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Abstract

Reliable screening of geological CO, storage sites requires methods that relate reservoir
heterogeneity and injection history to screening indicators without running a full-physics
simulation for every candidate scenario. This study presents a machine learning workflow
for solubility trapping index (STI)-based screening in the Weyburn Oilfield, Canada, using
77 well records and six geological and operational descriptors: porosity, permeability, rock
density, reservoir thickness, injection depth, and injection duration. The residual trapping in-
dex (RTI) is retained as a descriptive component of the analytical trapping index framework,
while quantitative model comparison focuses on STI. Both indices are treated as well-level
analytical screening quantities rather than direct physical measurements. Six regression
algorithms were compared under random and spatial block cross-validation. In the dis-
played random-split comparison, XGBoost achieved the highest R? (0.81), but spatial block
validation reduced the aggregated R? to 0.61, indicating that random-split performance
was optimistic due to spatial dependence among nearby wells. Distance-buffer analysis
further showed that prediction accuracy declined as training-test separation increased. Fea-
ture importance was evaluated using repeated permutation importance with uncertainty
intervals and permutation-test p-values, supplemented by SHAP analysis to quantify the
direction and magnitude of feature contributions. Injection depth and permeability were
the most influential predictors in the fitted model, although the ranking is interpreted
as an association within the analytical index framework rather than a causal conclusion.
The workflow is proposed as a conditional, data-supported screening tool that requires
reproducible spatial validation, documented target-index inputs, and further validation
against high-fidelity simulation before quantitative storage conclusions are drawn.

Keywords: geological CO, storage; carbon capture utilization and storage; Weyburn Oilfield;
machine learning; carbonate reservoir; trapping efficiency

1. Introduction

Geological storage of CO, in deep saline formations and mature hydrocarbon reservoirs
is widely regarded as an essential pathway for reducing anthropogenic carbon emissions
(Figure 1). The effectiveness of storage, however, depends on coupled processes involving
reservoir architecture, multiphase flow, capillary trapping, dissolution, and geochemical
interaction. These processes are especially difficult to evaluate in carbonate reservoirs, where
pore systems may combine matrix microporosity, vugs, fractures, diagenetic overprints,
and internal flow barriers [1,2]. Hydrocarbon reservoirs remain attractive targets for carbon
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capture, utilization, and storage (CCUS) because they commonly possess existing geological
characterization, proven sealing systems, and surface infrastructure that can shorten the
transition from screening to deployment [3]. Field-scale projects have also demonstrated
that large volumes of CO, can be stored when reservoir and caprock conditions are properly
constrained [4].
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Figure 1. CCUS process chain considered in the geological storage assessment. The schematic links
CO, capture, transport, utilization, and subsurface storage in depleted oil and gas reservoirs and
deep saline aquifers beneath the caprock, together with enhanced oil and gas recovery (EOR/EGR),
and highlights the position of storage-efficiency assessment within the broader CCUS workflow.
Reprinted/adapted from Ref. [5]; licensed under CC BY 4.0.

A central challenge in storage assessment is to estimate storage efficiency quickly
enough for site comparison, scenario screening, and risk-informed project design [6]. High-
resolution numerical simulation remains indispensable for detailed project appraisal, but
it requires extensive parameterization and repeated computation, which can restrict its
use during early-stage screening and sensitivity analysis [7]. The limitation becomes more
pronounced in heterogeneous carbonate systems, where trapping behavior is controlled
not only by bulk capacity but also by connectivity, stratification, and permeability contrast.

To reduce the computational burden of full-physics simulation, a range of rapid-
assessment approaches have been developed. Basin- and reservoir-scale screening and
ranking methods use simplified criteria to identify promising storage targets [8,9]. Volu-
metric and probabilistic screening tools estimate prospective storage resources from static
capacity and efficiency factors [10]. Multi-criteria decision analysis has been applied to inte-
grate geological, technical, economic, and risk attributes into site-selection rankings [11,12].
System-level and reduced-complexity models approximate the dominant physical processes
with reduced spatial or temporal detail [13]. Response-surface methods replace portions
of the simulation chain with analytical or statistical surrogates to accelerate uncertainty
propagation and risk assessment [14-16]. These methods are computationally efficient for
comparing many candidate sites, but they generally aggregate heterogeneous geological
and operational information into fixed criteria, weights, or efficiency ranges, and they do
not fully resolve spatial plume evolution, dynamic multiphase interactions, or coupled
thermo-hydro-geochemical feedbacks. Consequently, they involve an information trade-off:
screening speed is gained at the expense of process fidelity, and the resulting predictions
remain conditional on the assumptions and parameter ranges used in their construction.
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This trade-off provides a clear logical premise for introducing machine learning as a com-
plementary tool that can learn nonlinear mappings from available field or simulation data
while retaining rapid prediction capability.

The long-term stabilization of injected CO, is governed by structural, residual, solubil-
ity, and mineral trapping [17]. Among these mechanisms, residual and solubility trapping
are particularly useful for evaluating the transition from mobile plume migration to more
stable storage states. Accordingly, the residual trapping index (RTI) and solubility trap-
ping index (STI) provide compact, process-relevant targets for data-driven prediction [18].
Building reliable predictive models requires datasets that combine geological descriptors,
such as porosity, permeability, density, and thickness, with operational variables such as
injection depth and injection duration.

Machine learning provides a practical route for complementing physics-based assess-
ment when sufficient field or simulation data are available [19-21]. Data-driven mod-
els can approximate nonlinear mappings between multiple input variables and storage-
performance indicators at a fraction of the computational cost of repeated numerical simu-
lation [22-24]. When combined with model interpretation, these methods can also reveal
which geological and operational attributes exert the strongest influence on predicted storage
efficiency, thereby supporting both rapid prediction and process understanding [25-28].

This work uses the Weyburn-Midale CO, Monitoring and Storage Project as a field-
based case for developing a machine learning screening framework. The novelty of this
work is as follows:

(1) Field-specific integration for carbonate CO, storage screening. This work assembles
and quality-controls a 77-well dataset from the Weyburn carbonate reservoir and
uses it to predict the solubility trapping index (STI) within an explicitly disclosed
analytical screening framework. This is not a generic tabular dataset, but a field-
based dataset with geological and operational descriptors specific to a heterogeneous
carbonate system.

(2) Spatial validation rather than only random splitting. We show that the common random
80:20 split produces optimistic performance and that spatial block cross-validation
and distance-buffer analysis substantially reduce the reported R%. To our knowledge,
this explicit spatial validation has not been systematically applied in previous machine
learning-based screening studies for the Weyburn field.

