually rises, but the rate of increase 
diminishes. When the well spacing is small, well spacing is the 
primary factor influencing the recovery factor and under the cur-
rent fracturing intensity, severe well interference occurs. Although 
the controlled reservoir volume is low, the drop in production 
caused by pressure interference is more significant, leading to a
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Fig. 11. Pressure propagation under different well spacings.
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lower recovery factor. As the well spacing increases, fracturing 
intensity becomes the dominant factor affecting the recovery 
factor. Since the fracturing intensity is limited, increasing the well 
spacing results in only a small increase in controlled reservoir 
volume. However, it somewhat mitigates or reduces well inter-
ference, leading to an increase in production, and thus, the re-
covery factor rises, though the increase is smaller.

As shown in Fig. 14(b), under the current well spacing and 
permeability conditions, reducing the fracturing intensity results 
in a decrease in hydraulic fracture length, leading to a reduction in 
the reservoir stimulation volume. This decreases the inter-well 
permeability, which in turn causes a lower recovery factor. 
Conversely, increasing the fracturing intensity helps to extend the 
fractures, but as the fractures approach or connect, well interfer-
ence intensifies, leading to a decline in production and a subse-
quent decrease in the recovery factor.

As shown in Fig. 14(c), under the current engineering condi-
tions, a decrease in permeability leads to a decline in reservoir 
permeability, reducing the flow capacity of the reservoir, which in 
turn lowers horizontal well production and recovery factor. 
Conversely, an increase in permeability enhances the reservoir's 
flow capacity, causing pressure propagation to occur more rapidly. 
However, this intensifies well interference, resulting in a moderate 
decrease in production and a subsequent reduction in recovery 
factor. The well spacing, fracturing intensity, and reservoir 
permeability all influence horizontal well production and 
controlled reservoir volume, which in turn affect the recovery 
factor. Therefore, further analysis of the interactions between 
these parameters is necessary.

4.2. Response surface methodology

To better clarify the reservoir-well spacing-fracture network 
match of the study block, a response surface methodology (RSM) 
experiment is conducted with horizontal well spacing, fracturing 
intensity, and reservoir permeability as the response variables. The 
independent variables are detailed in Table 5. When considering 
the fracturing intensity, we keep the sand ratio constant and vary 
the fracturing fluid intensity. The objective is to optimize the re-
covery factor of the tight oil reservoir. The model is a three-factor, 
three-level design using the Box-Behnken experimental design, 
requiring 17 experiments in total. The 15-years recovery factors 
under different conditions are calculated based on reservoir nu-
merical simulation, as shown in Table 6.

Subsequently, perform multiple regression analysis on the 
experimental results using the Quadratic method for fitting, the 
regression equation in terms of coded factors is expressed as 
follows:

R = 9:93 − 0:1225A + 0:0875B + 0:2300C + 1:12AB

+0:8125AC + 0:1925BC − 0:9763A 2 − 0:5062B 2 − 0:5213C 2 

(17)

where R is the recovery factor; A, B, and C are the coded variables 
corresponding to the actual factors W (well spacing), F (fracturing 
fluid intensity), and P (average reservoir permeability), respec-
tively. In the coded space, − 1, 0, and +1 represent the low, center,

Table 4
Single factor experimental design.

Experiment
number

Well spacing, m Fracturing fluid 
intensity, m 3 /m

Average permeability, mD

1 150 12 0.1
2 200 18 0.2
3 250 24 0.3
4 300 30 0.4
5 350 36 0.5
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and high levels of each factor. The coded model is used to evaluate 
the relative significance of factors and their interactions. The 
actual recovery factor prediction equation is as follows:

R = 9:65375 + 0:012950W − 0:0818750F − 3:11250P

+ 0:0009354WF + 0:040625WP + 0:0802083FP

− 0:000098W 2 − 0:00351563F 2 − 13:03125P 2 (18)

where R is the recovery factor; W is the horizontal well spacing, m; 
F is the fracturing fluid intensity, m 3 /m; and P is the average 
permeability of the reservoir, mD. This equation enables the direct 
input of actual field data to forecast the recovery factor.

