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Abstract: Microbial fuel cells (MFCs) have garnered significant attention due to their capacity to
generate electricity using renewable and carbon-neutral energy sources such as wastewater. Exten-
sive experimental work and modeling techniques have been employed to dissect these processes
and understand their respective impacts on electricity generation. The driving force is to enhance
MEFC performance for practical applications commercially. Among the various statistical modeling
approaches, one particularly robust tool is the Design of Experiments (DoE). It serves to establish the
relationships between different variables that influence MFC performance and allows for the opti-
mization of the MFC configuration and operation for scaled-up performances in terms of bioelectricity
generation. This study focused on optimizing microbial fuel cells (MFCs) for bioelectricity production
using industrial wastewater treatment, employing the Box-Behnken design (BBD) methodology.
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ommending its use as a sustainable bioenergy source. Furthermore, validation results supported the
above optimization output response findings and confirmed the viability of biorefinery wastewater
as an anolyte for scaling up DCMFC bioelectricity generation.
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chemical processes simultaneously, posing challenges when it comes to optimizing their
performance [1]. Employing statistical experimental design techniques to fine-tune MFC
operating conditions holds the promise of yielding more precise responses in line with the
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desired objectives [1]. Utilizing the Design of Experiments (DoE) approach not only helps
extract substantial information but also trims the cost and time required for conducting
experiments. This paper focuses on one of the widely used experimental design techniques
for screening and optimizing factors in MFC-related research. It was observed that Re-
sponse Surface Methodology (RSM) proves valuable in describing and optimizing complex
nonlinear systems such as MFCs. However, selecting the appropriate experimental design
method primarily hinges on the study’s goals, the number of variables in play, the potential
for interactions, and the available resources. When it comes to choosing which factors to
investigate in depth, simple factorial plans can be a starting point [2,3]. However, to achieve
the best possible parameter settings, more intricate designs are often necessary. Among
these, Response Surface Methodology (RSM) stands out as a widely favored approach [1].
Various optimization designs are at researchers’ disposal, including full-factorial, response
surface (such as central composite and Box-Behnken designs), optimal, and mixture designs
(like simplex lattice and simplex centroid designs) [4-13].

The outcomes of Design of Experiments (DoE) studies undergo rigorous analysis to
pinpoint the factors that exert statistically significant influence on the response, as well as
to unveil potential interdependencies among them [1]. Various tools and techniques come
into play for these analyses, including the use of half-normal plots, Analyses of Variance
(ANOVAs), and other methods [1,14-17]. To illustrate the nonlinear trends in the data,
contour plots and Response Surface Methodology (RSM) are often employed. Conducting
and analyzing DoE experiments is made feasible through specialized statistical software.
Some well-known commercial packages for this purpose encompass Minitab, Statistica,
SPSS, SAS, Design-Expert, Stat-graphics, Prisma, MODDE, DoE Fusion PRO, STAVEX, and
more. Engaging in any DoE experiment necessitates a grasp of statistical methods such as
ANOVA and linear regression, as these are foundational in the process [4,5,7,12,18-27].

Screening designs primarily elicit linear responses, which may not account for the
curvature in the response. To analyze this curvature in the response, researchers often
employ quadratic response surface modeling. The Box-Behnken design (BBD) stands out as
an independent quadratic response surface design that does not encompass an embedded
factorial or fractional factorial design [1,14]. This design necessitates three levels for each
factor and generates fewer experimental runs compared to the central composite design
when considering the same number of factors [1,14,28]. While the treatment combinations
in the BBD are located at the midpoints of the experimental domain’s corners and at the
center, a central composite design includes experimental trials where all factors are set at
their extreme values [5]. The BBD is a cost-effective alternative to the central composite
design but may not be suitable for sequential experiments. It provides robust coefficient
estimates toward the center of the design space but weaker ones toward the design space’s
edge [29-31]. Several studies have utilized the BBD for optimization, as shown in Table 1.

Table 1. A concise overview of the applications and key findings of each study that employed the Box-
Behnken design (BBD) for optimization in various microbial fuel cell (MFC) applications [1,30,31].

Study Application Design Findings
Obtimization of cathodic The cathode surface area was found to
[32] P BBD (Three-factor, three-level) be the most significant parameter in
parameters
MEFC performance.
Factors affecting The order of significance: COD load >
[33] continuous-flow BER-MFC BBD (Three-factor, three-level) HRT > nitrate load.
Maximizine power density in Temperature and external resistance
[34] &P y BBD (Four-factor, three-level) were identified as significant

dual-chamber MFC

parameters.
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Table 1. Cont.

Study Application Design Findings
[35] Pyraclostrobin elimination in BBD (Three-factor, three-level) Catholyte pH S}gmﬁcantly affected
MEFC-Fenton Fenton reaction performance.
. pH and inoculum composition
[36] Dual-chamber MFC BBD (Four-factor, three-level) interactions impacted MFC
performance evaluation
performance.
Influence of glucose High OCV was obtained at a high
[37-39] concentration on MEC BBD (Three-factor, three-level) glucose/yeast ratio ar.1d low glucose
concentration.

[32,35-37,40-42]

Oxyfluorfen degradation in
dual-chamber MFC

Optimal conditions of temperature, pH,
BBD (Three-factor, three-level) and initial oxyfluorfen concentration
were identified.

[43]

Effect of operating parameters

Optimum conditions for maximizing

BBD (Three-factor, three-level) power output were established.

on ceramic MFC

These studies leveraged the BBD to conduct experiments and optimize various pa-
rameters, demonstrating its applicability and effectiveness in different MFC-related inves-
tigations. However, it is important to note that the predictability of this design may be
compromised as it does not include a treatment combination where all factors are at their
boundary values simultaneously. This study’s primary purpose and knowledge contri-
bution involved optimizing the MFC scaling-up factors, particularly, fine-tuning towards
optimum operating temperature, electrode surface area (bi-electrode configurations), HRT,
and the catholyte dosage concentration, which is often linked to improved overall power
output (closed-circuit voltage yield) in the DCFMC unit once perfectly optimized. The
study recognized the need for practical and robust DCMFC designs with the potential of
applicability in real-world, industrial settings while overcoming limitations such as in the
cell overall voltage (CCV—mV) and lower or impractical Faraday/coulombic efficiencies
(% CE). To achieve this, this paper emphasizes the importance of validating laboratory-scale
results through lab-scale/benchtop and further computational applications to assess the
long-term performance and possibilities of sustained scaling-up design methodology and,
perhaps, the potential prospects of the grid connection of this technology to the nation
power grid as an alternative power source. This validation process is crucial for identifying
potential issues early on and ensuring the reliability of the DCMFC RSM-BBD methodology
towards scaling up bioelectricity generation.

The novelty and new knowledge contribution of this paper lie in several key aspects.
Our study represents a novel application of Response Surface Methodology (RSM) in
conjunction with microbial fuel cells (MFCs) for optimizing bioelectricity generation while
treating industrial wastewater. This application of statistical modeling provides a sys-
tematic approach to optimizing MFC performance, which is innovative in the field. The
study employed the four-factor, three-level Box-Behnken design (BBD) method to optimize
factors affecting the DCMFC performance: temperature, hydraulic retention time (HRT),
surface area, and catholyte dosage. The three level midpoints of the experimental domain
relate to 13 experimental combinations that were predicted for the optimization of the four
scaling-up factors in this study. This methodology allowed for a comprehensive exploration
of optimal operating conditions, contributing to the advancement of DCMFC optimization
techniques. The study considered multiple response output variables including closed-
circuit voltage (CCV) yield, % COD removed, maximum current density, optimum power
density, Faraday/coulombic efficiency (% CE), % TSS removal, % TOC removal, and %
POZ* removal. This comprehensive evaluation provided valuable insights into the overall
performance of the MFC system and its potential for bioelectricity generation. Rigorous
validation via ANOVA tests and regression models ensured the accuracy and reliability of
the study’s findings. The identification of optimal operating conditions for the DCMFCs,
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in variables such as the specific surface area, temperature, and catholyte dosage, repre-
sents a significant contribution to the field by providing practical insights for improving
MEC performance.

The paper highlights the practical applicability of DCMFCs as a sustainable and re-
newable bioenergy solution, particularly in addressing energy challenges faced in regions
like South Africa, as reported by Shabangu et al. [44,45], by recommending the poten-
tial of DCMEFC technology for national grid connections, which is further investigated
computationally for potential DCMFC inverter modeling and potential applications. This
paper generally offers valuable insights into promoting sustainability in energy production.
The paper examines the novelty of the BBD optimization methodology in achieving the
practicality and applicability of DCMFC findings for the purpose of upscaling and com-
mercializing DCMFC technology. The experimental results of this paper demonstrate a
high degree of transferability. Several novel practices highlight the potential for industrial-
scale applications:

e  The utilization of raw industrial wastewater sources harvested from local wastewater
treatment plants, effectively emulating the complexity and variability of industrial
wastewater substrates based on day-to-day industrial activities.

e  The employment of freshly harvested and well-acclimatized heterotrophic biomass
consortia, specifically Protobacteria and Bacteriodota, as a combined biomass popula-
tion to enhance biodegradability in the microbial fuel cell.

These aspects underscore the practical transferability of this study’s findings to indus-
trial applications. The paper highlights the novelty of the BBD methodology for optimizing
DCMECs, particularly demonstrating its capacity for reliable laboratory-scale factor inter-
actions. While practical application may present complexities that could limit the smooth
implementation of the BBD approach used here, the paper convincingly demonstrates
the treatment capacity and bioelectrochemical potential of this technology. Overall, the
paper’s novel approach to optimizing the DCMFC bioelectricity generation capacity using
statistical modeling, combined with its comprehensive evaluation of response variables
and potential practical implications for sustainability, represents a significant contribution
to the field of bioenergy research.

