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Abstract
Selecting the most suitable enhanced oil recovery
(EOR) technique remains challenging due to
severe class imbalance in historical datasets and
the limitations of traditional screening criteria.
To address data imbalance while preserving
domain knowledge, this study proposes a novel
machine learning framework that incorporates
domain-informed synthetic data generation
strictly constrained by established EOR screening
criteria. An initial dataset of 583 documented
EOR projects was compiled from field reports and
public databases. After rigorous cleaning, 575
valid samples were retained and subsequently
augmented to 760 balanced instances (class
sizes ranging from 60–110 samples per class).
This reduced the imbalance ratio from 123:1 to
approximately 1.8:1. The augmented dataset
was processed using principal component
analysis (PCA) for dimensionality reduction,
followed by hyperparameter tuning and 5-fold
cross-validation. Among the evaluated models,
K-Nearest Neighbors (KNN) and Random Forest
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achieved the highest macro-averaged performance
(F1-score of 0.89 and 0.85, respectively). The results
demonstrate that domain-guided synthetic data
generation significantly improves model accuracy
and robustness for multi-class EOR screening,
offering reservoir engineers a reliable, machine
learning-supported decision-making tool.

Keywords: EOR screening, machine learning, screening
criteria, imbalanced data, multi-class classification,
enhanced oil recovery.

1 Introduction
Enhanced oil recovery (EOR) represents a pivotal area
within reservoir engineering, dedicated to recovering
residual oil from mature reservoirs, as illustrated in
Figure 1. The selection of an optimal EOR method
poses a persistent challenge, owing to the complex
interplay of reservoir and fluid properties—such as
depth, temperature, porosity, permeability, and oil
characteristics [1]. Although traditional screening
guidelines have seen extensive use, their effectiveness
is often constrained by limited historical data and
reliance on subjective expert interpretation.
Despite recent advances in applying machine learning
to EOR screening [2–4], existing approaches remain
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Figure 1. Classification of enhanced oil recovery (EOR) methods.

severely limited by two primary challenges: severe
class imbalance in historical datasets and the lack
of domain-informed synthetic data generation.
As a result, models tend to exhibit strong bias
toward the majority class while delivering poor
predictive performance on underrepresented EOR
techniques [5].
To address these limitations, this study proposes a
novel machine learning framework that incorporates
domain-informed synthetic data generation, strictly
guided by established EOR screening criteria, while
systematically comparing multiple algorithms. The
approach is built upon an initial compilation of
583 documented EOR field projects. Following
rigorous data cleaning (detailed in Section 2), 575
high-quality samples were retained for subsequent
modeling. Given the severe class imbalance—some
EOR techniques were represented by very few
examples—the dataset was augmented through
controlled oversampling and synthetic sample
generation, increasing the total to approximately 760
balanced instances and reducing the imbalance ratio
from 123:1 to roughly 1.8:1. Model performance was
further enhanced via grid search hyperparameter
optimization applied to four selected algorithms,
followed by rigorous evaluation using 5-fold
cross-validation, which yields more reliable
performance estimates [6].
There are three contributions to this research work:

• Constructing a carefully curated dataset with
relevant domain insights.

• Comparing four machine learning algorithms to
find the best one for selecting EOR techniques.

• Introducing a practical tool to help choose the
most suitable EOR method for a reservoir.

By combining domain knowledge with advanced
machine learning techniques, this research work
provides a more robust and generalizable approach to
EOR screening, providing both methodological and
practical assistance to reservoir engineering.

2 Methodology
2.1 EOR Data Source and Screening Criteria
The overall workflow is illustrated in Figure 2. Dataset
construction was guided by established EOR screening
criteria, which define the acceptable ranges of fluid
and reservoir properties associated with successful
application of each EOR technique [7–9]. For instance,
polymer flooding is generally suited to shallower
reservoirs, whereas miscible gas injection requires
sufficient depth to maintain the minimum miscibility
pressure [7, 9]. Adherence to these predefined ranges
ensured consistency with domain knowledge and
enabled the subsequent generation of geologically
realistic synthetic data (Table 1), ensuring that
augmentation steps preserve physical validity rather

66



Reservoir Science

Table 1. Screening criteria for enhanced oil recovery (EOR) methods based on fluid and reservoir properties.
Parameter Nitrogen and

Flue Gas
Hydrocarbon Carbon Dioxide

(CO2)
Immiscible
Gases

Micellar / Polymer
ASP & Alkaline
Flooding

Polymer
Flooding

Combustion Steam

Oil API Gravity 35 (avg. 48) 23 (avg. 41) 22 (avg. 36) 12 20 (avg. 35) 15–40 10 (avg. 16) 8–13.5 (avg. 13.5)
Oil Viscosity
(cp)

0.4 (avg. 0.2) 3 (avg. 0.5) 10 (avg. 1.5) 600 35 (avg. 13) 10–150 5000 (avg. 1200) 200,000 (avg.
4700)

Composition High % C1–C7 High % C2–C7 High % C5–C12 Not critical Light/intermediate;
some organic acids (for
alkaline floods)

Not critical Some asphaltic
components

Not critical

Oil Saturation
(PV Fraction)

0.40 (avg. 0.75) 0.30 (avg. 0.80) 0.20 (avg. 0.55) 0.35 (avg. 0.70) 0.35 (avg. 0.53) 0.70 (avg. 0.80) 0.50 (avg. 0.72) 0.40 (avg. 0.66)

