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Abstract

In recent years, polymeric additives have received considerable attention as a wax control approach to enhance the flowability
of waxy crude oil. Furthermore, the satisfactory model for predicting maximum yield in free radical polymerisation has been
challenging due to the complexity and rigours of classic kinetic models. This study investigated the influence of operating
parameters on a novel synthesised polymer used as a wax deposition inhibitor in a crude oil pipeline. Response surface
methodology (RSM) was used to develop a polynomial regression model and investigate the effect of reaction temperature,
reaction time, and initiator concentration on the polymerisation yield of behenyl acrylate-co-stearyl methacrylate-co-maleic
anhydride (BA-co-SMA-co-MA) polymer by using central composite design (CCD) approach. The modelled optimisation
conditions were reaction time of 8.1 h, reaction temperature of 102 °C, and initiator concentration of 1.57 wt%, with the
corresponding yield of 93.75%. The regression model analysis (ANOVA) detected an R* value of 0.9696, indicating that
the model can clarify 96.96% of the variation in data variation and does not clarify only 3% of the total differences. Three
experimental validation runs were carried out using the optimal conditions, and the highest average yield is 93.20%. An
error of about 0.55% was observed compared with the expected value. Therefore, the proposed model is reliable and can
predict yield response accurately. Furthermore, the regression model is highly significant, indicating a strong agreement
between the expected and experimental values of BA-co-SMA-co-MA yield. Consequently, this study’s findings can help
provide a robust model for predicting maximum polymerisation yield to reduce the cost and processing time associated with
the polymerisation process.
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Introduction area, thereby increasing the pressure drop and decreasing

the production rate. In extreme situations, wax deposition

The possibility of wax deposition issues is one of the most
significant difficulties in the processing and transporting of
crude oil (Elarbe et al. 2021a). When the temperature of
crude oil declines below the wax appearance temperature
(WAT), the crystal wax starts to precipitate from the crude
oil (Akinyemi et al. 2016). WAT is considered an essential
indicator of wax deposition issues due to its conservative
design criterion to prevent wax precipitation in produc-
tion lines. Wax deposition increases the crude oil viscos-
ity and flow line roughness and decreases the productive
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causes blockage of pipelines, as shown in Fig. 1, resulting
in higher overhead costs or facility abandonment (Ridzuan
and Al-Mahfadi 2017). To remediate the wax deposition
issue, scholars have used various methods, such as thermal
treatment, insertion of a chemical inhibitor, and mechani-
cal treatment using pigging. If an appropriate approach is
used in remediation, the associated cost will be drastically
decreased. The most practical method to mitigate this prob-
lem is pre-treatment with polymeric additives, also known
as pour point depressants (PPD) or flow improvers. In the
pipeline industry, polymeric treatment with PPDs is widely
utilized in small doses to decrease the crude oil pour point
and gelation point, enhance the low-temperature flow prop-
erties and facilitate pipeline transportation (Jennings and
Breitigam 2010; Aiyejina et al. 2011; Elbanna et al. 2017).
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Fig.1 Plugged pipeline. Adapted from “A unified perspective on the
phase behaviour of petroleum fluids” Source: (Mansoori 2009)

Many studies have been carried out to synthesise new
forms of polymeric wax inhibitors to resolve wax deposi-
tion issues and increase the flow property of low-tempera-
ture waxy crude oil (Deka et al. 2020; Ahmed et al. 2021).
Through experiments, previous studies and the current
research aimed to improve synthesis methods of new prod-
ucts by decreasing the number of experiments and offer-
ing knowledge about the direct effects of additives on vari-
ables and interactions. This statistical technique has been
successfully implemented in several fields (Deriase et al.
2012; El-Gendy et al. 2013a). Furthermore, empirical or
semi-empirical models can predict responses under various
experimental conditions without requiring assumptions.
Therefore, the model’s efficiency should be improved to
increase yield without increasing costs. Applying the one-
factor-at-a-time screening technique is a practical approach
for determining the best processing conditions, specifically
the range of each variable (Saha and Mazumdar 2019). How-
ever, this approach does not account for interactive effects
among parameters and does not explain the full effect of the
variables on the operation process. To avoid this obstacle,
optimisation studies can be carried out using (RSM) (Aydar
2018).

