
Abstract
An accurate prediction of production rate for wellhead choke is highly vital in petroleum production engineering 
applications. It is deployed in the control of surface production, prevention of water and gas coning, and optimization 
of the entire production systems. Although there are several choke correlations in literature to estimate production 
rate; however, most of the published correlations were derived with datasets outside Niger Delta fields. Thus, this 
study presents a new empirical-based model, which is a derivative from Choubineh et al. model, to predict the 
liquid production rate of chokes for Niger Delta oil wells. The new model was developed and optimized using 
multivariate regression and the Generalized Reduced Gradient (GRG) optimization algorithm. Furthermore, a total of 
283 production data points from 21 oil wells in 7 fields in the Niger Delta region, with a randomly generated ratio of 
70: 30 of the datasets, was used to develop and validate the developed model. The developed Model 2 predicted the 
choke production rate with a fitting accuracy of average absolute percentage error (AAPE) of 23.73% and coefficient 
of determination (R2) of 0.973; in addition, the model predicted validating accuracy of AAPE of 9.33% while the 
coefficient of determination (R2) stands at 0.982. Consequently, this model can be relied on as a quick and robust tool 
for estimating the choke production rate of producing oil wells. Moreover, the sensitivity analysis results show that 
the choke size has the most significant impact on the predicted liquid rate. In contrast, gas gravity has the least impact.
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Introduction
The importance of wellhead choke during oil and gas 
production cannot be overemphasized, as it restricts 
flow to regulate production rate. Wellhead chokes are 
mainly installed to enhance control of fluid flow rates. 
The choke's proper production rate management reduces 
sand production, water and gas coning, and it minimizes 
formation damage while the flow rate is stabilized [1]. 
Other functions include (1) prevention of surface 
equipment from downstream pressure surges, (2) 
reduction of high wellhead flowing pressures, and (3) 
sustaining economic production rate limits set by the 
regulatory authorities. Since the oil production rate 
is susceptible to choke size changes, modeling flow 
through chokes is essential for oil production simulation. 
Thus, the choke performance model contributes to well-
performance prediction accuracy and full system nodal 
analysis. Wellhead chokes are classified into two main 
groups, namely, fixed and variable. Their abilities depend 

on their design and structural components. Production 
rate prediction through the choke requires knowing and 
identifying the type of flow regime. Sonic (critical) and 
sub-sonic(sub-critical) are the two significant identified 
flows through wellhead chokes. Critical flow occurs 
when the fluid's velocity reaches sonic velocity, and it 
is typically observed at a downstream to an upstream 
pressure ratio of less than 0.588. In this type of flow, the 
mass flow rate is principally dependent on the upstream 
choke pressure. 
Moreover, this flow regime is the standard one, and it is 
predominantly the considered flow regime in enhanced oil 
recovery projects [2]. On the other hand, subcritical flow 
occurs when the fluid's velocity is below the sonic speed, 
which means that the mass flow rate relies mostly on the 
pressure drop within the system's restrictions. Critical 
flow is usually adopted because it prevents perturbations 
in the performance of facilities and enhances stable flow. 
Existing models in literature for multiphase orifice
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flow are categorized as analytical models and empirical 
correlations. The theoretical framework for gas-liquid two-
phase flow through restriction was presented by Guo et al. 
[1] and Tangren et al. [3]. In addition, it was stated by them 
that when gas bubbles are above a critical flow velocity, 
the upstream system pressure cannot be transmitted to the 
downstream of the restriction in an expanding gas-liquid 
system. The most widely used liquid flow rate correlation for 
critical flow through choke as a function of three variables 
(flowing wellhead pressure, gas-liquid ratio, and surface 
wellhead choke size) was developed using 268 datasets from 
California fields by Gilbert [4]. 
Furthermore, Gilbert’s correlation shows the direct 
relationship between the upstream pressure and the 
liquid production rate under critical flow conditions. This 
relationship is expressed in Equation 1:
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where, 
Pwh = Upstream (wellhead) pressure in psi,
GLR = Gas-liquid ratio in SCF/STB, 
QL = Liquid rate in STB/D,
D64 = Choke size in (1/64 inch), and
A B and C are empirical constants that are strong functions 
of the data being correlated. The constants and exponents 
developed by some researchers are given in Table 1. 

