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Abstract
A suitable design of drilling fluids is essential to improve the drilling efficiency and decrease drilling time/cost. Yield point
is one of the important rheological properties of drilling fluids used to delineate the performance of a drilling fluid. Although
laboratory measurements of the YP are possible, they are time-consuming and costly. Therefore, predicting YP at different
conditions and additive concentrations is quite advantageous. This work used response surface methodology (RSM) to build
an accurate correlation that predicts YP based on pressure, temperature, and concentrations of nanosilica, nanoclay, and
bentonite. The correlation was statistically analyzed by validating it through the F-statistics test, ANOVA, fit statistics, Pareto
chart, and diagnostics plots to increase its accuracy and degree of confidence. The YP correlation was verified by using unseen
data to check its efficiency. The influences between the predictor and target variables were shown in the contour and 3D surface
response plots. The correlation results fairly agree with the measured data with a Pearson’s correlation coefficient of 0.9947.
The results show that the temperature and concentrations of bentonite and nanosilica highly affect the YP in water-based
drilling fluids.
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F-statistics Fisher statistics
ECD Equivalent circulation density
WBDFs Water-based drilling fluids
COV Coefficient of variance
ANN Artificial neural network
MSE Mean squared error
WBM Water-based mud
R300 and R600 Viscometer readings at 300 and 600 RPM

(revolution per minute)
ANFIS Adaptive neuro-fuzzy inference system
AAPE Average absolute percentage error
RMSE Root mean square error
COA Cuckoo optimization algorithm
RF Random forest
DT Decision tree
MD Mud density
MFV Marsh funnel viscosity
pcf Pounds per cubic foot
MPa Megapascal
MW Mud weight
MF Marsh funnel
S% Solid content
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UHPC Ultra-high-performance concrete
P Pressure
T Temperature
Cns Concentrations of nanosilica
Cnc Concentrations of nanoclay
Cb Concentrations of bentonite
p-value Probability value
F-value Fisher value
df Degrees of freedom
3D Three dimensions or three-dimensional
wt.% Weight percent

1 Introduction

An appropriate drilling fluid design is essential to improve
the drilling efficiency and decrease drilling time and cost [1].
Rheological properties of drilling fluids, such as yield point
(YP), plastic viscosity, and apparent viscosity, are substan-
tial parameters used to describe the rheological behavior of
drilling fluids.

The YP measurements in the laboratory are time-
consuming and costly. As a good alternative, predictive
methods are often considered for predicting the YP of water-
based drilling fluids (WBDFs) to achieve good drilling
operation performance [2, 3].

Several published models claimed to predict drilling flu-
ids’ YP using an artificial neural network (ANN) approach.
Razi et al. [4] model predicted the WBM’s YP based on
shear rate, temperature, and starch concentrationwith amean
squared error (MSE) of 0.009 and a correlation coefficient
(R2) of 0.986. Elkatatny et al. [5] model found the oil-based
mud (OBM)’s YP based on the drilling fluid’s Marsh funnel
viscosity, density, and solid contents. They used 9000 data
points to develop amathematical model based on the weights
and biases with an average absolute error of 3. Elkatatny
and Mahmoud [6] model obtained the YP of the water-
based drilling fluid based on theMarsh funnel viscosity, solid
content, and mud density with an R2 of 0.98. Abdelgawad
et al. [7] also applied the ANN method to predict the YP of
bentonite spud mud using the tarsh funnel viscosity, solid
content, and mud density in the ranges (26–120) s, (0–24)%,
(63–80) lb/ft3 as inputs. The model has an R2 of 0.94 [7].
Gowida et al. [8] used the Marsh funnel viscosity and mud
density in the ranges (26–135) s/quart and (64–155) lb/ft3 to
predict the CaCl2 brine YP, and the model has R2 of 0.97.

Other published models also used an ANN approach to
predict drilling fluids’ YP. Gomaa et al. [9] model pre-
dicted the YP of the high overbalanced bridging mud using
the Marsh funnel viscosity and mud density in the ranges
(42–120) s/quart and (43–119) lb/ft3 as inputs of the model

