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ABSTRACT. The mesoporous graphene oxide-supported ferroferric oxide (Fe3O4/GO) nanocomposites (the average size of 30.08 nm) 

were controllably synthesized in the present study. The successful in situ growth of Fe3O4 nanoparticles on GO surface was ascribed to 

the oxygen-containing groups on GO. The magnetic separation was employed for Sb(III) removal from aqueous solutions and artificial 

intelligence techniques were adopted to reduce the number and cost of experiments, in order to render these nanocomposites of a practical 

value. The three methods, including response surface methodology (RSM), artificial neural network-genetic algorithm (ANN-GA) and 

artificial neural network-particle swarm optimization (ANN-PSO), were used to model and optimize the removal of Sb(III) from aqueous 

solutions. These three models were evaluated based on correlation coefficient (R2) and mean squared error (MSE). The higher R2 value 

and lower MSE of ANN-GA demonstrated the superiority of ANN-GA model over ANN-PSO and RSM models. Analysis of variance, 

gradient boosted regression trees (GBRT) and Garson method exhibited that contact time was the most influential variable for the Sb(III) 

removal. Fitting of isotherm data showed that the removal process was controlled by the monolayer adsorption on a homogeneous surface 

based on the values of R2, x2, sum of absolute errors (SAE) and average percentage errors (APE). The adsorption process followed the 

pseudo-second-order model, which was spontaneous and entropy-driven. It was observed that the adsorption process was accompanied 

with the redox reaction based on the XPS analysis. The regeneration experiments showed that the mesoporous Fe3O4/GO nanocomposites 

are an effective and reusable adsorbent within four regeneration cycles. 
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1. Introduction 

There has been a growing concern for the negative effect 

of antimony (Sb) on human health due to its increase in indus- 

trial and agricultural uses. Sb is a toxic heavy metal widely used 

in a variety of industrial products, such as fire retardants, batter- 

ies, cosmetics, cable covering, pigments, ceramics, and glass 

(Filella et al., 2007). Sb and its compounds have been listed as 

a priority pollutant by United States Environmental Protection 

Agency (US EPA) and European Union (EU) with the maximum 

permissible concentrations of 6 and 10 μg/L for Sb in drinking 

water, respectively (Shan et al., 2014). It has also been registered 

as a concern pollutant by the Environmental Protection Depart- 

ment of Japan with the maximum permissible value of 2 μg/L 

(Kappen et al., 2017). For both the standards of China and World 

Health Organization, the maximum permissible concentration of 

Sb is 5 μg/L in drinking water. High concentrations of Sb were 

detected in soils of shooting ranges, mining fields, and smelter 

industrial sites (Rakshit et al., 2011). 

China has the largest reserve and production capacity of 

antimony in the world. Xikuangshan is the main production area 

in Hunan province, which is called the World Antimony Capital 

(Guo et al., 2009). The Sb pollution in this region has caused 

a tremendous concern because the long-term mining activities 

have destroyed the ecological environment in this area. The Sb 

concentration around the mining area was reported ranging from 

100.60 to 5045.00 mg/kg in soil samples and over 7,000.00 μg/L 

in wastewater samples (Guo et al., 2009). Sb predominately ex- 

ists in inorganic forms of Sb(III) and Sb(V) in the natural envi- 

ronment. However, the toxicity of Sb(III) is considered 10.00 

times greater than that of Sb(V) (Krachler et al, 2001). Therefore, 

it is necessary to develop feasible and eco-friendly means to 

eliminates Sb(III) from rivers and streams. 

Different materials such as bentonite (Xi et al., 2011), di- 

atomite (Sarı et al., 2010), activated carbon (Navarro et al., 

2002), and iron-based materials (Watkins et al., 2006) have 

previously been employed to remove Sb(III) from wastewater. 

Since iron-based materials were strongly magnetic, they have 
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been considered as an effective and facile method for separating 

magnetic particles from solid-liquid mixtures (Qi et al. 2015). In 

general, magnetic nanocomposites are usually of high sorption 

efficiency, sorption capacity, and selectivity for radionuclides 

and heavy metal ions. Previous studies have reported that the 

synthesized Fe3O4 nanoparticles as a promising absorbent have 

been used for heavy metals elimination from wastewater due to 

their large specific surface area, extremely the small particle size 

(Satyabrata et al., 2004; Shen et al., 2009; Cao et al., 2017). How- 

ever, there are still some technical problems in practical applica- 

tions for Fe3O4 nanoparticles (e.g., agglomeration, poor stability, 

shortage of durability and mechanical strength), which limit their 

use in other areas (Cao et al., 2017). 