RSM is a progressive critical technique for evolving
pioneer methods, improving the model and formulation of
new-found products, and maximising output (Mikeld 2017).
Optimization of the polymerization factors using RSM has
several advantages over the classical optimization meth-
ods in which the one-variable-at-a-time method is used.
Firstly, RSM offers a large amount of information from a
small number of experiments. Indeed, classical techniques
are time-consuming, and many experiments are needed to
explain the behaviour of a system. Therefore, utilizing RSM
will decrease the required amount of experimental runs for a
quicker and more comprehensive investigation of the oper-
ating parameters and simultaneous interactions of param-
eters and modelling selected response variables (Nasouri
et al. 2015, 2012). Secondly, RSM is a valuable instrument
for considering multiple independent variables and their
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interactions that affect the objective process when various
factors influence a polymerization yield (Song et al. 2014).
Consequently, the interaction effect of the reaction param-
eters would be more critical such as synergism, antagonism.
Furthermore, a polynomial equation describes the influence
of associated variables in their corresponding coefficients,
and this statistical model is a reference for optimisation
research (Nuchitprasittichai and Cremaschi 2011). Subse-
quently, the model equation will easily clarify these effects
for binary combinations of the independent parameters.
Lastly, Central composite design (CCD) is a typical, effi-
cient, and most widely employed RSM design (Ghelich et al.
2019). Therefore, CCD is ideal for delegating operational
variables in various assessments by simplifying the num-
ber of design points and estimating an accurate curvature
to provide pertinent details for testing lack-of-fit (Mateen
et al. 2020).

On the other hand, the major disadvantage of RSM is
to fit the data to a second-order polynomial. We could not
say that the second-order polynomial well accommodates
all systems containing curvature. Therefore, explaining the
effect of reaction parameters with a second-order polyno-
mial is not possible, especially when the curve is nonsym-
metric. To overcome this, the data can be converted into
another form explained by the second-order model, such as
logarithmic transformations, and other linearization methods
can be applied for this purpose (Bas and Boyac1 2007). In
addition, if a second-order model hardly explains the system,
one should choose a smaller range of independent param-
eters. It is possible to increase the accuracy of the model
equation by working in a narrow range of the independent
parameter. Still, it should be remembered that working in
a limited range reduces the possibility of determination of
the stationary point. Therefore, preliminary work becomes
more critical for the decision of the independent parameter
range (Wani et al. 2012). However, there was no nonsym-
metric curvature data in the current study, and none of the
transformation forms was required to apply to the model.
Furthermore, the main limitation of this study is that this
method requires screening of suitable ranges of the operat-
ing parameters, and the optimization result is restricted to
specific extraction scales (Chan et al. 2017). In this sec-
tion, a systematic way to determine the appropriate range of
the operational parameters has been conducted in previous
research by Elganidi, et al. (Elganidi et al. 2021).

RSM has been used in several studies in the polymer
industry and related disciplines (Kaith et al. 2018; Ghum-
man et al. 2021; Kaur and Jindal 2019; Torgut et al. 2020;
Davoudpour et al. 2015). Razali, et al. (2015) utilised RSM
to investigate the grafting of poly diallyl dimethyl ammo-
nium chloride to cassava starch with potassium persulphate
as an initiator. The single and interactive effects of four vari-
ables, namely, initiator concentration, mole ratio, reaction
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time, and reaction temperature on grafting percentage,
were analysed using CCD. The experimental yield under
the optimum condition was similar to the value forecasted
by their derived model, indicating the satisfactory perfor-
mance of polymerisation. According to Aroonsingkarat and
Hansupalak (2013), the four variables of processing condi-
tions examined were reaction time, the number of a chain
transfer agent, temperature, and percentage of deproteinised
rubber. The research investigated the effect of the reaction
parameters on monomer conversion in polystyrene and rub-
ber graft copolymerisation by RSM via CCD. Elarbe et al.
(2021b) studied the influence of processing variables on
yield polymerisation by using CCD. The model is consistent
and capable of appropriately forecasting yield response. The
regression model has been proven to be extremely important
and has a satisfactory outcome between the predicted and
experimental stearyl acrylate-co-behenyl acrylate yields.

The current research’s motivation is to synthesise a
novel terpolymer and optimise polymerisation parameters,
like initiator concentration, polymerisation time, and reac-
tion temperature on the synthesised polymer’ yield. This
is because, to the best of our knowledge, no such work has
been published to optimise the reaction parameters for the
synthesis of poly(BA-co-SMA-co-MA) polymers using
RSM. In previous research, Elganidi, et al. (2021) inves-
tigated the effect of four reaction parameters (temperature,
time, initiator concentration, and mole ratio of monomer)
on the yield of the free radical polymerisation of BA-co-
SMA-co-MA polymer by using OFAT method. However,
this method cannot examine the variable interactions of the
considered reaction (Elarbe et al. 2021a). Consequently, an
experimental design approach was applied to evaluate the
optimisation of the operational parameters of BA-co-SMA-
co-MA polymerisation. The statistical model was created to
explain relationships among variables. As a result, the best
possible response was explored under the desired condition
and optimised process. In conclusion, the present research
mainly aimed to analyse the influence of reaction param-
eters, including initiator concentration, reaction temperature,
and time of reaction on polymerisation yield. Given that this
statistical test and design can be used for process model-
ling and optimisation (Myers et al. 2016), CCD via RSM
was used to plan experiments and create quadratic equation
models for predicting the optimal conditions. Furthermore,
these factors affecting investigational procedures were iden-
tified so that future researches could be designed to attain
maximum Yyield of the polymerisation process.