Formation Type Sandstone or
Carbonate

Sandstone or
Carbonate

Sandstone or
Carbonate

Not critical Sandstone preferred Sandstone
preferred

High-porosity
sandstone

High-porosity
sandstone

Net Thickness
(ft)

Thin unless
dipping

Thin unless
dipping

Wide range Not critical if
dipping

Not critical Not critical 10 ft 20 ft

Average
Permeability
(md)

Not critical Not critical Not critical Not critical 10 md (avg. 450 md) 10 md (avg. 800
md)

≥50 200

Depth (ft) 6000 4000 2500 1800 9000 (avg. 3250) 9000 11500 (avg. 3500) 4500
Temperature
(°F)

Not critical Not critical Not critical Not critical 200 200 ≥100 Not critical

than relying solely on statistical considerations.

Figure 2. Research methodology flowchart.

2.2 Data Collection and Preprocessing
The dataset was compiled from a variety of reputable
sources, including peer-reviewed publications,
industry reports, and publicly available EOR
databases, encompassing 583 documented EOR
projects across diverse geographic regions and
reservoir conditions. Each record contains key fluid

and reservoir properties such as API gravity, viscosity,
depth, temperature, permeability, oil saturation, and
formation type, along with the corresponding EOR
technique applied.
Following data collection, a systematic preprocessing
pipeline was implemented to ensure dataset integrity.
Missing values in continuous variables (depth,
viscosity, API gravity, temperature, permeability, and
oil saturation) were addressed through class-wise
median imputation, which preserves the characteristic
parameter ranges of each EOR method and ensures
consistency with the domain screening criteria. For
instance, missing depth values in CO2 Miscible
samples were replaced with the class median, thereby
respecting the >2500 ft screening threshold specified
in Table 1. For categorical variables such as formation
type, mode imputation was applied within each
EOR class; a polymer flooding sample with missing
formation type, for example, was assigned “Sandstone”
in accordance with the preferred formation criterion
for that method. Records with more than 30%
of features missing were excluded, as extensive
imputation of a single record would introduce
substantial uncertainty and undermine analytical
reliability. This preprocessing pipeline reduced the
original 583 samples to 575 high-quality instances,
with only 8 records (1.4%) excluded due to excessive
missing values or evident data quality issues.

2.3 Outlier Detection and Treatment
Boxplots were used to detect outliers in continuous
variables across each EOR class, as illustrated in
Figure 3. Outliers were defined as values falling
beyond 1.5 times the interquartile range (IQR) from
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Figure 3. Box plots of EOR methods versus reservoir depth.

the first and third quartiles. Rather than automatically
removing all statistically identified outliers, domain
knowledge was applied to differentiate between true
anomalies and physically valid extreme cases.

For instance, Figure 3 reveals that the N2 miscible
class includes a maximum depth of 18,000 feet, while
the majority of samples cluster between 3,000 and
4,000 feet. Although this extreme value qualifies as
a statistical outlier, it corresponds to a documented,
real-world deep reservoir case. Such outliers were
retained if they remainedwithin the physically feasible
ranges specified by the EOR screening criteria in Table 1
and could be corroborated by published literature.

Conversely, we removed clear data entry errors such
as negative viscosity values, API gravity exceeding
100°, or temperatures below surface conditions as these
violate physical constraints. We also removed samples
where parameter combinations were geologically
implausible, such as very shallow reservoirs (<500
ft) with extremely high temperatures (>300°F), which
would violate normal geothermal gradients.

2.4 Data Validation, Transformation, and Synthetic
Data Generation

Following imputation and outlier treatment, all
retained samples were validated to ensure their
parameter values fell within the acceptable ranges
specified by the EOR screening criteria for their
respective classes (Table 1). This validation step

confirmed that the cleaned dataset preserved
geological realism and domain consistency throughout
the preprocessing pipeline.

Prior to model training, the validated dataset was
subjected to standard transformation procedures.
Categorical variables, such as formation type,
were encoded using one-hot encoding to produce
numerical representations suitable for machine
learning algorithms. Continuous features were
standardized using StandardScaler (mean = 0, unit
variance) to ensure uniform feature scales, which is
particularly important for distance-based algorithms
such as KNN and for principal component analysis
applied in the subsequent dimensionality reduction
step.

To address the severe class imbalance in the
dataset [10], this study introduces a novel
domain-informed synthetic data augmentation
approach that integrates controlled oversampling
with domain-constrained sample generation,
as illustrated in Figure 4. Unlike conventional
statistical resampling techniques such as SMOTE [11],
which generate synthetic samples purely through
feature-space interpolation without regard to physical
plausibility, the proposed method—referred to
as Domain-Informed Synthetic Data Generation
(DI-SDG)—strictly bounds all generated instances
within the EOR screening criteria established in
Table 1, ensuring geological realism and physical
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Figure 4. Sample count comparison before and after augmentation (before: 575 samples with 123:1 imbalance ratio; after:
760 samples with 1.8:1 imbalance ratio).

validity for each EOR class. Through this strategy,
the cleaned dataset of 575 samples was expanded
to 760 instances, with class sizes ranging from 60
to 110 samples (averaging approximately 95 per
class). Although perfect balance was not achieved,
the imbalance ratio was substantially reduced from
123:1 to approximately 1.8:1, enabling more equitable
learning across all EOR methods and mitigating the
bias toward majority classes that typically degrades
predictive performance on underrepresented EOR
techniques.