2. Results and Discussion
2.1. Influence of Input Variables on the Responses

A scatter plot graph is a significant plot in statistical analysis as it measures the effect of
each process variable on the output response. With each process, variables compromising
the coded values versus the output response are presented in Figure 1a—d below. The
relationship between the process variables and the output response was initially assumed
to constitute a linear model. Hence, the gradient of the plots may be used to represent the
correlation. This correlation, once assumed positive, signifies that a direct proportionality
exists between the process variable and the response output whereas a negative correlation
presents an indirectly proportional response output from the process; see the correlations
for temperature, catholyte dosage, and electrode surface area and hydraulic retention
time (HRT) or incubation time. Hence, in this study, increasing either one of the basic
operating factors resulted in an increase in the closed-circuit voltage (CCV) alternative-
energy generation. The increasing order of the absolute values of correlations revealed
the following observations: surface area had a correlation value of 0.140 at the 3-CCu
bi-electrode, temperature had a correlation value of 0.189 at 34 °C, HRT had a correlation
factor of 0.373 at 48 h, and catholyte had a correlation of 0.829 at 0.1 mol/L. Similarly, %
COD removal, % total phosphate (POi_) removal, current density (ID), power density (PD),
% TSS removal, % TOC removal, and % CE were all producing the same positive outcomes.
Moreso, these findings present a good basis for statistical analysis. The assumption made
while preparing this section was that the data points resembled a linear model; however,
the correlation of the temperature, HRT, and surface area factor clearly produced, rather, a
very low correlation significance with respect to the closed-circuit voltage (CCV) generation
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yield in the DCMFC unit. Furthermore, a clearly strong, statistically highly significant
correlation between the catholyte concentration and potassium permanganate dosage
concentration emerged as very influential to the scaled-up production of bioelectricity in
the DCMFC with correlation factors > 0.83, as shown in Figure 1d. This correlation is
therefore considered the DCMFC scaling-up design factor and shall be further discussed
in the following sections of this paper in terms of its impact on the DCMFC’s ability to
produce a commercial-scale voltage yield and reasonable Faraday/coulombic efficiencies
approaching the 50% mark.
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Figure 1. Effect of scaling-up factors and responses on CCV yield: (a) CCV vs. catholyte dose (b) CCV
vs. HRT (c) CCV vs. temperature; and (d) CCV vs. surface area.

2.2. Regression Model and Fit Summary

Response transformation is an essential technique in data analysis. In statistical
analysis, response power transformation involves applying various mathematical functions
to the responses. The mathematical functions evaluated using the design expert software
for transformation included the following: no. of transformation, natural log, inverse
square root, square root, base 10 logarithm, logit, inverse, arcsine square root, and power
transformation. The transformations for CCV, power density, current density, % TOC
removed, % TSS removed, % COD removed, % total phosphates removed (POZ*), and %
CE were as shown in detail in Tables S55-512 in the Supplementary Materials section. With
no transformation required for the responses, the subsequent step involves determining
the appropriate types of models. The Design Expert software offers several valuable
statistical tables to aid in identifying the suitable model for detailed analysis. A critical
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table for model selection in statistical analysis is the fit summary table. This section
consolidates the significant statistical parameters necessary for choosing the starting point
for the actual model. Tables show fit summaries for temperature (X;), electrode surface
area (X3), catholyte concentration (X3), and hydraulic residence time (X4) with regard to
the generation of voltage yield—closed-circuit voltage (Y1), power density (Y3), current
density (Y3), coulombic efficiency (CE%) (Y4), Chemical Oxygen Demand (COD) (Ys),
total phosphates (POZ_) (Yg), total suspended solids (TSS) (Y7), and total organic carbon
(TOC) (Ys).

The linear, cubic, two-factor interaction (2FI) model and quadratic model were the
types of models that were investigated. In statistical analysis, the model with the highest
sequential p-value, F-value, and adjusted R? is regarded as the model that will best fit
the data points (Stat-Ease Inc., 2021). For all responses, the linear model had the highest
sequential p-value and adjusted R? values. On the other hand, the two-factor interaction
(2FI) had the second most reliable sequential p-value and adjusted R? values. Therefore,
these results suggested that the best-fitting model was either the linear model or the
two-factor interaction (2FI) model. Notably, the quadratic model was aliased since there
were no sufficient unique design points to predict all coefficients of the model. This
model was the last wherein least-squares estimations would not be unique, resulting in 3D
plots with shapes that had recurrent plateaus, which depict erroneous statistical analysis
from a statistical viewpoint. Based on the above digressed reasons, the linear model was
suggested for the optimization investigation of the DCMFC unit in this study, motivated by
the optimization findings suggesting that most statistically significant values were of the
linear-model type, suggesting the highest statistical significance in this investigative study.

2.3. Analysis of Variance (ANOVA) Test and Fit Statistics

The analysis of variance (ANOVA) test is one of most significant tests in statistical
analysis. The ANOVA test helps a researcher observe the selected effects and the coefficients
of a model (reference). Tables 513 and 520 in the Supplementary Materials section define
ANOVA response outputs for voltage yield—closed-circuit voltage (Y1), power density (Y»),
current density (Y3), coulombic efficiency (% CE) (Y4), Chemical Oxygen Demand (COD)
(Ys), total phosphates (POif), (Yg), total suspended solids (TSS) (Y7), and total organic
carbon (TOC)(Ys). The F-value, probability > F, coefficient of determination (R?), and lack
of fit are critical statistical values that assess how well the chosen regression model fits the
experimental data points [1,14,15,28,35,46,47]. The F-test determines the significance of the
differences between the means of the operating conditions. F-values of 47, 49, 87, 65, 96,
51, 5.52,4112.7,5.8, 5.54, and 6.11 indicated that the regression models were significant for
closed-circuit voltage.

Another crucial statistical parameter is the p-value, which is closely associated with the
F-value. In statistical analysis, the p-value indicates the probability of the regression model
being valid [1,35]. As shown in the ANOVA Tables S13-520 in the Supplementary Materials
section, p-values were less than 0.001 for closed-circuit voltage (CCV), % COD removal,

current and power densities, phosphates (PO?[) , total suspended solids (TSS), and total

organic carbon (TOC). The null hypothesis should be rejected if the p-value is significantly
small, i.e., less than the alpha value («) [1,35]. The investigation was conducted at a 95%
confidence interval (CI), so the alpha value was 100-CI = 5%. A p-value below 0.05 is
considered significant while a p-value greater than 0.1 is considered non-significant and
can be ignored.

For CCV yield and the other parameters, the p-values for the terms AB, AD, BC, BD,
and A? were below 0.05, indicating that these model terms have significant effects when
included in the models. Additionally, the p-value below 0.05 for the power-density term A
signified its significance in the model. Values greater than 0.1000 indicate that a model’s
terms are not significant. Current density also displayed a significant A model value below
the 0.05 threshold. The % COD removal presented B, D, BD, and D? as significant model
terms. Total phosphate removal capacity also displayed a case of B, C, D, AB, AD, BC,
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BD, CD, and B? being significant model terms. Furthermore, the p-value below 0.05 for
coulombic efficiency (% CE) was A, indicating that the model term was significant. The
% TSS removal once again presented a case of B, C, AB, AD, and C? being significant
model terms. These above listed p-values were less than 0.0500, indicating that the model
terms were significant. Values greater than 0.1000 indicate that a model’s terms are not
significant. If there are many insignificant model terms (not counting those required to
support hierarchy), model reduction may improve the overall model outcome.

An equation, formulated in terms of coded factors, enables predictions regarding the
response for specific levels of each factor. High levels of factors are coded as +1 while low
levels are coded as —1 by default. This coded equation serves to highlight the relative
impact of factors by comparing their coefficients. Each coefficient estimate signifies the
expected change in response per unit change in factor value, assuming all other factors
remain constant. In an orthogonal design, the intercept represents the overall average
response across all runs, with coefficients serving as adjustments around this average based
on factor settings. When factors are orthogonal, the Variance Inflation Factors (VIFs) equal 1;
VIFs exceeding 1 indicate multicollinearity, with higher VIFs suggesting more pronounced
factor correlation. Generally, VIFs below 10 are deemed tolerable. The model equations for
the anticipated output response at optimal operating factor conditions are as follows:

CCV =181.54 + 143.49 x A+ 0.655 x B+7.61 x C+54.07 x D —1.35 x AB +96.34 x AD — 67.34 x BC —
37.03 x BD +77.33 x CD + 95.75 x A?

PD=1351+1251 x A —744 x B—315x C+19.77 x D —7.04 x AB — 4.23 x AC +20.62 x AD +2.40
x BC +0.432 x BD —1.59 x CD

ID=23.00+11.75 x A —2.10 x B—15.86 x C+14.55 x D —1.24 x AB — 1749 x AC+20.76 x AD —1.19 x C —
57.48 x D — 48.18 x BD +59.06 x D?

COD =38.79 +8.17 x A — 60.83 x B+1.19 x C — 57.48 x D — 48.18 x BD +59.06 x D?

PO?[ = 5572 — 0423 x A — 6650 x B 4+ 3559 x C + 7774 x D — 69.21 x AB + 55.04 x AD
+66.41 x BC + 109.50 x BD — 39.88 x CD — 66.16 x B> — 42.00 x D?

CE =0.151 + 0.0515 x A — 0.448 x B — 0.110 x C +0.242 x D — 0.204 x BC — 0.904 x BD +0.729 x B?
TSS = 61.94 — 12.66 x A — 36.07 x B +36.21 x C — 12.79 x D — 24.29 x AB — 23.72 x AD — 63.68 x C?
TOC =44.87+1.43 x A —0.998 x B +48.28 x C+18.79 x D +75.54 x BC — 24.73 x CD

An equation in terms of actual factors can be used to make predictions about the
response for given levels of each factor. These equations can be presented in the follow-
ing sequence:

CCV =181.54 + 143.49 x (catholyte) + 0.655 x (HRT) + 7.61 x (temperature) + 54.07 x (surface area) — 1.35 x (catholyte) x
(HRT) +96.34 x (catholyte) x (surface area) — 67.34 x (HRT) x (temperature) — 37.03 x (HRT) x (surface area) + 77.33 X
(temperature) x (surface area) + 95.75 x (catholyte)?

PD =13.51 + 12.51 x (catholyte) — 7.44 x (HRT) — 3.15 x (temperature) + 19.77 x (surface area) — 7.04 x (catholyte) x
(HRT) — 4.23 x (catholyte) x (temperature) + 20.62 X (catholyte) x (surface area) + 2.40 x (HRT) x (temperature) + 0.432 x
(HRT) x (surface area) — 1.59 x (temperature) x (surface area)

ID =23.00 + 11.75 x (catholyte) — 2.10 x (HRT) — 15.86 x (temperature) + 14.55 x (surface area) — 1.24 x (catholyte) x
(HRT) — 17.49 x (catholyte) x (temperature) + 20.76 x (catholyte) x (surface area) — 1.19 x (temperature) — 57.48 x
(surface area) — 48.18 x (HRT) x (surface area) + 59.06 x (surface area)?