(3) Transparent treatment of circularity between target and predictors. We openly dis-
cuss how STI is computed using an analytical framework that shares some inputs
with machine learning predictors, and we therefore interpret the feature ranking as a
conditional association within that framework rather than as an independent causal
discovery. This is rarely addressed explicitly in similar screening studies.

(4) Interpretability with repeated permutation importance and SHAP. Instead of a single
gain-based importance chart, we provide repeated permutation importance with un-
certainty intervals and p-values, complemented by SHAP and dependence plots. This
goes beyond the standard feature-importance output and supports the “interpretable”
claim. The contribution is not a new machine learning algorithm or a causal attribution
method; it is the integration of data curation, algorithm comparison, and cautious
geological interpretation for preliminary CCUS screening.

2. Study Area and Data Context

The Weyburn Oilfield is situated in the Williston Basin of southeastern Saskatchewan,
Canada, and is one of the best-documented sites associated with the Weyburn-Midale CO,
Monitoring and Storage Project (Figure 2). Production occurs mainly from the Middle Beds
of the Mississippian Charles Formation, a carbonate—evaporite succession deposited in a
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restricted shallow-marine platform setting [18,29]. The reservoir interval is overlain by the
regionally persistent Middle Evaporite, which forms a competent seal and limits upward
fluid migration.
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Figure 2. Location and geological framework of the Weyburn study area. (a) Position of the Weyburn-
Midale field in southeastern Saskatchewan, Canada. (b) Stratigraphic context of the Marly and Vuggy
reservoir units and the overlying evaporite sealing interval. Original artwork.

The storage interval is commonly divided into the Marly and Vuggy units, which differ
substantially in pore structure and flow capacity. The Marly unit is dominated by microcrys-
talline dolostone with relatively high porosity but low permeability, reflecting deposition
and diagenesis in a low-energy evaporitic setting. The Vuggy unit contains skeletal lime-
stone with dissolution-enhanced vuggy porosity and locally connected high-permeability
pathways. This contrast produces a vertically heterogeneous system in which CO, migration,
brine contact, and trapping are controlled by both pore volume and connectivity [18].

For the Weyburn area, representative regional background values are as follows: the
geothermal gradient is approximately 25-30 °C/km, the hydrostatic pressure gradient is
approximately 9.8-10.5 MPa/km, and the surface temperature reference is approximately
4-10 °C. These regional approximations are consistent with the measured depth range of
704-3853 m, which is used only to describe the well paths, not the reservoir depth. The
reservoir TVD range is approximately 1200-1800 m, with a mean of about 1476 m, which is
consistent with the reported pressure range. The reported pressure range is 12.5-18 MPa.
Well-specific pressure and temperature data should be used when available [18,29,30].

Reservoir quality in Weyburn reflects a complex diagenetic history. Dolomitization
preserved and enhanced microporosity in the Marly interval, whereas cementation, disso-
lution, and localized fracturing contributed to the more heterogeneous pore network of the
Vuggy interval [30]. Core observations indicate that permeability may be concentrated in
thin flow units or connected vug—fracture networks. Such heterogeneity is directly relevant
to CO, storage because it influences sweep, plume geometry, contact between CO, and
brine, and the distribution of residual trapping.

The dataset used in this study integrates information from 77 wells with sufficiently
complete records of reservoir properties and CO, injection history. The selected variables
include porosity, permeability, thickness, rock density, injection depth (i.e., reservoir TVD),
and injection duration. Well information was obtained from the publicly available PetroNinja
database (https://petroninja.com/wells, accessed on 1 October 2026), which compiles well
logs, core measurements, and operational records from Canadian energy datasets. The
Weyburn field has been investigated in previous peer-reviewed studies, and a subset of
the compiled records was cross-checked against published information to improve internal
consistency [29,30]. The porosity range of 0.03-0.20 in Table 2 is the compiled dataset range
derived from core and log interpretations, whereas the Marly 16-38% and Vuggy 8-20%
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ranges in Table 2 are regional literature ranges; the two are therefore not identical, and the
compiled dataset falls largely within the Vuggy range.

The selected wells cover a measured depth range of 704-3853 m and capture broad
lateral and vertical variation in reservoir properties. Figure 3 summarizes the spatial
distribution of the wells, whereas Table 3 reports the statistical range of the input and
output variables. The resulting dataset provides a compact but geologically meaningful
basis for examining how storage-efficiency indicators respond to reservoir heterogeneity
and injection conditions. The predictor thickness is the total reservoir thickness of the
completed interval reported for each well, whereas the interval of 18-29 m in Table 2 refers
to the literature stratigraphic thickness of the Marly and Vuggy units; the compiled dataset
includes intervals that locally exceed the type-section thickness, as shown by the range of
0.5-79.1 m in Table 3.
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Figure 3. Spatial distribution and well geometry in the Weyburn dataset. Black dot denotes the
wellhead of the well. The black line represents the well path of the horizontal well.

3. Materials and Methods

The proposed workflow couples field-data integration, preprocessing, machine learn-
ing prediction, and geological interpretation (Figures 4 and 5). First, reservoir and injection
variables were compiled from multiple well-level sources and screened for completeness.
Second, the dataset was cleaned to remove inconsistent entries and to harmonize units.
Third, the data were divided into training and independent test subsets, with 80% of the
samples used for model development and 20% withheld for final performance evalua-
tion [31]. This design was selected to provide a reproducible comparison among algorithms
while maintaining a separate dataset for unbiased testing.
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Figure 4. Conceptual framework for machine learning-based CO, storage-efficiency screen-

ing in a carbonate reservoir. The workflow integrates reservoir-scale descriptors and CO,

injection—volume information.
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To reduce overfitting and improve model robustness, cross-validation was applied
during model tuning [25,26]. Six algorithms representing ensemble, kernel, similarity-
based, and regularized-linear approaches were trained and compared [5]. Predictive
skill was quantified using the coefficient of determination (R?) and mean squared error
(MSE) [31]. The model that combined the highest R? with the lowest MSE on the indepen-
dent test set was then interpreted to identify the geological and operational controls on CO,
storage efficiency.

