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Abstract Bauxsol is a chemico-physically modified
product of red mud and is a promising material for the
removal and recovery of phosphorus from wastewater.
In this study, response surface methodology (RSM) and
artificial neural network (ANN) were employed to de-
velop prediction models and also to investigate the
interactions of independent experimental factors for
phosphorus adsorption onto acid-activated Bauxsol.
The experimental results indicated that HCI activation
was effective to improve the adsorption capacity of
Bauxsol. The maximum adsorption capacity of acid-
activated Bauxsol was 55.72 mg/g (as P) with HCI
concentration of 10.20 mol/L, temperature of
41.00 °C, and time of 5.60 h, which increased by
10.53 and 6.62 times compared with the raw red mud
and Bauxsol before acid activation, respectively. The
relative importance of HCI concentration in RSM and
ANN models was 51.78 and 54.25 %, respectively,

J. Ye - P. Zhang (><)) - G. Zeng * Y. Liu

College of Environmental Science and Engineering,
Hunan University, Changsha 410082, China
e-mail: zhangpanyue@hnu.edu.cn

J. Ye : P. Zhang - G. Zeng - Y. Liu

Key Laboratory of Environmental Biology and Pollution
Control (Hunan University), Ministry of Education,
Changsha 410082, China

J. Ye : E. Hoffmann (P<) - Y. Tang - J. Dresely
Department of Aquatic Environmental Engineering,
Karlsruhe Institute of Technology,

Karlsruhe D-76131, Germany

e-mail: Erhard.hoffmann@kit.edu

Published online: 23 November 2014

which illustrated that HCI concentration played the pre-
dominant role on improving the adsorption capacity of
Bauxsol. The predictive capability of RSM and ANN
models was compared, and the results showed that both
models provided excellent predictions with R*>0.93.
However, the ANN model showed the superiority over
RSM for estimation capability.
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1 Introduction

Phosphorus is a macronutrient in the ecosystem, which
is the main nutrient limiting the growth of plants and
other organisms (Dong et al. 2012). However, excess
discharge of phosphorus to water bodies leads to eutro-
phication and speeds up excess development of algae
(Wang et al. 2006). Meanwhile, phosphorus is a non-
renewable resource and may be depleted in 60—130 years
(Steen 1998). As a consequence, the removal and re-
covery of phosphorus from wastewater become attrac-
tive. At present, many conventional and novel methods,
including adsorption, precipitation, ion exchange, re-
verse osmosis, and electrodialysis, have been widely
employed to remove and recover phosphorus from
wastewater (Weng et al. 2011; Zhang et al. 2010; Oguz
2004). However, many of these methods are inefficient
or expensive (Huang et al. 2008). Therefore, alternative
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cost-effective and environmentally friendly techniques
need to be developed.

Red mud, a solid waste from alumina production in
Bayer process, is highly alkaline (pH 10-13) owing to
its large content of sodium hydroxide (Wang et al.
2005). The amount of red mud ranges from 0.3 to more
than 2 tons/ton of alumina production (Brunori et al.
2005). A large amount of red mud is generated in China
each year. For example, with an Al,O; productivity of
3.77x107 t in 2012, by-products of 1.13x 107 t-7.54x
107 t was produced and discharged as slurry retaining
variable water contents (National Bureau of Statistics of
China 2014). Various attempts have been tried for red
mud utilization (Zhang et al. 2008; Justiz-Smith et al.
2006; Liu et al. 2009; Wang et al. 2008).

Bauxsol, a chemico-physically modified product of
red mud, can be prepared by treating the caustic (pH
>13) red mud with seawater, other magnesium- and
calcium-rich brines, a mixture of magnesium chloride
and calcium chloride, or some combination of alterna-
tives until the pH reaches 8.2-8.6 (Geng-Fuhrman et al.
2004a; McConchie et al. 2000, 2002). Bauxsol has
many advantages such as high surface area (higher than
100 m*/g), moderate acid-neutralizing capacity (from 4
to 7 mol H'/kg at pH 7 to approximately 14 mol H'/kg
at pH 5) and high metal-binding capacity (>1500 meq/
kg) (Despland et al. 2010). Previous studies showed that
Bauxsol could be used for treating phosphate-
contaminated water based on a ligand-exchange mech-
anism (Akhurst et al. 2006). Therefore, Bauxsol is a
potential cost-effective adsorbent for phosphorus, and
further modification is necessary to achieve better
effectiveness.

