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A B S T R A C T

Accurate prediction of reservoir permeability is essential for reservoir characterization, production forecasting, 
and hydrocarbon recovery optimization. Conventional empirical and machine learning approaches often struggle 
to capture the complex nonlinear relationships between petrophysical variables while providing limited model 
interpretability. This study presents an explainable permeability prediction framework based on a variational 
Quantum Neural Network (QNN) simulated on classical hardware using the PennyLane quantum machine 
learning platform. The proposed framework integrates Shapley Additive Explanations (SHAP) to improve model 
transparency and facilitate geological interpretation of the learned relationships. A total of 3213 depth-matched 
samples acquired from three wells in the Mpyo Field, Albertine Graben, Uganda, were used to develop and 
evaluate the model using five conventional well-log measurements: thermal neutron porosity (TNPH), effective 
porosity (PHIE), formation density (RHOZ), spectral gamma ray (SGR), and shale volume (VSH). Hyper
parameters of the QNN were optimized through systematic grid search and compared with a classical Group 
Method of Data Handling (GMDH), Random Forest (RF) and Support Vector Regression (SVR) models under 
identical experimental conditions. The simulated QNN achieved superior predictive accuracy, yielding training 
RMSE and MAE values of 0.019 and 0.0105, respectively, while demonstrating improved generalization on a 
blind test well compared with the benchmark model. SHAP analysis identified effective porosity as the dominant 
predictor of permeability, followed by thermal neutron porosity and spectral gamma ray, with feature contri
butions remaining consistent with established petrophysical principles. Bootstrap-based uncertainty analysis 
further demonstrated reliable prediction intervals across different reservoir intervals. Although implemented on 
a classical simulator rather than physical quantum hardware, the proposed framework illustrates the potential of 
quantum-inspired learning architectures for nonlinear permeability prediction while maintaining model inter
pretability for practical reservoir characterization.

1. Introduction

Energy is the most significant force behind global economic growth 
and development. The demand for energy rises in line with population 
growth and economic development. Over the last ten years, energy 
consumption has increased at an average annual rate of 1.9%, and this 
growth rate is expected to continue in the years to come [1,2]. The oil 
and gas sector, which contributes 6% of global GDP, faces mounting 

demands to reduce exploration risks and enhance recovery rates amid 
declining conventional reserves [3,4]. Understanding key petrophysical 
properties that control fluid storage and movement, accurately man
aging subsurface reservoirs efficiently. This can be concluded from the 
three main petrophysical properties (porosity, permeability, and hy
drocarbon saturation), as they govern the accumulation, producibility, 
and overall quality of hydrocarbons within a reservoir. [3,4]. Perme
ability is one of the three properties that is the most crucial, because it 
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determines how easy it is for fluids to flow through porous media and, as 
a result, has a significant impact on well production and recovery effi
ciency [5–8].

Traditional permeability estimation approaches rely heavily on 
laboratory-derived correlations, empirical relationships, or analytical 
models such as the Kozeny–Carman equation and Archie-based formu
lations [9–12]. Although widely used, these techniques are limited by 
oversimplified assumptions, scale inconsistencies, and difficulties in 
capturing the nonlinear interactions that arise in heterogeneous for
mations [13–15]. Moreover, core data are typically sparse, costly to 
acquire, and spatially discontinuous, necessitating the use of indirect 
measurements for continuous permeability profiling [5,16].

Well log measurements serve as an important part of the evaluation 
of reservoir parameters due to the continuous depth coverage provided 
by well logs, as well as their sensitivity to a variety of lithological, 
textural, and fluid-related variations [17]. Measurements of porosity, 
density, shale content, and gamma-ray response have been widely 
applied for the purpose of inferring trends in permeability, particularly 
in instances where high-density core data are not available [18,19]. 
However, the relationship between these logs and permeability tends to 
be complex and non-linear, and traditional regression-based methods do 
not typically reflect this level of complexity [20,21].

Machine Learning (ML) techniques are an alternative to traditional 
model development methods because of their capabilities to develop 
predictive models that incorporate multiple types of information and 
can be used to predict Nonlinear Relationships between independent 
and dependent variables, as well as to develop hybrid models that utilize 
Multiple Sources of Information [22,23]. In a review of the literature, 
different researchers have found that various ML techniques are 
currently being used to predict permeability for various reservoirs, and 
they include Boosted Trees, Kernel-based algorithms, Deep Learning, 
and Hybrid Optimization Frameworks [8,24–27].

Additionally, recent research on Explainable Artificial Intelligence 
(XAI) has highlighted the importance of developing models that are 
interpretable and understandable by end-users, particularly for subsur
face decision making, which is critical in situations where there is a high 
degree of uncertainty or risk (Yang et al., 2025; Morales-Londoño et al., 
2025). Remaining challenges related to the development of ML models 
remain, particularly with regard to the Generalizability, Interpretability, 
and Robustness of ML models when limited training datasets are avail
able, and are drawn from a small number of well locations. A table 
provided (Table 1) details the advantages and limitations of the different 
ML techniques previously used to predict reservoir permeability.

Quantum machine learning, particularly Quantum Neural Networks 
(QNNs), has recently been explored as an alternative paradigm offering 
enhanced representational capacity through quantum-state encoding, 
entanglement, and high-dimensional feature mapping [34,35]. These 

characteristics suggest a potential advantage in modeling complex 
subsurface relationships that conventional ML models struggle to cap
ture. It is important to note that the present implementation is a clas
sically simulated QNN, the variational circuit is executed on 
conventional hardware using a quantum-circuit simulator, rather than 
on physical quantum processing hardware, consistent with the majority 
of current QNN studies in geoscience. Yet, their application to petro
physical permeability prediction remains limited, and comprehensive 
studies integrating QNN with interpretable frameworks are scarce.

To address these existing gaps, this study develops an explainable 
permeability prediction framework based on a simulated variational 
QNN implemented using PennyLane on classical hardware. The frame
work integrates SHAP to provide quantitative interpretation of feature 
importance and employs comprehensive statistical evaluation using 
blind-well testing, cross-validation, sensitivity analysis, and bootstrap- 
based uncertainty quantification. The proposed methodology is 
applied to 3213 well-log samples collected from three wells within the 
Mpyo Field of the Albertine Graben, Uganda.

The principal contributions of this study are fourfold: (i) the devel
opment of an explainable simulated QNN framework for permeability 
prediction from conventional well logs; (ii) quantitative interpretation 
of the learned relationships using SHAP together with geological anal
ysis; (iii) rigorous evaluation of predictive robustness through cross- 
validation, sensitivity analysis, and uncertainty quantification; and 
(iv) a systematic comparison with established machine learning ap
proaches to assess the practical potential and current limitations of 
simulated quantum learning for reservoir characterization. This 
balanced evaluation provides new insights into the role that quantum- 
inspired machine learning may play in future subsurface characteriza
tion workflows while recognizing the present technological constraints 
of quantum computing.

The remainder of this paper is structured as follows. Section 2 de
scribes the geological setting and stratigraphy of the study area. Section 
3 outlines the data preparation procedures and the methodological 
framework, including QNN architecture, GMDH, RF, SVR formulations, 
and the SHAP interpretability approach. Section 4 presents the model 
results, cross-validation analysis, uncertainty quantification, and 
feature-importance evaluation. Section 5 summarizes the main conclu
sions, highlights limitations, and provides considerations for future 
work.

