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A serious environmental problem is associated with the accumulation of solid waste on the Earth.

Researchers are encouraged to find an efficient and sustainable method to recover highly profitable

heavy metals and precious and base metals. Bioleaching is a green method of recovering valuable metals

from solid waste. Optimizing the variables and conditions of the bioleaching process is crucial to

achieving maximum metal recovery most cost-effectively. The conventional optimization method (one

factor at a time) is well-studied. However, it has some drawbacks, such as the necessity of more

experiments, the need to spend more time, and the inability to illuminate the synergistic effect of the

variables. Optimization studies are increasingly utilizing response surface methodology (RSM) because it

provides details about the interaction effects of variables with fewer experiments. This review discusses

the application of RSM for bioleaching experiments from other solid wastes. It discusses the Central

Composite and Box–Behnken designs as the most commonly used designs for optimizing bioleaching

methods. The most influential factors for increasing the heavy metal recovery rate in applying RSM using

the bioleaching process are recognized, and some suggestions are made for future research.
1. Introduction

A glance at the ever-growing industries and technologies reveals
that waste containing heavy metals and organic compounds in
the environment is increasing. These hazardous wastes may
cause irreparable damage to humans and the environment.1

Heavy metals, in general, are metal elements with a density ve
times greater than water. Waste containing toxic metals usually
contains arsenic as a metalloid, which is toxic even at low
concentrations. In recent years, environmental contamination
caused by these metals has raised concerns about public health
and the environment. Although heavy metals are typically
located in the Earth's crust, the industrial, domestic, and agri-
cultural uses of these metals and alloys, as well as the recovery
of these metals from mines, has led to a surge in the concen-
tration of these metals in water bodies, soil, and air.2 Precious
metals such as silver, gold, and platinum (PGMs), usually found
in many wastes, are known for their high conductivity and
chemical stability. Thus, the urge to recover these rare and
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precious metallic elements from solid waste has become more
critical economically to the public health issues of heavy
metals.3

The traditional methods of metal recovery include pyro-
metallurgy and hydrometallurgy. Pyrometallurgical processes
rely on thermal methods for metals to be recovered fromwastes.
Most thermal methods are prohibitive due to high energy
consumption and hazardous gases (dioxin and furans) that
result in environmental pollution. Hydrometallurgical
processes use environmentally hazardous chemicals for metals
leaching and generate a large amount of by-products, which
requires further processing for disposal.4

Many human diseases, including some forms of cancer,
besides psychological and neurological disorders, behavioral
disorders, organ disorders, and immunodeciency, are linked
to environmental toxicity exposure. Therefore, the control of
these wastes is of signicant importance. In addition, using
environmentally friendly biotechnology approaches results in
lower costs and higher efficiency, mainly when microorganisms
are used to decrease the toxicity of these wastes.5 In the nine-
teenth century, bioleaching was known as a method for metal
extraction frommines and ores. The bioleaching process (Fig. 1)
is eco-friendly, with low energy consumption, low cost, and high
efficiency and, therefore, the method of choice for heavy metals
recovery. As a result, numerous major international companies
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Flow sheet of bioleaching process of solid waste for metals recovery.
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are increasingly shiing to bioleaching as their preferred
alternative to conventional methods.6

Bio-hydrometallurgy or bioleaching processes use the ability
of a wide range of microorganisms, namely autotrophic and
heterotrophic bacteria, and fungi, to remove the metal ions
from solid wastes and transfer them into a solution.7 In this
process, microorganisms can remove metal ions in two mech-
anisms, indirect and direct bioleaching. In the indirect mech-
anism, the bacteria have no physical contact with solid waste
surfaces and will only indirectly dissolve solid waste through
metabolite production. In the contact mechanism, bacteria can
participate directly in the process. Thus, metals become soluble
due to an electrochemical reaction.4 Autotrophic bacteria's
growth depends on organic carbon as a carbon source. Instead,
the carbon xation from atmospheric CO2† promotes their
growth. At the same time, O2 is a terminal electron acceptor for
the respiratory chain in the metabolism of these bacteria, as
illustrated in eqn (1).8

O2 + 4H+ + 4e / 2H2O (1)

The most common species of autotrophic bacteria used in
metal recovery from various wastes such as e-waste and indus-
trial waste are Gram-negative bacteria Acidithiobacillus spp.,
which grow aerobically and include: Acidithiobacillus prosperus,
Acidithiobacillus caldus, Acidithiobacillus thiooxidans (A. thioox-
idans), Acidithiobacillus ferrooxidans (A. ferrooxidans), Lep-
tosprillum ferrooxidans (L. ferrooxidans), Acidithiobacillus
concretivorus, and Acidithiobacillus albertis.9 A. thiooxidans and
A. ferrooxidans are exemplar species compatible with acidic
medium (pH = 1–3), whereas other species from this family
† Carbon dioxide.

© 2023 The Author(s). Published by the Royal Society of Chemistry
grow at higher pH. A. ferrooxidans as iron-oxidizing bacteria
(IOB) and A. thiooxidans as sulfur-oxidizing bacteria (SOB) are
prominent among bacterial species used for the recovery of
metals.10

Heterotrophic bacteria and fungi require organic materials
as the source of carbon. The role of these organic carbon
sources is fundamental for these microorganisms' metabo-
lisms, including organic acids (malic acid, oxalic acid, nitric
acid, citric acid), which are secreted in the culture medium. The
metals extraction from a solid matrix has been demonstrated
with these microorganisms, oen with their acidic and
chelating features. Furthermore, because of the protein catab-
olism in these heterotrophic microorganisms, non-acidic
complexes are also being produced, resulting in leaching
systems of alkaline type.11,12 Several fungi such as Aspergillus
niger (A. niger), Penicillium simplicissimum, Penicillium chrys-
ogenum, and bacteria such as Gluconobacter oxydansseudomonas
strains, Bacillus strains, and Chromobacterium violaceum have
been used for recovering metals from various wastes.13

The bioleaching mechanism in fungi is linked with the
production of the metabolites such as organic acids, which have
a low molecular weight. Fungal bioleaching includes the
following mechanisms: acidolysis, complexolysis, and redox-
olysis. In the acidolysis mechanism, protons from producing
organic acids solubilize metals, and the protonation of oxygen
atoms coats the solid waste's surface. This mechanism is
similar to acid leaching. Complexolysis mechanism, the organic
acid-metal complex is produced by organic acid's carboxyl and
hydroxyl group.14 In addition to fungi, cyanogenic bacteria have
been shown to use this mechanism to recover valuable metals.
Pseudomonas strains, Bacillus megaterium (B. megaterium), and
Chromobacterium violaceum belong to this group of bacteria.
Cyanogenic bacteria secrete cyanide as a secondary metabolite
RSC Adv., 2023, 13, 23570–23589 | 23571
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Table 1 Microorganisms used for the bioleaching process of different type of solid waste

Microorganism Solid wastes Target metals References

Autotrophic
A. thiooxidans TPCBs Cu and Au 15

LEDs Cu, Ni, and Ga 16
Tannery sludge Cr 17
Carbide slag Zn, Ba, Ni and Li 18
Renery spent catalyst Ni, V, Mo, and Al 19
SCCs Li, Co, Mn 20
MPPCBs Ni and Cd 21

A. ferooxicidans Mine tailings Te 22
PCBs Cu, Ni, and Fe 23
PCBs Cu and Ni 24
WLED Cu, Ni, and Ga 25
SCCs Li, Co, Mn 26
LED Cu, Ni, and Ga 27
PCBs Cu 28
Low-grade ore Cu 29