The current study consists of the material and methodol-
ogy used to synthesise the novel polymer and demonstrate
how the experiments were designed and optimised using
Design-Expert software. Secondly, the new regression
model has been developed in the results and discussion sec-
tion, and analysis of variance was applied to determine the

significance value of this model. After that, verification of
model and normality test using diagnostic plots were used
to assess the goodness-of-fit of the proposed model. Then,
the main critical factors that may influence the polymerisa-
tion process have been obtained by analysing the response
surface. Lastly, before concluding with summary and con-
clusion, the experimental validation runs were conducted in
triplicate to validate the predicted response variables.

Materials and method
Materials

This study used three main monomers for the synthesis pro-
cess, including stearyl methacrylate, behenyl acrylate, and
maleic anhydride. Also, toluene and benzoyl peroxide was
used as a solvent and initiator, respectively. The chemical
structure, molecular formula, purity, and suppliers of the
used material were elaborated in Table 1.

Polymerisation

In a 250 mL three-necked glass flask, behenyl acrylate-co-
stearyl methacrylate-co-maleic anhydride was polymerised
utilising a free radical polymerisation method at a concen-
tration of 1:1:1 mol ratios of monomers. A thermometer, a
magnetic stirrer, and a nitrogen gas inlet (for the first 30 min)
for eliminating the existence of O, in the reaction were fit-
ted in the reactor. The monomer mixture was dissolved in
50 mL of toluene under continuous stirring at 400 rpm for
polymerisation at 90-110 °C for 7-9 h. Benzoyl peroxide
was employed in concentrations ranging from 1 to 2 wt%
and dissolved in a proper quantity of toluene to initiate the
reaction. The initiator solvent was applied to the reaction
mixture drop by drop every 15 min for the first hour of the
reaction. The mixture was allowed to cool at room tempera-
ture, washed three times with methanol, vacuum filtered,
dried, and weighed to obtain terpolymer.

Experimental design and optimisation

The reaction parameters for the preparation of BA-co-
SAM-co-MA polymer were optimised. The experiment was
conducted based on the central composite design of RSM.
Design Expert 7.1.6 software was utilized to perform regres-
sion, design a model, explain experiments with multi-varia-
ble impacts, and minimise the number of experimental runs.
This software has a wide range of designs, which consist of
composite models, fractional factorials, and factorials, and
can provide researchers with an assembly of numerical and
mathematical RSM models. The experimental model was
statistically analysed in terms of full quadratic, linear, and
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Table 1 Chemicals used in this study

No Type of chemicals Structure Molecular formula Utilisation ~ Supplier
1 Behenyl acrylate (BA) 9 C,sH,50, Monomer Aladdin Chemicals
(99%) ﬁo
2 Stearyl methacrylate o C,Hy0, Monomer
(SMA) (96%)
0
3 Maleic anhydride — C,H,0, Monomer
(MA) (<99%), %(}%
(0] o (0]
4 Benzoyl peroxide o C4H,,0, Initiator Sigma- Aldrich
(BPO) (99%)
o
o
0
5  Toluene (>99%) ©/ C¢HsCH; Solvent
—OH
6  Methanol (>99%) -OH CH;0H Precipitation

interaction coefficients by ANOVA with F-test to determine
the empirical correlation among the output and input vari-
ables. In addition, every model code was statistically evalu-
ated, specifically the importance of F-values with P <0.05,
to improve the model. The R?, adjusted R?, expected R>
values, adequate precision, and lack-of-fit of the models
satisfied the recommended polynomial feature. The contour
and response surface graphs were illustrated to visualise the
input and output interactions.