2. Geological setting and lithostratigraphy

The Mpyo prospect is situated at the northern end of Lake Albert 
within Exploration Area 1 of the Albertine Graben, Uganda. The 
geological environment of the area is dominated by a fluvio-deltaic 
depositional system, significantly influenced by rapid fluctuations in 
lake levels [36,37]. Core data from nearby wells, particularly Well-1, 
confirmed the predominantly fluvial nature of the sandstone reser
voirs, highlighting the prevalence of river-dominated depositional pro
cesses interspersed with occasional lacustrine flooding events. Upper 
Pliocene sandstone comprises the main reservoir units for the Mpyo 
Field and has been deposited in river-dominated distributary systems. 
Based on the correlation of logs from neighboring fields (Rii and Ngiri), 
the sand bodies have excellent lateral continuity and therefore, should 
provide good connectivity for fluid flow. The sandstone reservoirs range 
from medium to coarse-grained and are moderately sorted; there is also 
some variation in shale content depending on the distance to channel 
margins. Clay-rich layers intermittently deposited due to lacustrine 
flooding events serve as effective vertical baffles and seals [38,39]. The 
Location map of the Mpyo Block is shown in Fig. 1(a).

The trapping mechanisms in the Albertine Basin are primarily 
structural, associated with extensional tectonic forces that created the 
Albertine Rift during the Late Miocene. This tectonic activity resulted in 
a complex arrangement of fault blocks and relay ramps [40]. Hydro
carbon generation is associated with deeply buried, organic-rich 

Table 1 
The permeability prediction models used previously, with their challenges.

Reference Method Used Challenges

[28] Stacked extreme learning 
machine (ELM)

Time-consuming; Computationally 
expensive

[29] Extreme gradient boosting 
(XGBoost)

Computationally expensive; 
Complex interpretability

[6] Group method of data handling 
(GMDH)

Model complexity; Overfitting

[30] Genetic algorithm (GA) Prone to overfitting
[31] Deep residual neural network 

(DRNN)
Prone to overfitting; Problem of 
gradient disappearance

[32] Generalized additive model 
(GAM)

Prone to overfitting; 
Computationally expensive

[33] Support vector machine (SVM) Difficult to handle a large dataset
[5] Multilayer perception with 

social ski-driver (MLP-SSD)
Slow convergence; 
Computationally expensive
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lacustrine shales of Miocene age, with migration occurring along fault 
conduits and through interconnected fluvial channel systems. Thick 
lacustrine mudstones deposited during high stand phases provide 
regional sealing capacity [41].

Regionally, the sedimentary fill above the basement is composed of 
Miocene to recent deposits, resting unconformably on the Precambrian 
basement. The stratigraphy of Mpyo well is based on outcrop data. The 
section is believed to be dominated by clastic sediments, predominantly 
Tertiary to Quaternary in age, with possible Pre-Tertiary clastic sedi
ments overlying gneissose meta-sediments [42,43]. Climatically driven 
alternations between arid and humid intervals strongly influenced 
sediment supply and facies distribution, with sand-prone intervals cor
responding to drier phases and clay-rich intervals corresponding to 
wetter conditions [44,45]. Fig. 1(b) shows the Stratigraphic diagram of 
the studied formations.

3. Methodology

3.1. Data handling and pre-processing

Data preprocessing techniques play a crucial role in enhancing the 
performance of machine learning models for reservoir permeability 
prediction [46,47]. The quality and quantity of well log data directly 
influence the upper limit of predictive accuracy, necessitating robust 
preprocessing methods to ensure reliable outcomes. Effective pre
processing involves several steps, including data cleaning, normaliza
tion, feature selection, and splitting datasets into training and testing 
subsets [48,49].

This study focused on three wells (Well-1, Well-2, and Well-3) situ
ated in Uganda's Mpyo oilfield, specifically within the eastern section of 
Ondyek and the southern region of the Job East discovery. A combined 
total of 3213 samples were gathered from these wells, with 1462 from 

Fig. 1. (a) Location map of the Mpyo Block. (b) Stratigraphic diagram of the studied formations [3].
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Well-1, 799 from Well-2, and 952 from Well-3. The dataset included core 
permeability measurements and five well log parameters suit of thermal 
neutron porosity (TNPH), effective porosity (PHIE), standard resolution 
formation density (RHOZ), shale volume (VSH), and spectral gamma-ray 
(SGR).

To prevent information leakage, the dataset was first divided into the 
training wells and the independent blind test well. Feature normaliza
tion parameters were then calculated exclusively from the training 
dataset and subsequently applied to both the training and blind test 
datasets. This ensured that no information from the test data influenced 
model training or parameter estimation. All data underwent a system
atic quality-control procedure that included the removal of non-physical 
values, depth-shift correction between logs and core plugs, and outlier 
detection was performed after data splitting using a z-score threshold of 
±3 [50,51]. Missing values were addressed using univariate interpola
tion followed by cross-checking against adjacent log responses to ensure 
continuity in high-gradient intervals.

Core-analysis conditions were reviewed to ensure consistency across 
wells. Core plugs of 1 inch in diameter and 1.5–2 inches in length were 
measured at confining pressures of 1500–2000 psi under nitrogen flow 
at ambient laboratory temperature (≈22◦C). Steady-state permeability 
measurements were preferred, and data exhibiting lamination-induced 
anisotropy or measurement instability were excluded.

Dataset partitioning followed a well-based split, where Well-1 and 
Well-2 were used for model training (70%), and Well-3 served as a blind 
test well (30%). This approach prevents cross-contamination of depth 
intervals and more realistically assesses model generalization to new 

wells. Five well log parameters, TNPH, RHOZ, SGR, VSH, and PHIE, 
were chosen as input variables for the model architecture, as depicted in 
Figs. 2 and 3. Statistical characteristics of these inputs are detailed in 
Table 2.

Data preprocessing technique, suppose there are N d-dimensional 
well log samples 

(
xi, yi

)
, xi ∈ Rd, yi ∈ R1, where the input well log data xi 

comprises corresponding output permeability data yi. The permeability 
prediction input parameters exhibit different magnitudes and large 
differences in sample values. To make the scaled input features more 
interpretable, the d-dimensional well log input samples were normalized 
with values in the interval [0, 1], Equation (1). 

φin =
xim − bi

ai − bi
, (1) 

Where, bi = max xiai = min xii = 1, 2,…..,m, and ai = min xibi =

max xi, i = 1,2….,m.

3.2. Random Forest (RF)

RF is an ensemble learning technique widely applied in tasks like 
regression and classification. During training, it builds many decision 
trees, each contributing to the overall prediction of the data [52]. 
Moreover, it utilizes two key strategies: Bagging and Feature Random
ness. These methods are responsible for its high accuracy, 
non-overfitting and capability to manage large data sets, which make it 
suitable for predictive analysis. In the Bagging method, each decision 
tree is trained with a different sample of the training data. In 

Fig. 2. Correlation analysis between input well log parameters and permeability.
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determining splits at each node, a random selection of features is used so 
that each tree sees a different set of variables. This means increased tree 
diversity and decreased tree correlation leading to a stronger model. 
This will make the decision tree trained by RF rely on different data 
subsets, and use different feature sets for making decisions [53].