Response surface methodology (RSM) and artificial
neural network (ANN) have been widely applied in
optimizing various processes in environmental studies
(Sivapathasekaran et al. 2010; Elmolla et al. 2010;
Turan et al. 2013; Zinatizadeh et al. 2006; Abdessalem
et al. 2008). RSM is a statistical method to build models
and to analyze the interactions of independent factors.
The main advantage of RSM is to reduce the number of
experimental trials (Velmurugan and Muthukumar
2012). ANN simulates human intuition in making deci-
sions and drawing conclusions when presented with
information. No particular experimental design is nec-
essary for building ANN model. In addition, ANN
model is so flexible that new experimental data can be
added to build a trustable ANN model (Geyikgi et al.
2012; Aghav et al. 2011). Therefore, process
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optimization with RSM and ANN can faster and more
effectively gather experimental results than the conven-
tional one-factor-at-a-time approach (Alim et al. 2008).

Although RSM and ANN are powerful data model-
ing tools, few studies have been reported to apply them
in Bauxsol activation. The aim of this paper was to
improve the phosphorus adsorption capacity of Bauxsol
with the acid activation method. Specifically, the present
work investigated the interactions of HCI concentration,
temperature, and time on the acid activation of Bauxsol
for phosphorus adsorption using RSM and ANN models
and compared the predictive capabilities of RSM and
ANN models.

2 Materials and Methods
2.1 Bauxsol Preparation

The raw red mud was obtained from Shandong Alumi-
num Industry Corporation in Zibo, Shandong Province
of China, which was the residue of alumina production
with Bayer process. Before experiments, the red mud
was first sieved and the particles smaller than 100 mesh
were used for further experiments.

Bauxsol was prepared by mixing the raw red mud
with a solution containing calcium ion and magnesium
1on, and the mixture was stirred for about 1 h until the
equilibrium pH reached between 8.2 and 8.6. Then the
Bauxsol slurry was dried at 50 °C overnight, ground in a
mortar, and sieved through a 100-mesh sieve. Both the
concentrations of calcium ion and magnesium ion were
2 mol/L.

The chemical composition of raw red mud and
Bauxsol before and after acid activation is listed in
Table 1. Fe and Al oxides were the main components
in raw red mud and Bauxsol.

2.2 Activation Method

The Bauxsol powders were activated with HCI solution
(5, 8, and 11 mol/L) for different times (3, 4.5, and 6 h)
at various temperatures (30, 45, and 60 °C). Then the
acid-activated Bauxsol slurry was centrifuged at 3000 1/
min for 1 min, and the solid was separated and washed
with deioned water to remove residual acid. After that,
the residue was dried at 50 °C overnight. Finally, the
residue was ground in a mortar and sieved through a
100-mesh sieve.
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Table 1 Chemical composition

Raw red mud (wt.%)

Bauxsol after acid
activation” (wt.%)

Bauxsol before acid
activation (wt.%)

of raw red mud and Bauxsol be- Constituent

fore and after acid activation
Fe,04 4739
Al,O3 2238
Na,O 12.76
SiO, 8.88
TiO, 7.33
CaO 0.86
Cr,03 0.18
MnO 0.13
K,0 0.05

*The Bauxsol was activated with CuO 0.02

HCI concentration of NiO 0.01

10.00 mol/L, temperature of MgO 0.00

40.00 °C, and time of 5.00 h

47.13 33.88
23.62 30.96
8.35 3.83
9.12 15.52
7.51 14.69
2.38 0.54
0.18 0.23
0.14 0.06
0.05 0.10
0.03 0.01
0.01 0.02
1.49 0.17

2.3 Adsorption Experiments

Adsorption studies were carried out by in beaker flasks.
The concentration of phosphate was 200 mg/L, and the
dose of acid-activated Bauxsol was 0.5 g/L. The beaker
flasks were shaken at 100 r/min for 2 h. The equilibrium
time of 2 h was determined by the preliminary experi-
ments. After equilibrium, the sample was centrifuged at
3000 r/min for 1 min and the supernatant was taken to
analyze the phosphate concentration.

