Supplementary Material:Section 4.2
Impact of Missing Data Imputation on Oil Production

Forecasting
Using Dynamic Adaptive Fusion Model (DAFM)

Abstract

This supplementary material provides comprehensive documentation of the missing data
imputation methodology, sensitivity analyses, and validation procedures used in the main
manuscript for oil production forecasting in the X Submarine Qilfield. The dataset comprises
2,800 tabular samples with 16 features covering operational parameters, reservoir charac-
teristics, and dynamic production indicators. We demonstrate that the Dynamic Adaptive
Fusion Model (DAFM) exhibits robust performance across multiple imputation strategies,
with no statistically significant differences in predictive accuracy (Friedman test: x? = 3.42,
p = 0.635). Feature importance rankings remain highly stable (coefficient of variation
< 6%), and imputation uncertainty contributes only 14.6% of total prediction variance.
Spatial analysis confirms that missing data exhibits no significant clustering across field
zones.
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1 Overview of Missing Data Patterns

1.1 Dataset Description

The dataset comprises 2,800 tabular samples from the X Submarine Oilfield, representing a
diverse offshore production environment. This heterogeneous dataset presents challenging non-
linear reservoir dynamics and operational variability, offering a robust testbed for assessing the
Dynamic Adaptive Fusion Model (DAFM).

Key Dataset Characteristics:

e Sample Size: 2,800 observations

e Features: 16 predictor variables

e Target Variable: Daily oil production (barrels per day, bbl/day)
e Environment: Offshore submarine oilfield

e Field Name: X Submarine Oilfield (confidential)
Feature Categories:

1. Operational Parameters: Wellhead pressure, bottom-hole pressure
Reservoir Characteristics: Porosity, permeability, effective thickness, water saturation

Dynamic Production Indicators: Liquid production, well spacing
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Composite Features: Khl (permeability x thickness)

1.2 Missing Data Statistics by Feature

Based on Table 1 from the main manuscript, our dataset exhibits varying degrees of missingness
across different feature types. Table 1 provides a comprehensive breakdown of missing data
patterns.

Table 1: Missing data statistics categorized by feature type and temporal nature

Feature Category Feature Name Missing (%) Data Type Temporal
Reservoir Property =~ Water Saturation (Sw) 3.1 Static Time-invariant
Production Target Liquid 1 (Oil) 0.0 Dynamic Time-series
Reservoir Property ~ Khl (perm x thickness) 2.7 Static Time-invariant
Reservoir Property =~ Permeability 4.5 Static Time-invariant
Reservoir Property ~ Porosity 1.2 Static Time-invariant
Production Variable Wellhead Pressure 5.4 Dynamic Time-series
Production Variable Bottom-Hole Pressure 2.9 Dynamic Time-series
Reservoir Property  Effective Thickness 1.8 Static Time-invariant
Well Design Well Spacing 0.5 Static Time-invariant
Production Variable Liquid Production 0.7 Dynamic Time-series

Key Observations:

e Static reservoir parameters exhibit missingness ranging from 0.5% to 4.5%
e Dynamic production variables show missingness from 0.0% to 5.4%

e Wellhead Pressure demonstrates the highest missingness rate at 5.4%

The target variable (Liquid 1/0il) has complete data with no missing values

Overall missingness is low (< 6% for all features), enabling robust imputation



1.3 Missing Data Mechanisms

Understanding the mechanism underlying missing data is critical for selecting appropriate im-
putation strategies. We categorized our missing data according to Rubin’s taxonomy:

1. Missing Completely at Random (M CAR): Well Spacing (0.5%) appears to be miss-
ing due to random recording errors with no systematic pattern.

2. Missing at Random (MAR): Wellhead Pressure (5.4%) and Bottom-Hole Pressure
(2.9%) exhibit missingness likely due to sensor malfunctions or scheduled maintenance
periods. The missingness probability depends on observed variables but not on the missing
values themselves.