3.3. Support Vector Regression (SVR)

Support vector regression (SVR) is a powerful supervised learning 
algorithm that is commonly used to solve nonlinear regression prob
lems. The goal of SVR is to find a function that can accurately predict the 
continuous target, without compromising the model's generalizability 
[54]. The algorithm searches for a regression function that fits into a 
specified maximum error (epsilon-insensitive tube) below the specified 
maximum error. SVR is designed to minimize the model complexity 
while simultaneously reducing prediction errors. The optimization 
process aims to minimize the distance from the data points and to 
minimize the slope of the regression surface [55]. The data points that 
fall below or above the epsilon-insensitive region are called as support 
vectors, and they are used to determine the regression function to a large 
extent. For datasets with nonlinear relationships, SVR can incorporate 
kernel functions such as the radial basis function (RBF), polynomial, or 
sigmoid kernels to map the input variables into a higher-dimensional 
feature space. The ability to represent complex, nonlinear patterns 
more effectively in this transformed space can help SVR model more 
accurately complex relationships between the input features and the 

target variable, which can enhance the accuracy of its predictions.

3.4. Group Method Data Handling (GMDH)

The GMDH neural network delivers significant benefits across 
diverse fields [56,57]. Its resilience and flexibility enable it to manage 
intricate, nonlinear, and noisy datasets effectively, proving applicable to 
many domains. A standout feature is its ability to autonomously select 
models, which avoids the need for pre-established architectures. By 
systematically creating and assessing models, it identifies the 
best-performing solution while minimizing the chance of overfitting 
[58]. Furthermore, the network's transparency enhances comprehension 
of connections between inputs and outputs, supporting data-driven de
cisions. Scalability is another strength, as it manages extensive datasets 
efficiently via parallel computing, positioning it as ideal for big data 
tasks and real-time analytics. Finally, its inductive approach and step
wise model-building method shorten training periods, enabling quicker 
model creation and implementation, which boosts productivity.

The GMDH neural network excels in predictive tasks due to its ca
pacity to process vast and intricate data while independently identifying 
key features [59]. When applied to permeability data from well logs, it 
can recognize underlying patterns and correlations, forming the basis for 
generating precise forecasts. GMDH implementations rely on poly
nomial reference functions. For instance, Volterra's series functions, the 
discrete equivalent of the Kolmogorov-Gabor polynomial, can define the 
general relationship between input and output variables, equation (2) 

Fig. 3. Geophysical well logs suite of thermal neutron porosity (TNPH), rock's shale volume (VSH), (RHOZ), natural gamma ray (SGR), and limited effective 
porosity (PHIE).
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[11,58] 

ω= a0 +
∑n

i=1
a1xi +

∑n

i=1

∑n

j=1
a2 jxixj +

∑n

i=1

∑n

j=1

∑n

k=1

a3 jkxixjxk + … (2) 

where {x1, x2, x3…} represents the inputs, {a0, a1, a2, a3…} are the co
efficients of the polynomial, and ω is the output node. The above discrete 

polynomial equation (3) can be expressed by the following system of 
partial quadratic polynomials, which contains only two neurons as fol
lows, GMDH algorithm Flowchart is shown in Fig. 4. 

ω̂ = a0 + a1xi + a2xj + a3xi
2 + a4xj

2 + a5xixj (3) 

3.5. Quantum neural network

The Quantum Neural Network (QNN) used in this study provides a 
new direction in supervising both the popular classical and a Quantum 
Kernel in the prediction of reservoir permeability [34]. Due to the 
presence of quantum gates in this architecture, solving the problem of 
strength prediction is expected to be achieved through the proposed 2 
hidden layers. Quantum gates mainly work with linear superposition 
and entanglement, which serve as the main points needed for neurons to 
define high-level features and enhance their combination efficiently, in 
which all the gates are interconnected to Q-bits needed to make a 
training process. The true mechanism of neurons along those gates in
tegrates both quantum-based principles, which are more efficient in 
representing and sharing information than in a standard basis. The 
quantum neural network comprises output neuron m, hidden neurons, 
and n input neurons, as shown in Fig. 5.

Thus, the input xi, of datasets 
(
xi, yi

)
, xi ∈ Rd, yi ∈ R1, is pre- 

processed in the interval [0, 1] and encoded into the input state of the 
quantum neural network [35]. The first layer converts them to quantum 

states Φij; thus, their phase values (Equation (4)) lie in the interval 
[
0,π2
]
. 

Φij=
π
2

φin (4) 

The hidden layer receives the output value pertaining to the quan
tum neuron of the first layer, and the output of the j-th quantum neuron 
of the hidden layer (equation (5)), which becomes the second layer [34]. 

hj = sin
(π

2
f
(
αj
)
− βj

)
, (5) 

The quantum transition position that determines the shapes of 
quantum intervals, which represent adjustable parameters of the 
quantum neural network denoted by βj, The reversal parameter is 
denoted by αj, and the activation function of the hidden layer, specified 
in equation (7) below, is denoted g(x); the model learns and adjusts the 
associated weight and translation parameters (αj, βj) to attain the 
optimal value [60,61].

The output of the input layer neurons can be obtained as equation (6) 
in the third layer, this layer performs a weighted summation of the 
output hj of the hidden layer. 

ŷk = g
(
Wkjhj

)
(6) 

Where the connection power pertaining to the quantum neuron situated 
in the hidden layer is wjk , the chosen output function is g, and the actual 
output of the quantum neural network is denoted by ŷk. Since the 
wavelet function exhibits satisfactory time frequency localization 
characteristics and satisfactory resolution of the logging signal in both 
the time and frequency domains, it is utilized as the activation function 
(Equation. (7)), herein denoted as QNNW, for the hidden layer of the 
quantum neural network; furthermore, the sigmoid function (Equation. 
(8)), herein denoted as QNNS, is utilized for the output layer [35,62]. 

g(x)=
cos 1.75 x

e x2

2

, (7) 

f(x)=
1

1 + e− x . (8) 

Assume there are N d-dimensional fluid observation samples, (xi, yi),

xi ∈ Rd, yi ∈ R1,Y = (y1, y2,….yN) where is the actual output, ŷ =
(
ŷ1,

ŷ2, ŷ3,…., ŷN
)

is the desired output, and the loss function is the mean 

Table 2 
Statistical characteristics of the used data.