Nevertheless, the Gilbert model is valid for critical flow when 
the upstream pressure is about 70% above the downstream 
pressure. Other researchers such as Baxandell [5], Ros [6], 
Achong [7], Pilehavari [8], Beiranvand et al. [9] have revised 
Gilbert’s correlation with modification on the constant and 
exponents through regression parameters based on data from 
various oil fields.  Limited field data from the Niger Delta 

Table 1 The correlation constants and exponents of Gilbert’s model 
form derived by various authors on wellhead choke performance.

Authors
Correlation constants
A B C

Gilbert 10.00 0.546 1.89
Baxendell 9.56 0.546 1.93
Ros 17.40 0.50 2.00
Achong 3.82 0.65 1.88
Pilehavari 46.67 0.313 2.11
Owolabi et al. 35.72 0.289 1.83
Beiranvand et al. 30.490 0.589 2.275
Okon et al. 5.1474 0.5048 1.7093

Table 2 The Modified Gilbert model’s correlation constants and exponents proposed by different authors for wellhead choke performance.

Authors
Correlation constants
A B C D E F

(Beiranvand et al. (2012 0.0382 2.1510 0.5154 0.5297 0.0000 1.0000

(Khorzoughi et al. (2013 1.00 1.50 0.10 1.00 -0.80 0.50

(Okon et al. (2015 0.050900 1.813400 0.674900 0.022350 0.000029 1.321000

(Ghorbani et al. (2018 0.0574 2.3000 0.7090 0.00001 0.0000 1.0000

region were utilized by Owolabi et al. [10] and Okon et al. [11] 
to generate new constant and exponents based on Gilbert’s 
correlation. Additionally, a modified Gilbert’s formula by 
introducing two new parameters: Surface Temperature (T) 
and Basic Sediments and Water (B&SW) was presented by 
Beiranvand et al. [9], Khorzoughi et al. [12], and Okon et al. 
[11]. In Equation 2, the modified Gilbert model developed 
by [9, 12, 11, 14] with different correlation constants is 
presented.
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Where BSW = Basic Sediments and Water (%), T and TSC 
= fluid temperature and temperature at standard condition 
respectively (°F), and A, B, C, D, E, and F are empirical 
constants. In Table 2, the respective empirical correlation 
constants for such a model developed by different authors 
are shown.
An improved model was proposed by Choubineh et al. [13] by 
considering surface temperature, oil specific gravity, and gas 
specific gravity in addition to the existing variables in Gilbert 
correlation [4]. Furthermore, the neural network hybridized 
with teaching learning-based optimization algorithms was 
applied by them to predict the production rate through the 
choke using 113 data points from twelve oil wells in Southern 
Iran. The empirical model presented by Choubineh et al. [13] 
is expressed as:
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Where A = 0.067622, B = 0.508714, C = 2.08918, D = 
1.583074, E = 0.625862, F = 0.000453, ɣo = oil specific 
gravity, ɣg = gas specific gravity, T and TSC = fluid temperature 
and temperature at standard condition, respectively (°F). 
Later, empirical models to predict liquid production flow 
rates for the Reshadat oil field offshore southwest Iran with 
182 datasets were proposed by Ghorbani et al. [14]. Also, 
they based their choke production rate model as a function 
of wellhead pressure, gas-liquid ratio, surface wellhead 
choke size, and basic sediment and water similar to that 
of Beiranvand et al. [9]. Lastly, they used the customized 
genetic optimization algorithm (GA) and the Excel Solver 
non-linear and evolutionary optimization algorithms to 
derive their correlation constants.
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It is pertinent to note that most of the existing multiphase 
flow models through wellhead choke are based on limited 
ranges of flow variables (3-input parameters). Their validity 
is limited to the region of their data as discussed by Okon et 
al. [11]. Therefore, this study aims to present a new empirical-
based model, a derivative from Choubineh et al. [13].
This work presents a six-parameter model [13] with different 
empirical constants that would be used to predict chokes’ 
liquid production rate based on Niger Delta fields datasets. 
The empirical model’s new constants are developed from 
data points across twenty-one (21) oil-producing wells in 
seven Niger Delta fields. 

Materials and Methods
Data Collection and Analysis
Two hundred and eighty-three (283) surface production 
data and maximum efficient rate test data from twenty-one 
(21) producing oil wells across seven (7) Niger Delta fields 
were applied to develop and validate this study’s models. 
Herein, the entire dataset was randomly split into the fitting 
and validating sets.  Input variables include the choke sizes, 
flowing wellhead pressure, oil specific gravity, gas specific 
gravity, surface temperature, and gas-liquid ratio, while the 
output variable is the liquid critical-flow rate. The input and 
output variables are presented in Table 3.

