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ABSTRACT

Accurate prediction of dew point pressure (Py) is critical for managing gas condensate
reservoirs, as liquid dropout near the wellbore creates condensate banking that reduces
permeability and well productivity. This study proposes a data-driven approach using a Random
Forest (RF) machine learning algorithm to predict P, based on reservoir temperature and fluid
composition. Utilizing a comprehensive dataset of 375 records, the model incorporates 13
predictors, including hydrocarbon fractions (C; through C7+), non-hydrocarbons (N2, CO:,
H>S), and heavy fraction properties (MC7+, yc7+).

The proposed RF model exhibits highly competitive accuracy, outperforming most traditional
empirical correlations by achieving a superior overall data variance capture with a Coefficient
of Determination (R?) of 0.8790 and an Average Absolute Percent Relative Error (4PE) of
8.17%. While the Ahmadi-Elsharkawy model shows a marginally lower APE (7.90%), the RF’
framework avoids complex genetic programming equations and delivers superior global
consistency across the entire pressure envelope. By capturing complex, non-linear
thermodynamic interactions, the RF model provides a robust, fast, and cost-effective alternative
to expensive laboratory PVT tests and complex equations of state, optimizing fluid
characterization and production system design.

Keywords: Reservoir temperature, dew point pressure, gas composition, molecular weight,
specific gravity, retrograde condensation, gas condensate, heavy components, Random Forest,
Machine Learning.

INTRODUCTION

In gas condensate reservoirs, well productivity often declines sharply when near-wellbore
pressure falls below the dew point. Literature suggests that radial compositional-reservoir
models are effective for investigating this phenomenon, as they demonstrate how liquid dropout
creates a ring of high condensate saturation around the wellbore [1-3]. This condensate banking
reduces the effective permeability to gas, leading to a rapid loss in productivity.

Consequently, accurately determining the dew point pressure is vital for effective reservoir
management [4],[5]. Experimental determination of dew point pressure typically involves
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laboratory PVT tests. These include Constant Mass Expansion (CME), conducted in a visual
window-type cell, and Constant Volume Depletion (CVD), which verifies thermodynamic
equilibrium and tracks compositional changes as pressure decreases [6],[7].

For predictive modeling, Equations of State (EOS) can be tuned to match experimental data
using various binary interaction parameters. Other methods rely on K-value correlations,
though these often require tedious trial-and-error computations and lose accuracy at high
temperatures and pressures. Ultimately, precise dew point prediction is essential for fluid
characterization, production system design, and avoiding unnecessary simulation overhead.
While laboratory measurements remain the gold standard for reliability, technical or economic
constraints often necessitate the use of these robust modeling and correlation alternatives
[71,[8].

In the context of predicting dew point pressure in gas condensate systems, decision tree-based
models have shown outstanding performance in capturing complex interactions between gas
composition, temperature, and heavy fraction properties, yielding superior results compared to
those obtained through equations of state or conventional empirical correlations [8].

Recent studies have reinforced these findings by demonstrating that advanced machine learning
models, such as XGBoost, significantly outperform empirical estimators in terms of accuracy,
adaptability, and robustness, even with limited databases and high compositional variability [9].
Traditional empirical correlations often lose accuracy when applied to fluid systems that differ
from their original development datasets.

This study addresses these limitations by implementing a Random Forest (RF) machine
learning algorithm, which transitions from rigid mathematical formulas to a data-driven, soft
computing approach [10]. The RF algorithm was selected for its ability to capture complex,
non-linear interactions between reservoir temperature, gas composition, and heavy fraction
properties, because the model constructs multiple decision trees on random subsets of data and
averages their outputs. In this averaging mechanism ensures the model is robust and generalizes
well to new, unseen reservoir data and our model was developed using the Scikit-learn library
in Python, utilizing 13 specific predictors including C; through C7+, N>, CO2, H>S, and C7+
physical properties [11].

LITERATURE SURVEY

Determining dew point pressure is essential for managing gas condensate fluids. Beyond
complex mathematical models and equations of state, several widely recognized empirical
correlations offer a practical alternative for predicting this critical parameter.

Nemeth and Kennedy correlation calculates dew point pressure based on the mole fractions of
C; through C7+, CO>, H>S, and N>, along with the physical properties (molecular weight and
specific gravity) of the C7+ fraction [2]. The authors developed this eleven-constant equation
from a using 579 data points from 489 distinct gas condensate systems, their model is applicable
within a pressure range of 1270-10790 psia and a temperature range of 40-320°F.