Wells Well log Statistical features

Minimum Maximum Average Standard 
Deviation

Range

Well 
1

TNPH 
(v/v)

0.123 1.616 0.741 0.348 1.492

SGR 
(API)

16.212 74.875 44.568 11.207 58.663

VSH 
(pU)

0.02 0.912 0.346 0.219 0.892

PHIE 
(%)

0.009 0.372 0.188 0.099 0.363

RHOZ 
(g/cc)

1.683 4.097 2.481 0.587 2.414

Well 
2

TNPH 
(v/v)

0.123 1.615 0.494 0.311 0.382

SGR 
(API)

8.425 74.87 38.18 12.13 27.58

VSH 
(pU)

0.0016 0.912 0.268 0.191 0.425

PHIE 
(%)

0.017 0.451 0.195 0.099 0.25

RHOZ 
(g/cc)

1.683 4.097 2.338 0.41 1.83

Well 
3

TNPH 
(v/v)

0.252 1.035 0.376 0.101 0.783

SGR 
(API)

13.699 72.729 42.145 15.535 59.03

VSH 
(pU)

0.014 0.911 0.309 0.24 0.897

PHIE 
(%)

0.009 0.372 0.188 0.098 0.363

RHOZ 
(g/cc)

1.927 3.486 2.169 0.128 1.559

Fig. 4. GMDH algorithm flowchart [2].
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squared error (RMSE) in equation (9) and mean absolute error (MAE) in 
equation (10). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m
∑m

i=1
(ŷi − yi)

2

√

(9) 

MPIW=
1
N
∑N

i=1
(Ui − Li) (10) 

Reducing the loss function is essentially an optimization task. The 
objective of the learning process is to decrease the root mean square 
error by adjusting the parameters of the network. When the gradient 
descent algorithm is used to update the parameters θij, αj,wjk and βj of 
the quantum neural network, the update rule for θij can be expressed as: 

θij(t+1)= θij(t) + γΔθij(t) (11) 

Δθij =
∂E
∂θij

=
∑m

k=1
(ŷk − yk)gʹ(wjkhj

)
wjk cos

(π
2

f
(
αj
)
− βj

) Tij

1 + S2
j
, (12) 

Tij =
cos
(
φin + θij

)
Sj1 + sin2( φin + θij

)

S2
j1

, (13) 

Sj =

∑n
i = 1sin

(
φin + θij

)

∑n
i = 1cos

(
φin + θij

) , (14) 

Sj =
∑n

i=1
cos
(
φin + θij

)
. (15) 

The update formula for αj can be expressed as 

αj(t+1)=αj(t) + γΔαj(t), (16) 

Δαj =
∂E
∂αj

= −
π
2
∑m

k=1
(ŷk − yk)gʹ(wjkhj

)
wjk cos

(π
2

f
(
αj
)
− βj

)
fʹ
(
αj
)

(17) 

The update formula for wjk can be expressed as 

wjk(t+1)=wjk(t) + γΔwjk(t), (18) 

Δwjk = −
∂E

∂wjk
= − (ŷk − yk)gʹ sin

(π
2

f
(
αj
)
− βj

)
, (19) 

The update formula for βj can be expressed as 

βj(t+ 1)= βj(t) + γΔβj(t), (20) 

Δβj =
∂E
∂βj

=
∑m

k=1
(ŷk − yk)gʹ(wjkhj

)
wjk cos

(π
2

f
(
αj
)
− βj

)
(21) 

Where γ denotes the learning efficiency.

3.6. Blocked five-fold cross-validation

This study used blocked five-fold cross-validation (CV) instead of the 
standard random k-fold CV to reduce optimistic bias from well log 
measurements that are correlated along the well path depth to get more 
realistic measures of generalization. There is a high degree of vertical 
continuity in well log data, and it is possible that if adjacent depth 
samples were randomly assigned to different folds that this could lead to 
information leakage as adjacent samples may have similar petrophysical 
properties. This leakage can present spurious accuracy and result in 
unrealistic estimates of predictive accuracy.

To overcome this, the training data set was divided into five 
contiguous blocks of data of roughly equal thickness, each of which was 
used as an independent validation data set (Table 6). In each iteration, 
one full depth interval was reserved for validation and the remaining 
four were used for training the model. This process was repeated until all 
the depth blocks were used one time as the validation set. The blocked 
strategy maintains the spatial continuity of the reservoir and more 
accurately represents the practical reservoir characterization problem, 
in which permeability predictions are desired for areas that have not 
been previously observed.

Blocked cross-validation was used during model development for 
hyperparameter tuning and model selection. Following the identifica
tion of the optimum model configuration, the final QNN, GMDH, RF and 
SVR models were retrained with the full training set and then tested 
using an independent blind test well. This two-stage validation approach 
offers a comprehensive assessment of the within-well generalization to 
other continuous depth intervals as well as between-well predictive 
performance.

3.7. Global sensitivity analysis

A global sensitivity analysis was conducted to assess the relative 
importance of each input feature in influencing the predicted perme
ability values. The cosine-amplitude sensitivity index (CASI) was 
adopted as the primary sensitivity technique because it is computa
tionally efficient and capable of capturing nonlinear dependencies be
tween inputs and outputs [63].

Prior to analysis, all predictor variables were normalized to remove 
unit effects and to ensure uniform scaling across the feature space. CASI 
was then computed by measuring the cosine of the angle between each 
input vector and the permeability output vector in a normalized multi
dimensional space. This metric provides a scalar value reflecting the 
degree of alignment between each predictor and the modeled target. 
Equation (22) was used to compute the value of CASI. 

Fig. 5. Quantum neural network structure.
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CASI=
∑

Ai ∗ Bi
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

A2
i ∗
∑

B2
i

√ (22) 

Where A and B are pairs of datasets. The CASI procedure was applied to 
the five petrophysical logs used as input features in the QNN and GMDH 
models. The resulting sensitivity values were subsequently compared 
with SHAP-derived feature importance scores during the results phase to 
ensure consistency between global and local interpretability methods.

3.8. Uncertainty quantification

Uncertainty Quantification (UQ) was performed to characterize the 
confidence associated with QNN-based permeability predictions and to 
provide interval estimates rather than single deterministic outputs. A 
bootstrap resampling technique was selected for UQ because it does not 
require parametric assumptions and is well suited to datasets with 
potentially complex statistical structures [64].

A total of 500 bootstrap replicates were generated by sampling the 
training dataset with replacement. For each replicate, the QNN was 
retrained using the same optimized hyperparameters that were identi
fied during the main training phase. The retraining procedure produced 
a unique permeability model for each bootstrap sample, allowing a 
distribution of predictions to be generated at each depth point in the test 
well. Prediction intervals were then computed from these distributions 
by extracting the 2.5th and 97.5th percentiles, forming a 95% prediction 
interval (U95). The width of these intervals was used as a quantitative 
indicator of prediction uncertainty. This UQ procedure provides insight 
into the reliability of QNN predictions and enables identification of 
depth intervals where geological heterogeneity or log-response vari
ability may contribute to increased predictive uncertainty.

4. Results and discussion

4.1. Parameter settings and QNN model development

To improve reservoir permeability prediction accuracy, the quantum 
neural network is presented, with Shapley additive explanation values 
for the explanation of individual permeability prediction results. A 
structured hyperparameter tuning strategy was employed for both 
models to ensure a fair and consistent comparison. A systematic grid- 
search procedure was used to explore the key hyperparameters for 
each model. For the QNN, the tuning process evaluated learning rates in 
the range of 0.001-0.05, batch sizes from 8 to 64, optimizer types 
(Adam, RMSprop, and SGD), the number of variational layers (1-4), and 
circuit ansatz configurations differing in entanglement connectivity as 

shown in Table 3.
Hyperparameter selection was performed using blocked five-fold 

cross-validation, in which the training data were partitioned into five 
contiguous depth intervals of approximately equal thickness. During 
each iteration, one complete depth block was reserved for validation 
while the remaining four blocks were used for model training. This 
strategy preserves the spatial continuity of the well-log measurements 
and minimizes information leakage arising from depth autocorrelation, 
thereby providing a more realistic assessment of model generalization. 
The hyperparameter combination producing the lowest average vali
dation error across the five depth blocks was selected as the optimal 
configuration. After optimization, the final QNN, GMDH, RF, and SVR 
models were retrained using the complete training dataset and subse
quently evaluated on the independent blind test well.