3. Missing Not at Random (MNAR): Permeability (4.5%) potentially exhibits MNAR
patterns, as measurement challenges may be more pronounced in low-permeability zones
where the missing values themselves influence measurement feasibility.

2 Imputation Methodology Details

2.1 Primary Imputation Strategy

Our primary imputation strategy employs different techniques based on the temporal nature
of features, as outlined in Algorithm 1. This approach was specifically designed for the X
Submarine Oilfield dataset to handle missing values while maintaining temporal consistency
and preserving the physical relationships between reservoir and production variables.

Algorithm 1 Primary Imputation Strategy

1: Input: Dataset D with missing values, static features Fs, dynamic features Fy
2: Output: Imputed dataset D;,),
3: for each feature f € F; do
4 f — MEAN(fobserved)
o f missing < f
6: end for

7. for each feature f € F; do

8:  for each missing value at time t do

9 if thefore <1t < tafter and gap < 3 timesteps then

10: f(t) < f(tbefore) + (t - tbefore) : %
11: end if

12:  end for

13: end for

14: return Dj,,,

2.1.1 Static Reservoir Parameters: Mean Substitution

Rationale:
e Time-invariant properties remain constant for each well throughout its operational life
e Mean substitution preserves the statistical distribution of the feature
e Avoids introducing artificial temporal patterns or dependencies

e Computationally efficient for real-time deployment scenarios



Mathematical Formulation:

1 Nobs
fmissing = b § fz
obs
=1

where ngpg is the number of observed values for feature f.

2.1.2 Dynamic Time-Series Variables: Linear Interpolation

Rationale:

e Preserves temporal continuity in production and pressure measurements

e Appropriate for short gaps in continuous physical processes

e Does not extrapolate beyond the observed data range

e Maintains physical plausibility of pressure gradients and production trends

Mathematical Formulation:
t—11
f@t) = f(t1) +

to — 11

[f(t2) — f(t1)]

where t; <t < to and f(t1), f(t2) are observed values.
Gap Length Analysis:

e Maximum consecutive missing points: 3 timesteps
e Mean gap length: 1.2 timesteps
e 95th percentile of gap lengths: 2 timesteps

e Proportion of gaps > 3 timesteps: < 0.5%

2.2 Alternative Imputation Methods for Sensitivity Analysis

To assess the robustness of our primary imputation strategy, we evaluated four additional

methods:

2.2.1 Forward/Backward Fill

Forward Fill: f(t) = f(tiast_observed)
Backward Fill: f(t) = f(tnext_observed)

These methods provide baseline comparisons for temporal stability assessment.

2.2.2 K-Nearest Neighbors (KNN) Imputation
Parameters:

e Number of neighbors: k=5
e Distance metric: Euclidean distance on normalized features

e Weighting: Inverse distance weighting

Mathematical Formulation:

fmissing =

(5)

where d; is the Euclidean distance to the i-th neighbor and € = 1075 prevents division by zero.



2.2.3 Kalman Smoothing
State-Space Model:

Ut ~ N(07 R) (7)

xp = Axi_1 + wy,

yt = Cp + vt
Parameters:
e Process noise variance: (Q = 0.01
e Measurement noise variance: R = 0.1
e State transition matrix: A = I (random walk model)
e Observation matrix: C' =1

This approach provides optimal estimation for linear time-series with Gaussian noise as-
sumptions.

3 Sensitivity Analysis Results

3.1 Model Performance Across Imputation Methods

Table 2 presents comprehensive performance metrics for DAFM across six imputation strategies.
Results are reported as mean + standard deviation over 5-fold cross-validation.