Elsharkawy proposed an equation for dew point pressure based on 340 data points (131
experimental and 209 from literature) [12]. This model is applicable across a wide range of
conditions, covering pressures from 1560 to 11830 psia, temperatures from 40 to 340°F, and
gas-condensate gravities between 0.65 and 1.89.
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Notably, the model accounts for both sweet and highly corrosive sour gases, as well as the full
range of fluid richness (from lean to rich C7+ content).

Shokir in 2008 developed a mathematical model for dew point pressure using Genetic
Programming, based on a dataset of 245 experimental gas condensate samples [13]. Although
the model covers a wide operational range of temperatures and gas properties, it excludes the
specific gravity of the C7+ fraction [13].

Ahmadi and Elsharkawy correlation is a robust, and intelligent model used to predict the dew
point pressure of gas condensate reservoirs, generally outperforming traditional empirical
methods [14]. It is developed using gene expression programming (GEP), providing high
accuracy by utilizing compositional data (C;—C7+), molecular weight and specific gravity of the
C7+ fraction and reservoir temperature (7). The model covers a pressure range of 1400—-10790
psia and a temperature from 76 to 320°F. The data bank contains some sour gas condensate that
has as high as 30% H>S and others having 92% CO.. It also covers a very wide range of gas
condensate compositions; some samples are very lean and have methane as high as 91% and
low heptane plus, others are very rich and have a heptane content as high as 13%.

Nnadozie in 2018 proposed a predictive model for the dew point pressure of gas condensate
reservoirs based on reservoir temperature and routinely available gas compositional data.
Developed using a comprehensive dataset of 259 gas condensate samples sourced from
specialized literature, the model accounts for a wide range of fluid properties and thermal
conditions [7].

DATA ACQUISITION

The accuracy and reliability of any predictive model depend fundamentally on the quality and
sufficiency of the input data. Consistent with recent research, dew-point pressure (Py) in gas
condensate reservoirs is modelled as a function of reservoir temperature, fluid composition
(both hydrocarbon and non-hydrocarbon), and the specific characteristics of the C7+ fraction
[14-18]. In this study, the model was developed and validated using a dataset of 375 points,
consisting of 75 experimental measurements and 300 values sourced from literature [19-23].
This dataset covers a broad experimental envelope, including temperatures from 40°F to 313°F,
C7+ specific gravities from 0.730 to 0.850, and C7+ molecular weights from 106 to 253. The
corresponding dew-point pressures range from 2405 psia to 11830 psia, as detailed in Table 1.

MODEL DEVELOPMENT AND IMPLEMENTATION

Due to the complex relationship between fluid composition and dew-point pressure, developing
a universal global correlation remains a significant challenge. Furthermore, experimental
determination of dew-point pressure for gas condensate fluids is both costly and time-
consuming. This study establishes a robust mathematical relationship between experimental
data and key reservoir outputs using a soft computing approach (Table 1).

Algorithm Selection and Hyperparameter Tuning

The Random Forest algorithm, implemented via the Scikit-learn library in Python, was selected
for its ability to model complex non-linear relationships and its inherent resistance to
overfitting. The model was optimized using grid search cross-validation, establishing the
following key hyperparameters to ensure stability: n_estimators = 100, max_depth = 15, and
random_state = 42.
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Table 1. Range and statistical parameters of the used data for model development [10]

Parameter Minimum Average Maximum Standard Deviation
P4 (Psia) 2405 4954.12 11830 1552.15
Tr (°F) 40 217.02 313 50.56
Mc7+ 106 152.22 253 24.03
Yer+ 0.7300 0.7906 0.8500 0.0236
Xc1 0.3344 0.7886 0.9650 0.1174
XC2 0.0040 0.0610 0.1453 0.0303
X3 0.0023 0.0314 0.0902 0.0191
Xc4's 0.0022 0.0199 0.0630 0.0118
XCs's 0.0009 0.0127 0.1230 0.0132
Xcs's 0.0000 0.0095 0.0871 0.0094
XC7+ 0.0036 0.0427 0.1356 0.0314
XN2 0.0000 0.0128 0.4322 0.0408
XCo2 0.0000 0.0135 0.1036 0.0171
XH2s8 0.0000 0.0068 0.2657 0.0317

Mathematical Description of the Model

Random Forest is an ensemble learning method that operates by constructing a multitude of
decision trees at training time and outputting the mean prediction of the individual trees for
regression tasks.