The amount of phosphorus adsorbed per unit of
adsorbent was calculated by Eq. (1):

(C~Cy)-¥31

0= m-95

(1)

where Q is the phosphorus adsorption capacity of
Bauxsol (mg/g, as P), C; and Cyis the initial and final
phosphate concentration in solution (mg/L), respective-
ly, V is the solution volume (L), and m is the mass of
sorbent (g).

Phosphate solution was prepared by potassium
dihydrogen phosphate. Magnesium ion solution and
calcium ion solution were prepared by magnesium chlo-
ride hexahydrate and calcium chloride dihydrate, re-
spectively. All chemicals were of analytical grade
(Merck Co., Germany).

The adsorption temperature was controlled by a gy-
ratory water bath shaker (model G76, New Brunswick
Scientific Co. Inc., New Brunswick, USA). The equi-
librium pH of the phosphorus adsorption before and

after acid activation was measured with a multimeter
(model MultiLine P4, WTW, Germany). The chemical
composition was determined by X-ray fluorescence
spectrometer (S4 Explorer, Bruker, Germany). The spe-
cific surface areas of samples were obtained by nitrogen
gas sorption method (ASAP 2020V3.04H,
Micromeritics, USA). Samples were equilibrated with
liquid nitrogen for 10 s, followed by a degas evacuation
time of 10 min. Then samples were degassed at 200 °C
for 8 h at pressures between 0.005 and 0.2 atm (P/P,).
Phosphate concentration was determined via the spec-
trophotometric method DIN-EN-ISO-15681-1 with the
QuikChem 8500 flow injection analysis system (Lachat
Instruments Inc., USA). All experiments were conduct-
ed in triplicate, and the average values were used for
data analysis.

2.4 Experimental Design and Data Analysis for Acid
Activation of Bauxsol

2.4.1 RSM Modeling

The design and analysis of variables were evaluated
using Design-Expert V8.0 and MatLab 10.0. According
to the results from preliminary experiments with one-
factor-at-a-time method, three main factors for Bauxsol
activation were chosen: HCI concentration, temperature,
and time.

Box-Behnken design (BBD) was used to accurately
describe linear, quadratic, and interaction in the RSM
model. In comparison with the central composite design
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and the full-factorial design, BBD is more labor efficient
and does not contain combinations for which all factors
are simultaneously at their highest or lowest levels. So,
the BBD is useful in avoiding experiments performed
under extreme conditions (Ferreira et al. 2007). There-
fore, RSM with BBD was applied to optimize the three
factors in this study. The preliminary experiments with
one-factor-at-a-time method were done to determine a
narrower range of the three factors, and the experimental
design levels of chosen factors are given in Table 2.
The quadratic equation model for predicting the op-
timal operating factors can be expressed as Eq. (2):

k k
Y =05 +ZﬁiXi+ZﬁiiX?
=1 =1

k k
+ Y BXX e (2)
7

li<j

where Y is the predicted response, X, X;,...,X; are the
input variables, X,~2,ij, ..., X2 are the square effects, X:.X;,
X:X; and X,X; are the interaction effects, (3, is the inter-
cept, B(i=1,2,...,k) is the linear effect, 5,(i=1,2,...,k)
is the squared effect, 3;(i=1,2,...,kj=1,2,...,k) is the
interaction effect, and e is a random error (Turan et al.
2013).