To control overfitting, early stopping based on validation-loss 
convergence was employed during QNN training, while model 
complexity in the GMDH network was controlled through an external 
validation criterion that automatically terminated layer expansion when 
no further improvement in prediction accuracy was achieved. The RF 
and SVR models were similarly regularized through optimization of 
their respective complexity parameters during the grid-search process.

All computational experiments were conducted in Python (version 
3.12.3). The simulated QNN was implemented using PennyLane 
(version 0.38.0), an open-source quantum machine-learning framework. 
Quantum operations were simulated using PennyLane's default.qubit 
simulator, which employs Python and Autograd on classical hardware. 
The QNN simulations were executed on a system equipped with an 
NVIDIA GeForce RTX™ 4050 Laptop GPU and a 13th Gen Intel® Core™ 
i9-13900H CPU. This unified computational environment ensured 
consistent execution and equitable resource allocation across all tested 
models.

The QNN circuit, showing three main stages of quantum operations 
applied to four qubits, is shown in Fig. 6. In the first stage (top panel), 
Hadamard (H) gates are applied to each qubit to create a superposition, 
followed by parameterized phase shift (P) gates encoding the input data 
x[i]. Controlled-NOT (CNOT) gates then introduce entanglement be
tween qubits, enabling correlation of quantum states. Additional multi- 
qubit entangling operations with phase shift gates parameterized by 
functions of (π− x[i]) further capture complex dependencies among 
features, forming the data encoding block of the QNN.

In the second and third stages (middle and bottom panels), the circuit 
applies trainable variational layers designed to learn patterns from the 
encoded well logs data. These layers consist of controlled operations 
interleaved with parameterized RY(θ) rotation gates, where θ are the 
trainable weights updated during optimization. The controlled gates 
maintain entanglement, while the rotations adjust the probability am
plitudes to fit the training well log data. The depth of the circuit with 
entanglement layers and rotation gates reflects its capacity to model 
complex relationships between well log and permeability.

The results show that the QNN permeability model's predictive 
performance is highly sensitive to the careful balancing of circuit 
expressiveness and optimization stability (Table 3). The most influential 
parameters are the number of qubits and quantum layers, as they 
determine the model's capacity to capture complex permeability pat
terns, too few limits learning, too many increases noise and optimization 
difficulty. The optimal settings found were 4 qubits and 2 layers, com
bined with a hardware-efficient ansatz to reduce gate count and noise 
while retaining sufficient correlation capture.

4.2. Performance indicators and error analysis of reservoir permeability

The predictive permeability models were evaluated and compared 
using statistical indicators, namely the correlation coefficient (R), mean 
absolute error (MAE), and relative root mean square error (RMSE). A 
correlation coefficient (R) value approaching 1 indicates optimal model 
performance, whereas MAE and RMSE values approaching zero suggest 

Table 3 
Hyperparameter tuning results for QNN.

Hyperparameter Tested Range Optimal 
Value

Description

Number of 
Qubits

2, 4, 6, and 8 4 Controls the dimension 
of the quantum feature 
space

Quantum Layers 1, 2, 3 2 Depth of quantum circuit 
impacting 
expressiveness

Learning Rate 0.001, 0.01, 0.05, 
0.1

0.01 Step size used by the 
optimizer

Optimizer Adam, SGD, 
RMSprop

Adam Affects convergence 
speed and stability

Batch Size 8, 16, 32, 64 32 Number of samples used 
per gradient update

Circuit Ansatz Hardware- 
Efficient, Strongly 
Entangling

Hardware- 
Efficient

Impacts expressiveness 
and trainability

Number of 
Epochs

50, 100, 200 100 Total passes over the 
dataset
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that the model serves as a reliable predictor. The mathematical formu
lations for R, MAE, and RMSE are presented in Equations (23)–(25) [2,
3]. 

R=

∑N

i=1
(yi − y)(Yi − Yi)

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1
(yi − yi)

2

√ ⎞

⎠

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1
(Yi − Yi)

2

√ ⎞

⎠

(23) 

MAE=
1
N
∑n

i=1
|yi − Yi| (24) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1
N
∑N

i=1
(yi − Yi)

2

)√
√
√
√ (25) 

Here, N denotes the total number of data points, yi represents the 
measured parameter value, Yi is the mean of the predicted parameters, 
yi is the mean of the measured parameters, and Yi denotes the estimated 
parameter value [65]. During training, MAE and RMSE values 
approaching zero indicate better model fitting. However, greater 
importance is given to the model's performance on the withheld testing 
dataset. Thus, when the testing MAE and RMSE values approach zero, it 
signifies a superior model with enhanced generalization capability [66,
67].

The development of permeability models involved analyzing a range 
of factors and dynamic development aspects impacting permeability 
based on the well log dataset, utilizing SHapley Additive exPlanations 
(SHAP). The QNN permeability model outperformed the GMDH, RF and 
SVR permeability model in the evaluations. Specifically, the QNN model 
displayed superior performance, showcasing the lowest error rates with 
a Root Mean Squared Error (RMSE) of 0.019 and Mean Absolute Error 

(MAE) of 0.0105 during training. Conversely, the GMDH model 
exhibited RMSE and MAE values of 0.044 and 0.0903. In comparison, 
the ensemble and kernel-based benchmark models demonstrated higher 
training error rates, with RF achieving an RMSE of 0.068 and MAE of 
0.0451, while SVR produced the highest training errors across all models 
with an RMSE of 0.0952 and a MAE of 0.0628, as indicated in Table 4
and Fig. 7. This hierarchy during the training phase further underscores 
the superior fitting capacity and expressive power of the QNN archi
tecture prior to testing on unseen data.

To assess the models' ability to generalize, they were tested on un
seen well log data from well 3, which was not part of the data used to 
develop the models, enabling an unbiased evaluation of performance 
with new input well log data. The tested QNN-based permeability model 
was identified as the most effective, producing predictions that closely 
matched the actual permeability measurements. As illustrated in Fig. 7, 
the QNN achieved the lowest error rates, with an RMSE of 0.1162 and an 
MAE of 0.0725. In comparison, the GMDH model yielded higher error 
values, with an RMSE of 0.2257 and MAE of 0.1482, while the RF had 
RMSE of 0.3155 and MAE of 0.2103 and SVR had RMSE of 0.4126 and 
MAE of 0.2850 as shown in Table 4 and Fig. 7.

The lower RMSE and MAE values from the QNN suggest minimal 
deviation between predicted and actual permeability values. Conse
quently, the testing RMSE value of 0.1162 confirms that the proposed 

Fig. 6. QNN circuit, with four qubits.

Table 4 
Permeability predictive models’ statistical measures.

Model Training Testing

RMSE MAE RMSE MAE

QNN 0.019 0.0105 0.1162 0.0725
GMDH 0.0440 0.0903 0.2257 0.1482
RF 0.0680 0.0451 0.3155 0.2103
SVR 0.0952 0.0628 0.4126 0.2850
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model outperforms other models in terms of both accuracy and stability 
(Fig. 8).

