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ABSTRACT
This research investigated and modelled the effects of ferrous ion (Fe 2+), of known concentrations in
mix-water, on the compressive strength (CS) performance responses of integrated cement sheath
systems (iCSS) of class G basic oil well cement. These experiments were conducted based on the
Box Behnken design of experiments (BBDoE). Furthermore, the collected experimental dataset or
true models were organised and analysed, using the tool of analysis of variance (ANOVA) available
in Minitab 16 application package, to draw inferences. Findings show that, as the Fe 2+ concentration
in mix-water increased above 0.03mg/L, Fe2+ became more antagonistic, to the structural integrity of
the investigated iCSS. This antagonistic behaviour of Fe2+ was observed to be more influenced by
temperature, followed by pressure, then curing time. These relationships were modelled and
optimised, among other contending generated models. Analyses showed that the adequate model had
the lowest standard error (s or σ = 457.66), and the prediction error sum of squares (PRESS =
15,921,428); and the least coefficient of multiple determination, (R2 = 88.85%), the highest predicted
coefficient of multiple determination, [R2(pred) = 78.82%], and the highest adjusted coefficient of
multiple determination, [R2(adj) = 86.35%]. These explained respectively that the correlating linear
relationship between the predictors and the response is about 88.85% strong; that the developed
model predicts about 78.82% of the true model; that the model accounts for about 86.35% of variance
in the predictors; that the positive difference between R2(pred) at 78.82% and R2(adj) at 86.35% is
7.53%. Therefore, this CS model is statistically acceptable, viable and adequate.
Keywords: Compressive Strength, Box Behnken Design of Experiments, High-Pressure
High-Temperature, Integrated Cement Sheath System, Oil Well Class G Cement.
1.0 INTRODUCTION
In this contemporary time, studies have focused on the presence of ionic metallic oxides impurities in
mix-water and their effect on the compressive strength (CS) development of integrated cement sheath
system (iCSS) of oil well cement, and conventional cement concretes. Accordingly, Olmo et al.
(2001) with the aid of fractional factorial 24-1 design of experiment investigated the influences of zinc
oxide (ZnO), ferric oxide or iron (III) oxide (Fe2O3), chromium (III) oxide (Cr2O3), and lead (II) oxide
(PbO) on the CS of iCCS. In the investigation, Olmo et al. (2001) collected inorganic wastes from
thermal processes in the proportion of 0 - 15% dry wt. for ZnO, 0 - 2.5% dry wt. for PbO, and Cr2O3,
and 0 - 30% dry wt. for Fe2O3. In parts, the results of the study disclosed that ZnO strongly retarded
the CS of the iCSS at short ages. Although, the retarding effects of ZnO on the CS of the investigated
iCSS decreased with the same sample aging. On the contrary, Fe2O3 was observed not to strongly
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affect the CS of the same samples, at short ages; though, at long sample aging, it retarded the CS of
the final product of the iCSS.
Also, Madhusudana et al. (2011) studied the influences of lead (Pb2+) ion on CS development of
cement concretes. In the investigation, Madhusudana et al. (2011) measured out deionized water of
known concentrations, from which each of these sampled deionized mix-waters were spiked with the
Pb2+ and afterwards mixed with known grams of Ennore sand. As a result, cement mortar samples
were produced and cured into cubes of cement concrete. Subsequently, each of the concrete samples
were subjected to CS tests. The findings showed that as the concentration of Pb 2+ increased above
3000mg/L in the used deionized mix-waters, the CS of the cement concretes decreased, when
compared with the reference specimen. In conclusion, the study established that Pb 2+ in high
concentration caused the CS loss of the concrete, due to the dissociation of calcium hydroxide and
decalcification of tobermorite by high Pb2+ concentration into lead silicate hydrate, instead of calcium
silicate hydrate (C-S-H). This agreed with a recent study, which inferred that the C-S-H has a high
internal surface with an adequate and robust mechanism of adsorption to adsorb foreign ions
(Zhang et al., 2018).
Furthermore, Patil et al. (2011) measured the presence of some chemical impurities in mix-water and
their impacts on some mechanical properties of cement concretes. In the study, 315 samples of
concrete cubes were produced, of each 100cm2 in area. These samples were formulated and produced
with Portland pozzolana cement of single source. The study’s mix-water to Portland pozzolana
cement ratio (w/c) was fixed at 0.473. The Portland pozzolana mortars were cured for 7, 14, 28, and
56 days, which at each of these cured ages, the concretes produced were subjected to CS tests, and the
measured values were compared with the experimental control CS value. The measured CS tests
values determine, if the CS performance response was up to 90 percent of the control CS value. This
facilitated the acceptance threshold of the investigated mix-water sources for the preparation of
cement concretes. Thus, the results of the study illustrated that calcium hydroxide (Ca(OH) 2),
calcium sulfate (CaSO4), sodium hydroxide (NaOH), ferrous sulfate (FeSO4), and sodium nitrate
(NaNO3) are chemical impurities in the mix-water, and these impurities affected the CS developing
processes of the concretes at 7, 14, 28 and 56 days. In addition, Patil et al. (2011) concluded that each
of these chemical impurities decreased the CS of the concretes. Additionally, in a comparative study,
Reddy et al. (2013) investigated the effects of deionised mix-water spiked with lead (Pb), and
deionised mix-water only, as a control on the CS of cement concretes at atmospheric conditions.
When compared, the results of these tests, the results showed that as the concentration of Pb
significantly increased in known concentrations, the corresponding concrete’s CS decreased, due to
the present of Pb in the cement concretes.
Besides, Nikhil et al. (2014) individually studied the effects of potable water, groundwater, and
sewage water on concretes. The study observed that an acceptable low concentration of heavy metal
in potable, resulted in an increase of about 33.34% in the concrete's CS compared with the concrete's
CS of groundwater and sewage. Also, the study's observations suggested that the continuous presence
of a high concentration of chloride in the mix-waters increases the pH of the mix-waters.
Additionally, Nikhil’s et al. (2014) in the study reported that the pH for the investigated potable
water, groundwater, and sewage water were respectively measured and recorded approximately at 6.6,
8.2, and 10.2. These were at the instances of chloride presence in the mix-waters, at the respective