COD = 38.79 + 8.17 x (catholyte) + 60.83 x (HRT) + 1.19 x (temperature) — 57.48 x (surface area) — 48.18 x (HRT) x
(surface area) + 59.06 x (surface area)?
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PO}~ = 55.72 — 0.423 x (catholyte) — 66.50 x (HRT) + 35.59 x (temperature) + 77.74 x (surface area) — 69.21x
(catholyte) x (HRT) 4 55.04 x (catholyte) x (surface area) + 66.41 x (HRT) x (temperature) +109.50 x (HRT) X (surface area) — 39.88
X (temperature) x (surface area) — 66.16 x (HRT)* — 42.00 x (surface area)?

CE =0.151 + 0.0515 x (catholyte)— 0.448 x (HRT) — 0.110 x (temperature) + 0.242 x (surface area) — 0.204 x (HRT) x
(temperature) — 0.904 x (HRT) x (surface area) + 0.729 x (HRT)?

TSS = 61.94 — 12.66 X (catholyte) — 36.07 x (HRT) + 36.21 x (temperature) — 12.79 x (surface area) — 24.29 x (catholyte) x
(HRT) — 23.72 x (catholyte) x (surface area) — 63.68 x (temperature)>

TOC =44.87 + 1.43 x (catholyte) — 0.998 x (HRT) + 48.28 x (temperature) + 18.79 x (surface area) + 75.54 x (HRT) x
(temperature) — 24.73 x (temperature) X (surface area)

Another crucial table in statistical analysis is the fit statistics table (Table 2). This table
includes important statistical metrics such as the standard deviation, mean, coefficient of
variation, coefficient of determination (R?), predicted R?, and adequate precision. The R?
term is particularly significant as it evaluates how well the proposed regression model
fits the experimental data points [1,3547]. The R? coefficient essentially measures the
proportion of the variance in the response variable (Y) that is explained by the regression
model. The coefficient of determination ranges between 0 and 1, with values close to
1 indicating a highly accurate model fit. A value near 1 is recommended as it suggests
that the regression model is highly reliable and effectively describes the variation in the
response variable. The models of the CCV yield, power density, current density, and total
phosphates were more robust than those of % COD, % TSS removed, and % TOC removed,
revealing a significantly high R2 0f 0.9994< R? < 1.

Table 2. Fit statistics for CCV-voltage yield, power density, current density, % COD, % CE, % PO?[,
% TSS, and % TOC removal.

Fit-Statistical Power Current

A [ o 3— o, o o
Paramoter CVV-Yield  p PE Density % COD % PO3 % CE % TSS % TOC
Standard 28.69 238 1.67 9.81 0.1922 468 9.44 13.92
Deviation
Mean 190.48 9.99 18.47 4254 47.32 358 60.59 4592
Coefficient of 15.06 23.82 9.05 23.06 0.40 130.59 15.57 30.32
Variation (%)
R2 0.99 0.99 0.99 0.84 1 0.89 0.88 0.85
Predicted R2 0.97 0.98 0.98 0.69 0.99 0.73 0.72 0.71
Adequate 2522 33.64 33.49 8.45 215.97 9.51 8.17 7.54
Precision

PRESS and adjusted R? are statistically undefined /negative; hence, we have suggested the use of the coefficient of
determination for the validation of the best-fitting regression models.

However, one disadvantage of the R? value is that it always increases with the addition
of process variables to the regression model, even if the variables are not significant. Due
to this limitation, many statisticians prefer using the adjusted R?, which accounts for the
number of predictors in the model and does not automatically increase with additional
variables. The adjusted R? provides a more accurate measure of the model’s explanatory
power. In this study, the adjusted R? for the closed-circuit voltage (CCV) generation in
the DCMFC, along with its associated power output variables, power density, and current
density, was statistically undefined. However, a high R? value precisely validates the
effectiveness and efficiency of the linear optimization models used in this research. More-
so, the R? for total phosphates also proved highly significant at 100% optimal values; this
was also proven by the actual experimental removal efficacies on almost all observations
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on the treatment of total phosphates. This empirical model, furthermore, approves the
correlation and robustness of these predictive empirical models.

The predicted R? is another important parameter in fit statistics that indicates the
estimated coefficient of determination for the proposed regression model. A negative
predicted R? implies that the overall mean may be a better predictor of your response
than the current model. In some cases, a higher order model may also predict better. The
R? values for CCV yield, current density, power density, % COD, %, % POZ‘, % CE, %
TSS, and % TOC were 0.99, 0.99, 0.99, 0.84, 1, 0.89, 0.88, and 0.85, respectively, while the
predicted R? values were 0.97, 0.98, 0.98, 0.69, 0.99, 0.73, 0.72, and 0.71, precisely. The
respective differences between the predicted R2 and adjusted R2 were 0.01, 0.01, 0.01, 0.15,
0.01, 0.16, 0.16, 0.16, 0.16, 0.16, 0.16, and 0.14. The differences were less than 0.2, which
suggested the reasonable significance and statistical valid agreement of the optimization
models in this study. Hence, no technical or empirical and statistical errors were perceived
with either the actual experimental data or the regression models.

The statistical term’s adequate precision evaluates the limits of the estimated output
to the predicted error; in other words, it evaluated the signal/response-to-noise ratio [1].
A high adequate precision denotes an extremely high difference between the estimated
response output and the accompanying error. Generally, an adequate precision that is
above 4.0 denotes adequate model discrimination [1]. In this investigation, the adequate
precisions for CCV yield, current density, power density, % COD, % POi_, % CE, % TSS,
and % TOC were 25.22, 33.64, 33.49, 8.45, 215.97, 9.51, 8.17, and 7.54, respectively. These
values were above 4.0, which indicated that the model discrimination was satisfactory.
Therefore, the selected model expressions could be used to navigate the design spaces of
the responses because the predicated response outputs were less influenced by error. The
highest adequate precision of 88.55 was found on the model of biogas yield. This means
that this model had the highest signal-to-noise ratio, which further proves that it is the most
robust model. The coefficient of variation denotes the standard deviation, represented as a
percentage of the mean of the response variable [1]. Essentially, the coefficient of variation
is used to measure the ability of a system. A low value is recommended since it indicates
a more authentic model equation. The coefficients of variation of the CCV yield, % COD
removed, current density, power density, % TSS removal, % POE* % CE, % TOC, and % CE
models were 0.38%, 1.83%, and 2.37%, respectively. These values were low, with the biogas
yield revealing the lowest value of 0.38%, thus indicating a more robust model. Thus, the
standard deviation for biogas yield (1.86) was extremely low compared to its associated
mean of 485.37, which denotes that its regression model was more satisfactory than the
other models.

The predicted residual error sum of squares (PRESS) is used to calculate the error
variation. Specifically, this statistical coefficient illustrates how the variation in the process
variable in a model equation cannot be described by the regression model [1]. Generally,
a very low PRESS value indicates that the regression model has the best fit. On the other
hand, a high PRESS is an indication that the model equation is not the best-fitting one.
The PRESS values for CCV yield, % COD removed, power density, current density, % CE,
POZ_, TSS, and TOC were found to be statistically undefined due to cases of leverage of
1.000. These values were higher, which suggested that each of the models could have been
best-fitting or not. Subsequently, the models were deemed best-fitting due to the adequate
precisions of the measured signal noise ratios, which were all achieved based on a statistical
significance range above 4, which made them statistically significant. A detailed basis for
this statistical output is emphasized in the following section.

Adequate precision measures the signal-to-noise ratio. A ratio greater than 4 is desir-
able. The CCV yield’s adequate ratio of 25.22 indicates an adequate signal. This model
can be used to navigate the design space towards optimizing the production of CCV in a
typical DCMEFC system. The adequate precision ratio of 33.65 for power density indicated
an adequate signal. This model can be used to navigate the design space in terms of power
density optimization in the DCMFC scaling-up attempt. The adequate precision ratios
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for the rest of the responses, current density, % COD, % POif, % CE, % TSS, and % TOC,
were 33.49, 8.45,215.97, 8.17, 7.66, and 7.54, respectively. These adequate precision values
indicated an adequate healthy-noise signal. Therefore, these optimization findings allow
the use of the empirical models towards scaling up the DCMFC process.

2.4. Validation of the Numerical BBD-RSM Models

Diagnostic tests are extremely important in statistics to confirm that the assumptions
for the ANOVA test are met; the regression models must be validated [1]. The predicted
versus actual plot (Figure 2) is one of the useful plots for model validation. The response
values of the predicted versus actual plot should be scattered along the 45 ° line [1]. As
is evident from Figure 2a—g, the points of catholyte dosage (Figure 2a), power density
(Figure 2b), current density (Figure 2c), COD (Figure 2d), % total phosphate removal (Fig-
ure 2e), % CE (Figure 2f), % TSS removal (Figure 2g), and % TOC removal (Figure 2h) were
scattered along the 45° line, indicating that all regression models were able to reasonably
predict the experimental data points. The leverage plot is another useful graph in model
validation (Figure 3). The average leverage (Laverage) may be defined by Equation (1):

Laverage = Nmc/Ner (1)

Here, N denotes the number of model coefficients, and Ne; is the total number of
experimental runs.

In this study, the value of Ncm was 10 for the CCV-yield ANOVA model prediction,
and that of N¢r was 13; therefore, according to Equation (1), the average leverage was
0.8 precisely for CVV yield. An experimental run with a leverage value greater than two
times Laverage OT a leverage value of 1 is regarded as having a very high value of leverage
(Stat-Ease Inc., 2019). From the CCV yield (Figure 3a), power density (Figure 3b), current

density (Figure 3c), % COD removal (Figure 3d), % total phosphates, (POZ* ) (Figure 3e), %

CE (Figure 3f), and % TOC removal (Figure 3h) graphs, there was no leverage value above
1 or greater than 2 x 0.7 = 1.5, denoting that the leverage values were not too high.
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Figure 2. Predicted vs. actual graphs for (a) CCV yield, (b) power density (mW/m?), (c) current
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Figure 3. Leverage vs. runs for (a) CCV yield, (b) power density (mW/ m?), (c) current density
(mA/m?), (d) % COD, (e) % POi_, (f) % CE, (g) % TSS, and (h) % TOC.