with an R2 of 0.97 and 0.96 for R300 and R600 [9]. Oguntade
et al. [10] model predicted the mud with modified biopoly-
mer’s YP based on the water volume and the concentrations
of bentonite and biopolymer with RMSEs of 0.96 and 0.8331
for 15 and 8 neurons and the R2s of 0.92 and 0.99 for 15 and
8 neurons. Gowida et al. [11] model found the high-bentonite
mud’s YP using the Marsh funnel viscosity and mud density
in the ranges (45–150) s/quart and (64–73) lb/ft3 as inputs
of the model with an R2 of 0.92 [11]. Alsabaa and Elkatatny
[12] model predicted the oil-based drilling fluid’s YP as a
function of the density of the drilling fluid and Marsh funnel
in the ranges (76–120) pcf and (44–120) s with an average
absolute percentage error (AAPE) of 4.85% and an R2 of
0.91 [12]. Gouda et al. [13] used mud temperature, Marsh
funnel viscosity, solid content percentage, and mud density
in the ranges (60–170) °F, (40–85) sec/qrt, (14.5–36.6)%, and
(10.2–13.85), respectively, as inputs to find the yield point
for invert emulsion drilling fluid. The model has an AAPE
of 3.18% and R2 of 0.94 [13]. Mengich et al. [14] found the
WBM’s YP based on mud density, percent solids content,
and Marsh funnel with a root mean square error (RMSE) of
10.149 andR2 of 0.7013 [14].Al-Obaidi et al. [15]model pre-
dicted the rheological properties of the water-based drilling
fluid, namely YP using the mud weight (MW), Marsh fun-
nel (MF), and solid content (S%) as inputs with an RMSE of
0.891 and anR2 of 0.90 [15].Ashadevi et al. [16]model found
the rheological properties of the oil-based drilling fluid, such
as YP. The temperature, mud density, and shear rate were
used as inputs, and a dataset contains 40 data points. The
model has RMSE and R2 of 0.01 and 0.99, respectively [16].

Some existing studies used an adaptive neuro-fuzzy infer-
ence system (ANFIS) to predict drilling fluids’ YP. Alsabaa
et al. [17] used the Marsh funnel viscosity and mud density
in the ranges (45–98) s/quart and (67–98) lb/ft3 as inputs to
predict the YP of the inverted emulsion mud with an R2 of
0.91 [17]. Abdelaal et al. [18]model predicted the viscometer
readings at 300 and 600 RPM. After that, they predicted the
rheological properties of synthetic oil-based drilling fluids,
such as YP using the exciting correlation in the literature.
The models were built based on the mud density (MD) and
Marsh funnel viscosity (MFV) in the ranges (70–120) pcf
and (27–120) sec/quart. The model has an R2 of 0.96 and an
average absolute percentage error of less than 7%.

Abdelaal et al. [19] also applied random forest (RF) and
decision tree (DT) to predict the viscometer readings at 300
and 600 RPM. The models were also built based on the
mud density (MD) and Marsh funnel viscosity (MFV) in
the ranges (70–120) pcf and (27–120) sec/quart. The models
have an R2 of 0.954 and 0.955 for RF and DT, respectively,
and an average absolute percentage error of 3.9% and 3.6%
for RF and DT, respectively.
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For predicting the drilling fluid (OBM)’s YP using the
nonlinear regression models, Oliveira [20] used pressure
and temperature as predictor variables. The model had R2s
of 0.9009 and 0.9271 for the Newton and Levenberg–Mar-
quardt nonlinear regression models. His research used data
in the limited range of 200–450 °F and 5000–40000 psig.
Fakoya and Ahmed [21] utilized the volume fraction of dis-
persed phase and temperature in the range (24–87) °C as
inputs to determine the YP for the oil-based drilling fluid.
Tchameni et al. [22] operated multiple nonlinear regression
and ANN methods to obtain the YP for the waste veg-
etable oil biodiesel-modifiedwater-basedmud (WBM)based
on biodiesel content and a aging temperature in the range
(28–180) °C. The model has an MSE and R2 of 8.9275 and
0.807 [22]. Ye et al. [23] used temperature and pressure in the
ranges (60–160) °C and (0.1–150) MPa as inputs to predict
the rheological properties of oil-based drilling fluids includ-
ing theYP applying the regression. Themodel has an average
error of 4.85% [23].

Davoodi et al. [24] used the cuckoooptimization algorithm
(COA) to predict the rheological properties of water-based
drilling fluids, like YP. The model was created based on the
fluid density, solid percentage, andMarsh funnel viscosity in
the ranges (70–148) pcf, (2.7–47.0)%, (36.0–78.0) sec/quart.
The model has an RMSE of 0.6357 and R2 of 0.8672 [24].

Okumo and Isehunwa [25] applied factorial design to
obtain the YP for the WBM based on the concentration of
starch and potash in the mud and it’s temperature. Their
model had a coefficient of variance (COV) of 6.435%, the
standard deviation per mean multiple by 100%.

Igwilo et al. [26] utilized the least square and Gaussian
elimination methods to find the YP for the OBM based on
mud temperature. The model had an R2 of 0.8955, 0.9911,
0.9475, 0.9905, and 0.9846 for power, polynomial, exponen-
tial, linear, and logarithm regression types, respectively.