concentrations of 175, 150, and 210mg/L. In conformity, Olugbenga (2014) casted cubes of concrete
specimens using each of these water samples as mix-water and conducted a CS failure tests on the
concrete specimens. The study was investigated at atmospheric conditions. The findings of
Olugbenga's (2014) study evidenced that; the CS failure tests disclosed that different levels of
impurities in the investigated mix-water generally have significant effects on the CS of concrete.
Although, the results show that, despite the different sources of the mix-water samples, the CS of the
investigated concrete increases with curing time.
Furthermore, in a recent study, Saleh et al. (2018) designed slurries using different qualities of mixing
waters. These slurries were labeled A to E. The different qualities of mixing waters were categorised
as soft, medium-hard, very-hard, seawater, and field waters. The cement slurries were prepared into
three groups, which gave fifteen specimens. In addition, from each of the groups (that is, the first,
second, and third group) of the prepared cement slurries, the slurries were cured for 1, 3, and 7 days.
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Subsequently, from each of these groups, their CS failure were measured by a certified crushing test
(API Specification 10A, 2002; Igbani et al., 2020). After these tests were conducted, the results
obtained showed that the formulated seawater cement slurries that was cured for about 1 day and
crushed had an average cement CS of 3,916.02psi, while the others had an average CS of 2,900.75psi.
Conversely, slurries formulated with seawater and crushed after about three days gained an additional
580.15psi, while those of soft water, field water, and other degrees of hard waters, gained additional
5,221.36, 5,511.43, and 4,931.28psi, respectively. Nevertheless, after 7 days of curing, the results of
the measured CS revealed that the cured cubes from those of soft water had the highest CS value of
7,251.89psi, whereas the others had increments of between 44 - 47psi. These results on the CS
measured revealed that the slurries prepared with soft water gave the sheath a high CS, while the
others gave the cement sheath short-term CS due to the active tobermorite hydration, which Nelson
(1990) confirmed in the orient that non-potable mix-water reduces the CS of sheath to about 20%.
Similarly, Mama et al. (2019) also investigated the effects of mix-water quality from different water
sources on the strength properties of concretes. This study investigated the different types of
individually prepared concretes with rain, river, and potable water. Consequently, CS failure tests
after 7, 14, and 28 days were conducted on each of these concretes. These tests’ results disclosed that
the mix-water used in preparing these concretes significantly affects CS development. Explicitly,
concrete cubes produced from potable mix-water gained appreciable CS to the curing ages. Vividly,
the CS of the concrete made with rainwater increased with the cured age of 7 and 14 days. However,
the CS of the concrete on the 28th day was drastically reduced. Accordingly, Mama et al. (2019)
concluded by suggesting that river mix-water is next to potable mix-water, and potable mix-water is
the only outstandingly, the best mixing water, to produce concretes.
Moreover, in a recent study, Thirumakal et al. (2020) compared the mechanical behaviour of
geopolymer to OPC-based oil well cement, in which both cubes were cured in saline water. The
Ordinary Portland cement-based of high sulphate resistance was used for the preparation of the
cement slurry samples. Each of these cement slurry samples prepared with 0 (freshwater), 10, 20, and
30% saline mix-water were respectively poured into four different cylindrical moulds of 38mm
diameter and 76mm height. In each of these moulds, the designed cement slurry was poured into the
mould in three layers. Additionally, at each layer the slurry was shaken for a period of 2min on a
vibrating device. Once the samples were cast, the sheaths were covered with polythene, to prevent the
sheaths from moisture loss and contract of environmental moisture. Then, the four produced cement
sheaths were placed in an oven and cured at 122°F for 24hr. These produced sheaths were then
subjected to CS tests. The outcomes showed that the CS of the geopolymer sheath increased with the
degree of salinity of the saline water, resulting from the enhanced resistance against alkali discharge
from the sheath samples in saline waters compared to the freshwater of 0% salinity. Conversely, the
CS of OPC sheaths in saline waters increases up to 10% NaCl salinity and reduces with any further
increase in salinity. Besides, the initial increase observed was due to the increased information of
spines, which increased the CS, while the reduction in the CS beyond 10% NaCl salinity is due to
high salt content. The reduction happened as the salt degraded the samples and retarded the hydration
process.
The CS of cement sheath or iCSS is measured by a non-destructive test known as Ultrasonic Cement
analyzer (UCA) or by a destructive device known as hydraulic press. Using the hydraulic press
device. The pressure it takes to crush the set cement is usually measured; while using the UCA, the
designed cement slurry can be poured into the UCA for non-destructive test. With regards to this, a
sonic speed is measured through the cement as it sets. This value is then converted into CS. The
UCA operating conditions are up to 400°F of temperature and 30,000 psi of pressure (Joel and
Ademiluyi, 2011). On the other hand, a destructive method known as unconfined CS (UCS) is also
used to measure CS of cured cube of cement sheath. The UCS uses the simplest criteria routinely
used for cement, concrete, and some rocks testing by the Mohr-Coulomb failure model. However, the
Mohr-Coulomb failure model is limited in accounting for the possible effects of intermediate principal
stress on cement failure (Bois et al., 2011). In effort to develop a more suitable and sustainable model
for the evaluation of cement sheath’s CS, Joel and Ademiluyi (2011) investigated the CS of cement
slurry at different cement slurry weights and temperatures. The study aimed to develop model
equations, to predict CS under the influences of cement slurry weights and temperatures. The study
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employed and followed the API standard for cement slurry sample preparation and testing (API
Specification 10A, 2002). Accordingly, the cement samples were subjected into the UCS tests. The
CS tests were conducted at the temperatures of 70, 80, 90, 100 and 105°F and cured for 12 and 24hrs,
respectively. After the tests, the results indicated that temperature influences the CS of cement.
Consequently, those cured for 12hrs had the compressive strengths (CSs) of 1090, 1301, 1408, 1490