2.4.1 Domain-Informed Synthetic Sample Generation
The proposedDI-SDGmethod generates new instances
by applying constrained perturbations to existing
samples, ensuring that all parameter values remain
within the valid ranges specified in Table 1 for the
target EOR class. The procedure is formalized in
Algorithm 1.
Generating CO2 Miscible Samples:
To illustrate the generation process, consider the
synthesis of additional CO2 Miscible samples.
According to Table 1, CO2 miscible flooding is
applicable when API gravity exceeds 22° (average
36°), reservoir depth exceeds 2500 ft, oil viscosity
is below 10 cp (average 1.5 cp), and oil saturation

exceeds 0.20 (average 0.55). Starting from a real
CO2 Miscible field sample with API = 30°, depth =
3000 ft, viscosity = 3 cp, and oil saturation = 0.50,
small constrained perturbations are applied to each
parameter. The resulting synthetic sample has API
= 32.5°, depth = 3350 ft, viscosity = 2.8 cp, and oil
saturation = 0.53. Each perturbed value remains
within the valid range specified in Table 1 for CO2

Miscible flooding, confirming the geological validity
of the generated instance.

2.5 Comparison with Conventional Resampling
Approaches

Conventional resampling methods such as SMOTE
generate synthetic samples through purely statistical
interpolation in feature space, without imposing
any domain-based constraints. This can produce
physically implausible instances—for example, CO2

injection scenarios at depths below 2500 ft, which
violate the minimum depth criterion established
in Table 1. By contrast, DI-SDG enforces the
EOR screening criteria as hard boundaries during
generation, ensuring that every synthetic instance is
geologically valid and representative of conditions
under which the target EOR method is known to
be applicable. This domain-constrained approach is
the key methodological distinction between DI-SDG
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Figure 5. Heat map showing correlated features of reservoir properties.

and purely statistical oversampling techniques, and
it is the primary reason for the superior performance
of DI-SDG demonstrated in the experimental results
(Section 3).

2.6 Data Splitting
Following oversampling and synthetic data generation,
the dataset was partitioned into training and testing
sets. Approximately 80% of the samples (608
instances) were allocated to the training set, while the
remaining 20% (152 samples) formed the test set. This
split enabled a robust evaluation ofmodel performance
on unseen data, ensuring reliable assessment of
accuracy and generalization. Data splitting can
be viewed as a statistical sampling problem [12],
and various techniques have been proposed for this
purpose [13]. Simpler approaches such as simple
random sampling (SRS) and trial-and-error methods
are widely used but tend to produce high variance in
model performance estimates. Deterministic methods
such as systematic and convenience sampling are
computationally efficient but are restricted to specific
dataset structures. More sophisticated techniques,
including CADEX, DUPLEX, and stratified sampling,

exploit the underlying data structure to yield more
reliable partitions, albeit at greater computational cost.
In this study, stratified random sampling was adopted
to ensure proportional class representation across
both the training and test sets, which is particularly
important given the multi-class nature of the EOR
screening task.

2.7 Feature Engineering
To identify the most influential features for EOR
classification, a systematic feature selection process
was applied. Redundant or low-importance features
were removed, retaining only those with significant
predictive impact [14]. A correlation heatmap
(Figure 5) was used to identify and eliminate highly
correlated features, as collinear features provide
redundant information that can introduce bias or
reduce model generalizability.

2.8 Model Selection and Implementation
Selecting appropriate machine learning models is a
critical step for the EOR screening task. Based on a
comprehensive evaluation of model characteristics and
dataset requirements, four algorithms were selected
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Algorithm 1: Domain-Informed Synthetic Data
Generation (DI-SDG)
Input: Original dataset D; EOR screening criteria

C; target class c; number of synthetic
samples required n

Output: Synthetic sample set S
S ← ∅;
while |S| < n do

Select a seed sample x from class c in D;
for each feature fi in x do

Apply a small random perturbation δi to
obtain x̃i = xi + δi;
Clip x̃i to the valid range [Cmin

i , Cmax
i ]

specified for class c;
end
x̃← (x̃1, x̃2, . . . , x̃p);
if x̃ satisfies all constraints in C for class c then
S ← S ∪ {x̃};

end
end
return S ;

for this study. Table 2 summarizes the rationale for this
selection, outlining the key strengths of each model
and their specific relevance to the EOR screening
problem.
Selecting appropriate machine learning models
for EOR screening requires balancing predictive
performance, interpretability for domain experts, and
computational efficiency given the multi-class dataset
(10 EOR types, originally with a severe imbalance ratio
of 123:1, subsequently balanced to 760 samples via
DI-SDG).

Selection Criteria
Model selection prioritized practical performance
for EOR classification under real-world constraints,
including class imbalance and limited training
data [15].

Handling Multi-Class Imbalance
Priority was given to models capable of natively
managing 10 EOR classes under extreme class
skew—with CO2 miscible represented by as few as
11 samples—without collapsing to majority-class bias.

Ensuring Interpretability
Selected models were required to provide transparent
decision logic that petroleum engineers can trace back
to physical screening criteria, such as API gravity>22°
and depth >2500 ft.

Dataset Compatibility
The selection focused on algorithms proven effective
for modest tabular datasets (760 samples, 14 features)
that require minimal tuning for reservoir engineering
deployment.