In the literature, previous studies used differentmethods to
predict the drilling fluid’s YP based on different inputs. How-
ever, this study used response surface methodology (RSM),
which is unique since previous models are mostly based on
ANN. Some models also used ANFIS, DT, and RF methods,
but none used RSM. A newmodeling approach can be a wel-
come addition to existing predictive tools. This technique
is easier to use and more accurate than the previous ones.
Previous studies used input parameters such as the concen-
tration of starch in the mud and potash, temperature, Marsh
funnel viscosity, solid content, mud density, water volume,
and concentrations of bentonite and biopolymer in different
ranges to predict the YP. In contrast, the proposed study used
pressure (P), temperature (T ), concentrations of nanosilica
(Cns), concentrations of nanoclay (Cnc), and concentrations
of bentonite (Cb) in the ranges (14.70–500) psi, (85–250)
F, (0–10) wt.%, (0–5) wt.%, (0–10) wt.%. Thus, the input

parameters used in the proposed model are more relevant as
these parameters affect the drilling fluid’s YP.

The relationship between parameters in various domains
can be established using RSM models. RSM can model and
optimize nonlinear relationships between variables, which is
common in real-world systems. RSM facilitates the devel-
opment of empirical models that can be used to predict the
response for given levels of input variables. Thesemodels are
often polynomial equations that are easier to interpret and use
for prediction [27]. In the literature, the RSM was used suc-
cessfully in many engineering applications. For example, the
RSMwas used byMoraveji and Naderi [28] to determine the
optimal drilling penetration rate.

The main objective of this study is to develop a robust,
accurate, and new correlation using RSM to predict the YP
of WBMs. Five parameters are considered key features to
predict the YP. Two features, i.e., pressure and temperature,
are to represent the flow condition. The other three features,
i.e., nanosilica, nanoclay, and bentonite concentrations, are
present in the fluid composition. The developed correlation
was evaluated using different approaches: analysis of vari-
ance, F-statistic test, fit statistics, Pareto chart, diagnostics
plots, and perturbation plot. The YP correlation was also
validated against the measured data to show high accuracy
and more confidence. In addition, the RSM will be used to
correlate the yield stress to the five parameters to show the
influences between them.

2 Methodology

The block diagram of the methodology used to build the pro-
posed response surface methodology (RSM) model, which
predicts the YP of the water-based drilling fluid, is shown in
Fig. 1. The block diagram involves the components: (1) data
collection, (2) creating a YP model, (3) RSM model eval-
uation, (4) RSM model validation, (5) study effects of the
predictors on YP, and comparison between the recent and
proposed models. Firstly, the data were collected from the
literature, and pressure (P), temperature (T ), concentrations
of nanosilica (Cns), concentrations of nanoclay (Cnc), and
concentrations of bentonite (Cb) as predictor variables and
a YP as the target variable were used. After collecting the
data, a model was created to predict the YP using the RSM
method by applying the Design-Expert and Statistica soft-
ware. The modeling of WBMs’ rheological properties other
than the yield point has been previously published [29]. Then,
the created RSM model was evaluated using different tech-
niques: analysis of variance (ANOVA), diagnostics plots,
Pareto chart, and fit statistics. Next, the RSM model was
validated by using some data not used to create the proposed
RSMmodel. In the next stage, theYPmodel’s contour and3D
plots of surface response were applied using Design-Expert
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Fig. 1 Block diagram of the RSM model to predict the yield point

and Statistica software to evaluate the interactive relation-
ships of predictors with the target. Finally, the RSM model
and existing models in the literature to predict the YP of
drilling fluid were compared.

2.1 Data Description

A total of 1256 data points were collected from the experi-
mental measurements of the WBM to build the RSM model
for predicting the YP [30]. The data comprise P, T ,Cns,Cnc,
and Cb as predictor variables and a YP as the target vari-
able. Table 1 displays the data ranges, as the collected data
were split into two parts: 1176 data points for developing the
model and 80 data points for verification.

2.2 Yield Point Correlation Development Using
Response Surface Methodology (RSM)

A well-known method for performing the design of experi-
ments (DOE) is theRSM, i.e., response surfacemethodology.
RSM can be used to acquire the relationship between target
variables, the output variables, and the predictor variables,
the input variables, for relevant process optimizations. In
addition, mathematical models of RSM may be built, with
which the effects of the predictor variables can be analyzed.
In addition, the relationship between the predictor and the
target variables is shown in the following equation [31].

η = f (x1, x2, . . . xn) + ε (1)

where η: in this research, the response is signified through
a designated YP, f : the unknown function of response,
x1, x2, . . . xn : the predictor variables in this analysis are
denoted through nanosilica concentration in wt.%, the nan-
oclay concentration in wt.%, the bentonite concentration in
wt.%, pressure in psi, and temperature in °F. n: the predic-
tor variable’s quantity. ε: statistical errors signifying added
changeability sources not described via f .