Mathematically, given a training dataset
D= {(xl,yl),(xz,YZ); "'r(xnfyn)}a (1)
In the relationship 1 we defined:
- D represents the entire training dataset used to build the Random Forest model.

- n represents the total number of experimental data points (or samples) available in the
dataset (in the context of your study, n = 375).

- [ 1s the index representing a specific data point, ranging from 1 to n.

- x;: Denotes the input feature vector for the i-th sample. Mathematically, it is expressed
as x; € R'3, meaning it belongs to a 13-dimensional real coordinate space because it
contains exactly 13 independent predictor variables.

Specifically, this vector includes:
- Reservoir temperature (Ty).
- Hydrocarbon molar fractions (x.; through x.-,).
- Non-hydrocarbon molar fractions (xy,, Xco,» Xu,s)-
- Physical properties of the heavy fraction (molecular weight M, and specific gravity
Yer+)-
- y; denotes the target output variable corresponding to the input vector x;.

Mathematically, it is expressed as y; € R (a single real number) and represents the
actual, experimentally measured dew point pressure (P,) for that specific fluid sample.
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For each individual decision tree t = 1,2, ..., T (where T = n_estimators = 100):
1. Draw a bootstrap sample D; of size n randomly with replacement from the total training
dataset D.

2. Grow a regression tree h,(x) using the bootstrapped data D, by recursively repeating
the following steps for each terminal node of the tree until the specified constraints are
satisfied (max_depth = 15):

- Select m variables at random from the 13 available predictors.

- Determine the best variable and split-point among the m variables by minimizing
the node impurity. For regression, this split criterion is dictated by minimizing the
Mean Squared Error (MSE) within a given node region R,,:
1 _
MSE = |R_m|Zl'€Rm(yi — Ym)® (2)
where y,,, 1s the mean of the target values within the local region R,,,.
- Split the node into two distinct daughter nodes based on the optimal split-point.

Once the entire ensemble of T decision trees is fully trained, the final predicted dew point
pressure y for any new input vector x is generated by aggregating and averaging the outputs of
all individual regression trees:

P == XT_1 he (x) 3)
This bootstrap aggregating (bagging) mechanism significantly decreases the overall model
variance without increasing its bias, leading to excellent generalization capabilities and robust
prevention of overfitting on unseen reservoir fluid configurations.
Input Variable Selection
The architecture utilizes 13 specific predictors to estimate dew-point pressure. As illustrated in
Figure 1, these inputs include reservoir temperature (T), molar fractions of hydrocarbons (C;
to C;,), non-hydrocarbons (N,, CO,, H,S), and the physical properties of the heavy fraction
(M¢7+ and y¢74).

Temperature

—-+| Machine Learning
(Random Forest)

L 4

Dew point pressure

Figure 1. Developed RF model scheme for prediction of dew point pressure.

Training and Performance Evaluation

To ensure robust generalization, the total dataset of 375 records was divided using a standard
80/20 train-test split, supplemented by k-fold cross-validation during the training phase. The
model's validity was further assessed against 36 independent external datasets taken from
Elsharkawy (Table 2). Comparison between the measured/predicted results of the developed
model and the applied data of dew-point pressure for Sample 1 and Sample 2 are presented in
Figure 2 and Figure 3 respectively.
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Table 2. Comparison between the predicted and target data.

2000 -

!
8 9 10 1
Sample

12 13 14 15 16 17 18

Figure 2. Comparison between the measured/predicted results of the developed model
and the applied data of dew-point pressure - Sample 1.
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2 3337 5468.91 63.89 2 5720 5438.32 4.92
3 2651 2675.05 0.91 3 6668 7076.34 6.12
4 11830 8586.32 27.42 4 10790 8046.31 2543
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11 5219 5263.58 0.85 11 3385 3405.76 0.61
12 4172 4748.27 13.81 12 3445 3867.34 12.26
13 4160 4907.68 17.97 13 5870 6032.15 2.76
14 7871 6868.73 12.73 14 3520 3287.56 6.6
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Figure 3. Comparison between the measured/predicted results of the developed model
and the applied data of dew-point pressure — Sample 2.

Model performance was evaluated using multiple fitness functions, including the Coefficient
of Determination (R’), Average Percent Relative Error (4PE), Root Mean Square Error
(RMSE), and Mean Absolute Error (MAE).