Excluded Models
SVM was excluded due to multi-class complexity
(requiring up to 45 binary classifiers), susceptibility to
class imbalance, and low interpretability.

Neural Networks were excluded given the small
dataset size (760 samples), high risk of overfitting,
extensive tuning requirements, and black-box nature.

Logistic Regression was excluded because its linear
assumptions are incompatible with the non-linear
relationships inherent in EOR parameter interactions.

2.8.1 Evaluation Strategy
K-Fold Cross-Validation. Five-fold cross-validation
(K = 5) was employed as the primary evaluation
strategy. The dataset was partitioned into five equal
folds; in each iteration, four folds (approximately 608
samples) were used for training while the remaining
fold (approximately 152 samples) served as the
validation set. This process was repeated five times
such that each fold served as the validation set exactly
once, yielding more reliable performance estimates
than a single held-out split [6]. The K = 5 value
was selected to balance computational efficiency with
reliable performance estimation, ensuring each test
partition had adequate representation of all 10 EOR
classes (15-20 samples per class per fold).

Rationale for Macro-Averaged Metrics: Given the
class imbalance in our EOR dataset, we deliberately
chose macro-averaged precision, recall, and F1-score
(Table 5) rather than weighted or micro-averaging.
Macro-averaging calculates metrics independently for
each of the 10 EOR classes, then takes their unweighted
mean. This ensures equal consideration of rare
methods (e.g., CO2 miscible with 60-70 samples) and
common methods (e.g., polymer flooding with 110
samples), aligning with engineering practice where
correctly identifying the optimal EOR method is
equally critical regardless of reservoir type frequency
in historical data. Weighted averaging would
mask poor performance on minority classes, while
micro-averaging would measure only overall accuracy
without class-specific insight, neither appropriate for
our imbalanced, multi-class EOR screening context [5].
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Table 2. Rationale for the selected models.
Model Key Strengths EOR Relevance
Decision Tree Interpretable hierarchy; no

preprocessing needed for
mixed features.

Mimics engineer screening
trees (e.g., API gravity
thresholds).

Random Forest Ensemble robustness
to imbalance; feature
importance.

Ranks parameters like
viscosity, aiding reservoir
prioritization.

K-Nearest
Neighbors
(KNN)

Instance-based; non-linear
boundaries.

Groups similar
reservoirs (e.g., by
porosity-permeability).

XGBoost Gradient boosting with
regularization; tabular data
leader.

Proven in geoscience tasks.

2.9 EOR Screening Modeling and Model Selection
2.9.1 Decision Tree
We chose the Decision Tree method because its
hierarchical structure naturally mirrors the rule-based
logic of EOR screening criteria, and tree-based
approaches have demonstrated effectiveness in EOR
classification tasks [16]. Its flowchart-like nature
asks questions about the data one at a time and
groups the answers, making decision boundaries
easy to follow and interpret. After hyperparameter
tuning, the Decision Tree achieved a macro-averaged
F1-score of 0.85 on the held-out test set. Using 5-fold
cross-validation on the DI-SDG augmented dataset,
the model’s mean accuracy was 80.4% (Table 6).

2.9.2 Random Forest
We selected Random Forest because its ensemble
approach significantly reduces overfitting compared
to individual decision trees [22]. This method builds
multiple Decision Trees, each trained on a different
random subset of the data [21]. After hyperparameter
tuning, the Random Forest achieved a macro-averaged
F1-score of 0.85 on the held-out test set. Using 5-fold
cross-validation on the DI-SDG augmented dataset,
the model’s mean accuracy was 85.4% (Table 6).

2.9.3 K-Nearest Neighbors (KNN)
K-Nearest Neighbors (KNN) was selected
for modeling Enhanced Oil Recovery (EOR)
because its instance-based, distance-weighted
classification naturally groups reservoirs with similar
physical characteristics, aligning well with the
parameter-driven logic of EOR screening [15]. KNN
decides the class of a point by looking at the classes of
its closest neighbors and picking the most common
one. After hyperparameter tuning, the KNN model

achieved a macro-averaged F1-score of 0.89 on the
held-out test set. Using 5-fold cross-validation on
the DI-SDG augmented dataset, the model’s mean
accuracy was 85.4% (Table 6).

2.9.4 XGBoost
We used XGBoost for EOR screening because its
gradient boosting framework effectively identifies
important reservoir features and captures complex
non-linear relationships in tabular data [20]. It
constructs a strong ensemble model by sequentially
combiningmultiple weak learners, with regularization
to prevent overfitting. After hyperparameter tuning,
XGBoost achieved a macro-averaged F1-score of 0.81
on the held-out test set. Using 5-fold cross-validation
on the DI-SDG augmented dataset, the model’s mean
accuracy was 79.6% (Table 6).