Graphene consists of extraordinarily hexagonal sp2 carbon 

network with a two-dimensional honeycomb lattice structure and 

possesses many superb characteristics such as high thermal con- 

ductivity, large surface area, and remarkably optical, electrical 

and mechanical properties (Chung et al., 2013; Chang et al., 

2014). Generally, graphene is easily exfoliated and oxidized 

by strong oxidants leading to the formation of graphene oxide 

(GO). Due to the huge specific surface area (2,630 m2/g), GO has 

been widely applied in water treatment (Li et al., 2014). The pre- 

pared graphene oxide-supported ferroferric oxide (Fe3O4/GO) 

nanocomposites for effective pollutants removal have demon- 

strated a strong affinity and reversibility for a range of pollutants 

(Jiao et al., 2015). Fe3O4/GO nanocomposites have attracted a 

tremendous attention among researchers and widely applied in 

many areas, e.g., immobilization of bioactive substances, energy 

storage, and environmental remediation (Namvari and Namazi, 

2014; Guo et al., 2015; Thirugnanasambandham and Sivakumar, 

2015). Considering its superior characteristics, especially conve- 

nient separation with an external magnetic fields, Fe3O4/GO 

nanocomposites are regarded as a potential adsorbent for the 

removal of organic/inorganic contaminants, heavy metal ions 

and radionuclides from the large volumes of aqueous solutions. 

Yang et al. (2017) examined Sb(III) removal by Fe3O4/GO 

nanocomposites and found that the specific magnetism was up to 

87.3 emu/g and the maximum adsorption capacity was 9.59 mg/g 

at pH = 3.0 ~ 9.0. However, this study did not involve the size 

and pore of Fe3O4 nanoparticles and optimize the process of the 

removal of Sb(III) from aqueous solutions. 

Response surface methodology is a collection of mathemat- 

ical and statistical techniques based on the fit of a polynomial 

equation to the experimental data, which can describe the be- 

havior of a data set with the objective of making statistical pro- 

visions (Hanrahan et al., 2007; Zhang et al., 2010; Chaves et al., 

2015). It can be well applied when a response or a set of responses 

of interest are influenced by several variables (Kirmizakis et al., 

2014; Thirugnanasambandham and Sivakumar, 2015). The ob- 

jective is to simultaneously optimize the levels of these vari- 

ables to attain the best system performance. AI has recently 

gained an enormous development because it has been widely 

applied in various fields, e.g., big data, human-computer games, 

robotics, image understanding, automatic programming, au- 

tonomous driving, pattern recognition, and intelligent internet 

search (Ogiela and Tadeusiewicz, 2003; Pedrycz et al., 2015). 

Artificial neural network (ANN), one of the AI primary tools, 

was biologically inspired computer program to simulate the means 

in which the human brain processes information (Zhang and Pan, 

2014). Genetic algorithm (GA) is a randomized parallel search 

algorithm based on the evolutionary principles and chromoso-

mal processing in natural genetics, which has been applied to 

optimization problems (Karimi and Ghaedi, 2014). ANN com-

bined with GA has been successfully used to model and opti-

mize the removal processes for pollutants from wastewater, viz., 

dyes, heavy metals, and phosphate (Fan et al., 2017, 2018; Ruan 

et al., 2018). There are some characteristics (e.g., reliability, ro-

bustness, and salient topological features) in capturing the non-

linear relationships of variables in complex systems (Abdollahi 

et al., 2013). In addition, particle swarm optimization (PSO) in-

spired by social behavior of bird flocking or fish schooling. The 

system is initialized with a population of random solutions and 

searches for optima by updating velocity and position (Toush-

malani, 2013). ANN-PSO also has been employed to model 

and optimize the processes of removing pollutants from aque-

ous solutions. 