and 1520psi; while same samples cured for 24hrs had the CSs 2250, 2705, 2842, 3100, and 3450psi.
The tests results indicated that the CS increased steadily with increase in temperature as a function of
curing time. However, it was observed that the cement slurry weight had no effect on the CS, while
time was a deciding factor. Though, these models were developed by multiple regression analysis
using Data-fit Engineering software. These models were able to estimate CS at different
temperatures, 0F. Results obtained from the developed models exhibited a good agreement in values
with the experimental values with less than 1% deviation.
Analytically, these studies of Olmo et al. (2001); Patil et al. (2011); Madhusudana et al. (2011);
Reddy et al. (2013); Nikhil et al. (2014); Olugbenga (2014); Saleh et al. (2018); Mama et al. (2019);
Thirumakal et al. (2020) have been critically reviewed. It is deduced that these researchers focused
on the impacts of metallic impurities in mix-water on the CS of oil well iCSS, and cement concretes.
Indeed, these studies were conducted, at oilwell prevailing, and atmospheric conditions. Both set of
studies showed that the presence of metallic impurities in high concentration in mix-water adversely
impaired the CS development processes of oil well iCSS, and cement concretes. In the contrary, these
studies excluded the presence of ferrous ion (Fe2+) as an impurity in mix-water and modelling the
effects of Fe2+ on the CS performance responses of oil well iCSS’s at HPHT conditions. Hence, this
evidence acknowledges the gap of this research. Thus, the aim of this research is, to develop
predictive model for simulating the effects of ferrous mix-water on the CS of oil well iCSS, using the
Box–Behnken design of experiments (BBDoEs). In addition, to achieve this aim, the research adheres
to the following objectives, which are: to examine the effects of known concentrations of Fe 2+ on the
CS performance responses of iCSS at HPHT, which includes the modeling, simulating, and
optimising the measured iCSS’s CS performance responses.
Strictly, at the completion of this research, this research envisaged that the usually reported cases of
incidents and accidents associated with onshore exploration and production (E&P) operations
resulting from poor oil well cementing would be lessened to, as low as rationally possible (ALARP).
This research outcome would save cost, investment and annul the time for secondary or remedial
cementing. Furthermore, the developed adequate CS model would help save the time and cost
implications of repeating such rigorous laboratory works.
2.0 METHODOLOGY
The research methodology adopted specified the procedures used to identify, select, and process the
performance responses of the compressive strength (CS) of oil well integrated cement sheath systems
(iCSS). Also, the research methodology conducted analyses, on the impact of the independent
variables on the CS performance responses. The independent variables are the control variable (Fe 2+
concentration), and input variables (temperature, pressure, and time), while the response variable is
the CS of the iCSS. These activities aimed to critically evaluate the research's overall validity and
reliability, mostly showing how the data were collected, organised, analysed, presented and how the
research drew its inferences. Thus, at Kolo Creek, Bayelsa State, Nigeria, samples of mix-water were
randomly collected. The mix-water samples were subjected to chemical analysis and compared to the
WHO's potable water standard (WHO, 2011). Intermittently, the sampled mix-water and Portland
class G basic oil well cement were mixed, to formulate the cement slurries. Afterward, based on the
optimal Box Behnken design of experiments (BBDoEs), these cement slurries were cured into iCSS
cubes at different curing times, temperatures, and pressures in varied combinations, while one of these
was kept constant. Further on, these iCSS cured cubes underwent tests for CS performance responses.
The dataset formed was analysed using the response surface analysis of variance (ANOVA) tool,
available in Minitab 16 statistical application package. Finally, an adequate model from the ANOVA
results was developed based on this research underpinned hypotheses, using the response surface
methodology (RSM) approach. Moreover, a comparison of the experimental responses (real or true
model) to the empirical model response surface was conducted, to disclose whether it is of a good
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data fitness. These results were also benchmarked with the API standards to validate this research’s
adequate CS model. Figure 1 illustrates this research’s methodological approach.
The Research’s Modelling
 The Research’s Modelling Parameters
This research developed predictive adequate empirical model based on the principles of the ordinary
least square’s method. The model developed were in conjunction with the principles of response
surface methodology (RSM). RSM used statistical experimental design fundamentals such as
multiple regression analysis, mathematical regression modeling, and optimisation techniques.
Moreover, RSM was used to explore, develop, and optimise the response surface yields from the
predictor (process or independent) variables obtained from the conducted experiments dataset. In
addition, the algorithms used to develop the predictive adequate empirical models are available in
Minitab 16 statistical software application package (Minitab 18, 2019), and are like those specified in
Mayers et al. (2009); Kreyszig et al. (2011).
The research assumed and used the following principles.
1. There shall be intra-independent variable interactions,
2. There shall be the existence of inter-independent variable interactions,
3. The in-situ borehole seasonal conditions do not affect the physicochemical properties of the
groundwater used as mix-water or mixing water.
4. Class G basic oil well cement was used in the formulation of the cement slurry systems.
5. Any multiple regression model linear in the model's parameters or the partial coefficient of
regression (that is, the β-values) is a multiple linear regression model, regardless of the
curvature's shape of the response surface generated.
6. All statistical techniques should show that the statistical errors ( ) in the model are normally
and independently distributed with the mean zero and variance.
7. The modeling applied Type I error; that is, the probability of incorrectly rejecting the null
hypothesis when it is true.
8. Throughout this research, the significance level () is fixed at 0.05 or 5%.
9. Hypothetically, the null or void hypothesis,
: Fe2+ in mix-water does not affect the cement
system CS responses; while the alternative hypothesis,
: Fe2+ in mix-water do affect the
cement system CS responses; both, at simulated oilwell prevailing conditions.