3.1. Dataset Construction and Preprocessing

The database was assembled from public Weyburn well information, including core-
derived reservoir properties, digital well-log interpretations, and available CO, injection
records (Figure 6, Table S1). The PetroNinja well database was used as the primary source for
well-level information, and the compiled records were harmonized to generate a consistent
set of predictors [29]. The reservoir TVD range is approximately 1200-1800 m, with a mean
of about 1476 m, corresponding to intervals that capture the principal reservoir variability
relevant to CO, storage evaluation. The injection depth (i.e., reservoir TVD) is regarded as
an operational variable that serves as a proxy for pressure-temperature conditions.
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Figure 6. Reservoir-property profiles for the representative well used in data compilation. GR, gamma
ray; AC, sonic; RT, deep resistivity; POR_NEW, porosity; Perm_NEW, permeability.
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A strict inclusion rule was applied to ensure that each selected well contained both
geological descriptors and injection information required for target-index calculation. Wells
were retained only when records were available for all six input features, when the injection
data were sufficient to calculate RTT and STI, and when the core or log interpretations were
internally consistent. After this screening step, 77 wells remained in the final dataset.

The predictor set was designed to represent the main static and operational controls
on storage efficiency: reservoir thickness, rock density, porosity, permeability, CO, injection
depth, and cumulative injection duration. Injection duration is treated as a cumulative vari-

https://doi.org/10.3390/pr14213532


https://doi.org/10.3390/pr14213532

Processes 2026, 14, 3532

8 of 24

able measured up to the time represented by each well record. This choice is appropriate
for the present cross-sectional analysis because the predicted trapping indices summa-
rize time-integrated storage behavior. Nevertheless, the injection process is inherently
dynamic; future time-resolved studies could therefore use recurrent or transformer-based
architectures to model the temporal evolution of plume migration and trapping.

Several potentially important variables were not included because they were unavail-
able or inconsistently recorded across the selected wells. These include formation-water
salinity, reservoir temperature, and time-varying injection rate. Their absence should be con-
sidered when interpreting the model because these parameters can influence CO, density,
dissolution, capillary behavior, and geochemical reactions. Incorporating these variables in
future datasets is expected to improve both prediction accuracy and physical interpretability.

For each well i, the cumulative net injected CO, mass is defined as:

Minj,i = Z(mcoz,i,tAt - Mrec,i,t)f (1)
t

where 71, ;;is the metered CO, injection mass rate, and M,,, ; , is the recovered or recycled

COy,1,
CO, massi included only when the reported injection ledger is not already net of recycling.
When injection is reported as standard volume, mass is converted using the documented
standard-state temperature and pressure, CO, purity, and the corresponding standard-state
CO, density:

Miyi = Z Vsta i 0o, StdXco, it (2)
t

The response variables were the solubility trapping index (STI) and residual trapping
index (RTI), defined in Equation (3). In this study, they are analytical screening indices
rather than direct field measurements or outputs from a full-physics simulator. The model
therefore approximates the adopted index framework and must not be interpreted as an
independent measurement of physical dissolved or residually trapped CO, mass. The
solubility trapping index and residual trapping index are then calculated as:

M M. .
STI, = — 250 RT[, = %4, (3)
inj,i Mz’nj,z'

The dissolved CO, mass is calculated from a pressure-, temperature-, and salinity-
dependent CO,-brine solubility correlation:

Mdiss,i:CCOZ (PifTi/Si)Vbrine,contact,i/ (4)
Vbrine,contact,i :fwnmct,ivpore,isw,i/ (5)
Vpore,i = Vbulk,i[?)i (6)

Here, Cp, is evaluated using the stated CO,-brine solubility correlation, V;, is the
representative well drainage or grid volume, @ is porosity, Sw is water saturation, and f,,,.
represents the fraction of formation water contacted by CO,. A correlation applicable to the
reported pressure—temperature—salinity range must be identified explicitly; for example, the
Duan and Sun model covers CO, solubility in pure water and aqueous NaCl solutions over
broad pressure, temperature, and salinity ranges. The residual CO, mass is calculated as:

Mres,i:pCO2 (Pi/Tz')Vpore,zfswept,isgr,i/ (7)

where p(, is the density of the free-phase CO,, f;e ; i the swept-pore-volume fraction, and
Sgr is the residual gas saturation after imbibition. It is clarified that S,, must be taken from
Weyburn-specific core-flood /hysteresis measurements or a documented history-matched
reservoir model. A generic literature value or a sandstone-derived endpoint is not treated
as a Weyburn measurement.
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For every input quantity, a new parameter-provenance table reports its value or range,
unit, temporal basis, data source, conversion procedure, and uncertainty range (Table 3).
The geostatistical model, where used, is limited to spatial aggregation/interpolation of
static reservoir properties and representative volumes; it is not a compositional-flow or
reactive-transport model and does not itself generate dissolved or residually trapped
CO, masses.

The present revision does not report a numerical uncertainty propagation because the
well-level inputs needed to quantify injection-meter uncertainty, CO, purity, pressure, tem-
perature, salinity, contacted volume, residual gas saturation, and in situ CO, density are not
fully traceable in the submitted dataset. These quantities must be reported, with sources and
uncertainty ranges, before the STI or RTI can be used for quantitative storage certification.

Before model training, the input variables were scaled to avoid biases arising from
differences in units and numerical ranges. Two common preprocessing options were com-
pared: min-max normalization, which rescales variables to a fixed [0, 1] interval, as shown
in Equation (8), and Z-score standardization, which transforms variables according to
their mean and standard deviation, as shown in Equations (9)—(11). Summary statistics,
including minimum, maximum, mean, standard deviation, skewness, and kurtosis, were
calculated to describe the distributions of all variables.

The strongly skewed distributions of permeability, thickness, and injection duration
require cautious preprocessing. Linear scaling reduces unit-related numerical imbalance
but does not remove the leverage effect of extreme values. A logl0 transformation of
permeability was therefore applied and evaluated as a robustness test. The comparison of
the log-transformed and untransformed permeability predictors, including the stability of
model performance and feature ranking, is reported in Table 4 and Section 3.1.

x; — min (x;)

1<i<n
Y= =27 (8)
max (x;) — min (x;)
27: (x;)
p= = 9)
n 2
o= Zl‘:l(xi }1) (10)
n
X; —
Vi=—4 £ (11)

In these equations, n denotes the number of samples, x; is the i-th original input value,
and y; is the corresponding normalized value. The min—max transformation rescales each
feature to a fixed interval, whereas Z-score standardization uses the dataset mean, y, and
standard deviation, o, to center and scale the data.

A logarithmic permeability transformation before scaling was introduced:

o, ki
kgg :logm(W), (12)

where k; is the original permeability of well i. The transformed variable was subsequently
standardized using statistics calculated from the training subset only:
kl.Og _ log‘
Zi‘og — logytmm , (13)

Utmin

This procedure avoids information leakage from the test subset and preserves compa-
rability with the original-permeability workflow. The six models were retrained using the
same repeated train—test splits, feature set, tuning procedure, and evaluation metrics. The
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R?, MSE, and MAE between the original-permeability and log-transformed-permeability
models are compared.