The RSM utilizes a low-order polynomial equation to find
a predetermined region of the predictor variables, which are
later analyzed to locate the optimum values of predictor vari-
ables to find the best target [32]. Optimization using the
RSMmakes it quicker to gather experimental research results
than conventionalmethods and a time-consumingone-factor-
at-a-time approach [33]. Central Composite Design (CCD),
D-optimal designs, Box–Behnken, and historical data design
are the most used forms in the RSM [34]. The historical data
design was used in this study because the data were collected
from the experimental work [35].

The investigation in this study used the RSM technique
for determining the nanosilica, nanoclay, and bentonite
combined effect on YP. Drilling fluid is water based and
contains calcium carbonate, subjected to various pressure
and temperature environments. The aim was to define the
relationship between inputs (nanosilica, nanoclay, bentonite
concentrations, temperature, and pressure) and response YP.
Using Design-Expert and Statistica software, new empiri-
cal correlations were created for YP predictions based on
nanosilica, nanoclay, bentonite concentrations, pressure, and
temperature. Apart from using statistical and Design-Expert

123



Arabian Journal for Science and Engineering

Table 1 Data range and statistical
analysis of the collected data Parameter T (°F) (Cb)

(wt.%)
(Cns)
(wt.%)

(Cnc)
(wt.%)

P (psi) YP (Ib/100
ft2)

Minimum 85.00 0.00 0.00 0.00 14.70 0.00

Maximum 250.0 10.0 10.0 5.00 500.0 25.08

Mean 145.5 5.33 0.96 0.52 268.0 11.17

Median 150.0 6.66 0.00 0.00 300.0 11.42

Mode 85.00 0.00 0.00 0.00 300.0 9.67

Range 165.0 10.0 10.0 5.00 485.3 25.08

Skewness 0.610 − 0.21 2.62 2.61 − 0.25 − 0.14

Standard
Deviation

51.36 4.54 2.26 1.32 129.8 4.49

Coefficient of
variation

0.350 0.85 2.35 2.57 0.480 0.40

software, the method of regression was also employed to
achieve the utmost data match [36]. The regression analysis
contributes to determining the common relationship between
the predictor and the target parameters, and a mathematical
model is acquired, which fulfills the relationship of the objec-
tive functions with the test factor groups [37]. In addition, the
regressionmethod is also used to investigate the response sur-
face behavior. Themodel for the response surface is generally
conveyed through the ensuing equation:

Y = bo +
k∑

i=1

bi xi +
k∑

i=1

bii x
2
i +

k−1∑

i=1

k∑

j=1

bi j xi x j + e (2)

where Y : the yield point; Xi, Xj: the affecting variables;
bo: the coefficient of model intercept. bj, bjj, and bij: linear,
quadratic, and second-order terms’ interaction coefficients,
respectively. K : the independent parameter’s quantity, and in
this study, k = 5; E: error occurred [38].

Furthermore, analysis of variance (ANOVA) is applied to
find to what degree the variable predictors like pressure, tem-
perature, nanosilica, nanoclay, and bentonite concentrations
influence the target variables and the YP in the regression
study. Using ANOVA, statistical analyses were carried out
to determine the roles of the predictor factors in response,
i.e., the YP [39, 40].

3 Results and Discussion

3.1 Yield Point Correlation

The results obtained in this work show that the RSM
model built for YP prediction was acceptable. For the final
regression model, in the actual factor terms, the empirical

relationship between the YP and process variables is con-
veyed through the following quadratic equation:

y =17.52127 − 0.047591X1 + 0.513691X2 + 1.05094X3

+ 4.93255X4 − 0.017296X2
2 − 0.038510X2

3

− 0.800465X2
4 − 0.003769X1X2 − 0.043229X2X4

(3)

where y : yieldpoint; X1 : temperature(◦F);
X2 : BentoniteConcentration(wt.%);
X3 : NanosilicaConcentration(wt.%); X4 :
NanoclayConcentration(wt.%).

3.2 The Evaluation of the Yield Point Correlation

The YP model has been evaluated through ANOVA, diag-
nostics plots, Pareto charts, and fit statistics.

3.2.1 Analysis of Variance

An analysis was carried out at a 5% level of significance
to detect the importance of the experimental factors. From
ANOVA, i.e., the analysis of variance, the resultant p-values
prove that every factor was important, having a 95% confi-
dence level, and were acknowledged to be crucial parameters
based on the test results, as Table 2 shows. Hence, Table 2
signifies the regression parameters of ANOVA for the YP’s
quadratic model of the predicted response surface.