The final diagnostic tool employed to validate the models was the plot of externally
studentized residuals versus run numbers, depicted in Figure 4. This graph illustrates the
t-values for each experimental run, highlighting those that deviate significantly from the
rest, known as “outliers”. The plot includes boundary lines that are determined by the
degrees of freedom and the tail value. The tail value can be calculated using Equation (2).

tail value = o /(2Neg) (2)

The alpha value () is set at 0.05, with the total number of experimental runs (Ner)
being 13. Consequently, as per Equation (3), the tail value is calculated to be 0.0038. The
degrees of freedom for the residuals (DOFs) can then be determined using this equation.

DOF = Ny — 11 — 1 3)

Here, 1 is the number of process variables. In this study, n was 8. Therefore, using Equation (6),
the degrees of freedom for the residuals was 4. According to the one-tailed/two-tailed ¢-
table from Stat-Ease, Inc., Minneapolis, MN, USA, (2019), [33-37], with a degree of freedom
of 4 and a tail value of 0.0038, the residual limit (L,) is calculated as
Ly = (%t (tail value, DOF)) = (Et.0038)) = +2.776. Typically, any t-value greater than +2 or
less than —2 is acceptable. Higher t-values indicate greater confidence in the coefficient as a
predictor while low t-values suggest the low reliability of the coefficient’s predictive power
in an optimization model (Stat-Ease, Inc., PO Box 18338, Minneapolis, MN 55418, USA,
2019), [33-37]. From the graphs of CCV yield (Figure 4a), % power density (Figure 4b),
current density (Figure 4c), % COD removal (Figure 4d), % total phosphate (POi_) removal
(Figure 4e), % CE (Figure 4f), % TSS removal (Figure 4g), and % TOC removal (Figure 4h),
all externally studentized residuals were within the residual limits (L,), suggesting that the
responses need not be transformed. Therefore, all investigational data points were fitted
well by the models, which suggests that there were no issues with either the experimental
data points or the regression models.
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Figure 4. Residual vs. experimental runs: (a) CCV yield, (b) power density (mW/ m?), (c) current
density (mA/m?), (d) % COD, (e) % POi_, (f) % CE, (g) % TSS, and (h) % TOC.

2.5. Numerical Optimization Based on Ramp Plots for Desirability Analysis

The final step in this optimization study was to determine the optimal solution using
numerical methods. Numerical optimization ramps were employed to find the optimal
catholyte concentration, hydraulic retention time (HRT), temperature, and electrode surface
area to optimize the response variables. The goals were set to maximize the responses.
Unlike the five-plus signs method, which prioritizes one goal, all goals in this study were
considered equally important, and their importance was set to three pluses (+++) [1,14,15].
According to Figure 5, at optimal process conditions of temperature (25.4 °C), electrode
surface area (0.03 m2-CCu-bi-electrode), HRT (48 h), and catholyte dosage (0.1 mg/L),
the Design Expert software identified the optimal values for CCV yield, % COD removal,
current density, power density, % TSS removal, % CE, and % POzf removal as 613.17mL/g,
35.9%, 72.38 mA /m2, 80.15 mW /m?, 74.2%, 21.2%, and 103%, respectively. Under these
optimum conditions, the results indicated a maximum combined desirability of 76.6% out
of 92 iterations.

Table 1 in the literature overview section provides a concise overview of the applica-
tions and key findings of previously conducted studies that employed the Box-Behnken
design (BBD) for optimization in various microbial fuel cell (MFC) applications [1,30,31].
These studies leveraged the BBD to conduct experiments and optimize various parame-
ters, showcasing its applicability and effectiveness in different MFC-related investigations.
However, it is important to note that the predictability of this design may be compromised
as it does not include a full-treatment combination where all factors are at their boundary
values simultaneously.
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Figure 5. Numerical optimization ramp plots: solutions for the optimized output responses for
scaling up CCV yield generation in the DCMFC.

Figure 5 depicts the response surface of desirability performance in terms of A:
catholyte, B: HRT, C: temperature, and D: surface area. Figure 5 proves that the desir-
ability value increased with an increase in catholyte dosage of 0.1 mg/L. This observation
was also attained with a simultaneous increase in surface area from 1 to 3-CCu-bi-electrode
(m?). This effect can be attested scientifically and from a bioelectrochemical perspective
based on catholyte concentration assays as viable electron acceptors for increased overall
closed-circuit voltage yield generation. The typical catholyte employed in this study was
potassium permanganate. The varied concentrations ranging from the lowest to the highest,
0.001 to 0.1 mg/L, respectively, were varied experimentally. These optimization simulation
results attested that in the highest-permanganate-dosage assays, each experiment harvested
an optimum overall CCV yield, % CE, current density, and power density, with values of
0.86, 0.94, 1, and 1, respectively. The scientific principle of DCMFCs/MFCs employing
the use of potassium permanganate proves that these systems need not use an exogenous
catalyst or chemical compound due to the chemical versatility of the potassium perman-
ganate. The catholyte improves the cathodic chamber’s bioelectrochemical capacity and the
mechanism of the overall flow of electrons from the anodic chamber to the highly efficient
cathodic chamber seeded with a potassium permanganate electron acceptor [48]. Thus, the
desirability is increased by an increase in catholyte dosage to the maximum concentration of
0.1 mg/L [48,49]. However, other factors, such as the instability of intracellular adenosine
triphosphate content and low microbial activity or biomass ratio, should be taken into
consideration [50] as they reduce the performance of DCMFCs, as reported by Shabangu
et al. [15,43,48,51-55].
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2.6. The Yield of Optimization Experiments: RSM—BBD Optimization of All Response Parameters
2.6.1. Effect of Catholyte Concentration, Surface Area, HRT, and Temperature
Optimization Combinations

This section of the paper delves into the results obtained from the yield of actual
optimization experiments, specifically focusing on the output of the optimization technique
with the Response Surface Methodology (RSM) using the Box—Behnken design (BBD)
when applied to all response parameters. The findings provide valuable insights into the
effectiveness of the optimization process and its impact on various response parameters.
The findings are critical as they demonstrate the practical outcomes of the optimization
experiments conducted using RSM-BBD methodology. Additionally, they contribute to
the advancement of knowledge in this field by providing actionable insights for future
research and practical applications. The operating factors as displayed in the BBD—RSM
statistical design and optimization table (Table S21) have a valuable impact on the overall
optimum performance of a DCMFC. A good combination of these basic operating factors
influences the overall scaling-up capacity of the bioelectrochemical enrichment of the
DCMEC system. This has been proven via the ANOVA fit model plots and overall model
predictors presented in Section 3. The findings displayed below outline the findings of the
experimental optimization runs of the various suggested optimization combinations of
BBD—RSM scaling-up design factors.

2.6.2. Optimum Closed-Circuit Voltage (CCV) vs. Open-Circuit Voltage (OCV) Outputs
(mV) Based on RSM-BBD Prediction

In investigating the closed-circuit voltage (CCV) versus open-circuit voltage (OCV)
outputs (mV) in the scaling up of microbial fuel cell (MFC) systems, the purpose is to
understand the dynamic relationship between these two parameters and their implications
for the DCMFC'’s overall bioelectrochemical performance. This comparison serves as a
critical evaluation tool for assessing the efficiency and functionality of MFC configuration
towards its practicality and applicability at a commercial-scale set-up, which was the over-
all objective of this study. By analyzing how CCV and OCV values correlate and diverge
across different scales of MFC systems, one attains insights into the bioelectrochemical
sequences, internal resistances, and overall chemical energy conversion (in the form of
adenosine triphosphate—cATP) capabilities of this technology. Ultimately, this investi-
gation offers valuable guidance for optimizing MFC design and operation to enhance
power generation efficiency and scalability in various applications. Figure 6a—c underneath
presents the optimum results attained during the RSM-BBD optimization over 13 experi-
mental observations as presented in optimization runs (Table 521 in the Supplementary
Materials section). It can be observed that Figure 6¢ presents the highest CCV yield of
700 mV with 30 h of HRT. The highest correlation significance of R? = 0.94 was attained in
that scenario. This outcome attests that the ANOVA test combination of 3-CCu-bi-electrode
(surface area), 34 °C, 0.1 N (catholyte dosage), and HRT of 48 h is viable for optimizing the
generation of bioelectricity in the DCMFC unit. Moreso, high microbial activity has been
proven for optimized bioelectricity production at mesophilic temperatures, as reported by
Shabangu et al. [15] in a study to produce electricity within psychrophilic and mesophilic
temperatures. Figure 6a showed the least CCV yield attained, 275.3 mV at 48 h. This could
be attributed to the psychrophilic temperature range, which partially inhibits the microbial
activity—precisely, that of Protobacteria and Bacteriodota—for optimal bioelectrochemical
output. A low statistical mean correlation factor of 0.84 was proof of the poor relationship
between voltage generation and the incubation period with the DCMFC cell. Therefore,
the ANOVA test design combination of the 1-CCu-bi-electrode (surface area) at 10 °C and
0.1 N (catholyte dosage) was proven less feasible compared to the rest.
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Figure 6. CCV vs. OCV plots at 3 optimum operating combinations: (a) 1-CCu-bi-electrode (surface
area) at 10 °C and 0.1 N (catholyte dosage), (b) 2-CCu-bi-electrode (surface area) at 25 °C and 0.1 N
(catholyte dosage), and (c) 3-CCu-bi-electrode (surface area) at 34 °C and 0.1 N (catholyte dosage)
(optimum CCV-OCYV plot based on predicted RSM-BBD factors).