Hetrotrophic (fungi)
P. citrinum LIBs Li and Mn 30–32
Aspergillus niger Zinc plant purication residue Zn, Co, and Mn 33
Aspergillus niger LCD In 34
A. niger, Pseudomonas putida,
Pseudomonas koreensis and P. bilaji

Iron rich laterite ore Co and Ni 35

Aspergillus niger Phosphorites U, Sm, Th, and La 36
Aspergillus niger WPCBs Ni, Cu, and Zn 37
A. niger, P. simplicissimum Vanadium-rich power plant residual ash Ni, V 38

Hetrotrophic (bacteria)
Bacillus foraminis AMOLED displays Ag, Mo, and Cu 39
KB3B1 strain Pyrolusite Mn 40
Bacillus megaterium Sulde concentrate Ni and Co 41

RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
ag

os
to

 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
8/

10
/2

02
5 

09
:3

5:
18

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
in their medium. They produce cyanide using HCN synthase
and decarboxylated glycine at the end of the growth logarithmic
phase of cyanogenic bacteria.42,43 As illustrated in eqn (2),
cyanide can be secreted in two forms, including the hydrocyanic
acid (HCN) and the cyanide anion (CN−), in a reversible reaction
in equilibrium. Noteworthy is that due to the pKa of HCN,metal-
cyanide complexes' generation occurs at high pH values.44

HCN 4 H+ + CN−, PK0
a(HCN) = 9.21 ± 0.02 at 25 ˚C (2)

In the redoxolysis mechanism, metals mobilization from the
solids waste results from oxidation–reduction reactions. This
mechanism supplies the energy required for microbial growth
by electron transfer.14 Table 1 shows the metals extracted from
various solid wastes by different microorganisms.

The percentage of metal bio-recovery is affected by different
variables, including the substrates and their respective
concentrations, O2 and CO2 concentrations, pH, temperature,
inoculum density, the waste's particle size, solid-to-liquid ratio,
bioleaching duration, and shaking speed.45 Investigating all the
factors involved in the process requires many experiments,
which is costly and time-consuming.46 In addition to each
factor, their interaction highly affects the bioleaching rate, so
even minor changes can be crucial for metal dissolution.
Therefore, one of the most crucial challenges in using the
23572 | RSC Adv., 2023, 13, 23570–23589
bioleaching process to extract metals from solid wastes is the
proper selection of experimental conditions obtained under the
more widespread concept called test design of experiment
(DOE).47 DOE is a systematic method to dene the relationships
between factors affecting a process and the responses. Since its
development by Ronald Fisher in 1920, DOE has been increas-
ingly used due to its numerous success in applications in
increasing process efficiency and sustainability, lowering
production costs, and improving our understanding of the
input and output connection in the process.48

Without DOE, the experiments are carried out by a conven-
tional one-factor-at-a-time optimization method. One factor is
being analyzed in this procedure, while the others are kept
constant. However, this approach is inefficient and misses
possible interactions.49 DOE method is rapid, reliable, and
identies the interaction between parameters, although it
reduces the total number of experiments, resulting in less
material consumption and considerably lower laboratory work.
Therefore, DOE aims to plan and execute experiments that may
provide much information from the collected data in the
smallest number of experimental runs.50 Using the DOE,
a process can be modeled and optimized, so DOE is being used
increasingly to evaluate the optimum response of heavy metals'
recovery rates in some studies on solid waste bioleaching.51 In
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 The total strategy in RSM.
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the past two decades, among many multivariate DOE-based
designs, response surface methodology (RSM) has drawn
extensive attention, especially in the design, optimization, and
modeling of the bioleaching processes, but with very few thor-
ough reviews available on applications of RSM in bioleaching
processes. Therefore, in this paper, for the rst time to the
authors' knowledge, the fundamentals of RSM are examined,
focusing on the applicability of this technique for the high
recovery of heavy metals from various solid wastes.

2. RSM

Response Surface Methodology (RSM) is a method to optimize
complex processes by applying multivariate approaches. RSM is
a cost-effective and labor-saving method compared to other
optimization methods, as it requires fewer experiments to
Table 2 Definition of main terms in RSM

Main terms Denition

Experimental design A set of polynomial mod
Factors or independent variables Experimental variables,
Levels of a variable Values of a variables, th
Responses or dependent variables Measure values from th

© 2023 The Author(s). Published by the Royal Society of Chemistry
assess multiple factors and their interactions. It is broadly
applied in the biology and chemistry elds and the food
industry and other areas.52 Using mathematical and statistical
techniques, RSM analyses the relationship between multiple
variables to obtain an optimal result when modeling and
solving problems. In general, RSM is based on tting the
mathematical models (linear, square polynomial functions, and
others) to the experimental results from the designed set of
experiments and verifying the model obtained by the statistical
methods.53 This methodology is advantageous to simulta-
neously examine several parameters at different levels by using
a limited sequence of designed experiments and revealing the
interactions between these parameters. Over the last decades,
RSM was identied as the most effective and standard method
for designing experiments among the various multivariate
processes; this method focuses mainly on designing, modeling,
and optimizing environmental and chemical investigations.
Fig. 2 illustrates the total strategy in RSM.

There are two types of signicant designs in RSM, central
composite design (CCD) and Box–Behnken design (BBD), which
are applied to investigate the process variables at ve and three
levels, respectively.54 CCD and BBD are successful, broadly used,
and reported in this literature for optimizing bioleaching
processes. There are six main successive steps which are
involved in the optimization and simulation of the bioleaching
process: (1) the selection of independent factors which have
a signicant effect on the responses of the system through
screening, (2) the choice of optimal experimental design, (3)
running the experiments and obtaining the results, (4) model
tting to experimental data, (5) model conrmation using
Analysis of Variance (ANOVA) and graphs, (6) determination of
optimal conditions. Prior to explaining RSM and its application
in the bioleaching process, it is better to explain the essential
and common terms in this method. The following table
explains these terms (Table 2).
2.1. Screening of the independent variables

Screening the variables is the most crucial step in the biol-
eaching process that affects the recovery of metals. Therefore, it
is required to select those variables with signicant effects.
Preliminary screening experiments, literature review, and
consulting industries would give the researcher ideas to choose
the inuential factors. A screening design should determine
which variables have a prominent interactive effect on the
responses. If the factors and their domains are not selected
correctly, the nal results of this method will be unreliable. The
metal removal using the bioleaching process is mainly affected
els which responses function can be approximated
namely pH, temperature, pulp density. that can change independently
at is pH can be studied in different range (1–11)
e experiment, such as heavy metals recovery rate in bioleaching process

RSC Adv., 2023, 13, 23570–23589 | 23573
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by several environmental variables, namely initial pH, pulp
density, bacteria growth temperature, substrate concentration,
etc. Based on the selected solid waste and microorganisms,
these factors could differ.
2.2. Optimal experimental design

In the next step to evaluate the responses, the design of the
experiment is accompanied by the selection of the points.
Choosing an appropriate design method signicantly impacts
the creation of a response surface and the accuracy of the pre-
dicted model. RSM relies on the assertion that a response
function can be approximated by using a polynomial model.
Among the vast range of models used in the literature, rst and
second-order models are more frequently applied. The rst-
order model eqn (3) is provided as follows:

y ¼ b0

Xk

i¼1
bixi þ 3 (3)