The value of 320.38 as an F-value, in addition to the
p-value of < 0.0001 or the low probability, indicates the sig-
nificance of the model, as shown in Table 2. The < 0.05 value
of p indicates the importance of model terms for confidence
intervals of 95%. Nevertheless, > 0.1 value of p indicates the
model term’s insignificance [41, 42]. Due to the significance
of all the terms, the model is enhanced to achieve greater
accuracy and confidence levels.
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Table 2 ANOVA for the yield
point model Source Sum of squares df Mean

square
F-value p-value

Model 1773.13 10 177.31 320.38 < 0.0001 Significant

A—Temperature 1068.71 1 1068.71 1931.00 < 0.0001

B—Bentonite
concentration

142.59 1 142.59 257.63 < 0.0001

C—Nanosilica
concentration

185.74 1 185.74 335.60 < 0.0001

D—Nanoclay
concentration

98.18 1 98.18 177.40 < 0.0001

E—Pressure 3.33 1 3.33 6.02 0.0157

AB 75.75 1 75.75 136.87 < 0.0001

BD 10.15 1 10.15 18.34 < 0.0001

B2 2.57 1 2.57 4.64 0.0334

C2 5.65 1 5.65 10.2 0.0018

D2 140.56 1 140.56 253.97 < 0.0001

Residual 63.09 114 0.5535

Cor Total 1836.23 124

Table 3 Validation properties of
the YP correlation R2 Standard

deviation
Mean Coefficient of

variation (%)
Adjusted

R2

Predicted
R2

Adequate
precision

0.9656 0.744 11.32 6.57 0.963 0.957 81.732

3.2.2 F-Statistic Test

The f-statistic testwas used to evaluate theRSMmodel to pre-
dict the YP. A F-statistic test can be applied to either support
or reject a null hypothesis. The F-statistic test is discussed in
section S1. F-statistic test in the Supporting Information.

3.2.3 Fit Statistics

The fit statistics analysis was used to evaluate the YP model,
which includes R2, i.e., the determination coefficient and the
predicted R2, as Table 3 shows. The values of 0.9656 for
R2 and 0.957 for predicted R2 for the YP model show an
improved connection between the measured results and the
expected outcomes. The values of R2 attained for the YP are
more than 0.8, indicating that, through this empirical model,
only 4.3% of the total dissimilarity is not fully explicable.
Furthermore, Table 3 shows that the adequate precision value
of 81.732 for the YP is greater than 4, which indicates suffi-
cient model discrimination [42].

3.2.4 Pareto Chart

The utility of a Pareto chart is in finding the effects of
interaction and the factor. The Pareto chart may acquire an

effect’s importance andmagnitude [43]. The Pareto chartwas
obtained using “Statistica” software. The Design-Expert and
Statistica software yielded the same results in predicting the
yield point (YP). However, their visualization capabilities
are different; for example, the Pareto chart can be performed
only in the Statistica software but not in the “Design-Expert”.
For this reason, we used the Statistica software in this study.
The absolute value of a standardized effect is displayed
through a Pareto chart. A vertical line in the chart denotes
the confidence interval of 95%, and all factors of statistical
significance cross this vertical line [44]. The standardized
effects’ Pareto charts for YP have shown all the factors as
significant at the level of 0.05 concerning the model terms of
YP, which is depicted in Fig. 2.

3.2.5 Diagnostics and Perturbation Plots

Diagnostic plots were used to evaluate the RSM model to
predict the YP of the water-based drilling. Diagnostics plots
include (1) normal plot, (2) predicted versus actual plot, and
(3) residual versus predicted plot. A perturbation plot can
be used to compare the effects of all factors at a point in
the design space. The response can be plotted by changing
only one factor over its range while holding the other factors
constant. The diagnostic and perturbation plots are discussed
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Fig. 2 Pareto chart

in section S2. Diagnostics plots and S.3 Perturbation plot in
the Supporting Information.

3.3 Yield Point Model Verification

The YP model was validated against the measured data.
Based on Fig. 3, it is evident that the YP model has high
accuracy and more confidence. The proposed RSM model
has an R2 and RMSE of 0.9947 and 0.3429.

3.4 Effect of the Predictor Variables onYP

The YP model’s contour and 3D plots of surface response
were applied using Design-Expert and Statistica software to
evaluate the interactive relationships of predictor variables,

Fig. 4 Yield point’s contour plot in relation to bentonite versus nanosil-
ica concentrations

for instance, the concentrations of nanosilica, nanoclay, and
bentonite (wt.%), the pressure (psi), temperature (°F), along
with the response, i.e., the YP, as Figs. 4, 5, 6, 7, 8, 9, 10, 11,
12, 13 display.