While the overall model demonstrates high accuracy, specific outliers in Sample 1 (e.g., records
2 and 16) exhibit larger relative errors; these deviations correlate with extreme compositional
limits and highly sour gas mixtures, indicating areas where future model calibration could be
focused.

RESULTS AND DISCUSSION

Dew point pressure correlations determined by Nemeth-Kennedy, Elsharkawy, Shokir,
Ahmadi-Elsharkawy, and Nnadozie were used for comparison against the new model. Due to
the significant variation in gas-condensate fluid compositions across different global reservoirs,
existing correlations often yield inaccurate predictions when applied to fluid systems outside
their original development datasets. A comparative analysis and graphical error assessment are
detailed in Figure 4 and Table 3. The results demonstrate that the proposed RF-model maintains
a tight distribution along the identity line. While the Ahmadi-Elsharkawy correlation achieved
a slightly lower APE (7.90%) compared to the RF' model (8.17%), the RF approach exhibited
superior overall variance capture. Specifically, the RF model achieved a significantly higher R’
of 0.8790 compared to Ahmadi-Elsharkawy's 0.7765. This indicates that the RF model
reproduces experimental behavior with higher global precision and consistency across the entire
pressure range of 2405 to 11830 psia, avoiding the extreme complexities associated with genetic
programming equations [24],[25].
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Figure 4. Cross plot of measured versus predicted dew point pressure using (a) Nemeth-Kennedy,
(b) Elsharkawy, (c) Shokir, (d) Ahmadi-Elsharkawy, (e) Nnadozie, (f) this study.
Table 3. Statistical analysis results of the correlations used in this comparative study.
Quantity Nemeth- Elsharkawy Shokir Ahmadi- Nnadozie This study
Kennedy Elsharkawy
APE (%) 8.69 13.54 9.71 7.90 18.87 8.17
R-square 0.7397 0.5937 0.8250 0.7765 0.5985 0.8790
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In our experiments:

RMSE (psia) is 983.99,
MAE (psia) is 648.44,

Max Error (psia) is 3243.68.

1. Root Mean Square Error (RMSE):
1 .
RMSE = \/;Z’Ll()’i — J1)? 4)

This equation measures the standard deviation of the prediction errors. Squaring the errors
before averaging heavily penalizes larger errors/outliers.

2. Mean Absolute Error (MAE):

MAE = =37, ly; = 9] (5)
This equation calculates the average magnitude of the errors in a set of predictions, without
considering their direction.
3. Maximum Error (Max Error):
MaxError = max(|y; — y;|) (6)

This equation simply identifies the single largest absolute difference between a predicted value
and its corresponding experimental value.

4. Average Percent Relative Error (4PE):

APE = 1/n¥|(y; — 9:)/y:l x 100 (7)
This equation expresses the absolute error as a percentage of the actual measured value,
providing a clear normalized metric of how far off the predictions are on average.

In equation 4-7 we defined:
- n represents the total number of data points (or samples) being evaluated in your dataset.
- [ represents the specific index of a given data point, iterating from 1 up to n.

- y; denotes the actual (target) experimentally measured value of the dew point pressure
for the i-th sample.

- y; denotes the predicted value of the dew point pressure generated by your model (or
correlation) for the i-th sample.

-terms Y, (or Y/, ) the summation symbol, indicating that you must add up the calculated
values for all n samples in the dataset.

-|... | denotes the absolute value. This operation converts any negative numbers to positive

numbers, ensuring that over-predictions and under-predictions do not cancel each
other out when added together.

- max denotes the maximum value. In equation (6), it means finding the single largest
absolute difference between a predicted value and its corresponding experimental
value.

These terms are standard across machine learning and statistical modeling for evaluating how
close a model's predictions are to the real-world data.
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Model Interpretability and Error Diagnostics

To provide deeper insights into the model's decision-making process and move beyond global
metrics, a Feature Importance analysis was conducted. By extracting the
feature_importances_attribute from the trained Scikit-Learn Random Forest model, the
analysis reveals that reservoir temperature (7R) and the physical properties of the heavy fraction
(MC7+ and yc7+) are the dominant drivers in predicting the dew point pressure, followed by the
molar fractions of heavy components (Ce, Cs), as illustrated in Figure 5. This confirms the
model successfully learned core thermodynamic behaviors.

Residual Plot for Random Forest Model
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Figure 5. Feature importance of the 13 predictors used in the Random Forest
model for dew point pressure estimation.