The rst-order model comprises several elements: k signies
the number of variables, b0 denotes the constant term, bi

represents the coefficients of the linear parameters, xi corre-
sponds to the variables, and 3 indicates the residual linked to
the experiments. Consequently, the rst-order model is unable
to predict any curvature. To overcome this limitation, the
second-order model is recommended. Two-level factorial
designs are suitable for approximating rst-order effects;
however, they cannot predict higher-order effects. Therefore,
a central point is used to evaluate curvature. To present the
interaction between experimental variables, a second-order
model eqn (4) should contain additional terms, as illustrated
below:

y ¼ b0 þ
Xk

i¼1
bixi þ

Xk

1# i# j

bijxixj þ 3 (4)

where bij represents the coefficients of the interaction parame-
ters. Adding some quadratic terms, as stated in the equation
below eqn (5), enables the determination of a critical point,
which may be a minimum, a maximum, or even a saddle point.

y ¼ b0 þ
Xk

i¼1
bixi þ

Xk

i¼1
biixi

2 þ
Xk

1# i# j

bijxixj þ 3 (5)

Also noteworthy is that the full quadratic polynomial eqn
(6) is among the most used models to approximate the
response. Ordinary least squares and second-order symmet-
rical designs are generally applied to estimate the
coefficients.55,56

R ¼ b0 þ
X5

i¼1
bixi þ

X5

i¼1
biixi

2 þ
X4

i¼1

X5

j¼iþ1
bijxixj (6)

2.2.1. Central composite design (CCD). CCD is a method of
tting second-order surface responses introduced in 1951.
Using CCD results in reliable forecasting of the quadratic and
23574 | RSC Adv., 2023, 13, 23570–23589
linear interactions of parameters inuencing the investigated
process. While higher-order terms may be required, models of
intercept and linear, pure quadratic, and bilinear terms are
oen sufficient to demonstrate the accurate underlying
response surface. Therefore, three-level designs enjoy high
popularity owing to their simple concept and operation while
providing adequate information on the characteristics of the
response.57 The characteristics of the CCD approach is as
follows: (1) the overall number of experiments is calculated
according to N = 2k + 2k + C0 where k is the factor number, 2k

represents the cubic runs, 2k is for the axial runs, and C0 is the
center points run, (2) based on the number of variables, a is

calculated as a ¼ 2
ðk�qÞ

4 ; (3) all factors are studied in 5 levels (−a,
−1, 0, +1, +a).55,56

Fig. 3(a) illustrates a CCD for two and three-variable opti-
mizations. The factorial points are circular orbits, forming
a circle and a sphere for two and three-variable optimizations.
Additionally, for a > k1/2 the axial points are further from the
center than the factorial points.

2.2.2. Box–Behnken design (BBD). Introduced by Box and
Behnken in 1960, BBD is a branch of three-level designs with
a high ability to approximate second-order response surfaces. The
basis of this design is obtained by combining two-level factorial
designs with incomplete block designs. In BBD, all factors have
three levels.58 As shown in Fig. 3(b), the experimental points in
BBD are on a cube at an equal distance from the central point.
Preventing extreme conditions is the main advantage of BBD,
which stems from the fact that there is no point with all factors
set at extreme values. Meanwhile, the BBD method also suffers
from the following disadvantages: (1) there must be more than
two factors; (2) this design is only for tting second-order poly-
nomial equations; (3) using BBD is not a suitable approach for
tests that require considering extreme conditions.59

2.3. Running the experiments and obtaining the results

Aer determining the design method and establishing the
values for the experiment design, the next step is to organize
a set of experiments, especially those ordered using computer
soware. Then the obtained results would be analyzed in
a mathematical model. In order to verify the entire procedure,
this mathematical method must be tted to the experimental
results.

2.4. Model tting to experimental data

Two steps of codication and regression are essential to t the
selected mathematical model to experimental data. The rst
step includes transforming accurate obtained values to scaled
dimensionless quantities because RSM mathematical models
operate on coded inputs (−1, 0, +1) instead of actual values of
factors. The weight of this step is due to equalizing the inuence
of each variable, making it possible to investigate values with
different orders of magnitude. First, eqn (7) is used to convert
actual values (zi) into coded values (xi).

xi ¼
�
zi � z0i
Dzi

�
bd (7)
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 (a) CCD for the optimization of: (A) two variables (a = 1.41) and (B) three variables (a = 1.68), (b) BBD for the optimization of three
variables.60
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where zi is the distance between the actual value in the central
point and the real value in a variable's upper or lower level, z0 is
the real value in the central point, and bd is the major coded
limit value in the matrix for each variable. Then the tting
procedure of data into the model is done with the help of the
least-squares method (LSM). LSM is a multiple regression
method of tting a data set into a mathematical model. This
method also assumes that errors are randomly distributed,
presenting a zero mean and common unknown variance prole.
Meanwhile, no dependency is observed between these errors.

The second step, the regression step, using the coefficient of
determination (R2), is a routine method for conrming an ob-
tained model. However, the noteworthy fact is that a high R2 is
not necessarily interpreted as a t model. R2 is not a reliable
value to indicate the bias of coefficient estimates. Moreover, it
does not suggest the adequacy of a regression model. Hence,
understanding the subject area associated with the residual
plots improves the R2 value evaluation. It is also to be noted that
the more the number of factors, the higher the R2 value falsely
produced. This can occur during an over-tting procedure,
resulting from incorrectly incorporating random noise in the
model's data.
© 2023 The Author(s). Published by the Royal Society of Chemistry
The common strategy to overcome such obstacles and make
reliable predictions is to report adjusted R2 and predicted R2

alongside the R2 and residual plots. Adjusted R2 compares the
explanatory power of regression models that contain different
numbers of factors, and it only increases if the new term
improves the model more than it would be expected by chance.
The new data shows a regression model ability of response
prediction predicted R2. It is also known for preventing
researchers from over-tting a model since predicting random
noise is impossible. Predicted R2 and adjusted R2 are of lesser
values than the R2, although too many factors in a model can
result in a wide gap between predicted R2 and R2. In conclusion,
during the validation of a regression model, it is paramount to
report the acquired R2, adjusted R2, and predicted R2.60,61
2.5. Model conrmation using ANOVA and graphs

Pertinent soware should be used to obtain satisfactory results
and responses in the study process. Sometimes the mathe-
matical models obtained in step 4 do not describe the experi-
mental domain studied, so it is necessary to use appropriate
soware that obtains the answer as three-dimensional surface
RSC Adv., 2023, 13, 23570–23589 | 23575
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and contour plots. These soware outputs can help the
researcher approximate the optimal response and conditions.

ANOVA is a statistical model able to investigate the differ-
ence between groups. This method was invented by renowned
biologist and statistician R. A. Fisher in 1925. His famous book
“Statistical Methods for Research Workers” explored variance
separation and helped form many statistical hypotheses. The
basis of all of these methods was to divide the variance or data
into several components. Nowadays, the use of ANOVA with this
goal is hindering. In the simplest form, ANOVA can test the
Fig. 4 Response surface in the (a) three-dimensional space, (b) graph o

23576 | RSC Adv., 2023, 13, 23570–23589
hypothesis of mean comparisons among several independent
populations.

Another denition for ANOVA would be a set of mathemat-
ical functions and statistical methods employed to identify
signicant parameters in models with multiple parameters.
With the help of ANOVA, we can identify the critical factors in
the experiment and determine the model's accuracy.