Table 3 The summary of the train and test datasets distributions.
Parameters Units Min Max
Fitting datasets
Choke size (*/64th) 16 74
Wellhead Pressure Psi 175 3300
Oil gravity - 0.74 0.93
Gas gravity - 0.52 0.91
Surface temperature OF 48 186
Gas-Liquid Ratio 
(GLR)

SCF/STB 54 28597

Liquid flow rate STB/D 183 14417
Validation datasets
Choke size (*/64th) 14 58
Wellhead Pressure Psi 95 1500
Oil gravity - 0.809 0.943
Gas gravity - 0.613 0.940
Surface temperature OF 60 126
Gas-Liquid Ratio 
(GLR)

SCF/STB 29 4183

Liquid flow rate STB/D 246 2816

A statistical quality control analysis was conducted to 
eliminate possible errors caused by abnormal data variation. 
Moreover, mean and standard deviation values were 
calculated to assess the variability of each parameter. Any 
data point that showed a variation of +/- 3 standard deviation 
from the mean was ruled out because the selected data’s 
quality affects the empirical model’s accuracy and validity.

Empirical Models Development
The non-linear multivariate regression tool in MS Excel is 
used to derive the regression constant and exponents for the 
developed wellhead choke production rate models for Niger 
Delta oil fields under critical flow conditions.

Multivariate Regression Procedures
Firstly, the liquid production rate (response) was defined as 
the power function of various surface parameters (predictors), 
as it is expressed in Equations (4) and (5) as follows: 
Model 1 (Gilbert formula)
QL=f(A,Pwh,D64

C,GLRB)                                                        (4)
Model 2 (Modified Gilbert formula)
QL=f(A,Pwh

D,D64
C,GLRB,γo

D,γg
D,TF/Tsc)                                (5)

Secondly, we linearized the defined power function model in 
Equations 4 and 5 by taking the natural log to transform the 
non-linear relationship into a linear form. This step is carried 
out to get the correlation constants and exponents by the MS-
Excel regression tool since it could not directly perform non-
linear regression. These linear forms are as below:
In(QL)=In(A)+DIn(Pwh)+CIn(D64)+BIn(GLR)                           (6)
In(QL)=In(A)+GIn(Pwh)+CIn(D64)+BIn(GLR)+DIn(γo)
+EIn(γg)+FIn(T/Tsc)                                                                (7)
After conducting the regression analysis on the data, de-
linearization was performed by taking exponential of 
Equations (6) and (7) to get a non-linear model. Thus, 
rewriting Equations (6) and (7) yields:
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where,
Pwh = Upstream (wellhead) pressure, Psi.
GLR = Gas liquid ratio, SCF/STB.
QL = Liquid rate, STB/D.
D64 = Choke size, (*/64 inch)
ɣo = Oil specific gravity.
ɣg = Gas specific gravity.
T and TSC = Fluid temperature and standard condition 
temperature, respectively, °F.
A is proportionality constant.
B, C, D, E, F, and G are empirical exponents.
Next, the optimization of the correlation constants and 
exponent obtained from the regression analysis was carried 
out. The MS Excel Solver optimizer is equipped with optional 
algorithms grouped into linear (simplex) and non-linear 
(generalized reduced gradient and evolutionary). In this study, 
the Generalized Reduced Gradient (GRG) was employed to 
optimize these models to get minimum objective fitness. The 
flowchart for optimizing the developed model constants and 
exponents using the MS Excel Solver is shown in Figure 1. 
The Sum of Squared Error (SSE) expressed in Equation 10 
was chosen as the objective function to minimize the loss.
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Fig. 1 MS Excel Solver Optimization flowchart.