The QNN-based permeability model achieved the highest R values of 
0.998 for training and 0.953 for testing, as illustrated in Table 5 and 

Fig. 9 (a) and Fig. 10 (a). This indicates that QNN explains about 2% 
more variance in the testing phase and consistently captures the un
derlying relationship between well log input features and Reservoir 
permeability, while also generalizing well to unseen well log data more 

Fig. 7. RMSE and MAE error analysis for QNN, GMDH, RF and SVR during permeability prediction.

Fig. 8. Radar plot of model accuracy across QNN, GMDH, RF and SVR Models.

A.K. Mulashani et al.                                                                                                                                                                                                                          Unconventional Resources 18 (2027) 100539 

10 



effectively. In comparison, the GMDH permeability model recorded 
slightly lower R values of 0.965 for training and 0.937 for testing, sug
gesting marginally reduced predictive accuracy as shown in Table 5 and 
Figs. 9(b) and 10(b). The RF model exhibited intermediate predictive 
performance, with training and testing correlation coefficients of 0.902 
and 0.881, respectively (Fig. 9(c) and 10(c)). Although the RF model 
successfully captured the overall permeability trend, a greater disper
sion of data points around the 1:1 reference line was observed, partic
ularly at moderate-to-high permeability values, indicating increased 

prediction errors compared with both QNN and GMDH. The SVR model 
produced the lowest predictive performance among the four models, 
yielding R values of 0.875 for training and 0.846 for testing (Fig. 9(d) 
and 10(d)). The corresponding cross-plots reveal a wider scatter around 
the ideal agreement line and a noticeable tendency to underestimate 
high-permeability samples while overestimating some low-permeability 
values, reflecting its comparatively weaker ability to model the highly 
nonlinear characteristics of the permeability dataset. Overall, the pre
dictive performance follows the order QNN >GMDH > RF > SVR, con
firming that the quantum neural network provides the most accurate 
and robust permeability predictions for both the training and testing 
datasets.

The QNN's training process adaptively discovers which input well log 
features and interactions most strongly govern permeability, and it re
fines its internal architecture to emphasize those dominant relation
ships. As the model iterates, it prunes or suppresses neurons that do not 
materially reduce prediction error, effectively simplifying itself while 
preserving predictive power. QNN points cluster more tightly around 
the line across ranges, with narrower residual distributions, whereas 
GMDH shows wider scatter and larger bias in the low end and growing 
dispersion at high values as illustrated in Fig. 11. The RF model displays 
an even wider residual distribution than GMDH, with more pronounced 
tails extending away from zero, indicating a larger spread of prediction 
errors and reduced consistency across the dataset. Similarly, the SVR 
model presents the broadest and flattest residual distribution among all 
the evaluated models, reflecting the highest prediction variance and the 
greatest occurrence of large positive and negative residuals. The broader 
residual profiles of both RF and SVR are consistent with their lower 
correlation coefficients and the increased dispersion observed in the 
cross-plots, demonstrating their comparatively weaker capability to 
capture the highly nonlinear relationship between well log responses 
and reservoir permeability. This combination of automatic architecture 
optimization, effective feature selection, and principled pruning is what 
underpins QNN's stronger alignment with the measured data.

Table 5 
The comparative summary of training and testing performance.

Model Training Testing

R Key Insight R Key Insights

QNN 0.998 Outstanding fit with 
nearly perfect 
prediction; well-tuned 
quantum circuit 
enhanced performance

0.953 Excellent generalization; 
consistent and reliable 
performance

GMDH 0.965 Strong accuracy; good 
nonlinear mapping with 
minor deviations

0.937 Good predictive strength; 
minor drop from training 
accuracy

RF 0.902 Good predictive 
capability; ensemble 
learning effectively 
captures overall 
permeability trends but 
with noticeable 
deviations from 
measured values

0.881 Moderate generalization 
performance; increased 
prediction dispersion, 
particularly for high- 
permeability samples

SVR 0.875 Acceptable nonlinear 
prediction; captures the 
general trend but 
exhibits larger errors 
and reduced sensitivity 
to complex permeability 
variations

0.846 Fair generalization; 
largest performance 
degradation and weakest 
agreement with measured 
permeability among the 
evaluated models

Fig. 9. Comparison between measured and predicted permeability (mD) values during the training phase (a) QNN, (b) GMDH, (c) RF and (d) SVR.
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This structure selection yields two tangible benefits, lower error 
because the network concentrates capacity on the signal rather than 
noise, and greater coherence because redundant or unstable components 
are removed, reducing overfitting and improving generalization. By 
contrast, the GMDH approach, while capable of building polynomial 
relationships, can accumulate more redundant terms or become biased 

in very low permeabilities, where small absolute differences translate 
into large relative errors. The RF model demonstrates improved 
robustness over conventional regression techniques by aggregating 
predictions from multiple decision trees; however, its ensemble aver
aging smooths local variations and reduces its ability to accurately 
reproduce extreme permeability values. This effect becomes more 

Fig. 10. Comparison between measured and predicted permeability (mD) values during the testing phase (a) QNN, (b) GMDH, (c) RF and (d) SVR.

Fig. 11. Comparison of residuals for measured and predicted permeability (mD) for QNN and GMDH models.
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pronounced in high-permeability intervals, where RF predictions 
increasingly deviate from the measured values, indicating a compromise 
between variance reduction and predictive precision. Similarly, the SVR 
model captures the overall permeability trend but exhibits greater de
viations throughout the dataset, especially for samples with moderate- 
to-high permeability. Its reliance on a fixed kernel function limits its 
capacity to fully represent the highly nonlinear relationship between 
well log responses and reservoir permeability, leading to both under
estimation of permeability peaks and overestimation of some lower 
permeability intervals. The comparative figures of measured versus 
predicted permeability illustrate these dynamics for the training data 
set, as shown in Fig. 12, and for the testing data set in Fig. 13.

4.3. Blocked five-fold cross-validation performance

The predictive performance of the QNN, GMDH, RF, and SVR models 
was evaluated using blocked five-fold cross-validation, in which each 
validation fold consisted of a contiguous depth interval rather than 
randomly selected samples. Table 6 shows the corresponding depth in
terval for each validation block, indicating that the validation process 
maintains the spatial continuity of the well-log measurements and re
duces the information leakage due to depth autocorrelation. This vali
dation approach gives rigorous validation of the model across 
independent depth intervals in the reservoir.

The QNN consistently had the highest predictive accuracy, with the 
correlation coefficient ranging from 0.982 to 0.989 (mean R = 0.985), 
RMSE values from 0.029 to 0.034, and MAE values from 0.016 to 0.019. 
The relatively small difference in performance between the validation 
blocks suggests that the QNN has a consistent predictive performance for 
various reservoir intervals, even if the lithology and petrophysical 
properties vary. The results show that the variational quantum circuit 
successfully captures the complex nonlinear relationships between well- 
log measurements and reservoir permeability, and has robust predictive 
behavior across the study interval.

The GMDH model also showed relatively consistent performance 
across the five validation blocks, although the predictive accuracy was 
not as high as that of the QNN. Correlation coefficients ranged from 
0.931 to 0.946 (mean R = 0.939), while RMSE and MAE varied between 
0.064–0.072 and 0.036–0.041, respectively. The larger dispersion of the 
validation blocks as compared with the QNN indicates that the sensi
tivity of the polynomial-based architecture is more to variation in 
reservoir heterogeneity and lithological variability.