3.4.1 Effect of Nanosilica and Bentonite Concentrations
on the Yield Point

Figure 4 shows the YP’s (i.e., Ib/100 ft2) contour plot, a
graphical diagram based on the nanosilica and bentonite.
Figure S5 (Supporting information) shows the YP’s (i.e.,

Fig. 3 Predicted/ measured yield
point (Ib/100 ft2) for the
verification
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Fig. 5 Yield point’s contour plot bentonite versus nanoclay concentra-
tions

Fig. 6 Yield point’s contour plot in relation to nanosilica versus of nan-
oclay concentrations

Ib/100 ft2) 3D surface response plots are graphical diagrams
based on the nanosilica and bentonite. Figures 4 and S5
show that the YP increases with the increase in nanosilica
concentration. Due to having the same negative charge, the
particles of bentonite and nanosilica repel one another within
aqueous phases [45]. The YP decreases with increasing the
bentonite concentration at the low nanosilica concentration
in WBMs. YP showed increasing with increasing nanosilica
only. As the nanosilica and bentonite are negatively charged,
the YP does not increase when both nanosilica and bentonite
increase simultaneously.

Fig. 7 Yield point’s contour plot in relation to temperature versus con-
centration of bentonite

Fig. 8 Yield point’s contour plot in relation to temperature versus con-
centration of nanosilica

3.4.2 Effect of Nanoclay and Bentonite Concentrations
on the Yield Point

Figure 5 shows the contour plot of YP versus bentonite con-
centration and nanoclay concentrations (wt.%), as the other
parameters are maintained constant, i.e., nanoclay concen-
tration, pressure, and temperature. Figure S6 shows the YP’s
(i.e., Ib/100 ft2) 3D surface response plots are graphical dia-
grams based on the nanoclay and bentonite. It is inferred
in the figure that as the concentration of nanoclay (wt.%)
increases from low to medium, YP increases due to the
interaction of bentonite with nanoclay leading to an initial
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Fig. 9 Yield point’s contour plot in relation to temperature versus con-
centration of nanoclay

Fig. 10 Yield point’s contour plot in relation to temperature versus pres-
sure

YP increase. YP dropped as the nanoclay concentrations
increased frommedium to high concentrations. In 2015, Vip-
ulanandan and Mohammed [46] employed 0–0.6 wt.% of
nanoclay together with bentonite of 2, 8 wt.% at 25 °C–85 °C
temperature or 77 °F–185 °F to attain the rheological
improvement in the water-based mud. This study showed YP
rise with an increase in the nanoclay and bentonite concen-
trations, but with temperature increase, their concentrations
were lowered and decreased. When the nanoclay concen-
tration is high, agglomeration of the nanoparticles, i.e., the
nanoclay, can occur, reducing its capacity for enhancing sus-
pension [47].

Fig. 11 Yield point’s contour plot in relation to the concentration of
bentonite versus pressure

Fig. 12 Yield point’s contour plot in relation to concentration of nanosil-
ica versus pressure

3.4.3 Effect of Nanosilica and Nanoclay Concentrations
on the Yield Point

In Fig. 6 (the contour plot), YP is dependent on the wt.%
percentage concentrations of nanoclay and nanosilica while
the other parameters are held constant, viz. the concentration
of bentonite in wt.%, the pressure value in psi, and the tem-
perature value in °F. Figure S7 shows the YP’s (i.e., Ib/100
ft2) 3D surface response plots are graphical diagrams based
on the nanosilica and nanoclay. So, Figs. 6 and S7 specify
when the nanoclay concentration ranges from low wt.% to
medium wt.%, an initial increase in the YP occurs due to
the rise in the percentages of the concentrations of nanosil-
ica and nanoclay. Nonetheless, concentrations of nanoclay
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Fig. 13 Yield point’s contour plot in relation to the concentration of
nanoclay versus pressure

range from the medium wt.% to high wt.%, with increasing
concentrations of nanosilica and nanoclay; YP shows declin-
ing. These resultsmatch equitablywith the results ofAgarwal
et al. [48], who 2011 examined the impacts of nanosilica on
the rheology of drilling fluids. They showed that a concen-
tration increase of the combined nanosilica and nanoclay in
lower concentrations can increase the drilling fluid viscosity.
Moreover, low nanoclay concentrations enable the nanosil-
ica and nanoclay nanoparticles to improve the suspension.
When the nanoclay concentrations are high, agglomeration
of nanosilica and nanoclay nanoparticles may occur, reduc-
ing their enhanced suspension ability [47]. Consequently, the
water-based drilling fluid’s YP decreased to a nanoclay con-
centration of medium to a high wt %.

3.4.4 Effect of Temperature (°F) and Concentration
of Bentonite on the Yield Point

In Fig. 7, it is seen that the YP’s contour plot is reliant on
wt.%bentonite concentration and temperature (°F), while the
rest of the parameters remained constant. Figure S8 shows
the YP’s (i.e., Ib/100 ft2) 3D surface response plots, which
are graphical diagrams based on temperature and bentonite.
An increase in the bentonite concentration with a decrease in
temperature increases YP. By expanding the bentonite con-
centrations, the YP of the drilling fluid (water based) was
enlarged [49]. Bentonite attaches to thewater surfaces, which
are charged positively, owing to the face surface of bentonite,
which is charged negatively, through the electrostatic attrac-
tion; hence, the rheological properties, namely YP of the
drilling fluid (water based), are enhanced [50].