2.9.5 Hyperparameter Optimization and Dimensionality
Reduction

Hyperparameter Optimization

Hyperparameter optimization is essential
for maximizing model performance in EOR
screening [19, 20]. Grid Search Cross-Validation
was employed to systematically identify the optimal
hyperparameter configuration for each model by
exhaustively evaluating all specified parameter
combinations. Each combination was assessed using
5-fold cross-validation, and the configuration yielding
the highest macro-averaged F1-score was selected as
optimal. The hyperparameter search grids evaluated
for each model are summarized in Table 4, and the
resulting optimal configurations are reported in
Table 3.
Dimensionality Reduction using PCA:
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Table 3. Optimized hyperparameters for machine learning models.
Model Key Hyperparameters Tuned Best Values Obtained
Decision Tree Criterion, Max depth, Max features,

Min samples leaf, Min samples split
Entropy, 20, sqrt, 1, 2

Random Forest Criterion, Max depth, Max features,
Min samples leaf, Min samples split,
n estimators

Gini, None, sqrt, 1, 2, 100

KNN Metric, neighbors, Weights Euclidean, 3, Distance
Xgboost Learning rate, Max depth, n

estimators
0.1, 4, 300

Table 4. Hyperparameter search grids evaluated during
Grid Search Cross-Validation.

Model Hyperparameter Values Searched

Decision Tree

criterion entropy, gini
max_depth 10, 20, 30, None
max_features sqrt, log2, None
min_samples_leaf 1, 2, 5
min_samples_split 2, 5, 10

Random Forest

criterion gini, entropy
max_depth 10, 20, 30, None
max_features sqrt, log2, None
min_samples_leaf 1, 2, 5
min_samples_split 2, 5, 10
n_estimators 50, 100, 200

KNN
n_neighbors 3, 5, 7, 9
metric euclidean, manhattan,

minkowski
weights uniform, distance

XGBoost
learning_rate 0.01, 0.1, 0.3
max_depth 3, 4, 5, 6
n_estimators 100, 200, 300

Principal Component Analysis (PCA) was applied
to reduce the dimensionality of the feature space
while retaining 95% of the total variance [17, 18]. The
correlation heatmap (Figure 5) revealed substantial
collinearity among several reservoir parameters,
including depth–temperature interdependence
attributable to the geothermal gradient and the
well-established porosity–permeability relationship.
Such redundancy increases the risk of overfitting
and raises computational cost without yielding
corresponding improvements in predictive
performance. To mitigate these effects, all features
were standardized prior to PCA application, as
the method is sensitive to feature scale; without
standardization, parameters with large numerical
ranges (e.g., depth in thousands of feet) would
disproportionately dominate those with smaller
ranges (e.g., oil saturation expressed as a fraction).
The PCA transformation was fitted exclusively on
the training set (608 samples) and subsequently
applied to both the training and held-out test sets (152
samples) to prevent data leakage. This procedure

reduced the original seven-feature space to a
lower-dimensional representation, decreasing training
time by approximately 25–30% while maintaining
model accuracy within 1–2% of that achieved with
the full feature set. It should be noted, however,
that PCA reduces model interpretability, as the
resulting components are linear combinations of the
original reservoir parameters rather than physically
meaningful variables such as depth or API gravity.

2.9.6 Evaluation Metrics and Their Relevance to EOR
Screening

The imbalance in EOR datasets means that focusing
only on accuracy does not provide a complete picture
of model performance. That is why we concentrated
on precision, recall, and F1-score, as shown in Table 5.
Specifically, we report macro-averaged metrics, where
each EOR class receives equal weight regardless
of sample size. This choice is critical because in
reservoir engineering practice, accurate predictions
for rare reservoir types (represented by minority
classes) are as valuable as predictions for common
types. Macro-averaging prevents our models from
achieving high scores simply by favoring majority
classes while performing poorly on underrepresented
EOR methods. To better understand how effectively
the models identify less prevalent EOR methods,
we examined confusion matrices to detect where
models misclassify similar EOR strategies, such as
miscible versus immiscible gas injection. This analysis
provides deeper insight into the practical benefits
of our domain-informed synthetic data generation
strategy.

Table 5. Comparative evaluation metrics (macro-averaged
precision, recall, and F1-score) evaluated on the held-out

test set (152 samples) for four ML models.
Model Precision Recall F1-Score

Decision Tree 0.85 0.85 0.85
Random Forest 0.90 0.85 0.85

KNN 0.90 0.89 0.89
Xgboost 0.83 0.81 0.81
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2.10 Impact of Synthetic Data Generation
To evaluate the effectiveness of our Domain-Informed
Synthetic Data Generation (DI-SDG) approach, we
conducted a direct comparison against thewidely used
SMOTE technique. Both methods were applied to the
same original dataset, producing balanced sets of 760
samples each. All four machine learning models were
then trained and evaluated under identical conditions.

2.11 Experimental Setup
To ensure a rigorous and fair comparison between
traditional SMOTE and the proposed DI-SDG method,
a controlled experiment was designed in which both
techniques were applied to the identical cleaned
dataset of 575 samples. Each method generated 185
synthetic instances to produce augmented datasets of
760 samples, ensuring that any observed performance
differences are attributable solely to the quality of the
generated data rather than to differences in dataset
size. For SMOTE, the standard implementation with
k = 5 nearest neighbors was employed, which linearly
interpolates between randomly selected minority class
samples and their nearest neighbors in feature space.
The proposed DI-SDG method, by contrast, generates
synthetic instances through constrained random
perturbation strictly bounded by the EOR screening
criteria in Table 1, followed by a domain validity
check to confirm that all parameter combinations are
geologically plausible. All fourmodels—Decision Tree,
Random Forest, KNN, and XGBoost—were evaluated
under 5-fold cross-validation using identical train–test
splits and the same hyperparameter search grids,
ensuring a consistent and reproducible comparison
across both augmentation strategies.