2.6.3. Optimum DCMFC Electromotive Cell Voltage (E2,;;) vs. Anodic (E%, ;) VS
Cathodic (EZ;,04 .) Half—Cell Potentials Based on Reference Electrode—AG/AgCl (mV)

In analyzing the electromotive cell voltage (E¢,;) versus the anodic (EY, ,) and
cathodic (EZ,,;,,4.) half-cell potentials based on a reference electrode (Ag/AgCl, mV), we
aimed to understand the electrochemical behavior and chemical energy (cATP) conversion
processes within the dual-chamber microbial fuel cell (DCMFC) system. This comparison
provides insights into the typical redox reactions that took place at the anode and cathode
interfaces, as well as the overall cell voltage generated by these reactions, by examining
how the individual half-cell potentials contribute to the overall cell voltage, thereby relating
to the efficiency and performance of DCMFCs in converting chemical energy into electrical
energy. This analysis instigates to optimize the DCMFC bioelectrochemical capacity more
to maximize the overall power output towards enhancing the scalability and applicability
of the DCMEFC technology in various environmental and energy-related applications. The
following plot in Figure 7a—c below closely depicts the attained outcome over the 13
experimental optimization runs. Considering the overall CCV yield production of 700 mV
in the combination presented in Figure 7c, it can be derived that high-redox reactions
took place at the anode and cathode interfaces, and we can determine the overall cell
voltage generated by these reactions. However, Figure 7a also presents a high half-cell
overall potential for the entire cell, considering the healthy and highly active anodic
bioelectrochemical reactions attested by a partial constant half-cell curve with a high of
445 mV within 10 h of microbial incubation and biodegradation in the DCMFC cell. In this
combination, a 10 °C temperature is the critical factor at which it is a clear attribution for
the high activity of the Proteobacteria and Bacteriodota, thereby relating to an increased
redox bioelectrochemical reaction. Based on these findings, it can be concluded that the
redox bioelectrochemical reactions favored both the psychrophilic and mesophilic zone
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due to the versatility of the active microbes: precisely, the Proteobacteria and Bacteriodota.
More insights on its versatility can be found from Shabangu et al. (2024) [46].
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Figure 7. Half-cell potential plots (ES,; vs. ES, .. vs. EZ....): (a) 1-CCu-bi-electrode (surface

area) at 10 °C and 0.1 N (catholyte dosage), (b) 2-CCu-bi-electrode (surface area) at 25 °C and 0.1 N
(catholyte dosage), and (c) 3-CCu-bi-electrode (surface area) at 34 °C and 0.1 N (catholyte dosage).

2.6.4. Optimum Correlation Curves for Power Density (mW/m?) vs. Current Density
(mA/m?) vs. CVV (mV) Yield in Optimizing the DCMFC

In optimizing the dual-chamber microbial fuel cells (DCMEFCs), the correlation curves
for power density vs. current density vs. closed-circuit voltage yield serve as critical tools
for understanding the relationship between these vital performance parameters [56,57] In
this study, this optimization process enabled the overall optimization with the RSM-BBD-
based scaling-up design and operation of the DCMFC system that delivered enhanced
performance and chemical energy conversion capabilities, paving the way for these systems’
experimental validation and hence their recommendation as national grid-connected alter-
native renewable and sustainable energy generating techniques. Figure 8a—c below shows
the attained results during the optimization cycle over 13 experimental observations. These
curves depict the relationships among power output (power density), complex substrate
active electron flowrate (current density), and overall cell voltage yield in the form of CCV
(closed-circuit voltage) under varying conditions, operating the basic operating factors as
depicted by the above-detailed RSM-BBD methodology. By analyzing these correlations, it
can be identified that finding the optimal balance between current generation and voltage
production to maximize the DCMFC’s power output efficiency is crucial and depicts the
overall polarization mechanism of the active electrons in this bioelectrochemical system
(BES). From a statistical point of view, all three design configurations or ANOVA test com-
binations yielded highly significant correlations between the three major output electrical
variables: CCV (mV), power density (mW /m?), and current density (mA/m?) of R? = 1
precisely. The optimal combination that can possibly exist depicts the overall polarization
mechanism of the active electrons for the DCMFC optimization study. As seen in Figure 8a,
we attained combination-optimal output variables where the two correlation curves met at
256 mV: 37 mA/m? and 9.6 mW /m? for power density and current density, respectively.
As seen in Figure 8b, we attained, at 400 mV, 28 mW/m? and 36 mA /m?. Figure 8c presents
much higher results than the rest of the design combination factors at 660 mV: 68 mW /vm?
and 53 mA/m?. Based on the ANOVA test-predicted output values in Figure 5, which
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presents the numerical optimization ramp plots for optimized output responses in scaling
up CCV yield generation in the DCMFC, at 613.71mV, 80.15 mW /m? and 72.38 mA /m?
were the predicted responses over 92 iterations and had 77% desirability. Therefore, as seen
in Figure 8¢, the combination output appeared closest and was strongly considered the
reflection of the desired optimum scaling-up operating factors that were highly effective,
and statistically and empirically, the model prediction was proven. These findings prove
that all three output variables—voltage yield, power density, and current density—are
fundamental in finding the optimal operating output, and their correlation can assist in
depicting the maximum bioelectrochemical capacity that can be achieved in the DCMFC
unit and in any other BES-based technology.
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Figure 8. Correlation of CVV (mV) vs. power density (mW/ m?) vs. current density (mA/ m?).
(a) Correlation curve at 1-CCU-bi-electrode (surface area) and 10 °C and 0.1 N (catholyte dosage).
(b) Correlation curve at 2-CCU-bi-electrode and 25 °C and 0.1 N (catholyte dosage). (c) Correlation
curve at 3-CCU bi-electrode and 34 °C and 0.1 N (catholyte dosage).

2.6.5. RSM-BBD Application for Optimized ORP (mV) vs. pH Correlation in the DCMFC

In the optimization of microbial fuel cell (MFC) systems, the relationship between
the oxidation-reduction potential (ORP) and pH play a crucial role in understanding
and enhancing system performance. ORP (mV) intricately indicates the electron transfer
potential within the MFC environment [46,56-59]. pH, on the other hand, measures the
acidity or alkalinity of the solution, influencing microbial activity and electrochemical
reactions [20,25,58,60,61]. The ORP vs. pH relationship provides insights into the electro-
chemical and biological processes occurring within the MFC [20,25,58,61]. By analyzing this
relationship, one can intricately show the optimal pH conditions that promote microbial
activity and electron transfer rates, consequently maximizing DCMFC performance for
upscaling, applicability, and practicality in commercial platforms. Additionally, under-
standing how the ORP changes with pH variations helps in maintaining the stable and
efficient operation of the MFC system, which essentially improves the overall electron
transference, ultimately promoting the overall CCV generation in this DCMFC unit.

Overall, optimizing the ORP vs. pH relationship in MFC systems will allow for fine-
tuning basic operational factors: in this case, a four-factorial, three-level design methodol-
ogy based on the RSM-BBD empirical optimization approach towards achieving optimal
microbial activity, electron transfer kinetics, and, ultimately, improved power generation
efficiency in the form of closed-circuit voltage (CCV). The following plots in Figure 9a—c
present the relationship between ORP and pH kinetically for all the 13 experimental ob-
servations based on the RSM-BBD optimization predictions that were run on different
design models as listed in the experimental design output section above. It can be observed
that the operating and feasible pH range for these three combinations was between 6
and 8. This pH operating range has been documented previously in numerous studies
as favorable for electron transference, the overall flow mechanism, and microbial activity
to enhance bioelectricity generation [6,62—-65]. All optimization combinations presented
in Figure 9a—c attested to this principle. Moreover, the ORP vs. pH relation was further
statistically presented for strong anolyte significance and viability as a perfect electron
donor. In principle, a strong oxidation-reduction potential is displayed at negative ORP
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values, which is clearly shown by Figure 9b,c. Strong correlations of 0.80 and 0.98 were
attained, proving the statistical significance of the ORP vs. pH relationship, which is highly

conducive for optimized bioelectricity generation [59].
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Figure 9. (a) ORP (mV) vs. pH at 1-CCU bi-electrode (surface area) and 10 °C and 0.1 N (catholyte
dosage), (b) ORP (mV) vs. pH at 2-CCU bi-electrode and 25 °C and 0.1 N (catholyte dosage), and
(c) ORP (mV) vs. pH at 3-CCU bi-electrode and 34 °C and 0.1 N (catholyte dosage).

2.6.6. RSM-BBD Application for Optimized Correlation on —AGr (J) vs. ORP (mV)
Relationship in the DCMFC

In optimizing the generation of bioelectricity in microbial fuel cell (MFC) units, the
relationship between Gibbs free energy (AG;) and the oxidation-reduction potential (ORP)
is considered vital. AG, represents the energy available from electrochemical reactions
occurring within the MFC while ORP indicates the electron transfer potential as intricately
stated by previous authors [1,4,9,15,56,58,59]. By analyzing the AG, vs. ORP relationship,
the thermodynamic feasibility of electron transfer reactions in the MFC was attained as
per the following comparison plots, shown in Figure 10a—c, of Gibbs free energy content
(J) vs. the oxidation-reduction potential of the active electrons from the biorefinery-based
complex substrates that were seeded as anolytes in the experimental DCMFC optimization
observations. Lowering AG; values correspond to more favorable reactions, indicating
increased overall cell potential for electricity generation. Similarly, monitoring ORP allows
for the adjustment of operational conditions to optimize electron transfer rates and enhance
bioelectricity production at very low overall thermodynamic energy electromotive force in
the form of Gibbs free energy. Overall, understanding and optimizing the AG; vs. ORP
relationship was aimed at designing a typical capable DCMFC unit that would efficiently
harness energy from microbial metabolism in the form of cATP, resulting in improved
and scaled-up bioelectricity generation in this technology for practical applications at
commercial scale. These aspects were further explored in computational modeling for
the possibility of grid connection as a reliable alternate energy source, as shown in the
following section, and could constitute possible future research work.
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Figure 10. —AGr (J) vs. ORP (mV) for 3 distinct combinations: (a) —AGr (J) vs. ORP (mV) at 1-CCU
bi—electrode (surface area) and 10 °C and 0.1 N (catholyte dosage), (b) —AGr (J) vs. ORP (mV) at
2—-CCU bi-electrode and 25 °C and 0.1 N (catholyte dosage), and (c) —AGr (J) vs. ORP (mV) at 3-CCU
bi-electrode and 34 °C and 0.1 N (catholyte dosage).
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Based on Figure 10a above, the optimization findings for the ANOVA test combination
at the 1-CCU bi-electrode (surface area) and 10 °C (temperature) and 0.1N (catholyte
concentration) resulted in a correlation outcome of (ORP (mV); —AGr (J)) and (347.6;
—7.23 x 107). These results show that the optimization factor combination at 10 °C and the
1-CCu electrode surface area had almost the least favorability, considering the correlation
between ORP and —AGr. The positive ORP values depict that more of the overall potential
differential capacity was favored from the cathodic chamber from a bioelectrochemical-
principal point of view [59]. Moreso, the low temperature of 10 °C may also have seemed
to favor the thermodynamic favorability in this design optimization combination, result-
ing in increased electron and microbial activity in the psychrophilic temperature range,
considering the high value of —AGr in all the 13 optimization observations. Precisely, the
results of the —AGr (J) vs. ORP (mV) relationship conclusively and mostly favor the 1-CCU
bi—electrode (10 °C and 0.1N), followed (Figure 10c) by the 3-CCU bi-electrode (34 °C and
0.1 N) with (—267.1; —6.39 x 107) and (Figure 10b) the 2-CCU bi-electrode (25 °C and
0.1 N), which resulted in (—254.6; —3.64 x 107). Both combinations shown in Figure 10b,
c attained feasibility, and a balance resulted, considering a negative value of ORP, which
approved the viability of efficient electron transference and a capable anolyte towards
improved thermodynamic favorability. These combinations are closer to the predicted
ANOVA test combination of 25 °C, at the 3-CCU bi-electrode, at 48 h and 0.1 N. From a
statistical perspective, the third combination in Figure 10c also proved more significant with
a correlation factor of R? = 0.79, followed by R? = 0.71 in Figure 10a, then, lastly, Figure 10b
at R? = 0.35. The strong correlation between ORP and —AGr makes this combination more
viable, and this has been proven in by the high and reliable overall design response output
variables compared to the rest of the design combinations.