3.4.5 Effect of Concentration of Nanosilica
and Temperature on the Yield Point

Figure 8 illustrates the contour plot of the variation in the
YP versus temperature and nanosilica concentration in wt.%.
Figure S9 displays the YP’s (i.e., Ib/100 ft2) 3D surface
response plots are graphical diagrams based on the temper-
ature and nanosilica. Figures 8 and S9 show that the YP
increases with a decrease in temperature and an increase in
nanosilica concentration. Ismail et al. [51] also noticed the
positive effect of the nanosilica on the WBDF’s rheology.
Increasing the concentration of nanosilica increases YP. The
nanosilica concentration enhances the rheological properties,
such as YP, due to the rising surface forces and the contact
surface because of the robust hydrogen bonding created with
the other components of the drilling fluid [52].

3.4.6 Effect of Concentration of Nanoclay and Temperature
on the Yield Point

Figure 9 shows the contour plot of the cumulative impact of
wt.% concentration of nanoclay and the effect of temperature
(°F) on YP. Figure S10 shows the YP’s (i.e., Ib/100 ft2) 3D
surface response plots, which are graphical diagrams based
on temperature and nanoclay. It is seen in Fig. 9 and S10 that
at different temperatures, the concentration increases of nan-
oclay inwt.% lead to a greater initial YP; however, a decrease
is shown after that concentration. Also, when the tempera-
tures are low, a low to medium increase in concentrations
of nanoclay in wt.% causes an increase in the YP. However,
with the continuing rise in the percentage of nanoclay from
medium to high, a reduction in the YP can be recognized.

3.4.7 Effect of Pressure and Temperature on the Yield Point

Figure 10 shows the contour plot of the effect of tempera-
ture (°F) and pressure (psi) on YP. The YP is unaffected,
while other variables are kept constant with the pressure and
temperature increase, and other variables are steady. Figure
S11 shows the YP’s (i.e., Ib/100 ft2) 3D surface response
plots, which are graphical diagrams based on temperature
and pressure. As temperature increases, the cohesive forces
between themolecules decrease; thus, the forces of attraction
between the particles decrease, reducing the liquid viscos-
ity. In conclusion, the YP decreases with the increase in
temperature. However, in this study, the pressure was not
high enough to increase the cohesive forces between the
molecules of the particles of the drilling fluids. Hence, theYP
is shown as pressure independent.Wang et al. [53]mentioned
that temperature significantly influenced YP inWBMs. They
reported that the yield point decreased with increasing tem-
perature.
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3.4.8 Effect of Pressure and Concentration of Bentonite
on the Yield Point

Figure 11 shows the contour plot that at different concentra-
tions of bentonite (wt.%), with changing pressure (psi) and
other properties, viz. the temperature (°F), the nanoclay con-
centration (wt.), and the nanosilica concentration (wt.%), as
constants. Figure S12 shows the YP’s (i.e., Ib/100 ft2) 3D
surface response plots, which are graphical diagrams based
on pressure and bentonite. Figures 11 and S12 show that the
flat response surface indicates that pressure has no significant
effect on the WBM’s YP. As discussed before, the pressure
was not high enough to significantly increase the cohesive
forces between the molecules of the bentonite, nanosilica,
and nanoclay particles.

3.4.9 Effect of Pressure and Concentration of Nanosilica
on the Yield Point

Figure 12 shows the contour plot of the effects of the con-
centration of nanosilica in wt.% and the pressure on YP, as
the remaining factors are maintained at fixed values. Figure
S13 shows the YP’s (i.e., Ib/100 ft2) 3D surface response
plots,which are graphical diagrams based on the pressure and
nanosilica. As shown in Figs. 12 and S13, the YP increases
with the increase in the nanosilica concentration but remains
constant with the increase in pressure. This observation is
contrary to what was reported by Li et al. [54], who stated
that the YP could be enhanced by adding nanosilica to the
drilling fluid. It is noted that this pressure independence is
due to the low values of pressure used.

3.4.10 Effect of Pressure and Concentration of Nanoclay
on the Yield Point

Figure 13 shows the contour plot of the variation in the YP
with changing the wt.% concentration of nanoclay and the
pressure. Figure S14 shows the YP’s (i.e., Ib/100 ft2) 3D
surface response plots are graphical diagrams based on the
pressure and nanoclay. Figures 13 and S14 indicate that with
increasing the nanoclay concentration and pressure, the YP
increases at low to medium nanoclay concentrations. How-
ever, from medium to high concentration, a reverse trend is
shown. Again, the pressure independency of the YP at con-
stant nanoclay concentration can be observed.