2.4.2 ANN Modeling

Feed forward ANN was chosen because it is suitable for
modeling the relationship between input data and output
variable (Witek-Krowiak et al. 2014). The number of
hidden neurons in ANN modeling is important. Too
many neurons can extend the time necessary for training
the network, while too few neurons may not be suffi-
cient to train the network at all (Guo et al. 2014). In this
paper, the performance of ANN with varying number of

Table 2 Experimental levels of independent variables

Variables Levels
Low level (—1)  Medium  High level
level (0)  (+1)
HCI concentration 5.00 8.00 11.00
(mol/L)
Temperature (°C) 30.00 45.00 60.00
Time (h) 3.00 4.50 6.00

@ Springer

neurons (1-12) in the hidden layer was investigated and
the results demonstrated that five hidden neurons were
the best.

The selection of an appropriate learning method is
also an essential part for modeling with ANN, because
successful network training is associated with a contin-
uous improvement of the network by minimizing the
error function, which is performed by training algorithm
(Witek-Krowiak et al. 2014). The most widely used
neural network is back-propagation (BP), a descent
algorithm, which attempts to minimize the error at each
iteration (Turan et al. 2011).

Therefore, a three-layered feed-forward ANN trained
by the back-propagation algorithm was proposed in this
study (Fig. 1). The training parameters used in this
model are listed in Table 3.

In a dependent-independent variable modeling ap-
proach, it is necessary to assess the relative importance
of each independent variable in a model (Desai et al.
2008). In this study, the values of Pareto analysis (P) and
importance (/) were chosen to value the importance of
each independent factor in RSM and ANN models,
respectively. They were calculated by Egs. (3) and (4)
(Haaland 1989; Singh et al. 2009):

2
J (3)

>

> ABS(w)
(T ABs(w), )

where 7, is the number of hidden nodes, 7, is the
number of input variables, w; is the connection weight
from the ith input node to jth hidden node, and ABS
demotes the absolute value of the function.

The performance of RSM and ANN models was
determined based on the values of the root mean
squared error (RMSE), mean absolute percentage
error (MAPE), and coefficient of determination
(R?). They were calculated by Egs. (5), (6), and
(7) (Desai et al. 2008):

I; (4)

n 1/2
RMSE = (%Z (Vi_J’di)2> (5)
=1
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Input layer Hidden layer Output layer
‘ HCI concentration ©)
@)
’ Temperature ® Adsorption capacity
®
| Time ®

Fig. 1 Schematic representation of a (3—5-1) neural network (with three neurons in the input layer, five in the hidden layer, and one in the

output layer)

i=1 i
(Z :’:1 Vavai) (Vi_yi")) ’
(Z :-1:1 (ydi_ydi’)z (Vi‘%")) 2

where the symbol * represents the average of related
values, n is the number of points, y; is the predicted
value and y,; is the measured value.

R? =

(7)

3 Results and Discussion
3.1 Modeling with RSM

A BBD with a total of 17 experiments was employed for
RSM. Table 4 reports the experimental and predicted
values of the adsorption capacity of acid-activated
Bauxsol.

According to the results, the coefficients of
polynomial model were attained and expressed by

Eq. (8):

Y = 5025+ 16.12X,-3.90X, + 1.46X3-2.65X 1 X,—2.12X | X3—1.91X,X3—13.32X > -5.52X,-1.22X3*>  (8)

in which X is the HCI concentration, X5 is the temper-
ature, Xj is the time, and Y'is the phosphorus adsorption
capacity.

Coefficient of determination (R?) presents the quality
of polynomial model (Zarei et al. 2010). The predicted

Table 3 ANN training parameters

Parameter Value
Number of input nodes 3
Number of output nodes 1
Number of hidden neurons 5
Maximum number of epochs 300
Learning rate 0.01

Learning rule Back-propagation
Error goal 0.0001

R? considers all effects, and adjusted R* considers only
square effects and interaction effects between two input
variables. The predicted R and adjusted R in this study
was 0.9455 and 0.9867, respectively, indicating that
only 5.45 % of total variations could not be explained
by the model. “Adeq Precision” measures the ratio of
signal to noise, and a ratio greater than 4 is desirable.
The ratio was 31.84 in this study, indicating an adequate
signal. Therefore, RSM model could be used to navigate
the design space (Kuehl 2000).