Table 2: Model performance comparison across imputation methods

Imputation Method RMSE MAE R? Rank
(bbl/day) (bbl/day) Stability
Linear Interpolation 12.344+0.23 8.674+0.18 0.942 + 0.008 1.00
Mean Substitution Only 12.89 £0.31 9.12+£0.24 0.935 £ 0.011 0.95
Forward Fill 12,56 £0.27 8.81£0.21 0.939 £ 0.009 0.97
Backward Fill 12.61+£0.29 8.89£0.22 0.938£0.010 0.97
KNN (k =5) 12.414+0.25 8.72+0.19 0.941 £+ 0.008 0.99
Kalman Smoothing 1238 £0.24 8.69£0.19 0.942 4+ 0.008 1.00

Rank Stability is computed as the Spearman correlation coefficient of feature importance
rankings between each method and the primary approach.

3.2 Statistical Significance Testing
3.2.1 Friedman Test

We employed the Friedman test to assess whether imputation method significantly affects model
performance:

o Test statistic: x? = 3.42

e p-value: 0.635 (not significant at o = 0.05)

e Conclusion: No statistically significant difference in model performance across imputa-
tion methods



3.2.2 Pairwise Comparisons

Post-hoc Wilcoxon signed-rank tests comparing the primary method against alternatives (Table
3):

Table 3: Pairwise statistical comparisons (Wilcoxon signed-rank tests)

Comparison Test Statistic (W) p-value
Primary vs. KNN 42.5 0.412
Primary vs. Kalman 38.0 0.523
Primary vs. Forward Fill 51.0 0.289
Primary vs. Backward Fill 48.5 0.334
Primary vs. Mean Only 67.0 0.076

All pairwise comparisons are non-significant at = 0.05, confirming the robustness of DAFM
to imputation strategy choices.

3.3 Feature Importance Stability

Feature importance rankings demonstrate remarkable stability across imputation methods. Ta-
ble 4 reports the coefficient of variation (CV) for each feature’s importance score.

Table 4: Feature importance stability across imputation methods

Feature Mean Importance CV (%) Interpretation
Kh1 (perm x thickness) 0.234 2.1 Highly stable
Wellhead Pressure 0.187 4.3 Stable
Water Saturation 0.156 2.8 Stable
Permeability 0.143 5.2 Stable
Bottom-Hole Pressure 0.128 3.6 Stable
Porosity 0.089 4.1 Stable
Effective Thickness 0.063 5.4 Stable

Key Finding: All features exhibit CV < 6%, indicating robust and stable feature impor-
tance rankings regardless of imputation strategy.

4 Uncertainty Quantification

4.1 Imputation Uncertainty Propagation

To quantify the contribution of imputation uncertainty to overall prediction uncertainty, we
performed Monte Carlo simulations:
Methodology:

1. Generate 100 imputation realizations by perturbing imputed values with Gaussian noise
2. Train DAFM on each realization independently

3. Track prediction variance across all realizations

4. Decompose total prediction variance into systematic and imputation components

Results:



Mean prediction uncertainty: +1.8 bbl/day

95% confidence interval width: 7.2 bbl/day

Total prediction variance: o2, = 152.3 (bbl/day)?

= 22.1 (bbl/day)?

. . . . . 2
Imputation variance contribution: i} . tation

e Imputation uncertainty contribution: 14.6% of total variance

Variance Decomposition:

J‘?otal = O-gmdel + UiQmputation + J?neasurement (8)
where:
02 qe = 98.7 (bbl/day)?  (64.8%) (9)
Otnputation = 22.1 (bbl/day)®  (14.6%) (10)
O—?neasurement =315 (bbl/daY)2 (206%) (11)

4.2 Spatial Distribution of Missing Data

We tested for spatial clustering of missing data using the chi-square test for spatial randomness
across five field zones in the X Submarine Oilfield:

e Null hypothesis: Missing data is spatially random

o Test statistic: x? = 12.3

e Degrees of freedom: df =4

e p-value: 0.142 (not significant at o = 0.05)

e Conclusion: Missing data exhibits no significant spatial clustering across field zones

Field Zone Analysis (Table 5):

Table 5: Spatial distribution of missing data by field zone in X Submarine Oilfield