Fig. 1: The Conceptualised Research Design - The Research Paradigm
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Accordingly, the predictive empirical model that would be developed and optimised, to show the
impact of Fe2+ in mix-water on the iCSS’s CS, and it takes the form of a polynomial. The best or
adequate CS model among contending models shall be selected based on the underpinned statistical
metrics and the hypotheses. Altogether, the research interest's response variable or dependent variable
is generally symbolised as y, and a set of regressors denoted as , , …, . As also stated earlier,
the response surface (y) is the CS of the iCSS, whereas, temperature (Temp.), pressure (Pres.), and
curing time (Time), including the various concentrations of Fe2+ (Fe2_Con) in mix-water, are the
regressors ( , , …, ).
These regressors were subjective, to the researcher control or varying during the experimental
treatments. Nevertheless, at this point, the relationship between the y and the x's is unknown. Hence,
this type of relationship is called the empirical or response surface model. Mathematically this
relationship is generally expressed as Equation 1.

…1
Explicitly, where the true response function,

is unknown and possibly very complex, and ε is the

term, which represents inconsistency not accounted for in . Then, in this research, ε includes effects
such as precision measurement error on the CS performance responses, background noise, and the
unaccountable effect of the controllable variables. Usually, ε is treated as a statistical error. Hence,
Minitab 16 ensured that the experimental errors ( ) were normal distributed with the mean zero and
variance ( ). This equated the mean error to zero, which metamorphosed Equation 2 into Equation
3, then 4.
…2

=
Where Equation 2 is simplified as,

…3

=

Since it is much easier in RSM to work with dimensionless units, all the input or natural units
(
) of psi, 0F, mg/L, and hrs. respectively, for pressure, temperature, Fe2+ concentration,
and curing time were transformed into dimensionless units by coding method, (
)
[Mayers et al., 2009]. This means that almost all statistical application packages prefer working with
coded independent variables that eliminate units (Mayers et al., 2009). The coded independent
variables explain that the generated adequate model is dimensionless. However, when using this
model, the units must be consistency with the ones stated above or used in the experiments. Also,
these coded variables clarified that the research method is a quantitative research method, which is
experimental research, investigating the cause-and-effect of Fe2+ concentrations amidst other
predictors on the iCSS’s CS performance responses.
Hence, Equation 3 becomes,
…4
 Box-Behnken Design of Experiments and Its Coding Method in RSM
The template presented in Table 1 recorded the response surface variable yields (y), which were
influenced by some identified correct set of screened controllable input, actual or natural units
(
in oilfield units. Also, in Table 1 the coded dimensionless units (
)
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were presented. The iterated formulas used in Minitab 16, to generate the coded dimensionless units
are expressed in Equations 5, 6, and 7 (Minitab 18, 2019; Mayer et al., 2009). These coding schemes
were used in the design of experiments by BBDoE in RSM, and the results obtained in all the values
of the coded units (
) fell into a range of values between -1 and +1 for all the iCSS.
The predicted generic equations for this research, are given in Equations 8 to 11. These equations
show that the natural units shall interact in the iCSS. Recall that, this research used four (4)
independent or predictor variables in the iCSS experimental treatments, to determine the responses of
CS. Accordingly, the iCSS experimental treatments used the factors or regressors: Fe2_Con, Pres.,
Temp., and Time. Usually, the curvature in the true response surface maybe adequately stronger in
the iCSS that the first-order model (even with the interaction term included) maybe inadequate, to
model the cement system. Therefore, a second-order or up to cubic model will probably be required
in modelling these cement systems.

…5

Table 1: Natural units, and coded dimensionless
variables

…6
…7

For two (2) regressors with interactions,
…8

For three (3) regressors with interactions, equation 8 becomes,
…9

For four (4) regressors with interactions, equation 9 becomes,

…10

Generally, for multiple regressors with interactions Equation 10, becomes,
… 11
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MATERIALS, EQUIPMENT/TECHNOLOGY AND METHODS
Materials
 Portland Class G Basic Oilwell Cement
Portland class G basic oilwell cement (BOWC) was used as the cementitious material in this research,
since Portland Class G BOWC is always envisioned as one of the oil and gas basic cements (James
and Las, 2017). The Portland Class G BOWC composition has a stipulated w/c factor of
(Azar and Samuel, 2007; API Specification 10A, 2002). It is used to bond
casing, and liner strings to the face of a drilled open-hole oil wellbore. Although, Portland Class G
BOWC is used for bonding between the depths of the surface casing string to the about 8,000ft. Total
vertical depth (TVD), but with the application of chemical additives it can be used below 8,000ft.
TVD (Vrtine, 1998; James and Las, 2017). Additionally, the thickening time of Portland class G
BOWC is controllable with chemical additives up to the temperature of 2500F, and this makes it
possible for cementing up to the production casing string (Vrtine, 1998; James and Las, 2017).
Therefore, Portland class G BOWC would be suitable for experimenting, and modelling the impacts
of ferrous mix-water on the CS of the iCSS. At the laboratory, the Portland class G BOWC used for
this research were packed separately in five (5) 20-litre airtight plastic bags, which each of the
container contains 5kg of the Portland Class G BOWC. These airtight plastic bags prevented the
powdered cement from contacting moisture. Also, the provided specifications of the Portland Class G
BOWC by the cement manufacturer are presented in Tables 2, 3, and 4.
Table 2: Cement Clicker and surface area of Table 3: Chemical Properties of Portland
Portland
Class G BOWC (wt.%).
Class G BOWC
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Table 4: Physical Properties of Portland Class G BOWC