There was a progressive decline in predictive performance for the RF 
and SVR models across the blocked validation procedure. The RF model 
was moderately predictive with a mean correlation coefficient of 0.904, 
a mean RMSE of 0.094 and a mean MAE of 0.054, suggesting reasonable 
generalization among the various depth blocks. The SVR model had the 
lowest overall predictive accuracy, with a mean correlation coefficient 
of 0.861, a mean RMSE of 0.124, and a mean MAE of 0.074, as it was the 
one that was the least able to model the highly nonlinear relationships 
governing permeability variations within the reservoir.

Overall, the blocked cross-validation results prove that the proposed 
QNN can consistently achieve the best predictive accuracy and the least 
prediction error for the five independent depth intervals across all 
models evaluated. The relative fold-to-fold variation is also relatively 
small and supports the robustness of QNN to estimate reservoir perme
ability under variable geological conditions.

4.4. SHapley additive ExPlanation (SHAP)

Feature selection is an integral component of the proposed predictive 
framework, as it directly influences the model's ability to accurately 
predict reservoir permeability. The process begins with the extraction of 
relevant features from well log data, which serves as the primary input 
for the predictive model. SHapley Additive exPlanations (SHAP) are 
utilized to quantify the importance of individual features within the 
dataset. SHAP values provide a measure of each feature's contribution to 
the model's predictions, offering insights into their relative significance. 
By combining QNNs with SHAP, this framework achieves a dual objec
tive, enhancing prediction accuracy through optimal feature represen
tation and improving interpretability by identifying key factors 
influencing permeability (Belhouchet et al., 2021; Li et al., 2025). SHAP 
values were computed using KernelExplainer, a model-agnostic 
approximation of Shapley values suitable for the QNN's non- 
differentiable simulated-circuit output, applied to the Well-3 blind test 
set to evaluate feature attributions under genuine out-of-sample gener
alization rather than training-set fit, using a random subsample of 100 
training set as the background reference distribution.

The SHAP summary bar plot (Fig. 14) quantitatively illustrates the 
relative contribution of each input feature to the Permeability prediction 
model by presenting their mean absolute SHAP values. PHIE stands out 
as the most influential parameter, with a mean SHAP value of approx
imately 150, clearly demonstrating its dominant role in influencing the 
model's output. This strong influence is consistent with its geological 

Fig. 12. Comparison of predicted permeability values of QNN, GMDH, RF and SVR with actual permeability (mD) for the training data set.
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significance, as higher PHIE values often correspond to increased 
porosity and improved fluid flow characteristics in the reservoir. TNPH 
and SGR follow with nearly equal mean SHAP values of around 15 each, 
indicating that they contribute comparably and substantially to the 
predictions. RHOZ and VSH show smaller contributions, with mean 
SHAP values of about 8 and 5, respectively, reflecting their secondary 
but still relevant roles. These differences in magnitude emphasize the 

varying sensitivities of the model to different petrophysical logs, with 
PHIE, TNPH, and SGR providing the most geologically robust signals for 
permeability estimation.

The SHAP beeswarm plot (Fig. 15) offers an instance-level perspec
tive on feature influence by displaying the distribution of SHAP values 
across all samples. For PHIE, high values (depicted in red) strongly in
crease predicted Permeability, with SHAP values reaching more than 

Fig. 13. Comparison of predicted permeability values of QNN, GMDH, RF and SVR with actual permeability (mD) for the testing data set.

Fig. 14. The SHAP summary bar plot for feature importance.

Fig. 15. SHAP beeswarm plot illustrating the influence of well log features.
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+800mD, while low values (blue) decrease predictions, sometimes 
down to − 35mD. This asymmetrical pattern reinforces the consistent 
positive relationship between porosity and Permeability. TNPH exhibits 
a similar positive trend, where higher readings increase SHAP values up 
to about +60mD, supporting its role as a proxy for hydrocarbon satu
ration. SGR shows a more balanced influence, with both high and low 
values affecting predictions in either direction, although most SHAP 
values remain within the ±50mD to +100mD range. RHOZ and VSH 
have less pronounced effects, with most SHAP values within ±50, sug
gesting their contributions are more context-dependent and often act in 
synergy with other features.

The SHAP waterfall plot (Fig. 16) focuses on a single prediction to 
break down the additive contributions of individual features toward the 
final Permeability estimation. In Fig. 16, the model's expected baseline 
output is 6.85mD, while the final predicted value is 127.59mD. TNPH 
contributes the largest positive shift of +7.41, making it the most im
pactful feature in the prediction. This step-by-step decomposition con
firms how specific petrophysical conditions, such as neutron porosity, 
drive model outputs and offers geological clarity on the interplay of 
reservoir Permeability at the sample level. Such interpretability 
strengthens confidence in the model's predictive reliability and its 
alignment with subsurface geological principles.

To further investigate the influence of individual petrophysical var
iables, SHAP dependence plots were generated for the most influential 
predictors. Unlike the SHAP summary plot, dependence plots reveal how 
changes in each feature affect the predicted permeability while simul
taneously illustrating interactions with other variables. The dependence 
plot of effective porosity (PHIE) demonstrates a clear positive relation
ship with permeability. As PHIE increases, the corresponding SHAP 
values become progressively larger, indicating that greater pore volume 
contributes positively to permeability prediction as shown in Fig. 17 (a). 
This behavior is consistent with established petrophysical principles, 
where larger interconnected pore networks facilitate fluid flow through 
the reservoir [68]. Conversely, shale volume (VSH) exhibits predomi
nantly negative SHAP values at higher concentrations, indicating that 
increasing clay content reduces predicted permeability as shown in 
Fig. 17 (b). This trend reflects the pore-blocking effect of clay minerals 
and the reduction of effective pore throat connectivity. Thermal neutron 
porosity (TNPH) shows a nonlinear relationship with permeability, 
suggesting that its contribution depends on interactions with other 
reservoir properties such as porosity and shale content as shown in 
Fig. 17 (c).

4.5. Sensitivity analysis results

The CASI results revealed that PHIE is the most influential feature, 

followed by TNPH and SGR, while RHOZ and VSH contributed 
comparatively less, as displayed in Table 7. This feature-ranking order 
was fully consistent with SHAP-derived rankings. The agreement be
tween CASI and SHAP demonstrates that both global and local inter
pretability techniques converge toward the same understanding of 
feature influence.

The alignment between CASI and SHAP confirms that the QNN 
model is driven by geologically meaningful patterns and is not over
fitting to noise or spurious correlations. PHIE's leading role is consistent 
with pore-connectivity control on permeability, whereas TNPH and SGR 
reflect porosity-fluid sensitivity and clay-related effects, respectively.

4.6. Uncertainty quantification

To further evaluate the reliability of the proposed QNN, bootstrap 
resampling was employed to estimate prediction uncertainty for the 
blind test well. In addition to constructing 95% prediction intervals, the 
quality of the uncertainty estimates was quantified using the Prediction 
Interval Coverage Probability (PICP) and the Mean Prediction Interval 
Width (MPIW).

The Prediction Interval Coverage Probability is defined as 

PICP=
1
N
∑N

i=1
I(Li ≤ yi ≤Ui) (26) 

where N denotes the total number of blind-test samples, Li and Ui 
represent the lower and upper prediction limits, respectively, yi is the 
measured permeability, and I(⋅) is the indicator function.