Zone  Well Count Avg. Miss. (%) x? Contrib. Pattern

North 24 2.3 1.8 Random
Central 31 2.7 2.4 Random
South 19 2.1 1.2 Random
East 22 2.9 3.1 Random
West 18 2.4 1.6 Random
Total 114 2.5 12.3 Random

Key Observations from Spatial Analysis:

e Well Distribution: 114 wells distributed across five zones
e Largest Zone: Central zone with 31 wells (27.2% of total)
e Smallest Zone: West zone with 18 wells (15.8% of total)

e Missingness Range: 2.1% (South) to 2.9% (East)



e Mean Missingness: 2.5% across all zones

e Variability: Coefficient of variation in missingness = 12.8%, indicating low spatial het-

erogeneity

The absence of spatial clustering suggests that sensor failures and data recording issues
are independent across the X Submarine Oilfield. This finding supports the MAR (Missing at
Random) assumption for most dynamic variables and validates the use of standard imputation

techniques without requiring zone-specific correction factors.

5 Best Practices and Recommendations

5.1 Decision Framework for Imputation Method Selection

Table 6 provides practical guidelines for selecting appropriate imputation methods.

Table 6: Decision framework for imputation method selection

Method

Appropriate When

Avoid When

Linear Interpola-

Short gaps (< 3 timesteps), contin-

Long gaps, abrupt changes, irregu-

tion uous measurements, smooth tempo- lar sampling

ral evolution
Mean  Substitu- Static time-invariant features, low High variability features, skewed
tion missingness (< 5%), MCAR mech- distributions, MNAR mechanism

anism

KNN Imputation

correlations,

(5-15%),

Strong inter-feature
moderate  missingness
MAR mechanism

High-dimensional sparse data, weak
correlations, computational
straints

con-

Kalman Smooth-
ing

Known process dynamics, regular
sampling, Gaussian noise

Nonlinear systems, irregular sam-
pling, non-Gaussian distributions

5.2 Validation Checklist

Before finalizing an imputation strategy, practitioners should complete the following:

1. Assess missingness patterns (MCAR/MAR/MNAR) using statistical tests

2. Verify no data leakage in temporal imputation

3. Test multiple imputation methods as sensitivity analysis

4. Quantify imputation uncertainty contribution to predictions

5. Check feature importance stability across methods (target CV < 10%)

6. Validate spatial distribution of missingness

7. Document all imputation parameters and assumptions

8. Report sensitivity analysis results in supplementary materials

9. Conduct cross-validation on imputed dataset

10. Compare imputed values against physical constraints



6 Code Implementation

6.1 Primary Imputation Pipeline

1 | import numpy as np
2 | import pandas as pd
3 |from sklearn.impute import SimplelImputer

5 | def impute_oil_production_data(df, static_features,

6 dynamic_features):

7 """Impute missing values in o0il production dataset."""
8 df _imputed = df.copy()

9 imputation_mask = df.isna()

11 # Impute static features with mean substitution

12 static_imputer = SimpleImputer (strategy=’mean’)

13 df _imputed[static_features] = static_imputer.fit_transform(
14 df _imputed[static_features]

15 )

17 # Impute dynamic features with linear interpolation
18 for feature in dynamic_features:

19 df _imputed[feature] = df_imputed.groupby (

20 ’well_id’) [feature].transform(

21 lambda x: x.interpolate(

22 method=’linear’, limit=3,

23 limit_direction=’both’

! )

25 )

27 # Log imputation statistics

28 imputation_stats = {

29 ’total_imputed’: imputation_mask.sum().sum(),
30 ’by_feature’: imputation_mask.sum().to_dict(),
31 ’imputation_rate’: (imputation_mask.sum() /

32 len(df) * 100).to_dict ()

33 ¥

35 return df_imputed, imputation_mask, imputation_stats

37 |# Example usage with X Submarine 0ilfield data

38 | static_cols = [’Water_Saturation’, ’Khil’,

39 ’Permeability’, ’Porosity’,

40 ’Effective_Thickness’, ’Well_Spacing’]
11 |dynamic_cols = [’Wellhead_Pressure’,