 Sampling and Chemical analyses of mix-waters
Subsequently, mix-water samples were randomly collected from eight (8) boreholes of depth
approximately below 60ft. These sampling were done at the study area, Kolo Creek, Nigeria between
January 2018 – March 2019 at different locations (Table 5; Figure 2). Before, the mix-water were
sampled from each of the boreholes, the in-situ mix-water in the borehole were hovered for 20
minutes, to ensure unique and robust sampling. Also, a submersible pump was used, to hover and
pump the mix-water from subsurface, to the surface at the flow rate (Q) of 20-litre/minutes. These
mix-water samples were collected into rinsed 4-liter empty plastic container, which were hermetically
closed. Additionally, each of the containers was labelled, which indicated the date, time, and location
of the sample collected. These mix-water samples were transported each time in a thermos-coolers to
Niger Delta University, chemistry laboratory for chemical water analysis. However, deionised mixwater was also purchased for purposes of experimental control.
Table 5: Locations of the collected mix-water samples
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Fig, 2: Study area: Kolo Creek in red-like color, Bayelsa State, modified (Creek, 2004; Adesuyi,
2015).
The chemical water analyses conducted used a widely accepted conventional method, which was the
American Public Health Association (APHA) drinking water test methods (APHA, 1998). This
method tested for heavy metals presence in each of the sampled mix-waters at the laboratory within 3
hours after sampling. In no order, the heavy metals in the samples investigated were limited to arsenic
(As), chlorine (Cl), cadmium (Cd), chromium (Cr), copper (Cu), iron (Fe2+), lead (Pb), magnesium
(Mg), calcium (Ca), mercury (Hg), and zinc (Zn). Besides, other physical properties of the mix-water
samples examined onsite were the pH, turbidity, total dissolved solids (TDS), and electrical
conductivity. These results obtained were compared with those of the World Health Organisation and
Nigeria Standard Drinking Water Quality standards were benchmarked (see the results in Table 6;
NSDWQ, 2007; WHO, 2011).
Equipment/Technology
The main equipment used to conduct this research include HPHT chandler engineering curing
chamber model 7360V, weighing balance, cement mixer, Arolab hydraulic press. Accordingly, the
weighing balance measured the mix-water, and the Class G cement, while the cement mixer mixed the
cement and mix-water to form the cement slurry, the chamber model 7360V cured the cement slurry
into cubes of iCSS at HPHT. Besides, the Arolab hydraulic press estimated the CS. The modelling
software package used in this research was Minitab 16, which played the most integral role in the
success of the research. Thus, Minitab 16 was used for the development and optimisation of the
BBDoE and the adequate model of this research. Minitab 16 was used for the design and optimisation
of the 4-Factor and 3-level Box–Behnken design of experiments for the cement sheath systems.
 Design of Experiment
In this research, the experimental design was carried out in Minitab 16, using the response surface
Box Behnken design of experiments (BBDoE). The procedures for the design of BBDoE are also
reported by Minitab® 18 support (Minitab 18, 2019). The BBDoE were designed based on the
approach of RSM. Figure 3 shows the framework of the BBDoE in Minitab 16. With the RSM
approach, the response surface BBDoE were performed first on an empty worksheet of the Minitab
16.
The worksheet held the design parameters of the experiments, and their level range values for low and
high were entered and assigned to the parameters or factors options. Additionally, the Minitab 16
18
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BBDoE output parameters were customised. In this process, and with the case of the intended
investigation on the iCSS’ CS performances responses, the coded factor names were A; B; C; D, and
were respectively, replaced with the uncoded factor names of Fe2_Con; Temp; Pres; Pres in Minitab
16.
For example, the uncoded values: that is, low (0.00), Center (3.41), and high (6.82) values, replaced
the coded low (-1) Center (0) and high (+1) values for Fe2_Con. (Tables 7). Afterwards, a randomised
Box Behnken design of experiments (BBDoEs) was generated by Minitab 16 in a tabular form.
Subsequently, Minitab 16 was used to optimise the BBDoEs of the proposed iCSS into various
versions and the best design was selected based on the statistical performance indicators (Table 8).

19

Igbani …. Int. J. Inno. Scientific & Eng. Tech. Res. 10(1):9-34, 2022
Table 6: Physico-chemical properties mix-water samples (collected between January 2018 – March 2019, at Kolo Creek)
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Table 7: 4-Factor and 3-level of BBDoE for the
cement sheath systems.

Fig. 3:

Block diagram for the response
surface Box Behnken DoE in
Minitab 16.