2.12 Performance Comparison Results
Table 6 presents the k-fold cross-validation accuracy
results for all four models trained on datasets
augmented with SMOTE versus our DI-SDG method.
Our domain-informed approach outperformed
SMOTE for every single model tested, with
improvements ranging from 3.6% to 5.4%. This
consistency demonstrates that the benefit comes from
the quality of synthetic data rather thanmodel-specific
effects.

3 Results and Discussion
All four machine learning models were trained
and optimized on the DI-SDG augmented dataset
of 760 samples. The impact of domain-informed
synthetic data generation on model performance was

systematically evaluated using both a held-out test
set (152 samples) and 5-fold cross-validation, with
results summarized in Table 5 and Table 6. The
Decision Tree model performed well, benefiting from
its simplicity in clearly identifying decision boundaries,
as seen in Table 5. The Random Forest model
demonstrated a substantial improvement in accuracy
following hyperparameter optimization, attributable
to its ensemble structure that combines multiple
Decision Trees to capture complex feature interactions.
KNN and Random Forest were competitive, leveraging
distance-based classification and tree-based ensemble
approaches respectively, as illustrated in Figure 6.
XGBoost, based on gradient boosting, also achieved
strong performance, though its accuracy was sensitive
to hyperparameter configuration. Overall, all four
models demonstrated complementary strengths in
EOR method prediction, with consistent performance
improvements following systematic optimization [23].

3.1 Model Performance Analysis
In terms of 5-fold cross-validation mean accuracy
(Table 6), KNN and Random Forest both achieved
0.854, significantly outperforming Decision Tree
(0.804) and XGBoost (0.796). KNN’s superior
performance stems from its distance-based
classification, which naturally aligns with EOR
selection: reservoirs with similar characteristics
(depth, API gravity, viscosity) tend to require the
same EOR technique. The balanced dataset was
particularly beneficial for KNN, as the previous severe
imbalance (123:1) meant minority class samples
had very few same-class neighbors. Following class
balancing to 60–110 samples per class, KNN was able
to reliably identify similar reservoirs within each EOR
category.
Random Forest excelled due to its ensemble approach
and ability to capture complex feature interactions.
By combining multiple decision trees, it reduces
overfitting and automatically learns non-linear
relationships critical to EOR selection, such as
depth-temperature correlation and the inverse
API-viscosity relationship. Additionally, it handles
mixed data types (continuous and categorical
variables) effectively without extensive preprocessing.

3.2 Confusion Matrix Analysis of Best Performing
Models

To provide detailed insight into model classification
behavior, we present confusion matrices for KNN and
Random Forest (Figure 6(a,b)), the two models that
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Table 6. Comparison of model performance using SMOTE and domain-informed synthetic data generation (DI-SDG).

Model SMOTE Accuracy
(Folds 1–5) SMOTE Mean DI-SDG Accuracy

(Folds 1–5) DI-SDG Mean Improvement

Decision Tree 0.72, 0.70, 0.75, 0.78, 0.80 0.750 0.78, 0.74, 0.80, 0.84, 0.86 0.804 +5.4%
Random Forest 0.82, 0.77, 0.82, 0.84, 0.83 0.816 0.86, 0.80, 0.86, 0.88, 0.87 0.854 +3.8%
KNN 0.80, 0.80, 0.82, 0.84, 0.83 0.818 0.83, 0.83, 0.86, 0.88, 0.87 0.854 +3.6%
XGBoost 0.75, 0.75, 0.72, 0.84, 0.72 0.756 0.79, 0.79, 0.76, 0.88, 0.76 0.796 +4.0%
Average – 0.785 – 0.827 +4.2%

Figure 6. Confusion matrices for (a) KNN and (b) Random Forest.

achieved the highest accuracy (0.854). These matrices
reveal how each model handles class boundaries
and where misclassifications occur, offering insights
beyond overall accuracy metrics. We focus on these
two best-performing models as they represent the
most reliable options for practical EOR screening
deployment. Decision Tree (0.804) and XGBoost
(0.796), while showing respectable performance,
exhibited higher error rates and less consistent
predictions across minority classes, making detailed
confusion analysis of all four models redundant for
practical insights.

To understand model performance on boundary cases,
we examined the confusion matrices for both KNN
and Random Forest (Figure 6(a,b)), focusing on
the classification boundary between CO2 Miscible
and HC Miscible Gas Injection methods. Both
models exhibit similar confusion patterns, with the
main confusion occurring between both miscible gas
injection methods.

CO2 Miscible vs. HC Miscible Confusion (11–15%
error rate): This category exhibits the highest
misclassification rate among all EOR methods. The

most significant confusion occurs with HC miscible,
where 11-15% of CO2 miscible cases are incorrectly
predicted as HC miscible. This misclassification
pattern is technically interpretable. Both CO2

miscible and hydrocarbonmiscible flooding operate on
similar displacement principles and share overlapping
reservoir requirements—including sufficient depth
to maintain miscibility pressure and suitable oil API
gravity—as reflected in their closely aligned screening
criteria [9]. The reservoir conditions needed for
both methods are quite similar: sufficient depth
to maintain high pressure (usually above 2500 ft),
suitable oil characteristics (API gravity around 25-45°),
and enough permeability for effective displacement.
The primary distinction between these methods lies
in the injected fluid rather than the fundamental
reservoir requirements. Consequently, when models
evaluate reservoir features such as depth, permeability,
temperature, and oil properties, misclassification
between these two miscible flooding methods is
expected, particularly when reservoir conditions are
compatible with either approach.