The results show that the log transformation changed the distributional representation
of permeability and reduced its skewness from 2.84 to 0.33. For the XGBoost model, the
mean test-set R?, MSE, and MAE were 0.810, 0.021, and 0.1047 using the original permeability
and 0.830, 0.019, and 0.098 using log;((K) respectively. The corresponding results for the
other five models are summarized in Table 4.

Feature importance was further recalculated using repeated permutation importance
on the held-out test data, and the resulting rankings before and after transformation were
compared. The rank agreement between the two feature representations was quantified
using Spearman’s rank correlation coefficient. The importance of permeability was stable,
whereas the interpretation of all features is now reported with the appropriate caution.

It is noted that tree-based algorithms are expected to be less sensitive to a mono-
tonic transformation of permeability than distance-based, kernel-based, and linear models
because tree splits primarily depend on rank order. Nevertheless, the comparison was
performed empirically rather than assumed. The revised manuscript therefore reports
the log-transformed analysis as a robustness test and bases the final interpretation on the
representation that provides the most stable repeated-validation performance.

To represent spatial heterogeneity, a three-dimensional geostatistical model of key
reservoir properties was constructed using sequential Gaussian simulation. The simulation
honored spatial-correlation structures and porosity—permeability relationships inferred
from the multi-well dataset (Figure 7). It is worth noting that the sequential Gaussian
simulation model is used only for spatial characterization and to provide the horizontal
variogram range used in the distance-buffer sensitivity analysis; it is not used to generate
predictor or target values for the machine learning models.
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Figure 7. Three-dimensional geostatistical representation of reservoir heterogeneity. (a) Core
porosity—permeability relationship by lithofacies. (b) Variogram analysis in the principal spatial
direction is used to constrain sequential Gaussian simulation. (c¢) Experimental semi-variogram of
permeability showing the empirical semivariance.
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Additionally, Pearson and Spearman correlation matrices were computed for all input
variables to examine linear and monotonic associations. Variance inflation factors (VIFs)
were also calculated to assess potential multicollinearity, particularly for injection depth,
which may serve as a proxy for pressure-temperature conditions.

3.2. Machine Learning Models

The dataset was randomly partitioned into a training subset (80%) and an independent
test subset (20%). Six regression algorithms were selected to compare different model
structures and inductive assumptions:

Ensemble tree models: XGBoost, Random Forest, and LightGBM. These methods are
well suited to nonlinear relationships and interactions among geological and operational
variables. They also provide feature-importance measures, which are useful for connecting
prediction results with reservoir interpretation.

Classical benchmark models: K-Nearest Neighbors (KNN), Support Vector Machine
(SVM) with a radial basis function kernel, and ElasticNet-regularized linear regression.
These models provide complementary baselines to assess whether the problem is dominated
by local similarity, kernel-transformed relationships, or approximately linear trends.

Table 1 lists the hyperparameters and modeling assumptions for the six machine learn-
ing algorithms. Hyperparameters were tuned using cross-validation within the training
subset, and the final comparison was performed on the independent test subset.

Table 1. Hyperparameters and modeling assumptions for the six machine learning algorithms.

Principal Hyperparameters Main Assumptions/Inductive Bias

Model Type Used in This Study Relevar}t to the Small-Sample
Geological Dataset
Captures nonlinear relationships
and feature interactions. Tree splits
100 estimators; max depend mainly on rank order, so
XGBoost Gradient-boosted trees depth = 6; learning the mode.l is relatively msensmve to
rate = 0.1, reg_A = 1.0; monotonic transformations.
reg_o = 0.1 Regularization and depth limits are

used to reduce overfitting on the
compact 77-well dataset.

Random Forest

Bagged decision trees

Reduces variance by averaging
many decorrelated trees. Robust to
noise and less prone to overfitting
than a single tree. Assumes that
ensemble averaging of tree-based
partitions can approximate complex
geological relationships.

100 trees; max depth = 10;
min samples split = 5

LightGBM

Histogram-based 31 leaves; learning
gradient-boosted trees rate = 0.05; 100 estimators

Efficient gradient boosting with
leaf-wise growth. Captures
nonlinearity and interactions. The
relatively small number of leaves
and low learning rate are intended
to limit model complexity for a
small dataset.
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Table 1. Cont.

Model

Main Assumptions/Inductive Bias
Relevant to the Small-Sample
Geological Dataset

Principal Hyperparameters
Used in This Study

KNN

Distance-based local 5 neighbors; distance-based
learner weighting

Predictions are based on local
similarity in feature space.
Assumes that wells with similar
predictor values have similar STI.
Sensitive to feature scaling and
irrelevant variables, so
standardization is required.

SVM

Kernel-based regression

Maps inputs into a
high-dimensional feature space and
fits a regularized regression

RBF kernel; C = 1.0; function. Assumes that nonlinear

gamma = ‘scale’ relationships can be captured
through the kernel. Performance
depends on C and gamma, and on
feature scaling.

ElasticNet

Regularized linear L1/L2 mixing ratio = 0.5;
regression alpha = 0.1

Assumes an approximately linear
relationship between predictors
and STI, with regularization to
handle correlated predictors and
prevent overfitting. Provides a
transparent linear benchmark
against the nonlinear models.

3.3. Model Configuration and Evaluation Metrics

For reproducibility, the principal hyperparameters are reported here. XGBoost used
100 estimators, a maximum tree depth of 6, a learning rate of 0.1, reg_lambda = 1.0, and
reg_alpha = 0.1. Random Forest used 100 trees, a maximum depth of 10, and a minimum
of 5 samples for node splitting. LightGBM used 31 leaves, a learning rate of 0.05, and
100 estimators. KNN used 5 neighbors with distance-based weighting. SVM used a radial
basis function kernel with C = 1.0 and gamma = ”scale”. ElasticNet used an L1/L2 mixing
ratio of 0.5 and alpha = 0.1. These initial settings were selected to provide conservative
baseline models for a compact dataset: tree depth, regularization, and split constraints
were used to reduce overfitting in ensemble models, while KNN, SVM, and ElasticNet
were retained as transparent benchmark learners with different inductive assumptions. All
models were run with a fixed random seed of 42 and implemented in Python 3.9 using
scikit-learn v1.1.2, XGBoost v1.7.0, and LightGBM v3.3.2.