The outcomes of the optimisation of the designed BBDoEs for the iCSS is presented in Table 8. In view of
this, Table 8 shows the summarised outcome of the response surface optimal designs and their related
independent factors for the proposed CS model of the investigated iCSS.
In addition, the optimal design statistically parameters were used, in evaluating the adequacy of each of the
probable optimal designs. These were carried out, after the BBDoE for the response surface of CS has been
designed. The statistical optimal design parameters used, to justify the selected optimal design were the
Condition number, D-optimality, A-optimality, G-optimality, V-optimality, and Maximum-leverage. The
application of these parameters in evaluating the adequacy of a selected optimal design, has also been
reported by Minitab® 18 support (Minitab 18, 2019); and same parameters were applied in this study.
Accordingly, when the condition number value is above 1, and very large; then this parameter describes
that a strong collinearity exists among the terms in the proposed model. On the other hand, when the
condition number is recorded as 1; then the condition number indicates that the terms in the proposed model
are independent or orthogonal. These characteristics of terms being independent or orthogonal (noninteracting) is impossible in a cement sheath or cement slurry system. As evidence, the response surface
optimal design analyses as presented in Table 9, shows that, the condition number of the Optimal Design III
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(26,066.70) is the highest followed by that of Optimal Design IV (25,762.30). Based on these outcomes, it
is explicit to infer that, a strong collinearity exists among some or all the terms of the proposed model with
the new 50 design points (Table 10), instead of the 54 old-designed points (Table 8). This means that, at
least there exists an interaction among some or all the terms in the proposed models of the cement sheath
systems. Furthermore, the D-optimality parameter also known as the determinant optimality or determinant
of (XTX) measures the ability of the selected optimal design for the proposed model, to precisely estimate
or predict values of the observed data. Practically, a larger value of D-optimality is preferable. As a result,
among the contending generated optimal designs (I to IV) from Minitab 16; the contending optimal design
with the largest D-optimality value stood a better chance for selection. Hence, the selection of Optimal
Design II (7.13371E+71), instead of the second contending Optimal Design IV, which has its D-optimality
value recorded as 2.61362E+58.
Moreover, the A-optimality or trace inverse (XTX) parameter evaluated the average variance in the response
surface regression coefficients of the fitted model. The smaller the A-optimality value, among any of the
contending optimal designs, the more likelihood for its selection. On this background, Optimal Design II
was observed to have the smallest A-optimality value measured at 7,311.80. Further on, the G-optimality
computed the ratio of the average prediction variance (average leverage), to the maximum the prediction
variance (maximum leverage) over the design points of the selected optimal design. Technically, the Voptimality is also termed the average leverage, which minimised the numerator of the G-optimality. In
parity, the G-optimality minimised its denominator. Therefore, the smaller the value of the recorded Goptimality the better. Consequently, the Optimal Design III was selected; since, its G-optimality value of
0.69 was recorded as the smallest value. As initially mentioned, and described, the V-optimality parameter
measured the average prediction variance or average leverage over the set design points, and the smaller
the value the better. Thus, the Optimal Design II was selected, because its V-optimality value of 0.32 was
recorded as the smallest value. Although, Optimal Design IV (0.72) contended with the selected Optimal
Design II during the selection.
Similarly, the maximum-leverage parameter indicated that an optimal design must contain at least one
influential design point. This was indicated by a much wider positive difference between the maximumleverage value and the V-optimality value. In these optimal designs, the positive difference between the
maximum-leverage value (0.49) and the V-optimality value (0.34) for the Optimal Design III is +0.15,
hence, its selection.
Based on the analyses above, the Optimal Design III was selected as the candidate optimal design for the
iCSS (Table 9). This selection was based on the existence of strong collinearity among the terms of the
proposed model, and reduced number of design points on the BBDoE. On this background, to effectively
implement the selected optimal design, all optimal designs were deleted from Minitab 16, to reset its
memory. Thereafter, the optimal design procedures for optimal design III were performed again, to sustain
it in the memory of Minitab 16. The final optimal design for the investigated iCSS is presented in Table 10.
Now that the optimal design III has been designed, the next step involved the conducting experimental runs
according to the optimal design III for BBDoE generated in Minitab 16 statistical software. The optimal
design was used, to test the performance responses of CS for the investigated integrated cement sheath
systems (Table 10). At this point Table 10 shows the generated optimised Minitab 16 BBDoE randomised
recipe, which specifies the magnitude of each of the predictors in the standard experimental run order and
the number of experimental runs. On this ground, the generated optimised randomised BBDoE recipe
tailored the experimental runs to produce this research’s iCSS.
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Table 8:

The integrated cement sheath system Box-Behnken randomised DoE Session output

A = Fe2_Con. (mg/L); B = Temp. (0F); C = Pres. (psi); D = Time (hrs).

Table 9:
Summarised parameters of the response surface for the most contending optimal designs
for the cement sheath systems.
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Table 10: Box-Behnken DoE randomised data matrix for the optimal design III of the investigated
integrated cement sheath systems
A = Fe2_Con. (mg/L); B = Temp. (0F); C = Pres. (psi); D = Time (hrs.).

Data Matrix



API Specification 10A Experimental Methods
Formulation of ferrous and deionised cement slurry systems, and integrated cement sheath systems
Cement slurries systems (CSS) were designed and formulated using the prepared Portland class G BOWC
and the sampled ferrous mix-water, at w/c of about (793g of Portland class G BOWC cement/350g of mixwater) 0.44. Further on, each of the formulated CSS were mixed intermittently, in different containers at
the speed of 12,000rpm using the cement-mixer for approximately 35 seconds. Then, continued the mixing
after 30 seconds, at the speed of 4,000 rpm for approximately 15 seconds. The cement mixer blade was
replaced, when it has been found that it had lost 10% of its original weight, to ensure that the slurries were
properly mixed (API specification 10A, 2002).
Based on the optimal design III BBDoE, and following the procedures enshrined in API specification 10A
for oil well cement and materials, about 50 samples of CSS were formulated for this investigation of CS
performance responses, from each of the formulated 50 CSS, a batch of 4-cube were cured. Therefore, the
50 CSS produced 200 cubes of iCSS as research’s sample size (Figure 4; API specification 10A, 2002).
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Fig. 4: Cubes of cured cement sheath.

Compressive Strength Tests for Cement Sheath
With the use of the API Specification 10A (2002) methods, the iCSS produced (4 pieces of 2 by 2 squaredinch cured cubes Figure 4), based on the BBDoE optimal design III’s experimental runs, same were
subjected to CS destructive tests, after the iCSS cubes had been cured for 48 hrs. in a water-bath. The
outcomes or dataset of these CS tests were used, to develop these inadequate and adequate models as
presented next for discussion.
3.0 RESULTS AND DISCUSSION
After the application of the ANOVA tool in Minitab 16 on the dataset, various models were generated.
These generated Models 12, 13, and 14 were developed from the ANOVA outcome presented in Table 12,
14, and 16. Explicitly, Models 12, 13, and 14 respectively, represented the estimated regression
coefficients of Table 12 (response surface linear + interactions CS model), Table 14 (response surface full
quadratic linear + square + interactions CS model), and Table 16 (the screened response surface full
quadratic linear + square + interactions CS model).
Table 12: Estimated Regression Coefficients for the
Linear + Interactions Probable CS Model.