Both KNN and Random Forest exhibit similar
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confusion patterns, with misclassification rates of
7% (KNN) and 15% (Random Forest) between CO2

Miscible and HC miscible classes. The fact that
both models struggle in the same way suggests this
confusion is not an artifact of any particular algorithm;
rather, it reflects the genuine technical similarity
and overlapping reservoir requirements of these two
miscible EOR methods.

3.3 Limitations and Challenges
While this study demonstrates the effectiveness of
domain-informedmachine learning for EOR screening,
we recognize several important limitations.

3.3.1 Dataset Limitations
The augmented dataset of 760 samples, while adequate
for proof-of-concept evaluation, remains modest in
scale; rare EOR classes retain only 60–110 samples
each after augmentation, which may not fully capture
the natural variability of reservoir conditions. The
dataset also exhibits geographical bias: projects from
the Middle East, North Sea, and South America are
underrepresented relative to North American cases,
potentially limiting model generalizability to different
geological settings.
Only seven reservoir parameters were included;
however, EOR success depends on many additional
factors that could not be incorporated: oil composition
(asphaltene content, sulfur levels), formation
characteristics (heterogeneity, fractures, geological
structure), and operational factors (well spacing,
infrastructure). These missing features likely explain
some confusion between similar EOR methods.
Furthermore, the dataset is derived exclusively
from published projects, which disproportionately
represent successful EOR applications since field
failures are less frequently reported, introducing a
success bias into the training data.

3.3.2 Methodological Limitations
The proposed DI-SDG method, while outperforming
SMOTE, constrains generated samples to the
established EOR screening parameter ranges,
which may limit its applicability to truly novel
reservoir conditions that fall outside these
boundaries. Simplifying assumptions about parameter
independence were also made, which do not fully
capture the complex interdependence among reservoir
properties.
Although Random Forest and KNN achieve
85.4% mean cross-validation accuracy, they lack

transparency: it is difficult to explain exactly why
specific predictions were made. This could be
problematic in industry settings where engineers
must justify recommendations to management. There
is an inherent trade-off: simpler models are easier to
interpret but tend to be less accurate.

The k-fold cross-validation framework evaluates
performance on historical data but does not constitute
prospective validation, whereby predictions would
be tested on new reservoirs prior to EOR selection.
Real-world performance on future screeningmay differ
from our 85.4% accuracy. The evaluation metrics also
assign equalweight to allmisclassifications, whereas in
practice, recommending a fundamentally incompatible
EOR method is substantially more detrimental than
confusing two technically similar ones.

3.3.3 Practical Implementation Challenges
A major limitation of this study is the absence
of economic analysis. The developed models
address technical feasibility exclusively, whereas
real-world EOR decisions depend heavily on
economic factors including oil prices, injection costs,
infrastructure requirements, and project profitability.
A technically optimal EOR method may therefore
prove economically unviable under specific market
conditions.

Another challenge is temporal validity. EOR
technology evolves continuously, but the trained
models do not automatically adapt to new
developments unless retrained. Similarly, changing oil
prices, environmental regulations, and carbon pricing
alter economic feasibility in ways that static models
cannot capture.

Uncertainty also remains regarding model
performance on unconventional reservoirs (tight oil,
shale) or emerging EOR techniques absent from the
training data. The conservative constraint of adhering
strictly to established screening criteria may limit the
model’s ability to identify valid applications in novel
reservoir conditions.

3.3.4 Future Research Challenges
Several challenges remain for future research.
Comprehensive data acquisition is hindered by the
proprietary nature of many EOR projects; building
industry partnerships to access broader datasets
while respecting data confidentiality will therefore be
essential. Integration of information across multiple
scales—from pore-level fluid behaviour to field-scale
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production—also represents an important avenue for
future investigation.
Another gap is uncertainty quantification: our
predictions lack rigorous confidence intervals. When
reporting a 78% probability, it is not possible to
distinguish confident predictions from uncertain ones.
Probabilistic EOR screening frameworks that integrate
confidence estimation, such as that proposed by
Tarrahi et al. [24], represent a direction our future
work should pursue to address this limitation. Finally,
developing models that learn continuously from
new field data while maintaining stability presents
technical challenges.

3.4 Opportunities
Despite these limitations, this research opens
significant opportunities for EOR practice and
petroleum engineering.

3.4.1 Enhanced Decision-Making and Industry
Applications

The 85.4% mean cross-validation accuracy
demonstrates that machine learning can effectively
support EOR screening in practice. This enables
comprehensive decision-support systems that
combine technical screening with economic models,
risk assessment, and project planning, transforming
EOR screening from expert-dependent judgment
into a transparent, data-driven methodology while
preserving engineering insight.
Our domain-informed approach for handling
imbalanced data applies beyond EOR screening.
Many petroleum problems involve imbalanced
datasets, including rare reservoir types, uncommon
drilling problems, and infrequent equipment failures.
This methodology could extend to well log synthesis
for rare rock types, production curves for new
reservoirs, or drilling optimization with scarce data.