4.3. Analysis of variance (ANOVA)

Table 7 presents the results of the analysis of variance for the 
response surface experiment. Generally, a P-value less than 0.05 is

considered significant, while a P-value less than 0.001 indicates a 
highly significant effect. The F-value of the collaborative optimi-
zation regression model is 45.87, with a P-value less than 0.0001, 
and the model's coefficient of determination R 2 = 0.9833, R 2 adj
= 0.9619, indicating that the established quadratic equation has 
high significance. This model can effectively reflect the relation-
ship between the factors and recovery factor. Fig. 15 presents the 
comparison between the predicted recovery factors and the cor-
responding simulation results and the predicted coefficient of 
determination R 2 pred = 0.7332. It is calculated based on the pre-
dicted residual error sum of squares statistic, using a leave-one-
out cross-validation procedure in which each data point is 
removed in turn and predicted using a model built from the 
remaining data. This model has a certain predictive capability 
within the studied design space. The coefficient of variation (C.V.) 
is 2.14%, which is less than 5%, demonstrating good repeatability of 
the experimental model. The equation exhibits good precision and 
reliability, making it suitable for theoretical prediction in 
reservoir-well spacing-fracture network collaborative optimiza-
tion experiments. By comparing the F-values of each factor in the 
regression equation, it is evident that the order of influence on the 
recovery factor is: average reservoir permeability > horizontal

Table 5
Factors and levels for RSM design.

Level Well spacing 
W, m

Fracturing fluid intensity 
F, m 3 /m

Average permeability 
P, mD

− 1 150 12 0.1
0 250 24 0.3
1 350 36 0.5

Table 6
Experimental design and results of co-optimization.

Experiment number Experiment plan Experiment code Results

W, m F, m 3 /m P, mD A B C R, %

1 250 12 0.1 0 − 1 − 1 9.03
2 250 36 0.1 0 1 − 1 8.55
3 350 24 0.5 1 0 1 9.45
4 150 12 0.3 − 1 − 1 0 9.45
5 250 24 0.3 0 0 0 9.93
6 250 24 0.3 0 0 0 9.93
7 150 24 0.1 − 1 0 − 1 9.04
8 250 12 0.5 0 − 1 1 8.87
9 250 24 0.3 0 0 0 9.93
10 150 36 0.3 − 1 1 0 7.65
11 250 36 0.5 0 1 1 9.16
12 350 24 0.1 1 0 − 1 7.13
13 250 24 0.3 0 0 0 9.93
14 250 24 0.3 0 0 0 9.93
15 150 24 0.5 − 1 0 1 8.11
16 350 12 0.3 1 − 1 0 7.00
17 350 36 0.3 1 0 0 9.69

Table 7
Response surface regression model analysis of variance.

Source Sum of squares Degrees of freedom Mean square F-value P-value Significance

Model 15.3 9 1.7 45.87 <0.0001 ***
A 0.12 1 0.12 3.24 0.1149
B 0.0612 1 0.0612 1.65 0.2395
C 0.4232 1 0.4232 11.42 0.0118 *
AB 5.04 1 5.04 135.98 <0.0001 ***
AC 2.64 1 2.64 71.24 <0.0001 ***
BC 0.1482 1 0.1482 4 0.0856
A 2 4.01 1 4.01 108.27 <0.0001 ***
B 2 1.08 1 1.08 29.11 0.001 **
C 2 1.14 1 1.14 30.87 0.0009 ***
Residual 0.2594 7 0.0371
R 2 0.9833 R 2 adj 0.9619 C.V.% 2.14

Notes: P-value < 0.05 indicates statistical significance (*), P-value < 0.01 indicates moderate statistical significance (**), and P-value < 0.001 indicates high statistical 
significance (***).
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well spacing > fracturing fluid intensity, indicating that reservoir 
conditions are the primary factors determining development 
effectiveness.