Models Evaluation
To demonstrate the developed models' accuracy and robust-
ness, the obtained predictions were compared with the actual 
field data and some other existing correlations for wellhead 
choke performance prediction (Liquid critical flowrate). The 
following five statistical error metrics were used as indicators 
to measure the accuracy, precision, and performance of the 
developed models and existing correlations.
•Average Percentage Error (APE)
APE is calculated by using Equations (11) and (12):
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where,
PEi = Percent Error,
QL(act)= Actual liquid flowrate, 
QL (Pred)= Predicted liquid flowrate, and
n = Numbers of data points.
•Absolute Average Percent Error (AAPE) 
AAPE is calculated using Equation (13):
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•Root Mean Square Error (RMSE)
RMSE MSE=                                                               (14)
•Coefficient of Determination (R2)
R2 is calculated using Equation (15):
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Sensitivity Analysis
Sensitivity analysis was carried out to address each 

input’s numerical impact (predictors) on the output 
variable(response). This analysis verifies the impact of 
wellhead pressure, choke size, gas-liquid ratio, gas specific 
gravity, oil specific gravity, and surface temperature on the 
critical production rate through wellhead chokes.  Herein, 
a relevancy factor (r) [13] was used to calculate the impact 
factor of each dependent variable on the liquid rate with 
Equation (16):
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where;
Xk/i– Input value of data point i, for input variable k,
Xk/avg– Mean value of input variable k.
QL,i– Predicted liquid rate for data point i.
QL,avg– Mean value of all predicted liquid rate.
N – Number of data points.
The r-value calculated with Equation (16) varies between 
-1 to +1. The higher absolute values of r show a higher 
sensitivity of the dependent variable (response) to each input 
variable (predictors).

Results and Discussion
Fitted Empirical Correlations
Non-linear regression analysis was used to determine the 
empirical constants’ values in the models presented in 
Equations (8) and (9). It relates the flow rate as the dependent 
variable and others as independent variables for wellhead 
chokes of producing oil wells in the Niger Delta. The 
empirical Gilbert and modified Gilbert model for this study 
are presented in Equations (17) and (18).
Model 1 – Gilbert form
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where A = 49.2531, B = 0.4768 and C = 2.2304.
Model 2 – Modified Gilbert form
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where A = 0.7486, B = 0.3066, C = 1.6082, D = 4.3376, E= 
0.0021, F = 0.8999 and G = 0.6260.

Validation of Developed Empirical Models
The performance and accuracy of the non-linear presented 
models are evaluated using the model’s fitted datasets and 
then validated with the validation dataset. The results 
of developed models’ performance were evaluated and 
demonstrated “with” graphical plots and statistical metrics as 
depicted in Figures 2 to 5 and Table 4.
The developed empirical Model 1 predicted the wellhead 
choke production rate with a fitting accuracy of AAPE value 
of 30.74% and R2 value of 0.948 and validation accuracy of 
AAPE value of 28.2 % and R2 value of 0.687. The validating 
accuracy is higher than fitting accuracy because the validation 
data consist more of flow rates below 3000 STB/D. In contrast, 
Model 2 performed better with a fitting accuracy of AAPE 
value of 23.73% and R2 value of 0.973 and validation accuracy 
of AAPE value of 9.33% and R2 value of 0.982.
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Fig. 2 Cross plot of actual field values against Model 1 predicted 
values for the fitting datasets. 

Fig. 3 Cross plot of actual field values against Model 1 predicted 
values for the validation dataset.  

Fig. 4 Cross plot of actual field values against Model 2 predicted 
values for the fitting datasets. 

Fig. 5 Cross plot of actual field values against Model 2 predicted 
values for the validation datasets. 
Table 4 Statistical analysis of train and test datasets for Model 1 
and Model 2.

Models

Statistical Error Metrics

Fitting data Validation data

R2 APE AAPE RMSE R2 APE AAPE RMSE
Model 1 0.948 -19.04 30.74 760 0.687 26.2 28.2 387
Model 2 0.973 -13.28 23.73 551 0.982 -4.17 9.33 93

The higher performance of Model 2 when compared with 
Model 1 can be attributed to the presence of the three additional 
input parameters of Model 2. Also, the cross-plots of Figures 2 
and 4 show that the developed models’ prediction has performed 
better for a liquid rate below 10,000 STB/D but predicted poorly 
for liquid rates above 10,000 STB/D. This poor prediction of 
both models is due to a few high rate data records available 
during the fitting process. The Model 2 liquid rate predictions on 
the validation data were superior to that of the fitting data owing 
to the fact the predicted liquid production rates were less than 
3000STB/D. In sum, Model 2 outperformed Model 1 based on 
the overall statistical performance on the fitting and validation 
data.