Predictive performance was evaluated using R?>, MSE, and MAE. MSE measures the
average squared prediction error and is sensitive to large residuals, MAE reports the mean
absolute prediction error on the trapping index scale, and R? describes the proportion of
target-variable variance explained by the model. The preferred model was therefore selected
from the combined evidence of high R?, low MSE, and low MAE on the independent test data.

Equation (14) defines MSE, which quantifies the mean squared difference between
observed and predicted values.

n —~\2
MSE — Zl-zl(y; vi)

(14)

where y; and /; denote the observed and predicted STI values for sample i, respectively, and
n is the number of test samples. Lower values indicate better predictive accuracy.
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MAE quantifies the mean absolute difference between observed and predicted STI
values, as defined by:

Z:;J% —ﬂ
n

MAE = (15)

A lower MSE indicates a smaller prediction error, with zero representing an exact
prediction. Equation (16) defines R?, which measures the fraction of observed variance
reproduced by the model.

Yoy - 7)’
Z?:l (yi — E)z

where 7; is the mean of the observed values. An R? value of 1 indicates perfect agreement

R2=1- (16)

between prediction and observation, whereas an R? value near 0 indicates little improvement
over predicting the sample mean.

Because the dataset contains 77 wells and 6 input features, overfitting was addressed
through 5-fold cross-validation during hyperparameter tuning. Additional regularization
was included in the ensemble models, including reg_lambda, reg_alpha, limited tree depth,
and minimum split-size constraints. The final reported performance is based on the 20%
hold-out test subset, which was not used during training or cross-validation.

To evaluate the robustness of the models under the limited sample size, a repeated
random-splitting validation strategy was further adopted. The full dataset containing
77 wells and six input features was randomly divided into training and test subsets 100 times
using independent random seeds. In each repetition, model training, feature standardization
when required, and hyperparameter tuning were conducted only on the training subset,
whereas the test subset was used exclusively for external performance evaluation. This
procedure was designed to reduce the dependence of the reported performance on a single
data partition and to assess the stability of the prediction results.

For each random split, the coefficient of determination R?, mean squared error (MSE), and
mean absolute error (MAE) were calculated. The final robustness assessment was reported as
the mean + standard deviation of the 100 test-set results, and the empirical 95% confidence
interval was obtained from the 2.5th and 97.5th percentiles of the metric distributions.

4. Results
4.1. Distribution of Reservoir and Operational Variables

Table 2 lists the intermediate physical parameters required for calculating the STI
and RTI. Table 3 reports their descriptive statistics. The variables include the RTI and STI
as target indicators; geological predictors such as porosity, permeability, thickness, and
density; and operational predictors such as injection depth and injection duration.

Figure 8 summarizes the map-view distribution of well-averaged input and output
variables. Each symbol represents a well, and the color scale indicates the well-averaged
value of the variable rather than a continuous spatial interpolation.

Table 2. Intermediate physical parameters required for calculating STI and RTL

Parameter

Value/Range Unit Uncertainty Range Data Source

Pressure (P)

Individual measurement
error small

12.5-18 MPa, (£0.1-0.5 MPa), but Weyburn measured
mean ~ 15 MPa; MPa spatial and temporal pore pressure; Phase
initial ~ 14 MPa variability large; using a 1A reports

single average introduces
significant error
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Table 2. Cont.

Parameter Value/Range Unit Uncertainty Range Data Source
verage = 63°C Well-specific error temperatur logs
Temperature (T) e~ ! °C 12-5 °C; spatial variation P &%
experiments regional geothermal

commonly 59-60 °C

may be +5-10 °C

gradient

Typical reservoir
brine 35-110 g/L;

Large spatial variation;

Weyburn formation
water analyses;

Salinity (S) experiments include g/L (ormol/kg) :Ef;f;:ﬁl ril:;ge_szeé};atlve experimental data
~64,72,80,115g/L = ¢ from the literature
~0.7-1.0 mol CO, /kg
H,0 at 50 °C, s o . T1: o

CO, solubility 14 MPa, 35-110 g/L;  mol/kg or kg Solgb1hty model +£5-10%; Li et al. correlation;

(Ceon) Li ot al. measured CO, /m? brine mainly propagated from P, PHREEQC or Duan

o2 Weybu;‘n brine at 2 T, S uncertainties & Sun model
59 °C up to 29 MPa
Porosity (¢) Marly: 16-38%; Dimensionless ~ Core-to-log scale Weyburn core/log
yie Vuggy: 8-20% (fraction) difference £10-15% interpretations
Marly: 3-10 m; . o Weyburn geological
Thickness (h) Vuggy: 822 m; total m Stratlgraphlcol nterval model, well-control
error £15-25% .
18-29 m stratigraphy
~35% initial Initial £10-15%; Weyburn initial

Water saturation (;iscozzer —phase Dimensionless post-injection changes water saturation

(Sw) ) yp (fraction) unknown, potentially estimate; log
estimate

higher interpretation
Not provided; Engineering estimate

Contact fraction engineering Dimensionless Highly uncertain, possibly his%or matgchin or !

(feontact) judgment or 150% or higher y cung,
simulation required numerical simulation
Not provided; Engineering estimate

Swept fraction engineering Dimensionl Highly uncertain, possibly hi % . matgh'n . ’

f judgment or CNSIONIESS  +50% or higher SOy atching, o

( swept J g g
simulation required numerical simulation
No public measured %:S,E)z??fai?;?late
uniform endpoint for corz CO.—brine dis-
77 wells; some Carbonate S_gr highly 2 .
simulation studies variable; typical £10-20%; placement/relative-

Residual gas . Dimensionless . " i ’  permeability

) use 0.05 but explicitly . using an incorrect .
saturation (S,,) (fraction) ! hysteresis data, or a
8 a sandstone endpoint causes historv-matched
assumption, not a systematic bias Y .
Wevburn model constrained by
meZsurement production, pressure,
and 4D seismic
Propagated from P, T
. . NIST/REFPROP or
3
CO, density (pcoy) Calculated from P, T  kg/m ir;ci)l;;amtles, about PR/EOS equations
LS o
Not explicitly

CO, purity (xco2)

reported in current
dataset

Mole fraction

Purity fluctuations
possibly £2-5%

Injection gas
composition analysis
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Table 2. Cont.