2.7. Summary Results for All Factor Combinations on the Optimization of the DCMFC for
Bioelectricity Generation

This section presents Figure 11a—e, a comprehensive summary of the results obtained
from the optimization experiments conducted on all operating factor combinations. The
motivation for this section lies in the significance of these results in providing a clear
understanding of how different combinations of operating factors influence the outcome
variables. By analyzing and summarizing the results, we aim to elucidate the impact of
each factor and their interactions on the overall performance of the system. Through this
summary, one gain insights into the most influential factors and their optimal levels for
maximizing the desired responses. This information is crucial for seeking to optimize simi-
lar processes or systems as it allows one to identify key variables and fine-tune operating
conditions to achieve desired outcomes effectively. Furthermore, by presenting a concise
overview of the below results, a deeper understanding of the experimental findings and
their implications for further research or practical applications, or rather, the experimental
validation and computational scaling up and grid connection simulation, is covered in
depth in the following subsections. Overall, this section serves as a valuable resource
for interpreting the optimization results and drawing meaningful conclusions to guide
future investigations and developments in the field. The following graphical results depict
the detailed summarized findings of the optimization runs according to the RSM-BBD
methodology over 13 experimental observations.
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Figure 11. (a) CCV yield vs. power density vs. current density for all DoE optimizations, (b) power
density vs. % COD response output for all DoE optimizations, (¢) CCV yield vs. % COD response
output for all DoE optimizations, (d) power density vs. TOC response output or all DoE optimizations,
and (e) % COD vs. % TSS vs. % CE output responses for all DoE optimizations.

Based on the findings shown in Figure 11a,c,e, it can be clearly articulated that run no.
13 resulted in the highest CCV yield output, highest power density, highest current density,
and highest % CE, which can be attested by the measure of the overall efficiency based on
Faraday’s coefficient and the amount of biodegradable COD required to produce current
within a given incubation period, proportional to the overall microbial activity, which de-
pends on the nature of the base microbes, which predominantly comprised Proteobacteria
and Bacteriodota in for this study, sourced from Logan et al. [9,56,57,66]. Therefore, the
ANOVA test predicted the combination of four design factors—catholyte concentration:
0.1 N, HRT: 48 h, electrode surface area: 3-CCu, and temperature: 34 °C. This seemed feasi-
ble. This combination can closely match the predicted output based on the ANOVA test’s
predicted optimal combination—catholyte concentration: 0.1 N, electrode surface area: 3-
CCu, HRT: 48 h, and temperature: 25 °C. The output variables of the predicted combination
validation findings are clinically and briefly discussed in the next section. Figure 11b,d
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present 100% COD and TOC removal and 99% TSS removal, respectively, for runs 5 and
4. These runs were carried out at the following ANOVA test combinations—(i) catholyte
concentration: 0.001 N, electrode surface area: 2-CCu, HRT: 96 h, and temperature: 32 °C;
(ii) catholyte concentration: 0.001 N, electrode surface area: 3—-CCu, HRT: 72 h, and temper-
ature: 30 °C. Both combinations exuded prolonged HRT/incubation periods, which have
been scientifically proven to favor the optimal biodegradation of soluble pollutants in the
form of COD, BOD, TOC, and TSS. This principle has been observed. From a statistical
point of view, run 13 was most feasible and promised optimistic scaling-up output results
in the DCMFC using the RSM-BBD predictions. It can be confidently attested that the
optimal predicted operating scaling-up factors were adopted and validated as shown in
the next section and as deeply discussed by Shabangu et al. [15].

2.8. Validation of Predicted Optimum Voltage Yield and Optimum Complex Substrates Source for
Scaling Up Bioelectricity Generation in the DCMFC

This section presents the summary results of validation experiments aimed at compar-
ing the overall voltage capacity of the three distinct substrate sources. The motivation for
conducting these experiments lies in the importance of understanding the performance of
various substrate sources in bioelectrochemical systems (BESs). The experiments conducted
in this section served to address key research questions regarding the efficacy of different
substrate sources in generating bioelectricity. By systematically comparing the performance
of each substrate, it was identified which substrate source exhibited the highest CCV yields
and/or % CE (as shown in Figure 12) and was therefore identified as the most suitable
in scaling up the generation of bioelectricity in this DCMFC as the most viable electron
donor or anolyte. Through these validation experimental results, valuable insights into
the relative performances of different substrate sources and their potential impacts on the
overall coulombic efficiency and effectiveness of DCMFC applications were ascertained.
Furthermore, the validation experiments ensured the reliability and reproducibility of
the findings of this study, thereby strengthening the scientific basis and originality of this
research work. The following is a summary of results on three validation runs that were con-
ducted based on the RSM-BBD optimal BBD-predicted scaling-up combination of factors
precisely—catholyte dosage: 0.1 N, HRT: 48 h, electrode surface area: 3-CCu (0.01286 m?),
and temperature: 25 °C. Figure 12 and Table 3 present the validation-experiment observa-
tions for the three distinct wastewater streams as per the optimization sequences. In-depth
findings and an analysis of the systems’ performance in terms of the optimization vali-
dation output for the DCMFC unit are covered in the validation of RS-BBD scaling-up
factors reported by Shabangu et al. [15] in the paper titled “Validation of RSM Predicted
Optimum Scaling-Up Factors for Generating Electricity in a DCMFC: MATLAB Design
and Simulation Model”. Concisely, the % CE is one of the fundamental thermodynamic
favorability-measuring parameters used to assess the overall desirability of a DCMFC

unit towards its electron flow mechanism and the rounding up of chemical energy in the

yields

conversion in the form of cATP/ACOD “— G} (%) , generating, precisely, bioelectricity.

Based on the key findings shown in Figure 12, the biorefinery wastewater sourced had
an average mean % CE of 2.10% compared to 1.89% and 1.52 for mixed wastewater and
dairy wastewater, respectively. These findings validate the concept reported by Shabangu
etal. [15,46] in the classification of industrial wastewater sources for the most viable anolyte
for increased and scaled-up DCMFC bioelectricity generation.
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Table 3. Predicted versus experimental results based on the BBD-RSM validation runs, sourced, and
reported by Shabangu et al. (2023) [15].

Actual

Actual

ANOVA Model Actual Validation Validation Std Dev
Solution 1 of 92 n Predicted Validation Values (Predicted:
Values (Biorefinery-WW) Values Values Actual)
Mix-WW) (Dairy WW)
CCV (mV) 3 613.71 640.2 566.9 350.7 -
PD (mW/m?) 3 80.15 61.67 48.36 18.50 -
ID (mA/m?) 3 72.38 49.78 44.08 27.27 -
% COD 3 35.93 62 39 94 39.56
Y% POi_ 3 100.00 61 64 58.1 36.11
% TSS 3 74.20 65 61.4 81 42.65
Std Dev: - means text and logical value False have the value 0.
3.00 7
] 2.10 H Biorefinery - WW B Mix- WW  H Dairy - WW
250 1 [ 1.89
] 1.52
2.00 i
SR
C 150 ]
X ]
1.00
0.50 1
0.00 -

Biorefinery - WW

Mix - WW Dairy - WW

Type of Wastewater

Figure 12. % CE comparison plot for wastewater sources for scaling up bioelectricity generation in a
DCMEC, sourced from Shabangu et al. [15].

2.9. Comparison with Previous Studies on RSM-BBD Methodology

This study delved into optimizing DCMFCs using the Box-Behnken design method.
It is vital to compare the attained findings of this study with previous studies driven by the
goal of improving the overall coulombic efficiency and performance of microbial fuel cells
(MFCs) in the form of overall closed-circuit voltage yield through fine-tuned methodical
experimentation. By utilizing this design methodology, the target was to identify the best
operating conditions for basic scaling-up factors affecting DCMFC electricity production.
Furthermore, comparing the attained findings as discussed in the above sections with
past research will enhance the understanding on and current progress in MFC current
optimization potentials and perhaps identify opportunities for further improvements.