Analysis of variance (ANOVA) for the response sur-
face quadratic model is shown in Table 5. The model
value of 132.59 implied that the RSM model was sig-
nificant. The p values are used to check the significance
of each of the coefficients. The p values less than 0.05
indicate that the RSM model terms are significant. In
this study, X;, Xo, X3, XiXo, X1.X5, X2, and Xo? were
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Table 4 BBD matrix and neural network training set

Run X, (mol/L) X, (°C) X; (h) Y (mg/g)
Uncoded Coded Uncoded Coded Uncoded Coded Measured Predicted

1 5.00 -1 45.00 0 6.00 1 22.23+0.34 23.01
2 8.00 0 45.00 0 4.50 0 50.07+0.11 50.19
3 8.00 0 45.00 0 4.50 0 48.27+0.25 50.19
4 5.00 -1 60.00 1 4.50 0 13.67+0.30 14.15
5 11.00 1 45.00 0 3.00 -1 53.43+0.08 52.44
6 11.00 1 60.00 1 4.50 0 40.90+0.40 41.18
7 8.00 0 60.00 1 6.00 1 40.46+0.09 39.18
8 8.00 0 45.00 0 4.50 0 51.90+0.26 50.19
9 8.00 0 60.00 1 3.00 -1 39.19+0.27 39.93
10 11.00 1 45.00 0 6.00 49.91+0.57 51.45
11 8.00 0 45.00 0 4.50 0 51.47+0.82 50.19
12 8.00 0 30.00 -1 3.00 -1 42.72+0.39 43.83
13 11.00 1 30.00 -1 4.50 0 54.47+0.27 54.29
14 5.00 -1 45.00 0 3.00 -1 17.26+0.83 15.95
15 5.00 -1 30.00 -1 4.50 0 16.62+0.31 16.38
16 8.00 0 30.00 -1 6.00 51.64+0.36 50.64
17 8.00 0 45.00 0 4.50 0 49.53+0.49 50.19

significant model terms. X; and X;> (p<0.0001) were
the most significant terms for the phosphorus adsorption
capacity.

In regard to the relative importance of each input
variable, the values of P showed that HCI concentration
(X)) (51.78 %) and X,? (35.36 %) had the greatest
effects on the phosphorus adsorption capacity.

Table 5 Analysis of variance (ANOVA) for the RSM model

Contour plots were obtained based on the effects of
two factors. Specifically, these plots showed how HCI
concentration, temperature, and time related to the phos-
phorus adsorption capacity of acid-activated Bauxsol.
Figure 2 shows the contour plots for the phosphorus
adsorption capacity of acid-activated Bauxsol as a func-
tion of HCI concentration and temperature for an

Factor Sum of squares df Mean square F value p value prob>F Remark
Model 3209.24 9 356.58 132.59 <0.0001 Significant
X 2077.65 1 2077.65 772.56 <0.0001

X 121.99 1 121.99 45.36 0.0003

X3 16.94 1 16.94 6.30 0.0404

X1 28.20 1 28.20 10.48 0.0143

XX 18.01 1 18.01 6.70 0.0361

XX 14.63 1 14.63 5.44 0.0524

X2 746.66 1 746.66 277.64 <0.0001

X2 128.23 1 128.23 47.68 0.0002

X2 6.31 1 6.31 235 0.1694

Residual 18.83 7 2.69

Cor. total 3228.07 16
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Fig. 2 Contour plots of response
surface for effect of HCI
concentration and temperature on
phosphorus adsorption capacity
of acid-activated Bauxsol
(time=4.50 h)

60.00

54.00

48.00

42.00

Temperature

36.00

activation time of 4.50 h. Clearly, the adsorption capac-
ity of acid-activated Bauxsol reached the highest when
HCI concentration was about 10.00 mol/L under all
conditions. On the other hand, temperature showed no
significant effect on the adsorption capacity.