To ensure that our model is suitable and consistent with
the experimental results, it is essential to investigate some
parameters and pathways. The F-tests and its “F-statistic” test
statistic were named in honor of Ronald Fisher. The statistic F
f contours. Y: response, X1 and X2: factors.57

© 2023 The Author(s). Published by the Royal Society of Chemistry
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is the ratio of two variances. Variance is an index for
measuring the dispersion rate, which shows how much data is
dispersed from the mean. Larger values of variance indicate
more excellent dispersion. The square of standard deviation is
the variance. Using standard deviation rather than the vari-
ance in many sciences is more common because it coincides
with the measured data. However, it shows the variance of
payment in square units of measured data. However, in many
real analyzes, the variance is used to perform calculations.62

The F-statistic is based on the ratio of the mean squares. While
the term “mean squares” may be confusing, it is simply an
approximation of population variance in which degrees of
freedom (DOF) are used to calculate and estimate. However, by
changing the variance containing the ratio, the F-test becomes
very exible. The F-test can be used in various situations with
a variance ratio. Not surprisingly, the F-test can also assess
variance equality.

The P-value is also an important parameter calculated based
on the F-value. A p-value of less than 0.05 makes it statistically
regarded as signicant for each factor, and if it is larger, it is not
statistically signicant. The value of 0.05 is the default preset of
p-value in most soware. Suppose a parameter is not statisti-
cally signicant but should be included in our model. In that
case, the condence level must be changed so as the condence
level decreases, our permissible p-value increases. The con-
dence level can be reduced to some extent, but this depends on
the type of process. For instance, it may be acceptable to set the
condence level at 80% in one process but not in another.
Usually, the condence level can be reduced more easily in
inuential factors and controllable errors.57,60
Fig. 5 The general concepts of RSM in heavy metals processes from diff

© 2023 The Author(s). Published by the Royal Society of Chemistry
2.6. Determination of optimal conditions

In the optimization technique, control variables in any method
are adjusted to determine the proper factor levels, which lead to
the most favorable results.63 Finding the optimum location of
the model is easier with a graphical representation. It may be
helpful to compare two types of graphs: the three-dimensional
response surface (Fig. 4(a)) and the contours graph (Fig. 4(b)),
which represents the surface projected onto a plane. Each
contour determines the surface height. Responses in these
graphs are expressed as functions of two factors. A simple visual
inspection of the graph can determine whether the optimum
value corresponds to a maximum or a minimum following the
established optimization criterion.

For example, in a bioleaching process, optimizing factors
(initial pH, waste concentration, sulfur concentration, and Fe2+

concentration) increase the bioleaching rate and enhance
metals recovery.64 Setting each factor at its optimum value will
be better with the soware-predicted maximum value of metal
removal efficiency, which is the main objective of a bioleaching
process. Verifying RSM-suggested optimal conditions with
statistical analysis and running conrmatory tests is para-
mount. This is achieved by comparing the modeled predictions
with the real outcomes of experiments at optimal conditions.
The developed model is cogent and insensitive to noises
springing from factor-level alterations only if the experiment
outcome complies with the predicted regression and ANOVA
data values.

2.7. RSM limitations

RSM, as a tool, has been generally used for modeling and
optimization of the bioleaching process. Although this method
erent solid wastes.

RSC Adv., 2023, 13, 23570–23589 | 23577

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ra03498d


RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
ag

os
to

 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
8/

10
/2

02
5 

09
:3

5:
18

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
has many affirmative features, it has two signicant limitations.
First, the obtained model is accurate only within the experi-
mental range, and extrapolation is not applicable. This issue
stems from the fact that the standardized equations employed
by RSM lack any methodological sense. RSM's rst or signi-
cant limitation is that it is a ‘black box’ approach. In other
words, the precision of the approximation cannot be estimated
readily, or to say that estimating the size and order of the
approximation errors is arduous. The second limitation is that
RSM is a local analysis. The developed response surface is
invalid for regions other than the studied ranges of factors.65

Fig. 5 briey shows the steps for optimizing the bioleaching
process of various solid wastes using RSM.
3. Application of RSM in bioleaching
processes

Bioleaching has the potential to recycle many types of solid
wastes. This review presents the bioleaching process of different
kinds of solid wastes that incorporate RSM with DOE tools for
improving heavy metals removal efficiency in separate sections,
including biorecovery from soils and ores, e-waste, spent cata-
lysts, and sludge and plant's residues.
3.1. Biorecovery from soil and ores

Bioleaching from ores and soil using RSM has been copiously
studied in the literature as a green option preferred to traditional
chemical leaching processes, as presented in Table 3. As shown in
this table, most microorganisms are acidophilic species for the
bioleaching of different ores, generating Fe3+ and H2SO4, hydro-
lysis of ferric iron in bioleaching medium releases protons, which
together with H2SO4 contributes to suitable acid demand (eqn
(8)–(12)).66 Fig. 6 illustrates the mechanism of acidophilic bacteria
and their metabolites. Therefore, one of the main factors for these
species is pH. Among 9 articles, 6 articles considered pH as
a variable for optimization. According to Table 3, the optimum pH
value is 2 or less, which leads to the proper oxidation of iron or
sulde ions and enhances the activities of microbes in the biol-
eaching process of aimed metals.66 In fungal species, carbon
sources such as sucrose and glucose are the main factors affecting
organic acid production and lead to better recovery of heavy
metals;67 therefore, with optimization of this factor, metal's
recovery as a response reaches its optimum rate.

S0 þH2Oþ 3

2
O2/H2SO4 (8)

4Fe2þ þ O2 þ 4Hþ ��������! ��������bacteria
4Fe3þ þ 2H2O (9)

Fe3+ + H2O / Fe(OH)2+ + H+ (10)

Fe3+ + 2H2O / Fe(OH)2
+ + 2H+ (11)

Fe3+ + 3H2O / Fe(OH)3 + 3H+ (12)
23578 | RSC Adv., 2023, 13, 23570–23589
For instance, Sun et al. (2022) studied maximizing Ni, Cu,
and Co leaching efficiency and minimizing the extraction of Mg
and Fe ions from high-magnesium nickel sulde ore using
Acidithiobacillus ferrooxidans, Ferrimicrobium acidiphilum, and
Leptospirillum ferrooxidans. Optimizing the particle size, acid
addition, pulp density, and inoculation resulted in a recovery of
89.43%Ni, 36.78%Cu, 84.07%Co, 49.19%Mg, and 0.20 g L−1 of
Fe was reached using CCD of RSM. Furthermore, the results
showed that particle size is the most signicant variable
affecting Ni, Cu, and Co leaching efficiency. At the same time,
acid addition is the most signicant variable affecting Mg
leaching efficiency.68

Tang et al. (2021) examined Acidithiobacillus caldus's poten-
tial for biodesulfurization of sulde ore using a BBD-based
RSM. The six studied parameters included temperature,
particle size, shaking rate, inoculation, pH, and Tween80
concentration. At rst, the Plackett–Burman screening design
was used to identify which factors would be optimized to ach-
ieve the most effective result. As a result, particle size, shaking
speed, and inoculation were selected as signicant factors.
Under optimum conditions of 120–140 mesh of particle size,
170 rpm of shaking speed, and 111 mL of inoculation size,
desulfurization efficiency rose 8.1% over 5 days.69

Mo et al. (2019) investigated the effect of four signicant
parameters on U biorecovery: pH value, initial Fe2+, solid–liquid
ratio, and inoculation percentage. CJ6-0, a consortium of
microbial strains, was utilized consisting of Acidithiobacillus sp.
(58.3%), Acidiphilium sp. (12.4%), Leptospirillum sp. (10.53%),
and Ferrimicrobium sp. (9.15%). The interaction among selected
variables was analyzed using the BBD, suggesting that the
maximum U extracted was in the optimal conditions at 91.4%.
Conrmation tests also revealed a 90.2% recovery, which was
highly compliant with the predicted value.70 During the same
year, column bioleaching of low-grade U-ore in lab-scale was
also investigated by Jalali et al. (2019) using Acidithiobacillus
Ferridurans SBU-SH2 KY497231, a newly isolated strain from
a sulfur hot spring in Iran. The BBD is cheaper than CCD
because it offers fewer design points with many factors. Exper-
iments on samples provided from U-mines in Iran and the BBD
design of RSM resulted in a maximum U extraction of 95.5%,
considerably higher than the control solution without bacterial
cells (11.33%). The optimization of conditions was limited to
more effective parameters, namely pH, particle size, tempera-
ture, aeration, and irrigation rate. At the same time, a kinetic
model was also offered for the rate of U recovery rate.71