Pandit et al. studied the Box-Behnken design four-factor three-level design methodol-
ogy in a dual-chamber MFC, considering the following input variables and ranges—cathode
surface area: 12-72 cm?; catholyte buffer concentration: 10-100 mM; catholyte pH: 6-8.
Pandit et al. [32] had one response variable, power density, and made a key finding: that the
surface area of the cathode had significant effect on the power generation. No significant
interaction was present among the parameters. Martinez-Conesa et al. [35] reported the
findings of the BBD four-factor/three-level design on the effects of temperature (15-35 °C),
external resistance (1-100 K2), and feed COD concentrations (500-1500 mg COD/L) with
anodic pH (5-9). Their operation was conducted in a dual-chamber MFC unit. The key
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findings were on COD concentration and pH with no significance in terms of overall
power density output. Moreover, this study also documented an optimum temperature
condition and external resistance of 35 °C and 1 KQ). Islam et al. [67,68] studied the BBD
four-factor/three-level design methodology, noting the effects of an inoculum composi-
tion of 30-70%, pH of 6-8, COD concentration of 15,000—45,000 mg COD/L, and HRT of
5-22 days. This study was conducted using a dual-chamber MFC unit. The key findings
of this investigation were the interactions between inoculum composition and incubation
time, pH, and initial COD assays towards increased MFC performance. Lastly, Zhang
et al. [5,8] reported an optimization study on the novel UASB-MFC integrated system for
sulfate removal and bioelectricity generation using the RSM-BBD three-factor/three-level
design methodology. The operating factors included a pH of 6-8, temperature of 2040 °C,
and oxyfluorfen concentration of 100-200 mg/L. The key finding attained was that the
maximum oxyfluorfen degradation capacity of 94.95% was achievable at 31.96 °C, with a
pH of 7.65 and oxyfluorfen concentration of 120.05 mg/L.

Precisely, this current study, conducted using the four-factor and three-level Box—
Behnken design methodology in a double-chamber MFC unit, was critically optimized
considering a full response analysis of eight output variables; the optimum values for CCV
yield, % COD removal, current density, power density, % TSS removal, % CE, and % POZ*
were 700 mV, 100%, 54.4 mA/m?2, 73.7 mW/mZ, 99%, 21.2%, and 100%, respectively. At the
optimum conditions, the results revealed a maximum combined desirability of 76.6% out
of a total of 92 iterations. The optimal predicted operating combination of a temperature
of 25 °C, HRT of 48 h, catholyte concentration of 0.1 M, and electrode surface area of
0.005637-0.01286 m? was instigated with these quantities as actual input variables. Raw
industrial wastewater, characterized by a high organic content (with Chemical Oxygen
Demand or COD ranging from 250 to 1850 mg/L for biorefinery wastewater and 500 to
3500 mg/L for dairy wastewater, and pH levels between 6 and 7 for both streams), was
sourced from a local wastewater treatment plant. This wastewater served as the feedstock
for the MFC. The MFC was inoculated with Proteobacteria and Bacteriodota, which acted
as electrogenic microorganisms for the bioelectrochemical process. The key findings were
positive interactions with the overall closed-circuit voltage, power density, current density,
% CE, and the rest of the organic and biodegradation monitoring parameters as presented
above. Moreover, the catholyte concentration of 0.1 N was deemed a viable operating
electron acceptor or cathodic concentration for optimized bioelectricity generation in this
current study. This key finding basically correlates with the above-presented previously
conducted studies in terms of most of the basic bioelectrical optimization output concepts
in the MFC unit. Furthermore, these outcomes mark a positive shift towards the critical
breakthrough for a well-synchronized and balanced and optimized MFC version that will
be easily applicable and practically viable at commercial-scale platforms.

3. Materials and Methods
3.1. DCMEFC Experimental Configuration and Installation and Commissioning of the DCMFC

The microbial fuel cell (MFC) chamber features a dual-chamber design constructed
from two 1-liter Schutt blue cap bottles. These chambers are divided by a Nafion 115®
Proton Exchange Membrane (PEM) from Lyntech, USA, which facilitates the transfer of
protons (H+) from the anode chamber to the cathode chamber. The electrodes in the MFC
consist of copper bi-electrodes augmented with carbon—graphite electrodes, each occupying
a cross-sectional area of 0.005637-0.01286 m?2. These electrodes are strategically positioned
in both the anode and cathode chambers. An external circuit, employing professional-grade
positive and negative electrical wires, connects the bi-electrodes, allowing the transfer
of electrons generated during the oxidation of organic matter in the anode chamber to
the cathode chamber. An external resistance of 1300 () is added to the circuit as reported
regarding the detailed start-up sequence of the DCMEFEC in the comparative analysis of
organic substrates from industrial wastewater streams for enhanced electricity production
using a dual-chamber microbial fuel cell (DCMFC) by Shabangu et al. [46].
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The cathode compartment is filled with a standard potassium permanganate solution
(KMnOZ) with a concentration of 0.1 mol/L, sourced from Logan et al. [28]. As part
of novelty of this work, the potassium permanganate concentrate aqueous solution was
mixed with raw seawater that had been stored in the incubator at 15 °C after random
harvesting from a local ocean beach site in Durban, KwaZulu Natal. This solution was
further combined with a controlled and gradual oxygen sparging process, serving as the
electron acceptor. Emphasis was made on the strength of the catholyte as it had been proven
in previous studies as one of the performance design parameters of the MFC technology
towards its scaling-up potentials, etc. Raw industrial wastewater, characterized by high
organic content (with Chemical Oxygen Demand or COD ranging from 250 to 1850 mg /L for
biorefinery wastewater and 500 to 3500 mg/L for dairy wastewater, and pH levels between
6 and 7 for both streams), was sourced from a local wastewater treatment plant. Biorefinery
wastewater was utilized as the major feedstock or raw harvested electron donor and
efficient anolyte for the optimization runs in the production of scale-up bioelectricity in the
DCMEC unit; this raw wastewater source was already documented as mostly versatile for
increased electron donor activity to enhance optimal bioelectricity production by Shabangu
et al. [46]. The DCMEFC was inoculated with Proteobacteria and Bacteriodota, which acted
as electrogenic microorganisms for the bioelectrochemical process. Figures 13 and 14
outline the experimental setup and the precise configuration for operating the DCMFC
unit for the optimization that ran using the Response Surface Methodology that adopted
the Box-Behnken design approach. This schematic diagram offers a clear depiction of
the design features and the layout of the thermo-scientific controller. This is a process
block diagram illustrating the distinct components of the dual-chamber microbial fuel
cell (DCMFC) and its utilization within the context of the OFAT methodology, specifically
examining the effects of psychrophilic and mesophilic temperatures.
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Figure 13. Benchtop DCMFC for generating bioelectricity treating raw industrial wastewater source,
mixed wastewater, with Scientific Thermo Control connected to the benchtop fabricated 1 L dual-
chamber microbial fuel cell (DCMFC), sourced from Shabangu et al. [46].
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Figure 14. DCMFC components for optimization and scaling-up four-factor layout: (a) catholyte
setpoint of 0.001 N; (b) different catholytes prepared with seawater combination with variable
potassium permanganate concentrations; (c) catholyte at 0.01 Nj; (d) catholyte at 0.001 N and 1-CCu
electrode configuration; (e) combined catholyte, either with 0.001 or 0.1 N KMnOy; (f) and (g) 1-CCu-
electrode (surface area); (h) 0.1 N and 3-CCu-bioelectrode (surface area and catholyte); (i) 0.01 N
catholyte concentration; (j) catholyte options: seawater, industrial buffer (pH control), and design
catholyte—KMnO;—0.1 and 0.001 N; (k) 3-CCu-bi-electrode (surface area); (1) 2-CCu-bi-electrode
(surface area); (m) full scaling-up operation at 0.1 N and 3-CCu-bi-electrode and 34 °C; (n) operation
at 10 °C; and (o) catholyte concentration-KMnO,4—0.1 N, with 1-3 CCu bi-electrode displayed and
complete temperature manifold configuration, sourced from the start operation reported by Shabangu
et al. [46].

Installation and Commissioning of DMFC Cell

On completion of the calibration of the DMM resistor box (De Lorenzo unit—as
sourced from Shabangu et al. [46]—start-up sequence for the DCMFC and comparative
analysis with detailed DCMFC operating resistance calibration curves), the measurements
were taken as shown in Tables S1-5S3 in the Supplementary Materials section. For continuity,
the test results were deemed acceptable and in accordance with standards for low voltage
system. In Table S2, the deviation in each measurement is less than 5%. For the insulation
resistance test, the test results were measured and found to be more than 1 MQ). Polarity
was essential for ensuring that the positive was from cathode chamber and negative was
from anode chamber. The following Figure 15 is illustrative of the resistance calibration
points on the typical bi-electrodes (copper—graphite bi-electrodes) that were utilized in the
DCMEC for this study prior to commencing every fed batch and aimed to prepare for each
fed batch run and avoid inter-contamination during every experimental run.

3.2. DCMEFC Data Analysis

To obtain real-time performance monitoring data for the dual-chamber microbial fuel
cell (DCMEFC) unit, the following electro-thermodynamic models and expressions were
employed, as sourced, and utilized in the start-up sequence for the DCMFC unit used in this
study by Shabangu et al. [46]. This involved the measurement of electrical current (I) and
voltage (V) at regular 5-h intervals over the course of a precisely controlled 48 h incubation
period [28]. Several key parameters, such as Gibbs free energy force, electromotive force
(Egmf), coulombic efficiency (% CE), power densities, and current densities, were also calcu-
lated based on the start-up approach and calculation sequence described in comparative
analysis of organic substrates conducted by Shabangu et al. [46]. It is important to note that
many of these calculation models have been previously documented by other authors and
published in reputable scientific journals. The systems’ removal efficiency for the organic
performance monitoring parameters was calculated based on Equation (4):

Cinitial — Cfinal

(%)Removal Ef ficiency =
Cfinal

x 100% @)
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Here, (%) removal efficiency is in terms of TOC, COD, TSS, and/ or total phosphates (PO;’[) ;
Cinitian and Cgiyg are the initial and final concentrations of the targeted contaminants,
respectively.

Figure 15. The resistance calibration points on the bi—electrodes of the DCMFC unit. (1) Cathode
copper—graphite bi-electrode mounted with 1 graphite rod (1-CCu-bi-electrode). (2) Negative
terminal port across the fluke multimeters. (3) Positive terminal port across the fluke multimeters.
(4) Anode made of copper-graphite bi—electrode (1-CCu-1-bi-electrode).