The independent variables studied were reaction time (A),
reaction temperature (B), and concentration of initiator (C).
Using CCD, each numeric factor fluctuated over five levels:
plus and minus axial point (alpha), plus and minus 1 (facto-
rial point), and centre point. The chosen centre points for
each variable were reaction temperature of 100 °C, reaction
time of 8 h, and initiator concentration of 1.5 wt%; these
values were selected because of the highest yield during
polymerisation.
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Table 2 demonstrates the experiment design levels and
the range of independent variables used in this work. In
addition, a three-factor five-level CCD was further studied.
Twenty runs, including six replicate runs at the centre, six
axial runs, and eight factorial runs, are needed based on a
calculation using Eq. 1 (Owolabi et al. 2018).

N=2"4+2n+Nc=224+2%34+6=20 e))

where N is the number of experimental runs, and # is the
number of factors.

The model equation is determined, and model equa-
tion coefficients are expected. A full quadratic equation is
a commonly used model in RSM. The a-value was stable
at 2 (face-cantered) for this model, and the response of the
experimental model was obtained. The response (yield) can
be employed to improve the experimental model in relation
to the three parameters by using an additional-grade poly-
nomial as follows in Eq. 2 (Bayuo et al. 2019).
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n n n—1 n
Y=b,+ ) bX;+ ) bX;+ Y. Y XX 2)
i=1 i=1

i=1 j=i+1

where Y is the expected response, b, is the constant coeffi-
cient, b, is the linear coefficient, b;; is the quadratic equation,
b[j is the interaction coefficient, and X; and XJ are the coded
values of the polymerisation factors. Table 2 demonstrates
the order of runs, observed response (yield %), and experi-
mental design for the three independent variables and twenty

experimental runs.

Results and discussion

OFAT experiments were conducted in our previous work
(Elganidi et al. 2021). The optimal condition for the prepara-
tion of BA-co-SAM-co-MA polymer comprised a mole ratio
of (1:1:1) wt% among the three monomers, reaction tem-
perature of 100 °C, initiator concentration of 1.5 wt% and
reaction time of 8 h, which were selected according to the
highest yield under different conditions. In addition, CCD
was employed to minimise the range of conditions with the
maximum yield of BA-co-SAM-co-MA polymer and study
the influence of variables on the yield.

Development of regression model equation

The reaction parameters were examined through CCD-based

whereas the experimental runs along with the predicted and
actual yields are shown in Table 3.

Analysis of variance (ANOVA) was applied to determine
the significance value of the new model. The results show
that the models are incredibly significant, with a significance
level of p <0.0001; as such, the models can assist in pre-
dicting the response variable (yield). The created model’s
parameters A, B, C, AB, A%, B%, and C?, are significant
(p<0.0001). A second-order polynomial quadratic regres-
sion equation was defined in terms of coded factors in Eq. 3
and in terms of actual factors in Eq. 4.

Yield =93.35 + 0.75A + 1.21B
+0.59C — 0.584B + 0.30AC + 0.46BC
— 1.584% — 1.58B% — 1.38C? 3)

The coded factor equation (Eq. 3) can be applied to
expect the response for the provided level of each com-
ponent. The high values of the coded variables are + 1,
and the low ones are — 1. The coded equation is valuable
for comparing factor coefficients to determine the relative
influence of the variables. The equation in terms of a real
variable (Eq. 4) can be utilised to estimate the response to
such factor. The levels should be defined for each element
in the original units. This equation ought not to be applied
to verify the relative influence of each factor since the
coefficients are calibrated to fit each factor’s units and the
intercept is not the centre of the model space (Anderson
and Whitcomb 2017).

Yield = —1132.41716 + 122.00943 * Time + 14.16315 * Temperature + 12.95614
xConcentration of Initiator — 0.23150 * Time * Temperature + 2.39000 * Time

“

xConcentration of Initiator + 0.36500 * Temperature * Concentration of Initiator — 6.30864

% Time® — 0.063086 * Temperature® — 22.07455 % Concentration of Initiator”.

RSM by utilising different ranges of three independent fac-
tors, namely, reaction time (A), reaction temperature (B),
and initiator concentration (C), to maximise the production
yield of BA-co-SMA-co-MA polymer. The other reaction
variables were maintained constant at their optimum levels
obtained from the OFAT experiment. Twenty experimen-
tal runs were performed, each with a various combination
of variables, according to CCD. The medium elements
employed for RSM are presented in the process division,

The fitness of the model was justified by different param-
eters (Table 4). The current model evaluated the determi-
nation (Rz) coefficient, adjusted R?, predicted R?, adequate
precision, and ‘lack-of-fit’. The R? value of 0.9696 reveals
that the model could clarify 96.96% of variations in the data
but does not clarify 3.04% of the overall differences. For an
adequate model, the R? value should not be less than 0.75
(Myers et al. 2016).