Selvi and Aruliah (2018) evaluated the potential of an
indigenous acidophilic bacterium characterized as Serratia
marcescens SMAR1 towards the Zn removal from Zn spiked soil
using the approach of bioleaching enhanced electrokinetic
remediation (BEER) technology. It is known that electrokinetic
remediation boasts high efficiency, low cost, and non-pollutant
methods. Statistical optimization of Zn remediation process
parameters, namely pH, contact time, and inoculum dosage,
was investigated using RSM BBD. A maximum Zn reduction of
93.8% was achieved in the BEER process, compared to plain
bioleaching (72.86%).72
© 2023 The Author(s). Published by the Royal Society of Chemistry
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3.2. Biorecovery from e-wastes

The bioleaching process has been broadly used in heavy metals
removal from e-waste. Since many factors such as pH, substrate
concentration, time, temperature, stirring speed, inoculum,
pulp density, and agitation rate could affect the efficiency of the
metals recovery rate, RSM can help optimize this process and
maximize metals recovery. Table 4 summarizes some of the
research implemented on e-waste using RSM.

Nowadays, many electronic devices use printed circuit
boards (PCBs). Hence, Trivedi et al. (2023) implemented the
BBD of RSM for efficient enzymatic metal bioleaching from
discarded cellphone PCBs using Aspergillus niger. They
employed 27 runs to screen the factors that resulted in selecting
glucose oxidase (GOx) concentration, Fe

2+ concentration, pulp
density, and shaking speed as inuential factors. Then, they
performed the BBD approach to optimize certain factors to
maximize the extraction efficiency of Cu, Ni, Pb, and Zn. The
optimal GOx concentration, Fe2+ concentration, pulp density,
and shaking speed were 300 U L−1, 10 mM, 1 g L−1, and
335 rpm, respectively. At the suggested conditions, the extrac-
tion yield reached 100% Cu, 70% Ni, 40% Pb, and 100% Zn.91

Apart from PCBs, smartphone touch screens (SPTS) contain
a signicant amount of valuable metals, which can be used as
secondary resources. In 2021, Pourhossein et al., used RSM to
remove indium and strontium from organic light emitting
diode type SPTS by adapting acidithiobacillus ferrooxidans.
Designing the process for the CCD method, the authors
considered ferrous sulfate concentration, pulp density,
elemental sulfur, and initial pH as the most inuential factors
in maximizing the In and Sr recovery rates. RSM was used to
optimize each parameter value for maximizing the In and Sr
biorecovery processes. At optimal conditions of ferrous sulfate:
13.0 g L−1, pulp density 3 g L−1, initial sulfur concentration 5.6
(g L−1), and initial pH 1.1, In was recovered completely, but Sr
was not appropriately recovered (only 5%).92

In another investigation, Arshadi et al. (2020) studied the
RSM-optimized extraction of Cu and Ni from disposed of
computer-printed circuit boards (CPCBs) utilizing Aspergillus
niger. Optimization for maximizing the percentage of Cu and Ni
recovery was done with pH of 5.15, pulp density of 10 g L−1, 1 ×

107 spores of fungi, and 4.5 days for the time the powder was
added, resulting in 97% of Cu and 74% of Ni. There was a claim
that the time (day) the sample is added to the solution is
essential to Aspergillus niger's ability to recover metals.93

Kumar et al. (2018) investigated the optimization of Au and
Ag recovery using Pseudomonas balearica SAE1 from the
computer-printed circuit boards (CPCB). To maximize Au and
Ag recovery as the responses, they used Design-Expert Soware
to apply the CCD method with four factors: pulp density,
temperature, initial pH, and glycine (as an additive) concen-
tration. The optimal condition was found to be as follows:
initial pH of 8.6, a temperature of 31.2 °C, pulp density of 5 g
L−1, and glycine concentration of 6.8 g L−1. These values
recovered 73.9% of Au and 41.6% of Ag. They also found that
glycine concentration and pulp density noticeably inuence the
biorecovery rates of Au and Ag.94
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 The mechanism of acidiphilic bacteria for metals recovery from solid waste.
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Most portable devices enjoy a rechargeable battery, conven-
tionally made using lithium. Over recent decades, the disposal
of ever-increasing spent lithium-ion batteries (LIBs) integrated
into laptops has raised serious environmental concerns.
Researchers have recently focused on developing cost-cutting
measures for metals recovery from e-waste. Therefore, Hey-
darian et al. (2018) conducted two-step research to introduce an
effective and promising route for metal recovery using A. fer-
roxidans and A. thiooxidans. Evaluating the maximum value of
metal recovery was done by optimizing more essential variables,
namely initial pH, iron sulfate, and sulfur concentrations, using
CCD. The maximum recovery of 99.2% Li, 50.4% Co, and 89.4%
Ni was obtained. The results showed that the highest Li
extraction could be reached at lower pH and higher sulfur
concentration (Fig. 7). A toxicity assessment identied the
bioleaching residual as a non-hazardous material and
conrmed it was safe for disposal.95
3.3. Bioleaching from spent catalysts

Malekian et al. (2019) recently used a spent de-coked catalyst
from a renery continuous catalytic reforming unit and inves-
tigated the bioleaching of platinum. Oxalic acid, a substance
produced by A. niger, is known for its potential in bioleaching
processes and is highly pH-dependent. Therefore, the oxalic
acid concentration and the platinum recovery rates rose
signicantly by adjusting pH. Studying the more critical vari-
ables like the pulp density, temperature, and pH with the help
of BBD led to a maximum Pt recovery of 37%. The undeniable
role of oxalic acid was highlighted by evaluating the biorecovery
© 2023 The Author(s). Published by the Royal Society of Chemistry
rate of Pt in a blank medium in the absence of oxalic acid,
demonstrating the biorecovery optimal conditions at just about
13%, which was far from the former conditions.96

Shahrabi-Farahani et al. (2014) studied the bioleaching of
molybdenum, Ni, and Al from hydrocracking spent catalyst in
a slurry bubble bioreactor using A. thiooxidans. Aer adapting
the bacteria to solid waste, bioleaching processes were evalu-
ated with CCD to nd the optimal condition. In order to achieve
maximum biorecovery of three heavy metals in waste, three
critical factors, such as the particle size of the solid waste, pulp
density, and aeration rate, were selected. In this specic design,
each variable was evaluated at ve levels. The correlation
between the recovery of heavy metals and the parameters was
studied with a full quadratic model and two reduced cubic
models. These correlations are presented as follows:

Mo = 72.57 − 22.89A − 2.97B − 9.81C − 3.50AB − 2.75AC

− 4.50BC − 8.02A2 − 6.25C2 − 14.53A2B

+ 13.56A2C + 19.14AB2 (13)

Ni = 23.23 − 0.59A − 3.27B − 2.68C − 1.50AC

− 2.50BC + 1.82B2 − 2.98A2B

+ 3.68A2C − 0.66AC2 (14)

Al = 10.62 − 0.88A − 1.30B − 0.47C − 0.37AB

+ 0.13AC − 1.87BC − 0.52A2 + 1.07B2 + 0.71C2 (15)

A represents the particle size of solid waste, B represents the
pulp density, and C represents the aeration rate. The optimal
pulp density values, the solid waste particle size, and the
RSC Adv., 2023, 13, 23570–23589 | 23581

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ra03498d


T
ab

le
4

A
p
p
lic

at
io
n
o
f
R
SM

in
b
io
re
co

ve
ry

fr
o
m

e
-w

as
te

T
yp

e
of

w
as
te

M
ic
ro
or
ga

n
is
m

R
SM

O
pt
im

iz
at
io
n

R
ef
er
en

ce
M
et
h
od

Fa
ct
or
s

R
es
po

n
se
(s
)

O
pt
im

um
co
n
di
ti
on

O
pt
im

um
re
sp

on
se

PC
B
s

A.
th
io
ox
id
an

s
C
C
D

B
io
ch

ar
co
n
c.
,p

ul
p
de

n
si
ty

C
u%

,N
i%

B
io
ch

ar
co
n
c.