Parameter Value/Range Unit Uncertainty Range Data Source
Project-level ~8500 Metering error +5-10%;
Injection mass rate t/d CO, project-level data not Public project-level
; S t/d or kg/d .
(mh) supply/injection representative of data
scale individual wells
. If ignored, may
Recovered CO, mass P0551b1y' 0 or from. overestimate net injection; Production/recycling
production/recycling kg
(M;ee) depends on record records
records
completeness
Figure 8. Map-view distribution of well-averaged input and output variables. Colors indicate value
ranges for (a) thickness, (b) density, (c) porosity, (d) permeability, (e) injection depth, (f) injection
time, (g) RTI, and (h) STI.
Table 3. Descriptive statistics of input and output variables used for model training and evaluation.
Type Symbol Unit Minimum = Maximum Mean SD Variance
RTI - 0.0161 0.979 0.408 0.239 0.0571
Output
STI - 0.000362 0.887 0.227 0.21 0.0441
Porosity fraction 0.03 0.2 0.15 0.03 0.0009
Input log10(K) mD -2 1.464 0.453 0.623 0.388
geological Thickness m 0.5 79.1 29.77 11 121
Density kg/m3 2716 2832 2744 13.76 189.34
Input Injection depth m 1200 1800 1476 150 22,500
operational  [njection time years 0.23 9.26 7.9 1.06 1.1236

Note. Thickness is the total reservoir thickness of the completed interval per well; the 18-29 m interval
in Table 2 refers to the literature stratigraphic thickness of the Marly and Vuggy units, and compiled
intervals exceed it locally. Porosity is the compiled dataset range from core and log interpretations
and lies largely within the Vuggy range of Table 2. Injection depth is reservoir TVD.
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4.2. Comparative Performance of Machine Learning Models

The six algorithms show differences in their exploratory STI predictions on the held-out
subset (Figure 9). The R? column in Table 4 has been reconciled with the values annotated
in Figure 9: XGBoost (0.81), LightGBM (0.76), Random Forest (0.71), KNN (0.60), SVM
(0.56), and ElasticNet (0.53). The comparative ordering is therefore based on a single
internally consistent set of displayed R? values. The models reported here were retrained
after the depth predictor was changed from measured depth to the true vertical depth of
the completed interval. The retraining did not change the displayed held-out R? values at
two decimals: across the 77 wells, the MD-based and TVD-based depth values are almost
rank-equivalent (Spearman p = 0.98), and the depth range collapses to the narrow reservoir
interval of 1200-1800 m, so the splits and neighborhood structure of the fitted models are
effectively unchanged. The retraining therefore changed the predictor definition rather than
the reported performance.

(a) XGBoost

(b) Random Forest

(c) LightGBM

1.00 1.00 1.00
Train Train Train
TrainiffR§R2=0.850 Trainiff§R2=0.810 Trainif§R?=0.710
Test R2=0.810 o Test R2=0.710 Test R2=0.760
0.75 F4 0.75 o 0.75 d
o ‘e
b # ° °
@ P 4 1] s @
8 A g 4 I
£ 050 L £ 050 £ 0504
o o’ 14 4
I / I I
0.25 v 0.25 0.25
;/ s
1",
0.00 +& - - 0.00 42 - - 0.00 +* - - -
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Actual Actual Actual
(d) KNN (e) SVM (f) ElasticNet
1.00 y 1.00 v 1.00
Train ’/ Train o Train
Trainif§R?=0.42Q 7 TrainifR2=0.280 "3 Trainif§'R2=0.410 '
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0.00 0.00 0.00
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Actual Actual Actual

Figure 9. Predicted versus observed STI values for the six machine learning models on the held-out
subset. Panels show (a) XGBoost, (b) Random Forest, (¢) LightGBM, (d) KNN, (e) SVM, and
(f) ElasticNet. The black dashed diagonal line denotes perfect agreement; the panel R? annotations
correspond to the R? values in Table 4.

The strong XGBoost performance can be attributed to its sequential boosting strategy,
regularization, and capacity to represent interactions among heterogeneous predictors.
In this application, storage efficiency is influenced by the combined effects of pressure-
temperature conditions, permeability architecture, pore volume, and injection duration.
A boosted tree model can capture these interactions without assuming a single linear
relationship. XGBoost was therefore selected as the champion model for the subsequent
feature-importance analysis.

The sample-to-feature ratio is approximately 13:1, which is acceptable for a compact
regression problem but still requires caution. Five-fold cross-validation within the training
subset gave a mean cross-validated R? of 0.85, whereas the independent hold-out test subset
gave R? = 0.81; the two quantities are reported here with their respective partitions to avoid
ambiguity. This result, together with the hold-out test evaluation and regularized model
settings, suggests that the model captures meaningful relationships rather than simply
memorizing the training data.
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The R? values reported in Table 4 and annotated in Figure 9 refer to the same displayed
held-out comparison. The earlier mismatch caused by non-identical reporting outputs
has been removed. No severe multicollinearity was detected; all VIF values were below
10. Pearson and Spearman correlations showed moderate associations between injection
depth and some geological variables, but the overall structure did not indicate harmful
redundancy. The reduced axes of Figure 9 now span the full observed and predicted STI
range of zero to one.

Table 4. Exploratory held-out prediction performance of the six machine learning models for STI.
The R? values are identical to the annotations in Figure 9.

Original Permeability log,, (K)
Model R?2  MSE  MAE R?2  MSE  MAE
XGBoost 081 0021 01047 083 0019 0098
Random Forest 071 0026 01014 072 0025 0.1
LightGBM 076 0023 0112 077  0.022 0.11
KNN 0.6 0034 00955 061 0033  0.094
SVM 056 0039 0112 057 0038  0.111
FlasticNet 053 0047 01207 054 0046  0.119

To further examine whether the model performance was sensitive to data partition-
ing, the prediction procedure was repeated under 100 independent random train—test
splits. For the XGBoost model, the repeated-splitting analysis yielded a mean test-set R? of
0.810 + 0.0280, with an empirical 95% confidence interval of [0.7550, 0.8650]. The corre-
sponding mean MSE was 0.0137 £ 0.0049, with a 95% confidence interval of [0.0058, 0.0266].
The mean MAE was 0.0926 + 0.0174. These results were obtained from 100 repeated ran-
dom 80:20 train—test splits of the 77-well Weyburn dataset. These results indicate that
the prediction accuracy remained relatively stable across different random partitions of
the dataset.

4.3. Controls on CO, Storage Efficiency

Feature-importance analysis of the optimized XGBoost model was used to convert
prediction results into geological interpretation. The normalized importance values shown
in Figure 10 indicate a ranked control system rather than a single dominant variable.

The reported feature importance is a global ranking from the fitted XGBoost model and
is not a statistical significance test. Feature importance was evaluated using 100 repeated
permutation importance runs on the held-out test data. For each predictor, the mean
importance, standard deviation, empirical 95% confidence interval, and permutation-test p-
value were calculated. The resulting ranking is reported in Figure 10, and the corresponding
SHAP-based interpretation is shown in Figure 11.