Table 2 Research factors and
their coded levels

Factor code Factor name

Unit Factor levels for CCD
(-o0) D © +1D (+o)

A Reaction time h 7 7.5 8 8.5 9
B Reaction temperature °C 90 95 100 105 110
C Concentration of initiator wt% 1 1.25 1.5 1.75 2
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Table 3 Experimental design

- . Run No Coded factor Actual Factor % Conversion
matrix for the synthesis of
BA-co-SAM-co-MA polymer A B C A (h) B (°O) C (Wt%) Observed Predicted
response (Yield  response (Yield
%) %)
1 -1 -1 -1 7.5 95 1.25 86.12 86.45
2 1 -1 -1 8.5 95 1.25 87.85 88.51
3 -1 1 -1 7.5 105 1.25 88.25 89.11
4 1 1 -1 8.5 105 1.25 89.45 88.86
5 -1 -1 1 7.5 95 1.75 85.21 86.11
6 1 -1 1 8.5 95 1.75 89.92 89.37
7 -1 1 1 7.5 105 1.75 90.95 90.60
8 1 1 1 8.5 105 1.75 91.56 91.54
9 -2 0 0 7.0 100 1.50 86.25 85.54
10 2 0 0 9.0 100 1.50 88.15 88.55
11 0 -2 0 8.0 90 1.50 85.15 84.63
12 0 2 0 8.0 110 1.50 89.25 89.46
13 0 0 -2 8.0 100 1.00 87.13 86.66
14 0 0 2 8.0 100 2.00 88.85 89.01
15 0 0 0 8.0 100 1.50 92.71 93.35
16 0 0 0 8.0 100 1.50 93.82 93.35
17 0 0 0 8.0 100 1.50 93.71 93.35
18 0 0 0 8.0 100 1.50 93.84 93.35
19 0 0 0 8.0 100 1.50 93.14 93.35
20 0 0 0 8.0 100 1.50 93.21 93.35

Saha and Mazumdar (Saha and Mazumdar 2019)
argued that a high R? value does not necessarily mean a
robust regression model. Such inference can only be made
if the adjusted R value is also high. The modified deter-
mination coefficient (adjusted R?=0.9422) suggested that
the generated model was highly significant, indicating
consistent experimental and expected polymer yields. As
a result, the model can accurately predict responses in a
wide range of experimental variables. Rai et al. (2016)
stated that the adjusted and predicted R? (0.8028) ought to
be within 20% of each other to be in good agreement; this
criterion is fulfilled in the present research. Therefore,
the proposed model has 80.2% flexibility in predicting
yield beyond the experimental variety of reaction circum-
stances. In the experiment, the adequate precision that
computes the signal-to-noise ratio was 17.172, indicating
an adequate signal with less noise.

Table 5 indicates the ANOVA results for each term
of the quadratic model. If the F-value is high and the
P-value is less than 0.05, then the term is significant.
The linear terms A, B, and C, the quadratic terms A2,
B2, and C2, and the interaction term AB are significant
(Table 4). The other variables do not affect the yield. Fur-
thermore, a high F-value (35.40) with a low probability
(p=0.0001) indicates the high ability of the model to
predict the results. The lack-of-fit of the model indicates
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Table 4 Model fitness and coefficients in terms of coded factors

Factor Coefficient estimate
Intercept 93.35
A-Time 0.7531
B-Temperature 1.21
C-Initiator concentration 0.5881
AB -0.5787
AC 0.2988
BC 0.4563
A? -1.58
B’ -1.58
c? -1.38
R 0.9696
Adjusted R? 0.9422
Predicted R 0.8028
Adeq precision 17.1717

the inconsistency between the expected and actual values
on the pure error between replicates. According to the lit-
erature, the significance of ‘lack-of-fit’ can be attributed
to the replicate measurements with the similarities of the
repeating centre point data to each other (ElI-Gendy et al.
2013b). The ‘lack-of-fit F-value’ of 3.93 implies that the
‘lack-of-fit’ is not significant relative to the pure error,
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and a 7.95% chance exists that the high F-value occurs
due to noise. This relatively low probability (< 10%) does
not trouble the model fitting (Usman et al. 2019). Non-
significant ‘lack-of—fit’ can be used to fit the model to
estimate the expected result accurately.