Furthermore, to evaluate error distribution rigorously, a Residual Plot (Figure 6) was generated
(calculated as Residuals = Actual Py - Predicted Pg). Visualizing the residuals on the Y-axis
against the predicted pressure on the X-axis (Figure 6) demonstrates that the prediction errors
are randomly scattered around the zero line (Y=0) across the entire operational envelope of 2405
to 11830 psia. This confirms that the RF model does not suffer from systematic bias (it does
not consistently over-predict or under-predict) in any specific pressure range.

CONCLUSIONS

This study transitioned from traditional rigid mathematical formulas to a data-driven Machine
Learning approach to predict dew point pressure (P;) in gas condensate reservoirs. Based on
the experimental and statistical results, the data-driven Random Forest (RF) model provides a
highly effective and robust alternative to traditional empirical correlations. The developed RF
architecture achieved a strong Coefficient of Determination (R?) of 0.8790 and an Average
Percent Relative Error (APE) of 8.17%.
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Random Forest Feature Importance for Dew Point Pressure Prediction
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Figure 6. Residual plot showing the distribution of prediction errors
against predicted dew point pressure.

While the Ahmadi-Elsharkawy model yielded a slightly lower APE (7.90%), our proposed RF
framework captures the global data variance with visibly greater precision, as evidenced by the
superior R? metric (0.8790 vs. 0.7765). More importantly, the machine learning approach
completely avoids the rigid and highly complex mathematical formulations characteristic of
genetic programming equations. This ensures a more adaptable, straightforward, and
computationally efficient implementation while delivering robust predictive precision across a
remarkably broad operational pressure envelope ranging from 2405 to 11830 psia.

From an operational and economic perspective, the implementation of this soft computing
technique offers a fast, reliable, and cost-effective alternative for reservoir engineering
workflows. The data-driven framework successfully bypasses the need for time-consuming and
expensive laboratory PVT testing protocols, such as Constant Mass Expansion (CME) and
Constant Volume Depletion (CVD). Furthermore, it eliminates the necessity for tedious,
repetitive trial-and-error computations traditionally associated with legacy K-value
correlations.

In conclusion, from a practical reservoir management standpoint, the precise estimation of dew
point pressure via this Random Forest model provides production engineers with an invaluable
tool to anticipate and mitigate near-wellbore condensate banking. Understanding the exact
pressure thresholds at which liquid dropout occurs allows operators to design and execute
proactive pressure maintenance strategies. Ultimately, this prevents localized permeability
reduction around the wellbore, sustaining and optimizing long-term well productivity and
economic recovery.
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Nomenclature
Mc7:+ — Molecular weight of C7: fraction.
yc7+ — Specific gravity of Cy: fraction.
P4 — Dew point pressure, psia.
Tr — Reservoir temperature, °F.
Xn2— Molar fraction of nitrogen.
Xco2— Molar fraction of carbon dioxide.
X2s — Molar fraction of hydrogen sulfide.

Xc1— Molar fraction of methane.

Xc2— Molar fraction of ethane.

Xc3— Molar fraction of propane.

Xca— Molar fraction of butane.

Xcs— Molar fraction of pentane.

Xcs— Molar fraction of hexane.

Xc7+— Molar fraction of heptane’s plus.

Appendix A. Equations for the comparative models used in this study

This study compares the results of the new machine learning based approach with traditional
models from Nemeth-Kennedy, Elsharkawy, Shokir, Ahmadi-Elsharkawy and Nnadozie. The
following equations represent the standard correlations used in this comparative assessment:

Nemeth and Kennedy (1967)

Table A.1. The coefficients of Nemeth and Kennedy correlation [10].

A1 =-2.0623054

A, =6.6259728

A3 =-4.4670559-1073

As=1.0448346-107*

As=3.2673714-1072

A¢=-3.6453277-107

A7;=7.4299951-107°

Ag=-1.1381195-10""

Ay =6.2476497-107*

A19=-1.0716866-107°

A= 1.746622-10"

InP, = Aq[xc, + Xco, + Xp,s + x¢, + 2(xc, + X¢,) + X, + 0.4%¢, + 0.2xy, |

Xc
+ Azyc7+ + A3 < L

+ A6(xC7+MC7+)2 + ’47(9((:7+1VIC7+)3 + Ag <

MC7+

Xc,, +0.002

(1)

> + A,Tr + As(x¢, Mc,)