Table 13: Analysis of Variance (ANOVA) for the Linear
+ Interactions CS Model
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… 12
Accordingly, each of these three models is consist of the main effect and curvature(s). These curvatures
disclosed that, these developed models have squared and/or interactive terms in the investigated iCSS, as it
affects the CS performance responses. In conformity, Tables 12 to 17 major parameters were summarised
and presented in Table 18, to effectively show a close grasp of the adequacy of each of these CS models in
predicting the CS performance responses of the investigated iCSS, using underpinned statistical tools.
These tools include the adjusted coefficient of determination squared [R2 (adj)], predicted coefficient of
determination squared [R2(pred)], coefficient of determination squared (R2), prediction error sum of squares
(PRESS), standard deviation ( ), and factors’, terms’ and model’s p-values. These analyses are presented
in Table 18, which shows that Models 12 to 14 have dissimilar computed results from the executed
response surface multiple regressions.
Table 14. Estimated Regression Coefficients for the
Full Quadratic (Linear + Squares +
Interactions) CS Model.

Table 15. ANOVA for the Full Quadratic (Linear +
Squares + Interactions) CS Model.

…
13
Precisely, among these contending CS models, each of these contending CS model’s parameters are
presented in Tables 12 to 17, the best and adequate CS model was selected for the prediction of the CS
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performance responses, of the investigated iCSS. Thus, the selection of the best and adequate model was
based on the model characterised with the highest percentage of R2(adj) and R2(pred) in combination with
the lowest PRESS, and standard deviation of error. Secondly, in addition, the hypothetical model’s p-value
for the lack-of-fit tests was also used, in the selection of the statistical adequate CS model. In this research,
the hypothetical model’s p-value for the lack-of-fit tests states that, for a selected CS model to be statistical
adequate and be accepted, for the goodness of data fit, at the significance level of  = 0.05. The model’s pvalue must be greater than 0.05. Hypothetically, this reads: “Reject the CS model, if H0: the model’s lackof-fit p-value < 0.05 and accept the CS model if H1: the model’s lack-of-fit p-value > 0.05”. On the other
hand, the statistical relevancy of each of the model’s predictors, and terms were tested; also, at the
significance level,  = 0.05. Similarly, this reads: “Reject the model’s predictor or term if H0: term’s pvalue > 0.05 and accept the CS model’s predictor or term if H1: term’s p-value < 0.05”. Based on these
hypothetically criteria, Model 14 was selected as the best and adequate CS model, to simulate and predict
the true model of the CS performance responses of ferrous integrated cement sheath systems.
The developed CS performance response model is expected to predict the experimental observations with
95% statistical confidence, and at a statistical significance level () of 5%. This model will not only
prevent the repetition of similar experiments and predict the effects of Fe 2+ on CS development, but
improve the reputation of the cementing services company, including saving: cost, resources, and energy.
Table 16: Estimated Regression Coefficients for
the
Screened Full Quadratic (Linear +
Squares + Interactions) CS Model.

Table 17: ANOVA for the Screened Full Quadratic
(Linear + Squares + Interactions) CS Model.

… 14
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Table 18: Analyses on the adequacy of the developed CS Models.

For clarity, Model 14 was developed from Model 13 using the backward elimination (screening) method on
the predictors with p-value higher than 0.05, as specified in the hypothesis. Nevertheless, p-value of the
predictor, Fe2_Con (0.071) in the ANOVA results (Tables 16 and 17) was exempted, because it is a major
independent variable in this investigation, however, its p-value is not greater than 0.1. The factor, Fe2_Con
shows the highest antagonistic behavior towards the CS response, despite its p-value of 0.071, which is
higher than 0.05. Though, this could have been interpreted or declared that the predictor, Fe2_Con is not
statistically significant, to the developed predictive CS performance model, but statistically this is declared,
if the p-value of Fe2_Con or any other independent variable or term is greater than 0.1 in the ANOVA
result (Ye et al., 2017).
Therefore, the predictor, Fe2_Con is statistically significant to the developed predictive CS performance
response model since its p-value (0.071), which is less than 0.1. On the other hand, from the ANOVA
results in Table 16, the predictor, temperature (p-value = 0.001) is the most statistically significant
independent variable, to the developed predictive CS performance model (Model 14). This is followed by
pressure (p-value = 0.009); then, followed by time (p-value = 0.028). As a result, the predictor, Fe2_Con
(p-value = 0.071) is the less statistically significant predictor, to the developed predictive CS performance
response model. Once more, from the estimated multiple regression coefficient analyses of Tables 12, 13,
14 and 15, which generated Models 12 and 13 were disqualified because, these models have the lowest
percentage of R2(adj) and R2(pred) in combination with the highest PRESS, standard deviation of error
(Table 18).
Moreover, from the ANOVA results displayed in Tables 13, 15, and 17; the Model 12’s Lack-of-Fit p-value
(0.02), is less than the significant level ( = 0.05). In addition, the p-values of the Model 12 terms (factors,
and interactive terms) are all above the statistically significant level. In general, these parameters
respectively explain that the Model 12 does not adequately fit the CS response surface, and there is the need
to fit a quadratic (second order) model. Therefore, the model 12 terms were observed statistically, to be
grossly insignificant to the CS model. Hence, the automatic disqualification of model 12.
Similarly, Model 13, which is a second order model was also disqualified because, its Lack-of-Fit p-value is
the second higher Lack-of-Fit p-value (0.58) compared to that, of the screened quadratic Model 14 (0.73).
Hence, the selection of Model 14 as only the adequate CS model.
Furthermore, from the results presented in Table 16, it is observed that Model 14, has the lowest standard
error (s or σ = 457.66), and the prediction error sum of squares (PRESS = 15,921,428); and the least
coefficient of multiple determination, (R2 = 88.85%), the highest predicted coefficient of multiple
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determination, [R2(pred) = 78.82%], and the highest adjusted coefficient of multiple determination, [R2(adj)
= 86.35%]. Explicitly, the value of R2 at 88.85%, R2(pred) at 78.82%, and R2(adj) at 86.35% , respectively
explains that the correlating linear relationship between the predictors and the response is about 88.85%
strong. These explain that the developed model predicts about 78.82% of the CS experimental
observations; and finally, that the adequate CS model accounts for approximately 86.35% of variance in the
predictors (Fe2_Con, Temp., Pres., and Time). Besides, Nair et al. (2014) in a study, stated that for a
model to be accepted, the absolute difference between the R2(pred) and R2(adj) should not be more than
20%. With regards to this premise, the positive difference between R2(pred) at 78.82%, and R2(adj) at
86.35% of CS performance Model 14 is 7.53%. Therefore, this further fortified the selection of Model 14.
Also, Model 14 was further simplified and expressed in coded form (see Model 15).