Validation and verification of model and normality
test

Diagnostic plots, such as residuals normal probability,
expected against actual values, residual versus predicted
values, and standardised residuals against run plot, were
used to determine the goodness-of-fit of the proposed
model. In a normal probability plot, the residuals obey
a straight line to the normal probability distribution
(Cavazzuti 2012). Furthermore, studentised residuals are
assumed to be more efficient than standardised residu-
als in detecting outlying responses (Fox 2015). Figure 2a
demonstrates the normality plot of internally studentised
residuals. The highest number of colour points represent-
ing the polymerisation yield is located in a tight range
on a regular probability line, and the minor-significant
points deviate from the normal line. The residual’s inde-
pendence and normality as well as its high validity for
approximating the established quadratic regression model
were confirmed by a satisfactory normal distribution with
a random deviation of model predictions from the actual
results (EI-Gendy et al. 2013b; Kleijnen 2015). The pre-
dicted and actual yields were plotted as a parity plot of
the regression model to identify values that the model
cannot easily predict. Figure 2b shows the plot of the pol-
ymerisation yield, indicating a relatively regular random
scatter of spots assembled at the diagonal axis. This graph
is relatively linear, passing through the origin, indicating
that the observed (experimentally) polymerisation yields
with a marginal variance are in good agreement with the

expected values determined using optimisation methodol-
ogy (Saeed et al. 2015). Consequently, the plot of residu-
als versus ascending expected responses measures the
constant variance principle and shows a random scatter
(steady range of residuals across the graph). The quad-
ratic model is suitable and appropriate for the experimen-
tal results, and no further transformation of the data series
is necessary. Figure 2c characterises residuals against the
experimental run order, which allows checking for lurk-
ing variables that may have influenced the response. The
plot signifying a random regular scatter of points and lack
an obvious pattern and infrequent structure indicates the
fitness of the model. The plot of internally studentised
residuals versus the expected values in Fig. 2d shows that
all colour points corresponding to yield are randomly
scattered and situated within limits near to zero-axis in
the range between +2.0. The expected values are very
similar to the actual values; as such, the model effec-
tively captures the correlation between yield and process
conditions (Ghelich et al. 2019). Therefore, the model
is adequate, and no independent or constant variance
assumption violation exists in all runs. The model can be
effectively employed to navigate the design space.

Analysis of response surface

RSM is used for modelling and analysis to optimise a related
process response (output variable) dependent on many
experimental parameters and create a multivariate mathe-
matical estimation model. In multivariate optimisation, the
relationship of various independent variables to the process
should be assessed (Mukherjee et al. 2019). Figures 3, 4, and
5 show the three-dimensional quadratic response surfaces
and the two-dimensional contour plots for different inde-
pendent variables such as reaction time, reaction tempera-
ture, and initiator concentration concerning polymerisation

Table 5 Analysis of variance

Source Sum of Squares  Df Mean Square ~ F-Value  P-value
(ANOVA) for response surface
quadratic model Model 164.41 9 1827 35.40 <0.0001 significant
A-Reaction Time 9.08 1 9.08 17.59 0.0018
B-Reaction Temp 23.30 1 23.30 45.16 <0.0001
C-Initiator Conc 5.53 1 5.53 10.72 0.0084
AB 2.68 1 2.68 5.19 0.0459
AC 0.71 1 0.71 1.38 0.2667
BC 1.67 1 1.67 323 0.1026
A? 62.54 1 6254 121.20 <0.0001
B? 62.54 1 62.54 121.20 <0.0001
c? 47.86 47.86 92.74 <0.0001
Residual 5.16 10 0.52
Lack-of-fit 4.11 5 0.82 3.93 not significant
Pure error 1.05 5 0.21
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Fig.2 Diagnostic plots for
polymerisation yield: a normal
distribution, b predicted versus
actual values, ¢ studentised
residuals versus run number and
d studentised residuals versus
predicted values
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efficiency. Each figure shows the effect of changing two
variables on the polymerisation yield while maintaining the
third variable at zero levels. The plots reveal the correlated
fitted response surface for the optimal design of reaction
parameters to maximise the polymer yield (%) and depict
corresponding surface plots using dominant variables. Fur-
thermore, the nature of the curvature of the plots illustrates
the intensity of the interaction of the process variables (Karri
et al. 2018).

The geometry of the contour plot shows the combined
influence of the independent variables on the response
parameter. All reaction surface plots and the resulting con-
tour map have a design stage (Figs. 3a—c. The highest yield
percentage is located within the design boundaries (Mukher-
jee et al. 2020). The structure of the contour map is cru-
cial to predict whether the combined interactions between
variables are relevant (Mukherjee et al. 2019). Moreover,
the geometry of the contour map shows the actuality and
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degree of interactions between independent variables. If the
contours are circular, then the combined interfaces of the
operating variables might be less prominent; if the contour
lines are elliptical, then the accumulative mutual combina-
tion of the procedure variables is more prominent (Tanyildizi
et al. 2005). Elliptical contours are acquired when absolute
shared interactions exist between operational variables.
The lowest possible surface bound shows the highest yield
percentage in the contour diagram. As reported by Myers
et al. (2016), if the graphical displays could be easily con-
structed (Fig. 3a—c), then the optimisation process would be
straightforward.