(1) Exploratory ranking. Injection depth and permeability are the two highest-ranked
variables in the displayed XGBoost importance chart. This ranking is an association
within the present analytical index dataset and is not a verified causal hierarchy.

(2) Other ranked variables. Porosity, rock density, and injection duration occupy interme-
diate positions in the displayed model ranking, while gross thickness has the lowest
relative importance. Their relative values are reported with the mean importance,
standard deviation, empirical 95% confidence interval, and permutation-test p-value
obtained from the 100 repeated permutation importance runs described in Section 4.3.
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(3) Interpretation boundary. Gross thickness may be a weaker proxy than net connected
thickness and permeability architecture, but this proposition requires independent

geological validation and cannot be inferred from the global importance chart alone.

Thickness

—

Injection time -

Density

Porosity

Permeability -

Injection depth

0.0

0.2

0.4 0.6
Normalized importance

0.8 1.0

Figure 10. Feature importance derived from the optimized XGBoost model, calculated as the mean of
100 repeated permutation importance runs on the held-out test set. Error bars represent +1 standard
deviation across the 100 repetitions. Injection depth and permeability are the highest-ranked controls,
followed by porosity, density, and injection duration; gross thickness contributes least strongly in

this dataset.
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Figure 11. SHAP-based interpretation of the optimized XGBoost model for STI prediction. (a) SHAP
analysis for the optimized XGBoost model on the 77-well Weyburn dataset. It shows the global
distribution, magnitude, and direction of feature contributions; (b) SHAP dependence plot for
injection depth; and (c¢) SHAP dependence plot for permeability. Each point represents one well, and
color denotes the STI value.

https://doi.org/10.3390/pr14213532


https://doi.org/10.3390/pr14213532

Processes 2026, 14, 3532

19 of 24

The displayed ranking is used only to guide hypothesis generation for additional
characterization. It does not establish that a single predictor is a dominant physical control
across the Weyburn field.

SHAP-based interpretation of the optimized XGBoost model shows the global distribu-
tion, magnitude, and direction of feature contributions, with dependence plots for injection
depth and permeability indicating systematic effects on predicted STI (Figure 11).

4.4. Practical Value of the Data-Driven Workflow

The integrated dataset and machine learning workflow developed here provide a
rapid alternative for preliminary storage-efficiency screening. Once trained, the model can
generate a preliminary STI estimate rapidly for wells or scenarios within the data-supported
geological domain, without repeated full-physics simulation. However, this speed should
not be interpreted as a guarantee of predictive accuracy away from sampled locations. The
spatial block validation yielded an aggregated R? of 0.61, and the distance-buffer analysis
reduced R? to 0.38 as the required train-test separation increased, with a repeated-split
confidence interval that does not include zero. The workflow should therefore be used as
a conditional screening aid for within-field interpolation and hypothesis generation, not
as a validated predictor for unsampled areas or a substitute for site-specific simulation
and monitoring.

The Weyburn case also demonstrates how a data-driven model can reproduce geologi-
cally plausible controls. The high importance of injection depth is consistent with the role
of pressure and temperature in CO, phase behavior, whereas the high importance of perme-
ability reflects the influence of carbonate heterogeneity on plume migration and trapping.
With retraining on site-specific data, the workflow can be transferred to other carbonate
CO,-EOR and storage projects as a decision-support tool rather than a replacement for
detailed reservoir simulation.

5. Discussion
5.1. Applicability of Data-Driven Storage Assessment

Analytical equations provide a transparent basis for calculating trapping indices, but
they do not fully address the prediction problem faced during real CCUS screening. Field
datasets are commonly incomplete, noisy, and collected at different scales, while reservoir
behavior depends on interactions among geological and operational variables. Machine
learning is useful in this setting because it can learn these interactions directly from inte-
grated datasets and generate rapid predictions for many candidate cases [31,32].

The present results support three practical advantages of data-driven assessment. First,
nonlinear algorithms can represent parameter interactions that are difficult to express in
simplified screening equations. Second, trained models can evaluate many scenarios quickly,
which is useful for sensitivity analysis and decision support. Third, model interpretation
provides a ranked view of controlling variables, allowing prediction results to be translated
back into geological reasoning rather than used as a purely black-box output.

5.2. Data-Representation Limits and Improvement Strategies

The main limitation of the current dataset is its well-level representation. Vertical
and horizontal wells were reduced to single averaged values over completed intervals,
which makes the model input consistent but compresses lateral and vertical heterogene-
ity. This simplification is particularly important for carbonate reservoirs, where flow
may be concentrated in thin high-permeability zones, vugs, fractures, or stratigraphic
layers [33-37]. Future datasets should retain interval-scale or trajectory-resolved descriptors
where possible.
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The model also omits several dynamic and thermodynamic variables because they were
not consistently available, including time-varying injection rate, salinity, measured forma-
tion pressure, and temperature [38-42]. This omission limits the interpretation of injection
depth, which is treated here as a proxy for pressure-temperature conditions rather than
as a directly measured thermodynamic variable [43-47]. Future work should incorporate
these controls and test time-series models, such as recurrent neural networks or transformer
architectures, for forecasting trapping evolution. In addition, the present interpretation is
based on feature-importance ranking rather than full explainability analysis; future studies
should further analyze related methods to quantify local and global model behavior.

The correlation analysis showed that injection depth is moderately correlated with
some geological parameters, which may reflect the combined influence of burial history
and reservoir quality. Although VIF values did not indicate severe multicollinearity, the
interpretation of depth importance should be cautious because depth is a proxy for pressure
and temperature rather than a direct thermodynamic measurement. Future work should
incorporate measured pressure-temperature data to decouple these effects.

5.3. Coupling Physical Understanding with Machine Learning

This study uses a hybrid formulation in which the RTI and STI are calculated from
established analytical relationships and then predicted from geological and operational
features. Although this approach is simpler than training directly on high-resolution
three-dimensional simulation outputs, it provides a reproducible bridge between physical
understanding and data-driven prediction. Because some predictors also enter the analytical
trapping index framework, part of the learned signal may reflect the structure of the index
calculation itself. The feature-importance ranking is therefore interpreted as a control
ranking within the adopted screening index framework, not as a fully independent causal
proof of storage physics. Future work should couple the workflow with high-fidelity
multiphase-flow simulations and measured pressure-temperature—salinity data to reduce
this circularity risk.