4.4. Three-dimensional response surface and two-dimensional 
contour plot analysis

The shape of the response surface reflects the interactions be-
tween variables. A steep surface indicates that the response vari-
able is sensitive to changes in that factor, while a flat surface 
suggests a smaller effect. Peaks on the surface indicate parameter 
combinations that lead to the optimal state of the target variable. 
Color variations help identify the degree of influence in different 
regions. Fig. 16 presents the response surface and contour plots 
showing the interaction between fracturing fluid intensity and 
horizontal well spacing on recovery factor under different reser-
voir permeability conditions. The data in the figure are extrapo-
lated from the response surface experiment results.

We consider a recovery factor of 9.5% as the minimum eco-
nomic recovery factor and have plotted the optimal matching re-
gion for well spacing and fracturing intensity under different 
permeability conditions of the reservoir in the study area. This is 
represented by the area enclosed by the yellow dashed line and the 
9.5% recovery factor contour line on the contour plot. Under the 
corresponding average reservoir permeability conditions, the well 
spacing and the matching fracturing intensity in the region can 
achieve optimal reservoir utilization. For example, when the 
average reservoir permeability is 0.1 mD, a well spacing of 150 m 

and a fracturing fluid intensity of 12 m 3 /m result in a relatively 
high recovery factor. Under the current block permeability con-
dition of 0.3 mD, a well spacing of 250 m and a fracturing fluid 
intensity of 24 m 3 /m achieve the highest recovery factor, which 
reaches 9.93%. The response surface results reflect the combined 
effects of reservoir permeability, well spacing, and fracturing in-
tensity on pressure propagation and inter-well pressure interfer-
ence. Higher permeability leads to faster pressure propagation, 
which requires larger well spacing and stronger fracturing in-
tensity. In contrast, the pressure propagation is slower in lower-
permeability reservoirs, a tighter well spacing with moderate 
fracturing intensity is generally preferred to mitigate inter-well 
interference and ensure effective drainage. In the next phase of 
development for the block, recovery factors can be predicted using 
the fitted quadratic equation based on reservoir characteristics. 
The optimal well spacing and fracturing intensity matching can be 
selected using the response surface and contour plots.

5. Conclusions

In this paper, with the help of machine learning methods, we 
first analyze the production characteristics of tight oil reservoirs 
and identify the main factors influencing horizontal well produc-
tivity, and then we establish an integrated optimization workflow 

for well spacing and fracturing intensity in tight oil reservoirs. This 
workflow is applied to a real field reservoir block to explore the 
optimal matching relationship between well spacing and frac-
turing intensity under different reservoir permeability conditions 
and to provide recovery factor prediction correlations. The specific 
conclusions are as follows:

(1) The water cut of tight oil reservoirs is initially high but de-
clines rapidly, becoming relatively stable after approxi-
mately six months of production. The stable water cut is the 
primary factor influencing the cumulative oil production of 
horizontal wells in the first year, followed by porosity,

proppant intensity, permeability, and fluid intensity. The 
retention of fracturing fluid cannot be neglected.

(2) An integrated workflow combining modeling, numerical 
simulation, and optimization is established. The material 
balance method is used to equivalently represent the 
retention of fracturing fluid, which aids in early water cut 
matching. In the study block, under the current fracturing 
intensity, the optimal well spacing is 250 m. Under the 
optimal well spacing, the EUR loss is approximately 13% 
compared to original 400 m well spacing, while the inter-
well pressure interference is minimal and utilization de-
gree a high.

(3) The well spacing, fracturing intensity, and reservoir 
permeability of horizontal wells impact well productivity 
and controlled oil volume, thereby influencing the recovery 
factor. The P-value of the quadratic regression model con-
structed through response surface experiments is less than 
0.0001, and the coefficient of determination (R 2 ) is 0.9833, 
indicating high significance. This model can be used to 
predict the recovery factor under different parameter 
conditions.

(4) Under the current permeability conditions (0.3 mD) of the 
reservoir block, the highest recovery factor of 9.93% is ach-
ieved with a well spacing of 250 m and a fracturing fluid 
intensity of 24 m 3 /m. In areas with lower permeability, it is 
recommended to use smaller well spacing and a smaller 
fracturing intensity, while in areas with higher permeability, 
larger well spacing and a larger fracturing intensity are 
recommended. The optimal combination can be identified 
using the response surface contour plot.
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