Hitherto, the previous studies have reported that several 

nanomaterials were used to remove pollutants from the environ- 

ment (Chen et al., 2014a, 2014b; Cao et al., 2017; Fan et al., 

2017; Ruan et al., 2018). However, some of these studies dis-

cussed only from the perspective of engineering applications 

(Cheng et al., 2018; Dong et al., 2018; Maamoun et al., 2020), 

while the others made investigation merely into the mechanism 

(Behnam et al., 2019; Chen et al., 2019; Zhou et al., 2019). The 

preliminary mechanism and cost reduction should be taken into 

account simultaneously in these studies. Hence, the objective of 

the present study was to controllably synthesize the Fe3O4/GO 

nanocomposites by coprecipitation method and characterize them 

using X-ray diffraction (XRD), scanning electron microscopy 

(SEM), X-ray photoelectron spectroscopy (XPS), transmission 

electron microscope (TEM), and supercon-ducting quantum in-

terfereence device (SQUID). In the present study, the AI (ANN-

GA, ANN-PSO) and RSM models were developed to optimize 

the removal of Sb(III) from water solutions using the Fe3O4/GO 

nanocomposites by considering different operational parame-

ters, i.e., operating temperature, initial pH, contact time and ini-

tial Sb (III) concentration. First, the Fe3O4/GO nanocomposites 

were controllably synthesized by coprecipitation method and 

characterized using X-ray diffraction (XRD), scanning electron 

microscopy (SEM), X-ray photoelectron spectroscopy (XPS), 

transmission electron microscope (TEM), and superconducting 

quantum interference device (SQUID). The adsorption/desorp-

tion isotherms and BJH pore-size distribution curves were uti-

lized to identify the mesoporous structures of the Fe3O4/GO 

nanocomposites. Then, batch experiments were designed accord-

ing to 4-factor-3-level of Box-Behnken design (BBD) model of 

RSM. The RSM and AI (ANN-GA, ANN-PSO) models were 

developed to optimize the removal of Sb(III) from aqueous so-

lutions using the Fe3O4/GO nanocomposites by considering dif-

ferent operational parameters, i.e., operating temperature, ini-

tial pH, contact time, and initial Sb(III) concentration. Feed for-

ward back-propagation artificial neural networks (BP-ANN) was 

trained by the data set obtained from RSM, and the trained mod-

el was used for predicting the maximum removal efficiency of 
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Sb(III). Analysis of variance, gradient boosted regression trees 

(GBRT) and Garson methods were used to explore the impor-

tance of the factors. Finally, the Langmuir, Freundlich and Temkin 

models were utilized for analysis of the adsorption equilibrium, 

and the better model was selected by comparing the R2 value, 

Chi-square test (χ2), the sum of absolute errors (SAE) and aver-

age percentage errors (APE). Kinetic (pseudo-first-order, pseudo-

second-order, and intraparticle diffusion) and thermos-dynamic 

studies (Van’t Hoff equation) were carried out to reveal the po-

tential mechanisms of adsorption process. In addition, the ef-

fecttiveness and reusability of Fe3O4/GO nanocom-posites were 

evaluated by the regeneration experiments. 

2. Materials and Methods 

2.1. Materials 

All chemicals (i.e., K(SbO)C4H4O61/2, FeCl36H2O, 

FeCl24H2O, NaOH, and HCl) used in this study were of ana- 

lytical grade, and all solutions were prepared using deionized 

water. The graphite powder (the size of particle < 30 μm, purity 

˃ 99.85%) was purchased from Sinopharm Chemical Reagent. 

The Sb(III) stock solution (1,000 mg/L) was prepared by dissolv- 

ing an amount of KSbC4H4O7 in deionized water. 

 

2.2. Preparation of the GO and Fe3O4/GO Nanocomposites 

GO was synthesized using the modified Hummers method 

in the present work (Vimlesh et al., 2010). Fe3O4/GO nanocom- 

posites were prepared by coprecipitation method (Cao et al., 

2017). The successful in situ growth of Fe3O4 nanoparticles on 

GO surface during the synthetic process of Fe3O4/GO nanocom- 

posites was ascribed to the oxygen-containing groups of GO 

(Yang et al., 2017). The as-synthesized composites in this study 

do not only have the excellent adsorption properties of GO, but 

also possess the superparamagnetism of Fe3O4 nanoparticles. 

Therefore, the proportion of Fe3O4 to GO was optimized during 

the preparation of composites to take advantage of the strong ad- 

sorption properties of GO and the magnetism of Fe3O4. 