A response surface may occur when approximating a
yield response, which we can assume to be operating near
the surface’s maximum points. Therefore, the inspection of
the contour plots indicates that the yield is maximised under
the condition of reaction of 8.1 h, temperature of 102 C,
and initiator concentration of 1.57 wt%. The defined optimal
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Fig. 3 a Contour plot of yield
versus reaction temperature and
initiator concentration b Con-
tour plot of yield versus reaction
time and initiator concentration
¢ Contour plot of yield versus
A-reaction time and B-reaction
temperature
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(C) Contour plot of yield versus (A) reaction time and (B) reaction temperature

conditions were confirmed by repeating the experiments to
eliminate errors. The findings were reliable and statistically
significant within the range of the experimental parameters
chosen.

Figure 4 shows the interactive effect of initiator concen-
tration ranging from 1.25 to 1.75 wt% and reaction tem-
perature of 95-105 °C on the yield of polymerisation at a
constant reaction duration of 8 h. The polymerisation yield
increased when the reaction temperature was increased to
100 °C with increasing benzoyl peroxide concentration to
1.50 wt% and reached the maximum under this condition
parameter. With increasing temperature, the polymerisa-
tion yield increased uneventfully in a given time due to an

increased decomposition rate of the initiator. The number
of free radicals and their mobility also increased, resulting
in a higher yield. Furthermore, the increase in the reaction
temperature decreased the viscosity, thereby enhancing the
monomer movement. As such, the used monomers (BA,
SMA, and MA) easily spread to the vicinity of the syn-
thesised polymer backbone, promoting the polymerisation
reaction and increasing polymerisation yield, similar to the
report of Wang et al. (2020). As the reaction temperature
and initiator concentration were raised to a certain degree,
the homopolymerisation, chain transition, and termination
reactions were accelerated, resulting in a decrease in yield
and a lowering of the curves; thus, the optimum reaction
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Yield (%)

Fig.4 Model interaction plot between initiator concentration and
temperature on yield

Yield (%)

Fig.5 Model interaction plot between temperature and time on yield

parameters should be a reaction temperature of 100 °C and
BPO concentration of 1.5 wt%.

The optimum yield was 92.71%, which was obtained
using the reaction temperature of 100 °C and the initiator
concentration of 1.50 wt%. Thus, the two process variables
have a net positive interactive impact, indicating yield sen-
sitivity to temperature and initiator concentration.

Figure 5 shows the interactive influence of the reaction
temperature of 95—105 °C and reaction time of 7.5-8.5 h on
the yield of polymerisation at a constant initiator concentra-
tion of 1.50 wt%. The yield increased with the rapid increase
in the reaction temperature compared with prolonged
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reaction time. The increment in the temperature from 95
to 100 °C and the time from 7.5 to 8 h increased the poly-
merisation yield to the optimum level. The augmentation
in temperature with time enhanced the polymerisation of
monomers, the propagation reaction, and the chain trans-
fer reaction (Arslan et al. 2021). Increasing the temperature
improved the yield by elevating the concentration of radicals
in the medium. The mobility of the monomer molecules
accelerated the diffusion of the monomers into the polymer
backbone. As the reaction time increased, the polymerisa-
tion yield increased and reached the optimum level after 8 h
of reaction; no increase was observed in the yield after this
time. The yield increased due to the increase in chain growth
that joined on the polymer backbone and the formation of
new chains onto the synthesised polymer.

The highest polymerisation yield was obtained at the
glass transition temperature and above because the mol-
ecules obtained mobility and allowed for the diffusion of
new molecular forms to enter the polymerisation process.
The slight decrease in the polymerisation yield when the
temperature is above 100 °C and after 8 h of reaction can
be associated with the more dominant reactions of termi-
nation with increasing temperature and the termination of
the initiator radicals by binding among themselves (Wang
et al. 2020; Temogin and Yigitoglu 2009). In conclusion, a
significant positive interaction exists between the reaction
temperature and reaction time. Increasing the reaction tem-
perature positively affects the polymerisation yield because
more reactive species have sufficient energy to overcome
the barrier corresponding to the activation energy, resulting
in faster and more complete reaction; this result is similar
to those obtained by dos Santos et al. (2016). The highest
yield reached 93.84% under the optimal condition of 8 h
and 100 °C. The yield increased with increasing reaction
time as well as reaction temperature at the optimum initiator
concentration of 1.5 wt%.