3.4.2 Advancing Machine Learning and Integration
While Random Forest and KNN perform well,
opportunities exist for more sophisticated approaches.
Deep learning architectures may capture complex
patterns not identified by the current models. Graph
neural networks could represent reservoir connectivity
explicitly. Transfer learning could leverage data-rich
situations to improve data-poor ones. Explainable AI
techniques like SHAP could make models transparent
without sacrificing accuracy, achieving both better
predictions and better understanding.
Tighter integration between ML-based screening

and reservoir simulation also presents a significant
opportunity. Machine learning can identify promising
candidates for detailed simulation, while simulation
results can in turn refine screening models, creating
a continuous improvement cycle. Multi-objective
optimization could simultaneously consider technical
performance, economics, environmental impact, and
operational risk.

3.4.3 Expanding Scope and Continuous Learning
Our methodology provides a foundation for
evaluating emerging EOR techniques (low-salinity
waterflooding, nanoparticle recovery) with limited
field history and adapting to unconventional reservoirs
where traditional screening criteria do not apply.
This is particularly relevant as industry focuses on
unconventional assets and carbon-neutral approaches.
Instead of one global model, regional variants
trained on basin-specific data (Middle East carbonates,
North Sea sandstones, Gulf Coast heavy oil) could
achieve higher accuracy by learning local patterns
and practices. Federated learning could enable
collaborative improvement while maintaining data
privacy.
The proof-of-concept web application we developed
enables continuous learning from actual field usage.
As engineers report outcomes of selectedmethods, this
performance feedback could systematically improve
model accuracy over time, addressing temporal
validity by keeping predictions aligned with evolving
EOR technology.

3.4.4 Broader Impact
The core idea of using domain knowledge to
guide machine learning with limited data extends
beyond petroleum engineering. Geothermal energy,
groundwater remediation, CO2 sequestration, and
mining face similar challenges. The framework could
transfer to these domains, offering a generalizable
methodology for domain-constrained machine
learning under data scarcity.
Finally, our tool offers educational opportunities.
Students can interactively explore how reservoir
parameters influence EOR selection, developing
intuition for screening criteria while learning to
integrate traditional petroleum engineering with
modern data science approaches.

3.5 Practical Tool Development
As part of our third contribution, we have developed a
proof-of-concept web application using Streamlit that
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Figure 7. Streamlit application interface showing input sidebar (left) and output visualization with bar chart and
probability table (right).

demonstrates the practical deployment of our trained
machine learning models for EOR screening.

3.5.1 Current Implementation: Streamlit Web Application
We developed a functional web-based application
accessible via browser without installation. Users
input eight reservoir parameters (Depth, API Gravity,
Viscosity, Temperature, Oil Saturation, Permeability,
and Formation Type, Area in Acres) through an
interactive sidebar with sliders and dropdown menus.
Upon clicking the “Predict” button, the application
displays results in two formats: a probability table
listing all ten EOR methods with their prediction
probabilities in descending order, and a color-coded
horizontal bar chart providing visual comparison as
demonstrated in Figure 7. The application clearly
indicates the predicted EOR method with the highest
probability.
Predicted EORMethod: HC miscible (25%)
Ranked Probabilities: HC miscible (25%),
Polymer/Chemical (16%), Microbial (15%), HC
immiscible (12%), CO2 Miscible (10%), and remaining
methods.

3.5.2 Current Scope and Limitations
This research prototype demonstrates feasibility but
has limitations: limited training dataset (760 samples),
no economic analysis, single reservoir screening
only, no detailed rationale or screening criteria
validation, and no field validation yet. It serves
as proof-of-concept rather than a production-ready

system.

3.6 Future Work
3.6.1 Future Development Vision
Near-term: Add screening criteria compliance
checking, detailed rationale for recommendations,
batch processing for multiple reservoirs, and
downloadable reports.
Mid-term: Expand training dataset to >2000 samples,
develop regional model variants, integrate economic
screening module with cost analysis.
Long-term: Develop API for integration with
petroleum software (Petrel, Eclipse, CMG), create
mobile application, implement field validation
feedback loop for continuous model improvement.
Future deployment options include cloud-based web
service, on-premises installation for data security, or
embedded plugin for existing reservoir engineering
software.

4 Conclusion
This study addressed two critical challenges in
machine learning-based EOR screening: severe class
imbalance and the lack of domain-informed synthetic
data generation. The proposed Domain-Informed
Synthetic Data Generation (DI-SDG) framework
reduced the class imbalance ratio from 123:1 to
approximately 1.8:1 by augmenting the dataset from
575 to 760 samples, with all synthetic instances
constrained to established EOR screening criteria.
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Compared to conventional SMOTE augmentation,
DI-SDG improved mean cross-validation accuracy by
an average of 4.2 percentage points across all four
evaluatedmodels. Among the evaluatedmodels, KNN
achieved the highest macro-averaged F1-score of 0.89
on the held-out test set, followed by Random Forest
(F1 = 0.85), Decision Tree (F1 = 0.85), and XGBoost
(F1 = 0.81). The primary source of misclassification
was identified between CO2 Miscible and HCMiscible
methods, reflecting their inherently overlapping
reservoir requirements rather than model deficiency.
A proof-of-concept Streamlit web application was
developed to demonstrate practical deployment of
the trained models for reservoir engineers. This
work establishes a reproducible, domain-informed
framework for multi-class EOR screening that can
serve as a foundation for future integration with
economic analysis, regional model variants, and
prospective field validation.
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