GO (300 mg) was dispersed into deionized water (100 mL) 

by ultrasonication for 1 h. 10 mL solution of FeCl36H2O (2.7030 

g) and FeCl24H2O (1.9881 g) in deionized water was added to 

the GO suspension at room temperature and the process was 

purged with N2 for 30 min. Then the temperature was raised to 

85 ℃ and a 30% ammonia solution was added to pH = 10.0. 

After being rapidly stirred for 1h, the suspension was cooled to 

room temperature. The resulted black precipitate was centrifuged 

at 4,500 rpm for 10 min and washed three times with deionized 

water and finally dried in a vacuum oven at 60 ℃ for overnight 

to yield the Fe3O4/GO nanocomposites. 

 

2.3. Characterization of As-Prepared Fe3O4/GO 

Nanocomposites 

The Fe3O4/GO nanocomposites were examined on an XRD 

instrument for phase identification using the LynxEye array de- 

tector with a Cu-Kα X-ray source (generator tension = 40 kV, 

current = 40 mA, Bruker Corporation, Karlsruhe, Germany). The 

morphology was examined using TEM images (TecnaiG2 F20, 

FEI Co., Ltd., Hillsboro, OR, USA). XPS measurements were 

recorded on an ESCALAB 250Xi spectrometer using monochro- 

matized Al-Kα radiation (hν = 1,486.6 eV), all binding energies 

were calibrated by using the contaminant carbon (C1S = 284.8 

eV) as a reference (Thermo Electron Corporation, Waltham, MA, 

USA). FTIR measurement used a Nicolet 6700 spectrometer 

(Nicolet Instrument Corporation, Madison, WI, USA). Magneti- 

zation measurements were carried out using a SQUID magne- 

tometer (MPMS XL-7, Quantum Design, Inc., San Diego, CA, 

USA) under applied magnetic field at room temperature. Brun- 

ner-Emmet-Teller (BET) surface areas of the Fe3O4/rGO com- 

posites were obtained from N2 adsorption isotherms at 77 K with 

a micromeritics 3 Flex surface characterization analyzer (outgass 

time: 3.0 h, outgass temperature: 300.0 °C, Micromeritics In- 

strument Corporation, Norcross, GA, USA). 

 

2.4. Adsorption Experiments 

1,000 mg/L of Sb(III) stock solution was diluted into 30, 50, 

and 70 mg/L using deionized water, respectively. 30 mg of 

Fe3O4/GO nanocomposites was added in 50 mL of Sb(III) solu- 

tion (30, 50, and 70 mg/L). At the same time, the initial pH of 

mixture was adjusted to the expected value by using 0.1 mol/L 

HCl or 0.1 mol/L NaOH. The mixture was shaken in a vibrator 

(HZQ-F160, HDL) at 200 rpm. Finally, the Fe3O4/GO nanocom- 

posites were separated from the mixture by magnet after the end 

of reaction. The factors including initial Sb(III) concentration, 

initial pH, contact time, and operating temperature on the re- 

moval efficiency of Sb(III) were investigated using the batch 

adsorption experiments (single factor experiments). The Sb(III) 

concentration for the sample solutions was determined using an 

inductively coupled plasma optical emission spectrometry (opti- 

ma 5,300 V). The 20% experiments (the replication experiments) 

were randomly selected in all experiments and the average val- 

ues of results were used for data analysis. The removal rate of 

Sb(III) from the sample solution was calculated from Equation (1): 

 

0

0

(   )  100
  

− 
= tC C

P
C

 (1) 

 
where P is the removal rate of Sb(III), Ct is the concentration 

of Sb(III) after removal and C0 is the initial Sb(III) concentra- 

tion (mg/L). The removal capacity (qe) of Sb(III) from the sample 

solution was calculated using the following Equation (2): 

 

0(   )  
  

− 
= t

e

C C v
q

m
 (2) 

 

where qe is the removal capacity of Sb(III) from the sample so- 

lution (mg/g), v is the volume of the solution used (mL), and m 

is the quality of Fe3O4/GO nanocomposites used (mg). 