Comparison Between the Developed Models and Published 
Models
Furthermore, the developed models’ performance was 
compared with existing empirical correlations for the wellhead 
choke’s liquid production rate prediction on both the fitting 
and validation datasets. The published correlations selected in 
this study are Gilbert [4], Baxendell [5], Ros [6], Owolabi et 
al. [10], Okon et al. [11] for comparison with developed Model 
1. Conversely, Choubineh et al. correlation [13] was selected 
for comparison with developed Model 2 because it considered 
the same 6-input parameters. Figures 6 to 12 display the actual 
versus predicted results for the 85 test data points of the studied 
data set, applying these six cited correlations. The alignment 
of the data points with the cross-plot line for each correlation 
shows the relative accuracy. Although, the published 
correlations had a reasonably acceptable performance for the 
liquid production rate. However, the scattering of the predicted 
data point from the cross plots actual field rate line depicts 
models’ inadequacy.
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Fig. 7 Cross-plot of actual field values versus Baxendell predicted 
value for the validation dataset.

Fig. 8 Cross-plot of actual field values versus Ros predicted value 
for the validation dataset.

Fig. 9 Cross-plot of actual field values versus Okon et al predicted 
value for the validation dataset.

Fig. 10 Cross-plot of actual field values versus Owolabi predicted 
rates for the validation dataset.

Figure 11: Cross-plot of actual field values versus Choubineh 
et al predicted rates for the validation dataset.

Fig. 6 Cross-plot of actual field values versus Gilbert predicted  
value for the validation dataset.
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Fig. 12 Statistical analysis of the comparison between Choubineh et 
al. model and developed Model 2 on Choubineh et al. [14] dataset.
The performance rank of these correlations based on the 
highest to lowest R2 values was Baxendell, Ros, Okon et al., 
Gilbert, Owolabi et al. for the 3-input parameters. Moreover, 
Choubineh et al. model had a relatively good performance 
with the fitting and validation datasets, but the performance 
was less when compared to developed Model 2 prediction 
performance. 
In Table 5, the statistical error metrics for these existing 
correlations and the models for this study are presented 
and explained. The best prediction was belonging to the 
developed Model 2 with an AAPE value of 9.4%, RMSE 
value of 93, and R2 value of 0.982. Furthermore, to confirm 
the superiority of the developed model 2 over with other 
existing models in predicting liquid production rate, Figure 4 
and statistical analysis of Table 5 are presented in this study.
Therefore, it can be concluded that developed Model 2 
(6-input parameter) is best for predicting liquid production 
rate through wellhead chokes for the Niger Delta fields than 
other published correlations.

The Comparison of The Developed Model 2 with Choubineh 
et al. Dataset
In this section, the robustness and generalization capability 
of the developed Model 2 is tested with a total of 113 data 
points from Choubineh et al. [14]. Results were compared 
and contrasted with the Choubineh Model. To show the 
performance of the developed Model 2, R2 and AAPE were 

Table 5 Statistical analysis of train and test datasets for Model 1, Model2, and published

Models

Statistical Error Metrics

Fitting parameters Validation parameters

R2 APE AAPE RMSE R2 APE AAPE RMSE

Gilbert 0.938 -16.38 34.83 1236 0.663 23.3 24.7 393

Baxendell 0.940 -39.48 44.97 886 0.816 8.3 19.6 297

Ros 0.947 -31.09 38.96 830 0.783 16.2 21 323

Owolabi et al 0.915 -55.10 70.64 1124 0.605 16.6 27.4 435

Okon et al 0.934 -60.02 65.06 1026 0.762 -4.4 21.2 338

Model 1 0.948 -19.04 30.74 760 0.687 26.2 28.2 387

Choubineh et al 0.943 -19.38 34.59 744 0.835 15.44 19.65 282

Model 2 0.973 -13.28 23.73 551 0.982 -4.17 9.33 93

used as practical pointers of accuracy and robustness. In 
Figure 12, the graphical result obtained using Choubineh 
et al. [14] datasets are shown. The developed Model 2 
performance predictions’ statistical result shows an R2 

value of 0.9502 and AAPE value of 13.7%. On the other 
side, Choubineh et al. correlation predictions gave an R2 

value of 0.963 and AAPE value of 9.4%. Consequently, it 
was observed from Figure 12 that the prediction accuracy 
and performance of developed Model 2 and Choubineh et 
al Model had better performance with flow rates lower than 
12,000 STB/D. However, the scatter point of the developed 
model 2 prediction at higher flowrates above 12,000STB/D 
reveals the limitation of Model 2. The poor performance of 
the developed model 2 at flowrate above 12,000 STB/D is 
attributed to the few high rate data records available during 
the development of the model.