C7+
Yc.,, +0.0001

C7+

C7+

2 M 3
Ao —Z= ) 44, [—Z=—) +4
* 9<}/C7++0.0001> * 1°<yc7++0.0001> T Au

Elsharkawy M. (2002)

Py = Ay + AT + Apxy,s + Asxco, + Auxy, + Asxc, + Agxc, + A7xc, + Agxc,

2)

+ Aoxc, + Aroxc, + A11xc,, + AaMc,, + Aisve,, + A1a(xc, Mc,,)

M
+ A5

XCyy

Xcs + Xc, + Xcs + Xcg
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Table A.2. The coefficients of Elsharkawy correlation.

Ay =4268.85 A1 =0.094056 A, =-7157.87 Az =-4540.58 A4=-4663.55
As=-1357.56 A¢=-7776.10 A7=-9967.99 Ag=-4257.10 Ao =-1417.10
Ajp=691.5298 A1 =40660.36 A2 =205.26 A3 =-7260.32 A4=-352.413
A;s=-114.519 Ajs=28.133 A17=94.916 A1g=238.252
Shokir EI-M. (2008)
P, =B, +B,+Bs+B, 3)

B, = 201.875481x¢7, ((TR [Xc3 — Xpas+Xcoz — Xce + Xcoz — Xca — Xc2]

- [xC4(xC02 — Xca—Mce7y + Xy2 — xcsMc7+2) — xc7+])
— (Xpzs—xn2Tr[Xc1? — Xc74] + Meyy — X¢p + tzs)) (4)
+ 38456.87953x ¢

B, = (0.000007 Tg xNZ)[(xCOZ — Mc7y — X¢74)(Tr — M7 —Xco2 — Tr)
— (Xtas — Tr) (M¢74% — x¢3sMe74 )| + 225500.9399x 6 (5)

B3 = 120586.9719 x4 [tzs(xcstzs—xcs — Xc7+)
- ((xc7+ — Xc1) (Xc7+—Xce) — tzstzz)] + 72.6908M¢, (6)

B4_ == _196240851 xcs(MC7+ - xc12)
— 253385.67764xc71+Xc02Xc3(Xco2Xc3—Xca + Xc74) (X3 — Mc7y)  (7)
— 13358.59271 x4 + 4676.933602x ¢, — 6567.9

Ahmadi-Elsharkawy (2017)

P, = —888.278 — (3.60639Txx¢;) + (0.00785623Tx%) + (1467.87x¢,)
+ (0.9890734) (8)

1 1 2
A = 140.909 — (0.484983BxN2§) + (0.576219CxN2§) + (1746.2xN2§)
+(0.290811B) + (3.3387x10-5B2) + (0.484502() )

1
B =—-6991.4 + (0.00165952M7,°) — <0.00122815MC7+3xC7+§)
1 1 2
- (5.7182x10"*M,,,°) — (79241xc4§xc7+§> + (31517.4xc4§> (10)

1 2
+ (50917.8xc7+§> - (31614.2xc7+§)
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1
C = 29014 — (52127.9x,) + (79848.3y,,3) + (12633.6x61x67+§)

1
+ (11116.5%¢,2 — 58526.6y¢7,3) + (58263.6yc7+3xc7+§) (11)
2
— (43792.796(;7_,_5)
Nnadozie O. (2018)
P; =Ay+ A By +A;By + A3B; + AuB, + AsBs + AgBg + A;B, + AgBg + AgByq (12)
+ A10B10 + A11B11 + A12B12 + A13B13 + A14B14 + A15B5s
Table A.3. The A; coefficients of Nnadozie correlation.
Ao=1.0 A1 =8.5 Ay=94 A3=9.9
As=11 As=19.35 A¢=22.35 A7;=223
Ag=19.08 Ag=19.1 Aip=19.1 A1 =19.09
A12: 19.1 A13: 19.1 A14:19.12 A15:5
Table A.4. The B; coefficients of Nnadozie correlation.

By =Tg By = Xuzs + Xcoz t Xn2 B3 = x¢q By = xc;

Bs = x¢3 B = xc4 B; = X¢s Bg = x¢¢

By = x¢7+ Bio = xc74+ Mc7+ Bi1 = Mc74 Bia =vers

xC7+ Mc7+ _ xC7+ _ xC7+
=T o Biy = Bis =
Bus Yo7+ Y X + % Y7 xes + Xeq + Xes + Xce
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