Appropriate HCI concentration can enhance the pos-
itive charge on metal oxide surface of Bauxsol, as
shown in Egs. (9), (10), (11), (12), (13), (14), (15), and
(16):

Al,O3 4+ 6HCI = 2AICl; + 3H,0 (dissolution)
9)

Fe;03 + 6HCI = 2FeCl; + 3H,0  (dissolution)
(10)

AICl; + H,O-TAI(OH)" + H' +3CI"  (hydrolysis)
(11)
FeCl; + H,O0"F +¢(OH)™ + H' +3CI"  (hydrolysis)
(12)
R+ TAI(OH)" < R-AI(OH) " (polymerization)
(13)

R + "Fe(OH)"«> R—Fe(OH)"  (polymerization)
(14)

Adsorption capacity

6.00 7.00 8.00 9.00

10.00 11.00

HCI concentration
nR—AI(OH)" + L" «>nR—AIL" + nOH™  (adsorption)
(15)
nR—Fe(OH)" + L" «<>nR—FeL" +nOH  (adsorption)
(16)

where R is a surface, L" is a ligand (e.g., PO,
HPO,?>", H,PO, ), and R—AI(OH)" and R—
Fe(OH)" are surface species (Geng-Fuhrman et al.
2004b; Zhao et al. 2011).

With the increase of HCI1 concentration, the amount
of H' increased, which stimulated the formation of
AI(IIT) and Fe(III) ions through Egs. (9) and (10). The
more metal ions were extracted from Bauxsol, the more
hydrolysis reactions of Al(IIT) and Fe(IIl) ions would
occur, as shown in Egs. (11) and (12). The higher the
polymerization extent by hydrolyzing Al(III) and Fe(I1I)
was, the stronger charge-neutralizing and adsorption-
bridging capacity acid-activated Bauxsol presented; so
the acid-activated Bauxsol had better phosphorus ad-
sorption capacity (Egs. 13 and 14). The ligand-exchange
reactions occurred with the release of OH  ions (Egs. 15
and 16), so the equilibrium pH after phosphorus adsorp-
tion increased to 3.65 and 4.71 for Bauxsol before and
after acid activation, respectively, when the initial pH
was 3.32. Moreover, the acid-activated Bauxsol
displayed a larger BET surface area of 80.63 m*/g than
raw red mud (35.46 m?/g) and Bauxsol before acid
activation (40.67 m?/g), which is similar to that of

@ Springer
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Geng-Fuhrman et al. (2004b). The increased surface
area and consequent adsorption capacity might be at-
tributed to the generation of amorphous and semi-
amorphous materials of Fe and Al after the acid activa-
tion (Freire et al. 2012), because Fe and Al were the
main components of the raw red mud, and the Al con-
tent increased substantially after acid activation. How-
ever, if the HCI concentration was too high (more than
about 10.00 mol/L), the reactions shown in Egs. (11)
and (12) would be impelled to conduct reversely. As a
result, the formation of "AlI(OH)" and "Fe(OH)" would
decrease and the phosphorus adsorption capacity of
Bauxsol would decrease consequently.

Figure 3 illustrates the effect of HCI concentration
and time upon the phosphorus adsorption capacity of
acid-activated Bauxsol for an activation temperature of
45.00 °C. Similarly, the phosphorus adsorption capacity
of acid-activated Bauxsol increased with HCI concen-
tration increasing but was not impacted by the activation
time.

The phosphorus adsorption capacity of acid-
activated Bauxsol for HCI concentration of 8.00 mol/L
as a function of temperature and time is depicted in
Fig. 4. At first, the phosphorus adsorption capacity of
acid-activated Bauxsol increased with the temperature
and time increasing and then decreased. Specifically,
longer reaction time could enhance the reaction extent
between Bauxsol and HCI (Zhao et al. 2011), but it
would also decrease the stability of Bauxsol (Liu et al.
2007). Meanwhile, temperature influenced the particle

Fig. 3 Contour plots of response

surface for effect of HCI 6.00
concentration and time on

phosphorus adsorption capacity

of acid-activated Bauxsol 5.40
(temperature=45.00 °C)

4.80

Time

4.20

3.60

3.00
5.00

@ Springer

transport processes or particle collision rates because of
the viscosity change, and thus influenced the mixing
energy dissipated in water. With the temperature in-
creasing, the viscosity decreased, leading to rapid-
mixing conditions. Better mixing led to homogeneous
distribution of metal species, which accelerated the dis-
solution, hydrolysis, polymerization, and adsorption re-
actions. As a result, better phosphorus adsorption capac-
ity was achieved (Zhang and Pan 2005; Wei et al. 2009).
However, the stability of Bauxsol could also decrease
with increasing temperature.