3.3. Wastewater Sample Analytical Methods

In the performance monitoring phase, wastewater supernatant was subject to analysis
both before and after the treatment sequence. The concentration of Chemical Oxygen
Demand (COD) was determined using high-range ampoules with a range from 250 to
15,000 mg COD/L. This analysis was carried out with the assistance of a spectropho-
tometer (HACH, DR3900). TSS, POif, and TOC levels were measured using a Benchtop
DR3200 HACH Spectrophotometer, which was run on triplicates of 3 samples to suffice the
replicability analysis and hence provide accurate and reliable parameter measurements.
Wastewater fresh samples were harvested from the industrial wastewater treatment plant’s
sample points using the grab sampling method. The pHmV, E¢,,;, ES,,, ;., and EZ ;. ..
half-cell potentials, as well as the full-cell potentials, were also closely monitored by means
of the Fluke digital multimeter (DMM) (FLUKE 177—True RMS Digital Multimeter—CAT
III 1000 V/CAT IV 600 V). This was accomplished with the aid of a specialized silver—silver
reference electrode (Ag/Ag electrode) designed for measuring half-cell potentials in various
types of wastewaters under standard operating conditions, particularly within the ther-
mophilic range. The electrode material was PTFE, and it was used in a 3.5 M KCl solution.
The electrode specifications included a 4 mm/6 mm design. To ensure data accuracy and
reproducibility, all measurements were conducted in replicates, helping eliminate potential
human errors during the analytical process.

The temperature control of the MFC during the operational process was efficiently
managed with the assistance of a Lab Scientific temperature heater/cooler integrated
with a digital temperature controller unit. This setup maintained the temperature within a
deviation of less than 3 °C from the set point value. Additionally, during the operation of the
semi-batch processes, online monitoring of all the above-mentioned operating parameters
was performed using a Hanna Multiparameter device equipped with a universal data logger
probe. This allowed for the simultaneous measurement and recording of various crucial
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operating parameters. Table S4 underneath presents the detailed pollutant contaminants
contained in the three sources of wastewater.

3.4. Design of Experiment (DoE) Using Response Surface Methodology (RSM)

The Box—Behnken design in Design Expert version 11 was used to ascertain the number
of experimental runs to be assayed for the optimization of four independent variables, i.e.,
temperature (X1), electrode surface area (X), catholyte concentration (X3), and hydraulic
residence time (Xy), on the generation of voltage yield—closed circuit voltage (Y1), power
density (Y7), current density (Y3), coulombic efficiency (CE%) (Y4), Chemical Oxygen
Demand (COD) (Y5), total phosphates (PO?[) (Ye), total suspended solids (TSS) (Y7), and
total organic carbon (TOC) (Yg). The codes, ranges, and levels of the independent variables
in RSM design are shown in Table 4.

Table 4. Codes, ranges, and levels of independent variables of Box-Behnken design in RSM.

Factor Name Units Type Minimum  Maximum Cf:;d CI_(I)iC;‘d Mean Std. Dev.
A Catholyte mg/L Numeric 0 01 -1+ 0.00 +1 < 0.10 0.0257 0.0425
B HRT Hours Numeric 48 96 —1+4+48.00 +1 <+ 96.00 66.46 17.4
C Temperature °C Numeric 10 40 —1410.00 +1 <+ 40.00 26.46 9.13
D Surface area m? Numeric 1 3 -1+ 1.00 +1 <+ 3.00 2.08 0.8623

The quadratic empirical model for predicting the response i.e., Y, is derived as a
function of the levels of the independent variables expressed according to Equations (5)
and (6):

k k k=1 k

Y =Bo+ Y Bixi+ ) Bixi+ Y, Y. Byxixj+e (5)

i- i-1 i=1 j=it1
Zi— 20

X; = Az (6)

Here, x; and Xxj are coded independent variables; i denotes the linear coefficient, j is the
quadratic coefficient, 8 is the coefficient of regression, and k denotes the number of factors
studied and optimized by the experiment; e denotes the random error; z; and zg are the code
and uncoded values of the ith independent variable, respectively; and Az; is the step change
value between the low level (—1) and high level (+1). According to Nair et al. [26], in RSM,
codification of variables is performed to normalize the variables. It is imperative to note
that independent variables may have units and orders of magnitude, and the codification
ensures that all independent variables affect the specified responses evenly. The Box—
Behnken design methodology in RSM is optimized in two phases: the numerical method,
then, subsequently, the graphical method. The sequence of optimization and iterative
predictive steps are carried out in this section of the statistical software, aimed towards
setting up the best possible predictive factors to attain an optimized desired response on the
MEFC unit. The basic factors considered for scaling-up possibilities are tabulated in Table 5,
which presents a sequence of predictive numerical values towards optimum operating
combination of factors. Figure 16 is a typical flowchart that outlines the steps involved in
the Box-Behnken design methodology, starting from defining independent variables and
ending with achieving the desired response on the MFC unit. Each step represents a crucial
stage in the experimental optimization process that was instigated in the optimization of the
dual-chamber microbial fuel cell operation for scaling up the production of bioelectricity.
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Figure 16. Box-Behnken design layout in Response Surface Methodology.

Table 5. BBD layout on the MFC optimization.

Response Name Units Observations ~ Minimum Maximum Mean Std. Dev. Ratio Model
ccv mv 13 402 700 190.48 18.88 17.41 Reduced
Quadratic
PD mW /m? 13 0.13 73.74 9,99 20.36 544.68 2FI
ID mA/m> 13 2.70 54.43 18.47 15 20.11 2FI
CcoD % 13 18 92 42,54 17.7 5.11 Reduced
Quadratic
PO3~ % 13 28.1 68 47.32 11.8 242 Reduced
4 Quadratic
CE % 13 0.079 21.59 3.59 6.29 273 Linear
Reduced
0,
TSS % 13 32.9 98.8 60.59 18.02 3 Ouadratic
TOC % 13 189 100 45.92 26.25 5.29 Reduced 2FI
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4. Conclusions

To examine curvature in the response, quadratic response surface modeling was
utilized. The Box—Behnken design (BBD) was employed as an independent quadratic
response surface design, devoid of an embedded factorial or fractional design. This design
necessitates three levels of each factor and yields fewer experimental runs compared to
the central composite design with an equivalent number of factors. The focus of this
study was on the application of RSM on the use of MFCs for bioelectricity production
whilst treating purely industrial wastewater using the Box-Behnken design optimization
method. The end results of CCV yield, % COD removed, and maximum current density
achieved, optimum power density achieved, optimum coulombic efficiency % CE, % TSS

removal, % TOC removal and % total phosphate (POif) removal indicated that based

on the Analysis of Variance (ANOVA) test and Fit Statistics, the reduced quadratic model,
reduced two-factor interaction (2FI) and linear model attained sound and practicable results
instead of the single application of the suggested linear model only, a combined approach
for each response was adopted as presented in Table 5. This is also due to the nature
of the BBD methodology tailored for the quadratic response surface modeling design.
The ANOVA test results subsequently demonstrated considerable high p-value, predicted
R?, and adjusted R? values. The CCV yield model attained a significantly high R? of 0.9,
together with the other electrical monitoring parameters, power density and current density.
This aspect proved the feasibility of the optimization test by ANOVA test. Second-order
regression models were also generated using design expert software to predict CCV yield,
% COD removed, current density, power density, faraday/coulombic efficiency (% CE), %

TSS removal, % TOC removal, % (POi_) removal, at the combinations of temperature,

HRT, surface area and catholyte dosage. The models were validated by predicted versus
actual plots, residuals versus runs, and leverage versus run number graphs. The outcome
of the results revealed that the optimal MFC conditions were surface area (m?) of three
carbon copper rods (3-CCu-bi-electrode), temperature of 25 °C, and catholyte dosage of
potassium permanganate of 0.1 mg/L. Under these optimum operating conditions, the
RSM revealed the highest voltage yield of 700 mV, % COD removal of 100, and current
density, power density, % TSS removal, % CE, and % POz_ were 54.4 mA/m?,73.7 mW/m?,
99%, 21.2%, and 100%, respectively. The results revealed a desirability performance of 76.6%
for overall voltage yield generation. Therefore, based on the findings of this optimization
study, conclusively it can be articulated that the performance of DCMEFCs for optimized
bioelectricity generation whilst treating raw industrial wastewater substrates correlates
with the catholyte concentration dosage at the optimum temperature and optimum bi-
electrode surface area ANOVA test design combination. Based on the above empirical
models, this study recommends the DCMEFC as a practical and applicable technology for
sustainable battery power source suitable for consideration as part of the national grid
connection in retrospect to the current South African energy crisis. In-depth findings and
system performance analysis of the optimization validation output for the DCMFC unit
are discussed in the study by Shabangu et al. [15], titled “Validation of RSM Predicted
Optimum Scaling-Up Factors for Generating Electricity in a DCMFC: MATLAB Design
and Simulation Model.” Furthermore, future experimental analysis proving the long-term
operational performance of the DCMFC battery as a reliable and sustainable bioelectricity
energy source is strongly recommended based on the findings of this optimization study.
The attained percentage coulombic efficiency (% CE) serves as a fundamental parameter to
evaluate the overall desirability of the DCMFC unit in terms of electron flow mechanisms
and the conversion of chemical energy into bioelectricity. According to the results presented
in Figure 12, biorefinery wastewater exhibited an average % CE of 2.10% while mixed
wastewater and dairy wastewater recorded values of 1.89% and 1.52%, respectively. These
findings support the notion that biorefinery wastewater may serve as the most viable
anolyte for enhancing and scaling up DCMFC bioelectricity generation, as reported by
Shabangu et al. [15,46].
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Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/en17112740/s1, Table S1: Continuity test for the DCMFC
system; Table S2: Insulation Resistance test for the DCMFC system; Table S3: Polarity test for the
DCMEFC system; Table S4: Classification results industrial wastewater pollutants, utilised in the
DCMFC unit, Shabangu et al. [15,45,47,48]; Table S5: Fit summary for CCV yield; Table S6: Fit
summary for Power Density; Table S7: Fit summary for Current Density; Table S8: Fit summary for
COD Removal; Table S9: Fit summary for POif Removal; Table S10: Fit summary for Coulombic
Efficiency (% CE); Table S11: Fit summary for Total Suspended Solids (TSS); Table S12: Fit summary
for Total Organic Carbon (TOC); Table S13: ANOVA test for CCV Yield; Table S14: ANOVA Test for
Power Density Yield; Table S15: ANOVA Test for Current Density Yield; Table S16: ANOVA Test
for % COD Removal; Table S17: ANOVA Test for % POi_ Removal; Table S18: ANOVA Test for %
CE Yield; Table S19: ANOVA Test for % TSS Removal; Table S20: ANOVA Test for % TOC Removal;
Table 521: Summary results based on BBD-RSM optimisation runs for ultimate best suitable scaling
up operating factors.
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