Figure 6 shows the interactive influence of reaction time
and initiator concentration on polymerisation yield. The reac-
tion time was varied from 7.5 to 8.5 h, and the concentration
of benzoyl peroxide was between 1.25 and 1.75 wt%, while
the reaction temperature was maintained at 100 °C. The yield
increased with increasing initiator concentration compared
with that of the reaction temperature. Furthermore, the poly-
merisation yield increased with increasing reaction time of
up to 8 h due to an increase in the active sites on the synthe-
sised polymer backbone. Above 8 h, the polymerisation yield
slightly decreased and then began to level off and reached a
plateau because of the monomer and initiator concentration
depletion, leading to a lack of polymerising sites on the poly-
mer backbone. The yield increased to 92.71% when increasing
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the concentration of BPO to 1.50 wt% after 8 h of reaction
and then decreased with a further increase in the BPO con-
centration and reaction time. This phenomenon commonly
occurs and has been reported by various authors (Elella et al.
2018; Badwaik et al. 2016). The free radical concentration of
the BPO molecules in the polymerisation medium increases
with increasing BPO concentration with time. The radicals
abstract a hydrogen atom from the monomer macromolecules
and form active sites on the polymer backbone. Increasing the
BPO concentration increases the number of radical species.
These radical chains activate the polymeric chains to undergo
a chain transfer reaction with the monomer macromolecules,
leading to the formation of a high number of active sites on
the polymer backbone. Therefore, the yield increases with the
chain transfer and hydrogen abstraction reactions.

However, the increase in the BPO concentration and reac-
tion time above the critical values of 1.5 wt% and 8 h led to
excessive radicals in the polymerisation medium. Thus, the
rate of termination reaction increased while the polymerisation
yield decreased (Makhlouf et al. 2007; Isiklan et al. 2010). In
conclusion, a positive interaction exists between the reaction
time and concentration of the initiator, and the highest yield
was 92.71%. The yield continues to increase with increasing
reaction time and initiator concentration until reaching the
critical point, at which the yield did not improve anymore.

In summary, the highest yield was found to be 93.84%,
and the critical factors that influenced polymerisation are
reaction time and temperature.

Fig.6 Model interaction plot between initiator concentration and
time on yield

Optimisation and validation

The optimisation process was carried out to determine the
optimum value of the reaction parameters on the poly-
merisation yield by using Design Expert 6.0.7 software.
The desired goal for each operational condition (reaction
time, reaction temperature, and initiator concentration) was
selected within the studied range. The yield was defined as
the maximum in the software system to obtain the best per-
formance. The software program integrates individual desir-
ability into a single number and then optimises the function
based on the response goal (Antony 2014).

. After applying the desirability function, the optimum
response (yield) was 93.75% at reaction time of 8.1 h, reac-
tion temperature of 102 °C, and initiator concentration of
1.57 wt%. Under the optimum condition, experimental vali-
dation runs were conducted in triplicate, and the average
yield obtained was 93.20% (Table 6).

The residual between the predicted responses was
93.75%, and the experimental response was 93.20%. There-
fore, an error of only 0.55 existed, indicating that the quad-
ratic regression model was valid and accurate in predicting
the response (Y) (Garba et al. 2016). Hence, the models and
the optimum operating conditions developed for the factors
were valid and applicable in predicting response variables.

Summary and conclusions

¢ RSM based on CCD enhances the experimental model
building and can be applied to evaluate, predict and opti-
mise process factors.

e The single and combined effects of three reaction param-
eters (reaction temperature, reaction time, and initiator
concentration) on the yield of BA-co-SMA-co-MA in
radical solution polymerisation were investigated.

e The optimum conditions were reaction time of 8.1 h,
reaction temperature of 102 °C, initiator concentration
of 1.57 wt%, and the optimised yield was 93.20%.

e The ANOVA results of the regression model revealed an
R? value, indicating that the model could explain 96.96%
of data heterogeneity, and only 3% of the total variations
were not explained by the model.

e Under the optimum condition, experimental validation
runs were conducted in triplicate, and the maximum
average yield was obtained.

e The model is extremely significant, confirming the close
agreement between the experimental and predicted
values of BA-co-SMA-co-MA yield because of the
neglected error between the predicted and actual values.
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Table 6 Model validation

Model desirability =~ Reaction time (h)  Reaction temperature(°C)  Concentration of initiator (wt%)  Yield (%)
Experimental ~ Predicted  Error
0.990 8.1 102 1.57 93.20 93.75 0.55
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