Relevancy Factor 
The sensitivity analysis determines the impact of various input 
variables, including (wellhead pressure, choke size, gas-liquid 
ratio, oil gravity, gas gravity, and temperature) on the liquid 
production rate using the relevancy factor. Relevancy factor 
(r) was computed for the developed Model 2 input parameters 
to measure the degree (numeric) of their impact or dependence 
on liquid production rate on a scale of -1 to +1. It is good to 
know those input variables with higher absolute r-value had 
more significant effects on the production rate. On the other 
hand, the signs of the r-value indicate proportionality observed 
between each parameter and the liquid production rate. The 
positive sign indicates a direct relationship, while a negative 
sign indicates an inverse relationship. Figure 13 shows 
the computed relevancy factors for each input parameter, 
indicating that the choke size is the most significant factor that 
affects the liquid critical-flow rate. 
Also, wellhead pressure, oil gravity, and temperature positively 
influence the liquid flow rate, which implies that any increase 
in choke size, wellhead pressure, oil gravity, and temperature 
would increase the liquid production rate. The gas-liquid 
ratio and gas gravity had a negative effect, which implies that 
an increase in gas-specific gravity or gas-liquid ratio would 
decrease the flow rate and vice versa.
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Fig. 13 Sensitivity analysis result carried out on the predicted liquid 
rates of developed Model 2.

Conclusions
Most of the developed correlations to predict wellhead choke 
performance are based on data obtained from fields outside the 
Niger Delta region. Their predictions result in lower or higher 
values than field values from the Niger Delta region. Also, 
there are some literature correlations for choke production 
rate prediction based on data from the Niger Delta region. 
Still, these correlations lack flexibility and adaptability due 
to their variability in the data range, and they are based on 
few datasets [11]. Not only did the work consider three input 
variables, wellhead pressure, choke size, and gas-liquid ratio, 
but it additionally included other variables such as oil gravity, 
gas gravity, and fluid temperature for accurate prediction of 
the liquid flow rate through wellhead choke. 
Two hundred eighty-three (238) surface production data 
and maximum efficient rate (MER) test data compiled from 
twenty-one (21) producing oil wells across seven (7) Niger 
Delta fields were used to develop and validate an improved 
choke model for predicting liquid production rate. Based on 
results, the following conclusions were inferred: 
• The developed empirical models predicted the wellhead 

choke production rate with a training accuracy of AAPE 
value of 23.73% and R2 value of 0.973 and testing 
accuracy of AAPE value of 9.33% and R2 value of 
0.982 for Model 2. In contrast, Model 1 had a   training 
accuracy of AAPE value of 30.74% and R2 value of 
0.948 and testing accuracy of AAPE value of 28.2% and 
R2 value of 0.687. 

• The developed Model 2 works best for liquid flow rate.
• The 6-parameter model had a better performance in 

liquid flow rate prediction than the 3-parameter model 
and other published correlations.

• The sensitivity analysis showed that choke size had the 
greatest impact on the predicted liquid flow, while the 
gas gravity had the least impact. 

• From overall results, the developed new model can be 
used as a cost-effective alternative in terms of eliminating 
regular need conducting maximum efficient rate test on 
well to record choke production rate by us.

Therefore, developed Model 2 can serve as a practical 
and robust tool for oilfield prediction of wellhead choke 
production rate for Niger Delta region oil wells.
Nomenclatures
A: Proportionality constant
AAPE: Average Absolute Percent Error
APE: Average Percent Error

B: Gas-Liquid Ratio exponent
C: Choke size exponent
D: Oil gravity exponent
D64: Choke size (1/64 inch)
E: Gas gravity exponent
F: Temperature term exponent
G: Wellhead pressure exponent
GLR: Gas-Liquid Ratio (SCF/STB)
MSE: Mean square error
N: Number of data points
Qact: Actual field flowrate (STB/D)
QL: Gross liquid flowrate (STB/D)
Qpred: Predicted flowrate (STB/D)
Pwh: Wellhead pressure (Psi)
r: Relevancy factor
R2: Coefficient of Determination
RMSE: Root Mean Squared Error
S: Choke Size (*/64th) inches
SCF: Standard cubic feet
STB: Stock tank barrel
T: Fluid temperature (°F)
Tsc: Standard condition temperature (°F)
ɣo: Oil specific gravity (-)
ɣg: Gas specific gravity (-)
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