=
1.
6
g
L−

1
,p

ul
p

de
n
si
ty

=
16

g
L−

1
36

%
,6

4%
24

W
as
te

co
m
pu

te
r

m
ot
h
er
bo

ar
d
s

A.
fe
rr
oo

xi
da

ns
,F

.
ac
id
ip
hi
lu
m
,L

.
fe
rr
ip
hi
lu
m
,

T
he
rm

op
la
sm

a
ac
id
op

hi
lu
m

C
C
D

Pu
lp

de
n
si
ty
,i
n
it
ia
l
pH

,
h
um

ic
ac
id

C
u%

Pu
lp

de
n
si
ty

=
1.
35

%
(w

/v
),
in
it
ia
l

pH
=

1.
53

,h
um

ic
ac
id

=
0.
31

g
L−

1

10
0

97

PC
B
s

A.
fe
rr
oo

xi
da

ns
B
B
D

C
on

ta
ct

ti
m
e,

pu
lp

de
n
si
ty
,

pa
rt
ic
le

si
ze
,t
em

p.
C
u%

C
on

ta
ct

ti
m
e
=

21
d,

pu
lp

de
n
si
ty

=
12

g
L−

1
,p

ar
ti
cl
e
si
ze

=
0.
25

–
0.
42

m
m
,t
em

p.
=

20
°C

96
.6
%

98

LC
D

A.
th
io
ox
id
an

s
C
C
D

pH
,s

ul
fu
r
co
n
c.
,p

ul
p

de
n
si
ty

In
%
,S

r%
pH

=
2.
6,

su
lf
ur

co
n
c.

=
1.
6%

(w
/

v)
,p

ul
p
de

n
si
ty

=
8.
6
g
L−

1
10

0%
,1

0%
99

PW
B
s

A.
fe
rr
oo

xi
da

ns
,A

.
T
hi
oo
xi
da

ns
C
C
D

pH
,s

ul
fu
r
co
n
c.
,p

ul
p

de
n
si
ty
,i
n
it
ia
l
Fe

SO
4
co
n
c.

C
u%

,Z
n
%
,N

i%
pH

=
1.
52

,s
ul
fu
r
co
n
c.

=
6.
75

g
L−

1
,p

ul
p
de

n
si
ty

=
25

g
L−

1 ,
in
it
ia
l
Fe

SO
4
co
n
c.

=
20

g
L−

1

94
%
,9

2%
,9

6%
10

0

M
PP

C
B
s

B
.
m
eg
at
he
ri
um

C
C
D

pH
,p

ul
p
de

n
si
ty
,g

ly
ci
n
e

co
n
c

A
u%

,C
u%

pH
=

10
,p

ul
p
de

n
si
ty

=
9.
13

g
L−

1
,g

ly
ci
n
e
co
n
c.

=
10

g
L−

1
72

%
,6

5
g
pe

r
to
n
e

M
PP

C
B
s

10
1

Zn
–M

n
ba

tt
er
ie
s

A.
fe
rr
oo

xi
da

ns
C
C
D

pH
,s

ub
st
ra
te
s
co
n
c.
,p

ul
p

de
n
si
ty
,t
em

p.
Zn

%
,M

n
%

pH
=

1.
9,

su
bs

tr
at
e
co
n
c.

=
28

g
L−

1
,p

ul
p
de

n
si
ty

=
9.
7%

,t
em

p.
=

33
°C

52
%

10
2

A.
T
hi
oo
xi
da

ns
pH

=
1.
8,

su
bs

tr
at
e
co
n
c.

=
29

g
L−

1
,p

ul
p
de

n
si
ty

=
8%

,t
em

p.
=

36
.7

°C

52
.4
%

C
PC

B
s

B
.
m
eg
at
he
ri
um

C
C
D

pH
,p

ul
p
de

n
si
ty
,p

ar
ti
cl
e

m
es
h
#,

gl
yc
in
e
co
n
c

A
u%

,C
u%

pH
=

10
,p

ul
p
de

n
si
ty

=
2
g
L−

1
,

pa
rt
ic
le

m
es
h
#
=

10
0,

gl
yc
in
e

co
n
c.

=
0.
5
g
L−

1

36
.8
1%

,1
3.
26

%
10

3

N
i–
C
d
an

d
N
i–
M
H

ba
tt
er
ie
s

A.
fe
rr
oo

xi
da

ns
B
B
D

pH
,i
n
it
ia
l
Fe

2
+
co
n
c.

Po
w
de

r
si
ze

N
i%

,C
d%

,C
o%

pH
=

1,
in
it
ia
l
Fe

2
+
co
n
c.

=
9.
7
g

L−
1
,p

ow
de

r
si
ze

=
62

m
m

87
%
,6

7%
,9

3.
7%

10
4

PC
B
s

A.
th
io
ox
id
an

s,
A.

fe
rr
oo

xi
da

ns
C
C
D

pH
,F

eS
O
4
$7
H

2
O

co
n
c.
,

su
lf
ur

co
n
c.

C
u%

pH
=

1.
56

,F
eS
O
4
$7
H

2
O

co
n
c.

=
16

.8
8
g
L−

1
,s

ul
fu
r
co
n
c.

=
5.
44

g
L−

1

92
.6
%

10
5

23582 | RSC Adv., 2023, 13, 23570–23589 © 2023 The Author(s). Published by the Royal Society of Chemistry

RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
ag

os
to

 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
8/

10
/2

02
5 

09
:3

5:
18

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ra03498d


Fig. 7 2D contour plots for Li dissolution.106
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aeration rate were 0.9% (w/v), 60.7 mm, and 209 mL min−1,
respectively. At the optimal condition, maximum recovery of
87% Mo, 37% Ni, and 15% Al were reached aer 7 days of the
bioleaching process.107 The same year, Srichandan et al. (2014)
© 2023 The Author(s). Published by the Royal Society of Chemistry
studied Al, Ni, Mo, and V recovery from spent renery catalysts
using A. thiooxidans. In order to optimize the process, the CCD
method was employed. Inuential factors were initial pH (1.5–
2.5), sulfur concentration (0.5–3 g L−1), and pulp density (1–10 g
RSC Adv., 2023, 13, 23570–23589 | 23583
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Table 5 The ANOVA of the fitted model108