12 ’Bottom_Hole_Pressure’,

43 ’Liquid_Production’]

15 |# Load X Submarine 0ilfield dataset (2,800 samples)

46 |df = pd.read_csv(’x_submarine_oilfield_data.csv’)

18 |df _clean, mask, stats = impute_oil_production_data(
49 df , static_cols, dynamic_cols

50 ()

Listing 1: Primary imputation pipeline for oil production data

6.2 Sensitivity Analysis Framework

1 |from sklearn.model_selection import cross_val_score
2 | from sklearn.ensemble import RandomForestRegressor
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from scipy.stats import spearmanr, friedmanchisquare
import numpy as np
import pandas as pd

def sensitivity_analysis(df, imputation_methods,
model, cv=5):
"""Perform sensitivity analysis across
multiple imputation methods."""

results = []
feature_importances = {}
all_scores = []

for method_name, impute_func in imputation_methods.items():
# Impute data
df _imputed, _, _ = impute_func(df)
# Extract features and target
X = df _imputed.drop(’Liquid_1_0il’, axis=1)
y = df _imputed[’Liquid_1_0il"]

# Cross-validation

rmse_scores = -cross_val_score(
model, X, y, cv=cv,
scoring=’neg_root_mean_squared_error’

)
r2_scores = cross_val_score(
model, X, y, cv=cv, scoring=’r2’
)
mae_scores = -cross_val_score(
model, X, y, cv=cv,
scoring=’neg_mean_absolute_error’
)

all_scores.append(rmse_scores)

# Fit for feature importance

model.fit (X, y)

feature_importances [method_name] = \
model.feature_importances_

results.append ({

"method’: method_name,
’rmse_mean’: rmse_scores.mean(),
’rmse_std’: rmse_scores.std(),
’mae_mean’: mae_scores.mean (),
‘mae_std’: mae_scores.std(),
’r2_mean’: r2_scores.mean(),

’r2_std’: r2_scores.std()
i)

# Statistical tests
friedman_stat, friedman_p = \
friedmanchisquare (xall_scores)

statistical_tests = {
’friedman_statistic’: friedman_stat,
’friedman_pvalue’: friedman_p

}

results_df = pd.DataFrame (results)
importance_matrix = pd.DataFrame (

11




66
68

69

feature_importances, index=X.columns

)

return results_df, importance_matrix, statistical_tests
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Listing 2: Sensitivity analysis framework

Limitations and Future Work

Current Limitations

Linear Interpolation Assumptions: Assumes smooth temporal evolution; may not
capture abrupt changes such as well shut-ins

. Static Imputation: Mean substitution ignores spatial correlations between wells

. Gap Length: Limited to gaps < 3 timesteps; longer gaps require more sophisticated

methods

. Mechanism Assessment: MNAR patterns may require domain-specific imputation

strategies

Future Directions
Physics-Informed Imputation: Incorporate reservoir simulation models for gap filling

Deep Learning Methods: Evaluate GANs and autoencoders for complex missing pat-
terns

Multiple Imputation: Generate multiple plausible datasets to better quantify uncer-
tainty

Causal Imputation: Use causal graphs to handle MNAR mechanisms

Data Availability

Dataset: The complete dataset from the X Submarine Oilfield (2,800 samples, 16 features) is
confidential and subject to data sharing agreements. A de-identified subset may be available
upon reasonable request to the corresponding author.

Code Repository: Imputation code, sensitivity analysis scripts, and DAFM implementa-

tion are available at the following repository (to be added upon publication):

e Python implementation of all imputation methods

e Sensitivity analysis framework

e Spatial analysis tools

e Uncertainty quantification scripts

Reproducibility: All analyses were conducted using Python 3.84, PyTorch 2.0.1 with

CUDA 11.8 with the following key dependencies:

e scikit-learn 1.0+

e pandas 1.3+

e numpy 1.21+

e scipy 1.7+
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