A multiple response method in Design-Expert V8.0
was applied for the optimization of any combination of
HCI concentration, temperature, time, and phosphorus
adsorption capacity. The results showed that maximum
adsorption capacity of acid-activated Bauxsol was
55.72 mg/g with an HCI concentration of 10.20 mol/L,
temperature of 41.00 °C, and time of 5.60 h, which
increased by 10.53 and 6.62 times compared with the
raw red mud and Bauxsol before acid activation (4.83
and 7.31 mg/g), respectively.

3.2 Modeling with ANN

The selected ANN provided a best-fit model for the
training data (Table 3). The value of R* was 0.997, and
the value of RMSE was 0.715.

The values of 7 were chosen to value the importance
of each independent variable in ANN model. The results
showed that in the ANN model, all the input variables

Adsorption capacity

6.00 7.00 8.00 9.00
HCI concentration

10.00 11.00
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Fig. 4 Contour plots of response
surface for effect of temperature 6.00
and time on phosphorus
adsorption capacity of acid-
activated Bauxsol (HCI1

. 5.40
concentration=8.00 mol/L)

4.80

Time

4.20

3.60

3.00
30.00

participated significantly (>10 %). Specifically, HCI1
concentration was the most effective factor among all
variables (54.25 %). The importance of activation tem-
perature was higher than that of activation time, which
was consistent with the results from the RSM model.

3.3 Performance of RSM and ANN Models

In order to test the validity of results from RSM and
ANN models, experimental parameters according to the
design matrix given in Table 6 were used. Predicted
adsorption capacities and residuals for both approaches
were also shown in Table 6.

Comparison of RSM and ANN models statically, it
was evident that the RSM and ANN models provided
good quality predictions in this study. The R* of RSM
and ANN for the data in Table 5 were 0.939 and 0.999,
respectively. The RMSE by RSM and ANN were 3.647

Table 6 Validation set

Adsorption capacity

36.00 42.00 48.00

Temperature

54.00 60.00

and 0.390, and the values of MAPE were 6.895 and
1.037, respectively. However, these results also showed
that the ANN model had the superiority over RSM
model for estimation of phosphorus adsorption capabil-
ity of acid-activated Bauxsol.

4 Conclusion

In this study, the interactions of HCI concentration,
temperature, and time on the acid activation of Bauxsol
for phosphorus adsorption were investigated using RSM
and ANN. The results indicated that acid activation was
useful for improving the phosphorus adsorption capac-
ity of Bauxsol and the maximum adsorption capacity of
acid-activated Bauxsol was 55.72 mg/g (as P) with HCI
concentration of 10.20 mol/L, temperature of 41.00 °C,
and time of 5.60 h. The relative importance of HCI

Run  X; (mol/L) X,(°C) X;(h) Adsorption RSM ANN
capacity (mg/g)
Predicted (mg/g) Residual (mg/g) Predicted (mg/g) Residual (mg/g)

1 5.00 30.00 6.00 19.75+0.25 20.81 -1.06 20.11 -0.36
2 5.00 60.00 6.00 15.85+0.15 14.49 1.36 15.63 0.22
3 8.00 30.00 3.00 41.96+0.61 44.04 —2.08 42.72 —0.76
4 8.00 60.00 4.50 47.93+0.39 40.82 7.11 47.95 —-0.02
5 11.00 45.00 4.50 50.11+1.28 53.05 —2.94 50.17 —0.06
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concentration to RSM and ANN models were 51.78 and
54.25 %, respectively, which illustrated that HCI con-
centration had the greatest effect on the acid activation
of Bauxsol for phosphorus adsorption. RSM and ANN
methodologies were compared for their predictive capa-
bilities, and the results showed that both of them pro-
vided good-quality predictions with R*>0.93. However,
the ANN showed better prediction accuracy than RSM.
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