Source Sum squares df Mean square F-value Prob > F

Model 3193.62 10 319.36 90.69 <0.0001
A–A 79.05 1 79.05 22.45 0.0002
B–B 415.36 1 415.36 117.95 <0.0001
C–C 8.17 1 8.17 2.32 0.1462
D–D 353.17 1 353.17 100.29 <0.0001
AB 148.84 1 148.84 42.27 <0.0001
AC 24.50 1 24.50 6.96 0.0173
AD 1.10 1 1.10 0.31 0.5831
BC 1317.69 1 1317.69 374.19 <0.0001
BD 453.69 1 453.69 128.84 <0.0001
CD 392.04 1 392.04 111.33 <0.0001
Residual 59.86 17 3.52
Lack of t 59.60 14 4.26 47.74 0.0043
Pure error 0.27 3 0.089
Corrected total 3235.48 27
Predicted R2 0.9450
Adjusted R2 0.9708
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L−1). The most inuential factor for Al, Mo, Ni, and V recovery
was similar pH, considering the obtained models. Aer opti-
mization and gaining optimal conditions as follows: pulp
density of 1%, sulfur concentration 1.5% and pH 1.5, the
recovery percentage for the target metals was: Ni 93%, Al 44%,
Mo 34%, and vanadium 94%.107 Also, Motaghed et al. (2014)
examined Pt and Rhenium biorecovery from the spent renery
Table 6 Application of RSM in biorecovery from sludge and plant's resid

Type of waste Microorganism

RSM

Method Factors

Waste sludge S. acidophilus, At.
Caldus, S.
thermosuldooxidans

CCD Sludge solid conten
sulfur conc.

Residues of Zn-
plant

A. thiooxidans CCD pH, sulfur conc., pu
density

Residues of Zn-
plant

A. thiooxidans CCD pH, sulfur conc., pu
density

Fuel-oil ash A. thiooxidans CCD Pulp density, initia
sulfur conc.

Fuel-oil ash A. ferroxidans CCD pH, initial Fe2+ con
pulp density

Dewatered
metal-plating
sludge

A. ferroxidans CCD pH, initial Fe2+ con
pulp density

Chromate
copper arsenate

Polyporales sp.
KUC8959

CCD Culture ltrate con
process time, temp

23584 | RSC Adv., 2023, 13, 23570–23589
catalyst by B. megaterium. They used the CCD method for the
optimization of two inuential factors (initial glycine concen-
tration (0–15 g L−1) and pulp density (1–10%)). The analysis of
variance results shows that the glycine concentration is more
effective than pulp density in Re recovery. The optimal condi-
tion was reported as follows: initial glycine concentration =

12.8 g L−1 and pulp density = 4% (w/v). At these values, Pt and
Re recoveries were 15.7% and 98%, respectively.109

Gholami et al. (2012) investigated Co, Mo, and Ni biorecovery
using the fungus A. niger from spent catalysts. The following
factors, pH (2.5–8.5), temperature (17.5–47.5 °C), inoculum
percentage (0–12%), pulp density (0–4 g L−1), and rotation
speed (100–160 rpm) were selected as the most effective in this
process. Optimization was performed using the CCD method,
and as a result, the optimal condition was reported as follows:
pH = 5.0, temperature = 31.8 °C, pulp density = 2 g L−1, rota-
tion speed = 115 rpm, and inoculum = 12%, the biorecovery
percentage of Co, Mo, and Ni was 71%, 69%, and 46%,
respectively.110
3.4. Biorecovery from sludge and plant's residues

Electroplating sludge contains valuable/toxic metals, so a green
approach is needed to recover the valuable metals in it. Tian
et al. (2022) recently studied Ni, Cu, Zn, and Cr recovery from
electroplating sludge by sulfur-oxidizing strains. CCD method
was applied to optimize four parameters of this process (pulp
ues

Optimization

ReferenceResponse(s) Optimum condition
Optimum
response

t, Cu%, Zn%,
Ni%, Pb%

Sludge solid content
= 0.5%, sulfur conc.
= 2.5%

97%, 99%,
99%, 78%

111

lp Zn% pH = 3.3, sulfur
conc. = 25.1 g L−1,
pulp density =
21.5 g L−1

95% 112

lp Zn% pH = 3.3, sulfur
conc. = 25.1 g L−1,
pulp density =
21.5 g L−1

75% 112

l pH, V%, Ni%,
Cu%

Pulp density = 1 g
L−1, initial pH = 1,
sulfur conc. = 9 g
L−1

94.4%, 100%,
99.2%

113

c., V%, Ni%,
Cu%

pH= 1.3, initial Fe2+

conc. = 2.6 g L−1,
pulp density = 1%
(w/v)

74%, 95%,
88%

114

c., Cr%, Ni% pH = 3, initial Fe2+

conc.= 1 g L−1, pulp
density = 9 g L−1

55.6%, 58.2% 109

c.,
.

Cu%, Cr%,
As%

Culture ltrate conc.
= 45.8%, process
time = 20.6 h, temp.
= 32.2 °C

82.1%, 100%,
100%

115

© 2023 The Author(s). Published by the Royal Society of Chemistry
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density (1–5%), temperature (15–55 °C), initial pH (0.6–1.6), and
shaking speed (105–165 rpm)). Having these factors set at
optimal values, Ni, Cu, Zn, and Cr biorecovery of 100%, 96.5%,
100%, and 76.1% were achieved, respectively. The values are
presented: pulp density= 2%, temperature= 45 °C, initial pH=

0.8 and shaking speed = 150 rpm.116

Barkusaraeya et al. (2021) investigated optimizing the bio-
logical leaching process for Zn extraction from paint sludge
utilizing Acidithiobacillus thiooxidans. Using the CCDmethod in
RSM, they considered temperature, shaking speed, pH, and
particle size as the four factors with Zn recovery as the response.
Optimization for maximal Zn removal was achieved with the
temperature of 32 °C, speed shaking of 120 rpm, particle size of
1 mm, and pH of 4.2, resulting in 22% Zn removal efficiency.117

The simultaneous biological recovery of Cu, Cr, Zn, and Ni
from sewage sludge was investigated by Li et al. (2018). Studying
a mixed culture consisting of A. ferroxidans and A. thiooxidans,
each bacterial culture was rst examined in its pure form to
enable comparisons. Inuential variables included initial pH,
solids concentration, ferrous, and sulfur ion concentration,
which were studied and optimized via BBD of RSM in three
different levels. Results indicated the mixed culture as the most
inuential culture in which a maximal extraction of 98.54% Cu,
57.99% Cr, 60.06% Ni, and 95.60% Zn was reached aer setting
each variable to their optimal value.64

Since biorecovery can be performed by fungi, Aspergillus sp.
SMHS-3 isolate was introduced by Gholipour et al. (2018), which
Fig. 8 Charts of several RSM features utilized in the selected 47 papers th
(c) most effective factors.