…
15
Where:
CS = CS, psi,
A = Fe2_Con., mg/L,
B = Temp., 0F,
C = Pres., psi,
D = Time, hrs.
A**2 = Square term of Fe2_Con.,
AB = Interaction terms of Fe2_Con. and Temp.,
AC = Interaction terms of Fe2_Con. and Pres.,
** 2

= raised to power 2

The goodness of data fit of the adequate CS model’s predictive observation to the experimental observation
is presented in Table 19, while Table 20 shows the prediction interval (PI): the range that a single new
observation, is probable to fall into some given specified settings of the independent variables, and the
confidence interval (CI) of the prediction: which represents the range that, the mean response is likely to
fall into some given specified settings of the independent variables.
Table 19: The CS experimental response and CS model fitted response.
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Table 20. Predicted response for the new design points using model for CS

CI = confidential interval, and PI = predicion interval


Optimisation of compressive strength responses
Based on the performance responses of the developed adequate CS Model 14, the Fe2_Con significantly
influences CS development of the integrated cement sheath systems, which illustrated that high Fe2_Con in
mix-water decreases the CS development of iCSS. Also, the predicted responses for the new design points
using the CS model 14 indicates that the predictors' setting gave the maximum CS response as 3972.92psi
(Table 20, point 14).
As a result, the CS Model 14 was optimised, to achieve the maximum goal of CS response of between 1500
and 6000psi, at the weight 1 and importance 1, according to the setup in Figure 5. The optimising process
was iterated using the predictors setting of Fe2_Con (0.00 to 6.82mg/L), Temp. (200 to 250 0F), Pres. (2500
to 3000psi), and Time (6 to 8hrs) in Minitab 16 by dragging the reddish vertical lines forward or backward
under each of the predictor’s pane (Figure 6). Table 21 illustrates the optimised outcomes of CS Model 14.
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Fig. 5: Minitab 16 optimiser for the CS

Fig. 6: Minitab 16 global solutionresponse.
of the

In summation, the results in Table 21 demonstrates that the global solutions for the CS model are within the
shaded greenish area. The global solutions show that the obtained desired CS of between 73 to 74% (about
4617psi of CS). The predictors configured are as follows: Fe2_Con shall be between 0.00 to 0.03mg/L,
Temp. (2500F), Pres. (2500psi), and Time (8hrs.). The confirmed optimised results are in Table 21.
Therefore, a higher concentration of Fe2+ existing in mix-water above 0.03mg/L are detrimental to the CS
development of oilwell cement sheath systems in HPHT environments.
Table 21: The optimised predictors, and the CS response of Model 4.3

4.0 CONCLUSION

that, as the Fe2+ concentration in mix-water increases above 0.03mg/L, Fe2+ becomes more
antagonistic, to the structural integrity of the investigated iCSS. The antagonistic behaviour of Fe 2+ was
observed to be mostly influenced by temperature, followed by pressure, then curing time.

that the CS decreases because of the processes of dissociation and decalcification occurs. The
dissociation of calcium hydroxide and decalcification of tobermorite or Calcium Silicate Hydrate (C-S-H)
by high Fe2+ concentration into Ferrous Silicate Hydrate instead.

that the developed CS model is an adequate quadratic model. Additionally, that the CS model’s lackof-fit p-value is approximately 0.75 and it is above 0.05. Further on, the terms in the CS model have its
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associated p-values of between 0.05 - 0.1. Generally, these conclude that, the developed CS model is very
satisfactory, statistically viable, and adequate.

that the developed adequate CS model predicts about 78.82% of its corresponding true model
(experimental results), which also accounts for about 86.35% of variance in the predictors (temperature,
pressure, time, and Fe2+ concentration). As well, the model’s absolute difference between the R2(pred) and
R2(adj) is less than 20%, which the positive difference between the R2(pred) at 78.82%, and R2(adj) at
86.35% of CS performance is about 7.53%. Therefore, the CS model is acceptable.

this research also concludes that, the optimised predicted CS responses of 4835, 4813, and 4803psi
could be achieved by the respective combined factors of Fe2+ concentration of 0.00mg/L, temperature of
2500F, pressure of 2500psi, and time of 8hrs; Fe2+ concentration of 0.02mg/L, temperature of 2500F,
pressure of 2500psi, and time of 8hrs; Fe2+ concentration of 0.03mg/L, temperature of 2500F pressure of
2500psi, and time of 8hrs, at the corresponding desirability of 74%; 74%; 73%.

that Box-Behnken design of experiments of response surface methodology can be used to design
cement systems.
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