3.5 The Superiority of the ProposedModel Over
ExistingModels

A total of 23 models have been published, as shown in
Table 4. The majority (13 out of 23) of the published work
was based on the ANN method. The RSM was implemented

in this study, which stands out as previous models mostly uti-
lized ANN. Although somemodels used ANFIS, DT, and RF
methods, none employed RSM. This novel modelingmethod
can complement the current predictive tools effectively. RSM
is considered significantly more accurate than previous tech-
niques. In addition, the RSM models are often polynomial
equations that are easier to interpret and apply for prediction.

The proposed RSM is the best model to predict the YP,
with the highestR2 of 0.9947. In addition, the proposed RSM
model was built based on 1256 data points. Ashadevi et al.
[16] model has an R2 value of 0.99 to predict the YP of the
oil-based drilling fluid; however, the model was built based
on 40 data points, as shown in Table 4. Mengich et al. [14]
model has an R2 value of 0.7013, the lowest value in Table 4.
Tchameni et al. [22] and Davoodi et al. [24] models have R2

values of 0.807 and 0.8672, respectively. Table 4 shows that
other models have R2 values higher than 0.9.

Ashadevi et al. [16] and Razi et al. [2] models have RMSE
values of 0.01 and 0.0948; however, their models were cre-
ated based on 40 and 80 data points. Davoodi et al. [24],
Gouda et al. [13], Al-Obaidi et al. [15], Tchameni et al. [22],
Mengich et al. [14] models have RMSE values of 0.6357,
0.76, 0.891, 2.9878, 10.149, respectively. Abdelaal et al. [18]
RF and DT models have RMSE values of 5.66 and 3.02 for
R600 and R300 and 5.85 and 3.0 for R600 and R300, respec-
tively. In contrast, the proposed RSM model has an RMSE
of 0.3429; the proposed RSM model was developed based
on more data points to cover wider data ranges compared to
other models.

Existing studies used input parameters such as the con-
centration of starch in the mud and potash, temperature, the
Marsh funnel viscosity, solid content, mud density, the water
volume, and the concentrations of bentonite and biopolymer
in different ranges to predict theYP (Table 4). In comparison,
the proposed model was developed based on pressure (P),
temperature (T ), concentrations of nanosilica (Cns), concen-
trations of nanoclay (Cnc), and concentrations of bentonite
(Cb) in the ranges (14.70–500) psi, (85–250) °F (0–10)wt.%,
(0–5) wt.%, (0–10) wt.%. Thus, the input parameters used in
the proposedmodel aremore relevant and greater in numbers.

Therefore, the proposed model was developed based on
P, T , Cns, Cnc, and Cb as inputs, which were more relevant
because they affect the YP. A total of 1256 data points were
used to create the proposed RSM model to cover more com-
prehensive data ranges. Moreover, this study used RSM, a
unique technique, to predict the drilling fluid’s YP. Further-
more, the proposed RSMmodel has the highest accuracy (R2

of 0.9947) in predicting the drilling fluid’s YP.
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4 Summary and Conclusions

To sum it up, in this work, a YP correlation was established
based on bentonite, nanosilica, nanoclay concentrations,
temperature, and pressure, for which the response surface
methodology, i.e., RSM, was applied. This developed cor-
relation was analyzed statistically and validated through
different methods, such as fit statistics, ANOVA, diagnostics
plots, and Pareto charts, to enhance its accuracy and a high
degree of confidence for oil and gas industrial applications.
Following the validation, the YP prediction is derived from
the developed correlationwith the Pearson correlation coeffi-
cient (R) of 0.9947, demonstrating afittingmatchbetween the
measured data and predicted data. The predicted and mea-
sured data showed proper matching, which established the
suitability of the developed correlation for yield points.

The influence of the predictor variables: the bentonite
concentration, nanoclay concentration, nanosilica concentra-
tion, temperature, and pressure on the YP, was investigated.
Statistical significance was evident from the 3D response
surface plots and the interactions of the system’s variables.
Furthermore, the findings from the 3D response surface plots
highlight the ensuing extrapolations:

1- YP decreases with increasing temperature.
2- At low pressures of less than 500 psi, the pressure had

a negligible effect on the YP of the water-based drilling
fluids.

3- For the concentrations of nanoclay ranging from low
wt.% to medium wt.%, with an increase in the con-
centration of nanoclay, YP initially increased due to
the heightened bentonite interactions with the nanoclay.
After that, as the nanoclay concentration alters from
mediumwt.% range to high wt.% ranges, the YP showed
declining.

4- Initially, the YP showed increasing due to the nanosilica
interacting with the nanoclay. When the nanoclay con-
centrations were at medium wt.% toward high wt.%, the
higher concentrations of both nanoclay and nanosilica
caused the YP to decline.
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