© 2023 The Author(s). Published by the Royal Society of Chemistry
could oxidize sulfur media (toxic renery spent suldic caustic).
Although several sulfur-oxidizing fungi had been isolated
during previous studies, it was claimed that this strain showed
the highest activity. Sulfur decomposition rate optimization was
determined based on the BBD of RSM by studying four
impacting variables: pH, thiosulfate, sucrose, and Mo concen-
trations. Testing the selected optimum conditions evaluated by
a 2-factor interaction (2FI) model ultimately revealed a 1.2-fold
rise in the activity of sulfur conversion. The ANOVA of the tted
model also suggested a high signicance in its prediction
abilities with a P-value of less than 0.0001 (Table 5).108

Ahmadi et al. (2017) studied Cu and Fe recovery from
converter slags by A. ferrooxidans. A CCD method was applied to
optimize the signicant factors, including initial pH (1.5–3),
initial Fe2+ concentration (0.5–9 g L−1), and pulp density (5–50 g
L−1). Consequently, 95% Fe and 100% Cu was recovered at the
optimal condition, which was presented as follows: initial pH =

1.8, pulp density = 1.4 g/100 mL, and initial Fe2+ = 7.3 g L−1.118

Table 6 indicates the research that has optimized the biol-
eaching processes from sludge and plant residues using RSM.
4. Discussion

RSM is recognized as a common and valuable method for
designing and optimizing efficient bioleaching processes. In
this review, 47 research articles on optimizing bioleaching
processes have been analyzed, with a detailed description of
at studied bioleaching (a) design types, (b) number of optimized factors,

RSC Adv., 2023, 13, 23570–23589 | 23585
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how the RSM has helped the biorecovery of heavy metals from
solid waste using microorganisms. Fig. 8 shows the features of
the RSM reviewed in 47 bioleaching studies and illustrates the
types of RSM design methods that have been used in these
articles. As illustrated in Fig. 8(a), 65% of bioleaching articles
have been using CCD, thanks to its features, such as precisely
tting a full quadratic and linear model by examining ve levels
of factors, considering extreme parameters combinations, and
efficiency in the estimation of rst- and second-order terms.
Another popular method used in some of these articles is the
BBD method, which, unlike the CCD, does not examine the
borderline regions.

As shown in Fig. 8(b), 62% of the articles reviewed in this
study involve 3 or fewer inuential factors to optimize the
bioleaching process. Depending on the type of solid waste and
the type of microorganism, and the mechanism of the biol-
eaching process, the number of factors was increased to 4 and
over. Restricting the number of factors in RSM only limits the
power of this method for designing and optimizing processes;
the type and number of factors are central to the practical and
maximal recovery of heavy metals in the biorecovery processes.
Fig. 8(c) compares the most effectual factors among 64 models
in 47 studied bioleaching papers, making them the most widely
used factors in the bioleaching process, directly affecting heavy
metal removal efficiency. These parameters' effectiveness was
determined based on the coefficient of variables in the regres-
sion equation. Among them, pH and sulfur concentration have
been considered the most critical factors; as mentioned before,
high or very high pH is improper for the bioleaching process.
Maintaining pH at low range, metal destruction occurs. Hence,
pH is the most benecial factor for optimizing in these papers.
Also, sulfur concentration strongly affected the solubilization of
heavy metals during the bioleaching process. It is worth noting
that the concentration of added sulfur inuences the acid
production and pH variation in the bioleaching process.

5. Conclusion and future directions

Bioleaching is a green approach for heavy metal extraction.
Depending on the type of process, process efficiency is affected
by pulp density, particle size, pH, temperature, and inoculum
density. To achieve the highest metal extraction rate, it is
essential to identify the optimal number of factors to optimize
the process. RSM offers a powerful and efficient way to explore
complex interactions among multiple variables, identify key
factors, and optimize process parameters to maximize desired
outcomes. The value of RSM in bioleaching research lies in its
ability to systematically investigate and optimize various factors
that inuence bioleaching efficiency and selectivity. By
employing RSM, researchers can efficiently explore the inter-
active effects of multiple parameters, such as temperature, pH,
particle size, microbial concentration, and nutrient availability.
This approach enables the identication of optimal operating
conditions, leading to enhanced leaching yields, reduced pro-
cessing time, and improved resource utilization. Furthermore,
RSM facilitates the identication and quantication of signi-
cant variables, enabling a deeper understanding of the
23586 | RSC Adv., 2023, 13, 23570–23589
underlying mechanisms and pathways involved in the biol-
eaching process. This knowledge is essential for the develop-
ment of targeted strategies to overcome challenges and
limitations, such as the presence of inhibitory substances,
microbial competition, and the optimization of microbial con-
sortia. Regarding sustainability, RSM can contribute to devel-
oping environmentally friendly and economically viable
bioleaching processes. By optimizing process parameters
through RSM, researchers can reduce resource consumption,
minimize waste generation, and maximize metal recovery,
thereby promoting the circular economy and minimizing the
environmental impact of mining and metal extraction.

Based on this review, researchers investigating the biol-
eaching process have widely used RSM with DOE tools to
improve bioleaching efficiency. DOE tools such as CDD and
BBD have been themost used to nd the optimum conditions to
remove heavy metals. According to our viewpoint, researchers
must correctly choose factors and their levels to achieve success,
which can be accomplished with screening design. BBD and
CCD have fewer experimental runs over other designs and have
proved time-saving approaches. This review shows that authors
generated response surfaces using these models to obtain the
reduced mathematical model to predict the response.

Many authors chose 3 or fewer factors, and the main factors
applied for heavy metals removal were pH, pulp density, and
inoculum size. Most of the microorganisms used in these
studies are acidophilic species such as A. ferooxidans and A.
thiooxidans. Therefore, pH is one of the main factors which
affect Fe3+ and H2SO4 production and leads to better recovery of
metals. Pulp density is another factor that is important to
optimize and maximize the recovery of metal. In this review,
most studies optimize pulp density with 0.2–9.7% (w/v) range
for acidophilic microorganisms. Another fact to consider is that
choosing the factors is varied based on the type of waste and
microorganism. In some studies investigating the ore and soil
microorganisms using an acidophilic microorganism, pH and
pulp density were evaluated as the main factors. On the other
hand, pH, nutrient/substrate concentration (Fe2+ and S0), and
pulp density were considered essential factors for maximizing
heavy metals removal from E-waste and sludge, and plant's
residues. Since the structure of these wastes are more complex
than ores and has a considerable percentage of heavy metals
(high toxicity), high concentrations of metabolites in the biol-
eaching medium is essential.

For this reason, the production of metabolites is highly
dependent on the nutrient/substrate concentration and pH, so
optimization of these factors is vital in the high recovery of the
target metal. In conclusion, the successes achieved and these
studies demonstrate the benets and the validity of using RSM
as a method of DOE for the bioleaching of precious metals. The
future research suggestions for the application of RSM in the
bioleaching process are as follows:

(1) Integration of advanced optimization strategies: in
addition to RSM, future research should explore the integration
of other advanced optimization strategies, such as Dynamic
Programming or Genetic Algorithms. These strategies can be
applied to bioleaching experiments involving a large number of
© 2023 The Author(s). Published by the Royal Society of Chemistry
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factors and can provide alternative approaches for experimental
design, optimization, and decision-making.

(2) Multi-objective optimization: while RSM is effective in
optimizing a single response variable, future studies should
consider multi-objective optimization. This approach enables
the simultaneous optimization of multiple responses, such as
metal recovery, leaching rate, and energy consumption. By
applying multi-objective optimization techniques, researchers
can identify trade-offs and achieve a more comprehensive and
sustainable bioleaching process.

(3) Advanced screening designs: alongside RSM, future
research should employ advanced screening designs, such as
Plackett–Burman or Taguchi orthogonal arrays, to effectively
screen and select key factors and their appropriate levels. These
designs allow for efficient identication of inuential factors
and reduction of experimental workload, thereby enhancing the
success and efficiency of subsequent optimization studies.

(4) Comprehensive cost analysis: in addition to the technical
aspects of bioleaching optimization, future studies should
incorporate comprehensive cost analysis. This includes evalu-
ating the economic feasibility, operational costs, and scalability
of optimized bioleaching processes. Considering the cost
implications will provide a more holistic understanding and
support decision-making towards sustainable and commer-
cially viable bioleaching operations.

(5) Scenario-based optimization: future research could
explore multiple optimization scenarios to thoroughly explore
different aspects and variables related to bioleaching processes.
By considering diverse scenarios, such as variations in feed-
stock composition, leaching conditions, and recovery targets,
researchers can gain a deeper understanding of process
dynamics and broaden the applicability of optimization
strategies.
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