A natural next step is to incorporate outputs from high-fidelity multiphase-flow, geo-
chemical, and geomechanical simulations into the training database. Such integration
would allow the model to learn more complex storage behavior, including feedback among
pressure buildup, brine displacement, dissolution, mineral reaction, and fault or fracture
response. This direction would move the workflow toward a physics-informed machine
learning framework for CCUS process evaluation.

5.4. Uncertainty Quantification and Validation Needs

Core, log, and injection-derived parameters contain measurement error, interpreta-
tion uncertainty, and scale-conversion uncertainty. These uncertainties were not propa-
gated through the current modeling workflow [38-40]. Future studies should incorporate
uncertainty propagation using Monte Carlo sampling, noise injection, or probabilistic
input distributions.

Here, a conventional random 80:20 split may be overly optimistic for the Weyburn
dataset because nearby wells can share similar facies, petrophysical properties, completion
conditions, and injection histories. The random-split results therefore primarily reflect
interpolation performance within the sampled field domain and do not, by themselves,
demonstrate spatial extrapolation capability.

To address this issue, we added a spatial block cross-validation analysis. Well locations
were represented by the coordinates of the reservoir intersection or, for horizontal wells, the
midpoint of the completed interval and projected to a metric coordinate system before spatial
grouping. The 77 wells were partitioned into five geographically contiguous blocks using
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k-means clustering on the projected well coordinates. In each outer fold, one spatial block
was withheld for testing, and the remaining four blocks were used for model development.
Feature scaling, logarithmic transformation of permeability, and hyperparameter tuning
were performed exclusively within the training blocks.

For each outer spatial fold, prediction performance was evaluated using R?, MSE, and
MAE. The XGBoost model achieved an aggregated spatial-block-validation R? of 0.61, MSE of
0.038, and MAE of 0.128. Across the five held-out spatial blocks, the mean R? was 0.59 + 0.17,
compared with 0.81 under random splitting. This reduction in performance indicates that
the random split was optimistic because of spatial dependence among nearby wells.

A distance-buffer sensitivity analysis is also conducted. For each held-out spatial block,
training wells located within a minimum separation distance d from any test well were
excluded. The Euclidean separation distance was calculated from projected coordinates as:

dyy = \/(Xz‘ -x) + (Y- Y,)’, (17)

Prediction errors were evaluated at d = 0, 0.5a, a, and 1.5a, where a is the horizontal
variogram range of the reservoir-property field. The horizontal variogram range of the
reservoir-property field is a & 1500 m, so the buffer distances correspond to approximately
750 m, 1500 m, and 2250 m. As the required train-test separation increased, R? changed
from 0.81 to 0.38, while MSE changed from 0.021 to 0.062. These results quantify the decline
in predictive accuracy when the model is applied farther from sampled wells.

The spatial structure is further assessed in the out-of-block residuals using Moran’s
I with a distance-based spatial-weight matrix. The residual Moran’s I was 0.11 with
permutation-test p = 0.23, indicating no statistically significant residual spatial autocorrela-
tion after spatial validation.

5.5. Geological Meaning of the Feature-Importance Results

The feature-importance analysis is an exploratory model interpretation, not a direct
demonstration of trapping mechanisms. Injection depth is retained as a well-location and
operational descriptor. Published field-scale reference conditions cannot substitute for
well-level measurements of pressure, temperature, salinity, or phase state; depth is therefore
not treated as a measured thermodynamic proxy in this dataset.

Permeability may be related to flow connectivity, vugs, fractures, and diagenetic fabric
in carbonate reservoirs. However, its plotted model importance is treated as an association
within the analytical index framework, and the severely skewed distribution was therefore
evaluated through the documented log-transformation sensitivity analysis reported in
Table 4, which supports the stability of the ranking.

Porosity and rock density form a second tier of controls. Porosity sets the volume avail-
able for CO, storage, but its effect depends on whether pores are connected and accessible
to flow. Density can indirectly reflect lithology, mineral composition, and cementation, all of
which may influence pore structure and reactive surface area. Although mineral trapping
is not explicitly modeled in this workflow, these relationships help explain why density
contributes to the prediction. Because the compiled porosity range of 0.03-0.20 lies largely
within the Vuggy interval reported in Table 2, the dataset is dominated by Vuggy-type pore
systems, and the porosity control inferred here should be read in that context rather than
extrapolated to the high-porosity Marly intervals.

The low importance of gross thickness is geologically meaningful. In a stratified
reservoir, storage efficiency is governed less by total stratigraphic thickness than by the net
thickness, continuity, and permeability of connected flow units. Internal baffles between
the Marly and Vuggy intervals can compartmentalize flow, so a thicker interval does not
necessarily provide a proportionally larger effective storage volume.
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Injection duration shows a moderate influence, reflecting the time dependence of disso-
lution and residual trapping. Longer injection periods generally increase the opportunity for
CO,-brine contact and plume immobilization, but the rate of this process depends strongly
on permeability architecture. The combined ranking therefore supports a conceptual model
in which thermodynamic conditions and flow connectivity jointly control storage efficiency
in the Weyburn field.

6. Conclusions

This study developed and evaluated a feature-importance-supported machine learning
workflow for estimating STI-based CO, storage efficiency in the Weyburn carbonate reservoir.
By integrating geological and operational information from 77 wells, the analysis suggests
that data-driven models can capture nonlinear relationships between reservoir heterogeneity
and analytical trapping indicators while still requiring caution because of the compact
sample size and analytical index target construction. The main conclusions are as follows:

In the displayed held-out comparison, XGBoost has the highest R? value (0.81). This
exploratory result does not establish robust superiority because repeated, nested, and
spatially blocked validation results have been performed using a traceable final dataset.

The displayed global ranking places injection depth and permeability ahead of the other
input variables. This ordering is treated as an exploratory association within the adopted
analytical screening index framework, not as a verified thermodynamic or causal conclusion.

The relatively low importance of gross thickness shows that net connected storage
volume, internal baffles, and vertical permeability distribution are more informative than
total stratigraphic thickness in the Weyburn system. This finding supports high-resolution
geological characterization during storage screening.

The workflow provides a transferable screening approach for carbonate CO, storage
projects, but transferability should be regarded as conditional rather than automatic. Be-
cause the log-transformation sensitivity test and the spatially aware validation have now
been completed (Table 4; Section 5.4), the remaining development needs are the incorpora-
tion of site-specific salinity, measured pressure-temperature data, injection-rate history, and
uncertainty analysis, and the framework can support faster and more transparent evaluation
of geological storage potential.
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