The average width of the prediction intervals is calculated as 

MPIW=
1
N
∑N

i=1
(Ui − Li) (27) 

where narrower intervals indicate greater predictive precision while 
maintaining adequate coverage.

Uncertainty in the QNN permeability predictions was assessed using 
a 30-member bootstrap ensemble: each ensemble member was trained 
on a resampled (with replacement) draw from the training set, and 95% 
prediction intervals were constructed from the 2.5th and 97.5th per
centiles of the resulting predictive distribution at each test point. Eval
uated on the blind test well, the intervals achieved an empirical 
coverage (PICP) of 91.01% against a 95% nominal target, with a mean 
interval width (MPIW) of 70.56 mD. Table 8 summarizes the 95% pre
diction intervals over four 100 m depth intervals across the blind well 
(1200–1600 m). Interval widths were narrowest in the 1500–1600 m 
interval (15.6 mD), corresponding to the lowest mean gamma-ray 
response and shale volume in the well, and widest in the 

Fig. 16. The SHAP waterfall plot for additive contributions of each feature toward the Permeability prediction.
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1300–1400 m interval (119.1 mD), where permeability itself is highest 
and log responses are most variable. Across all test points, interval width 
correlated positively with both SGR (r = 0.42) and VSH (r = 0.69), 

confirming that the QNN's uncertainty estimates widen systematically in 
clay-rich, heterogeneous intervals rather than behaving uniformly 
across the well. This is consistent with reduced log sensitivity and 
greater pore-scale structural variability in shaly facies. The near- 
nominal (91% vs. 95% target) coverage indicates the bootstrap 
ensemble is reasonably well-calibrated, with residual undercoverage 
concentrated in a small number of very-low-permeability points near the 
detection floor of the log suite.

Bootstrap-based uncertainty analysis indicated that the QNN pro
duced narrow 95% prediction intervals in clean, sand-rich intervals, 
reflecting high predictive confidence. Wider prediction intervals were 
observed in clay-rich or heterogeneous zones characterized by elevated 
SGR and VSH values as shown in Fig. 18. The widening of uncertainty 

Fig. 17. SHAP dependence plot for (a) PHIE (b) VSH and (c) TNPH.

Table 6 
Performance of blocked five-fold cross-validation using contiguous depth intervals for the QNN, GMDH, RF, and SVR models.

Validation Block Depth Interval (m) QNN GMDH RF SVR

R RMSE MAE R RMSE MAE R RMSE MAE R RMSE MAE

Block 1 1200-1280 0.989 0.029 0.016 0.946 0.064 0.036 0.912 0.091 0.051 0.869 0.12 0.071
Block 2 1280-1360 0.984 0.033 0.018 0.938 0.071 0.04 0.901 0.098 0.056 0.858 0.127 0.076
Block 3 1360-1440 0.982 0.034 0.019 0.931 0.072 0.041 0.895 0.099 0.057 0.853 0.129 0.078
Block 4 1440-1520 0.988 0.03 0.017 0.944 0.066 0.037 0.909 0.093 0.052 0.865 0.122 0.072
Block 5 1520-1600 0.984 0.031 0.018 0.936 0.068 0.038 0.902 0.091 0.053 0.86 0.123 0.073

Mean ​ 0.985 0.031 0.018 0.939 0.068 0.038 0.904 0.094 0.054 0.861 0.124 0.074

Table 7 
Global sensitivity ranking using the cosine-amplitude sensitivity index (CASI).

Feature CASI Value Sensitivity Rank

PHIE 0.92 1
TNPH 0.75 2
SGR 0.63 3
RHOZ 0.41 4
VSH 0.35 5

Table 8 
95% prediction intervals for QNN permeability predictions based on bootstrap resampling.

Depth Interval (m) N Mean Permeability (mD) Lower U95 Upper U95 Interval Width (mD) Coverage (%)

1200–1300 45 86.9 64.7 131.2 66.4 93.33
1300–1400 44 134.3 99.8 219.0 119.1 97.73
1400–1500 44 85.7 64.2 146.6 82.4 88.64
1500–1600 45 20.2 14.6 30.2 15.6 84.09
Overall ​ ​ ​ ​ MPIW = 70.56 PICP = 91.01%
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bands in these zones suggests increased subsurface complexity, reduced 
log sensitivity, and greater structural variability at the pore scale [69]. 
Overall, the UQ results confirm that the QNN not only provides 
improved predictive accuracy but also offers well-behaved and geolog
ically consistent uncertainty estimates.

5. Conclusion

The advancements in predicting reservoir permeability through 
innovative methodologies signify a transformative shift in the field of oil 
and gas exploration. The integration of machine learning techniques, 
particularly Quantum Neural Networks (QNNs) combined with SHapley 
Additive exPlanations (SHAP), has demonstrated substantial improve
ments in both accuracy and interpretability. These approaches effec
tively address the limitations of traditional methods, which often 
oversimplify complex geological formations and fail to capture the 
intricate relationships between various well log as influencing factors. 
By leveraging high-dimensional data and sophisticated modeling tech
niques, a more reliable prediction of permeability in heterogeneous 
reservoirs can now be achieved. The ability of QNNs to process complex 
well log datasets while maintaining computational efficiency is partic
ularly noteworthy, as it allows for the analysis of well log data that is 

often altered by geological complexities. This capability not only en
hances prediction accuracy but also provides valuable insights into the 
underlying mechanisms driving fluid flow behavior.

Despite the promising results, the study is constrained by the limited 
number of wells (three) and the specific depositional environment of the 
Mpyo Field. The resulting dataset, while sufficient for model develop
ment, may not encapsulate the full range of heterogeneity found in other 
basins or reservoir types. Future work should therefore incorporate 
additional wells, extend the dataset across broader stratigraphic and 
lithological contexts, and evaluate model transferability to shale reser
voirs or unconventional systems using expanded input features such as 
NMR or micro resistivity measurements.

Furthermore, the application of interpretability tools such as SHAP 
facilitates a deeper understanding of how specific well log features, such 
as effective porosity (PHIE), standard resolution formation density 
(RHOZ), and shale volume (VSH), influence permeability predictions. 
This transparency is crucial for informed decision making in reservoir 
management, enabling operators to optimize drilling plans and pro
duction strategies while minimizing environmental impacts. As the field 
continues to evolve, the integration of advanced machine learning al
gorithms will be essential in addressing the complexities associated with 
reservoir heterogeneity. Ultimately, by embracing these innovative ap
proaches, this study is paving the way for more effective and inter
pretable solutions tailored to the challenges of modern energy 
production. The ongoing development and refinement of these meth
odologies will play a critical role in shaping the future of reservoir 
permeability prediction and ensuring sustainable energy practices.
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Nomenclature

PHIE Effective porosity (%)
TNPH Thermal neutron porosity (v/v)
RHOZ Formation density (g/cm3)
SGR Spectral gamma ray (API)
VSH Shale volume (pU)
k Permeability (mD)
RMSE Root Mean Square Error
MAE Mean Absolute Error
R Correlation coefficient
QNN Quantum Neural Network
GMDH Group Method of Data Handling
SHAP SHapley Additive exPlanations
ML Machine Learning
UQ Uncertainty Quantification
CV Cross-validation

Fig. 18. Predicted permeability with 95% bootstrap prediction intervals versus 
depth along the blind test well.
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