 

2.5. RSM Used for Experimental Design 

The experimental design mainly referred to the previous 

studies and the levels of different factors in removal process were 
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determined by single factor experiments (Table S1). According 

to BBD, each independent variable is set at one of three equally 

spaced values, usually coded as −1, 0, and +1. For contact time, 

50, 60, and 70 min were selected as minimum “−1”, middle “0”, 

and maximum “+1”, respectively. The suitable levels of contact 

time and initial Sb(III) concentration should be determined in the 

single factor experiments. The adsorption of Sb(III) onto the 

Fe3O4/GO was examined at different initial Sb(III) concentra- 

tions ranging from 1 to 70 mg/L with a pH of 7, a contact time 

of 60 min and a temperature of 25 ℃. It was found that the 

Sb(III) removal efficiency was decreased with the higher initial 

Sb(III) concentration and reached 82.79% at 50 mg/L with the 

other conditions being equal. According to BBD, 50 mg/L was 

set as the centre point, and 30 and 70 mg/L were considered as 

the lower and upper limits, respectively, since a range of concen- 

tration effected on removal efficiency should be observed. Effect 

of different contact times (2 ~ 100 min) on Sb(III) adsorption was 

investigated with a temperature of 25 ℃, a pH of 7 and an initial 

Sb(III) concentration of 30 mg/L. It was demonstrated that the 

Sb(III) removal efficiency was raised with the longer reaction 

time and attained with 80.12% under a contact time of 50 min 

with the other conditions being equal. The Sb(III) removal effi- 

ciency reached more than 80% under a contact time of Fe3O4/GO 

(50 ~ 60 min) and an initial Sb(III) concentration of Fe3O4/GO 

(30 ~ 50 mg/L) at a pH of 7 at a temperature of 25 ℃. 

 

2.6. ANN-GA and ANN-PSO Used for Optimizing 

Parameters 

The methods of ANN-GA and ANN-PSO were described 

in our previously published study (Cao et al., 2017). In this study, 

a slight revision was made on these methods, and the flow charts 

of ANN-GA and ANN-PSO are shown in Figures S1 and S2, re- 

spectively (Chen et al., 2017; Wang et al., 2017). 

 

2.7. Adsorption Equilibrium Study 

The Langmuir, Freundlich and Temkin adsorption models 

were employed to study the mechanism and properties of 

Fe3O4/GO nanocomposites for the Sb(III) removal from aqueous 

solutions. The specify equations and descriptions can be found 

in supplementary data of this studies (Table S2). 

 

 
 

Figure 1. XRD pattern of Fe3O4/GO. 

2.8. Sensitivity Analysis 

Sensitivity analysis was carried out to explore the connec- 

tion weights of the trained ANN, which referred to our published 

study (Cao et al., 2017). GBRT, also as an AI tool, is a flexible 

non-parametric statistical learning technique for classification 

and regression, revealing the feature importance via heuristic al- 

gorithm (Persson et al., 2017). 

3. Results and Discussion 

3.1. Characterization of the Fe3O4/GO Composites 

3.1.1. XRD and TEM 

The morphology and structure of the nanocomposites were 

analyzed by XRD and TEM. As shown in the Figure 1, the XRD 

pattern of GO shows that the peak at 10.9° is due to the (002) 

crystalline plane of GO. It is displayed that seven distinct diffrac- 

tion peaks of full width at half maximum are identified for 2θ at 

30.1, 35.4, 43.1, 53.2, 56.0, 62.7, and 74.0 degree, respectively. 

These diffraction peaks correspond to the crystalline plane of 

Fe3O4 are (220), (311), (400), (422), (333), (440), and (533), 

respectively. In Figure 2, the TEM image of the Fe3O4/GO 

nanocomposites shows that the nanocomposites were well-

dispersed on the surface of the GO. It is demonstrated that 

Fe3O4 was successfully supported on the GO. In addition, 

Fe3O4/GO nanocomposites were successfully prepared because 

the formed coordination compounds (Fe3+ and Fe2+ in solution 

reacted with the carboxyl functional groups of GO) were easily 

deposited on the GO sheets under alkaline condition. The fol-

lowing reaction mechanism of Fe3O4 supported on the GO in 

alkaline solution (Teo et al., 2012; Yang et al., 2017) was pre-

viously confirmed: 
 

2 32Fe GO 2Fe rGO+ ++ → +  (3) 

 
2 3

3 4 2Fe Fe 8OH Fe O 4H O+ + −+ + → +  (4) 

 
2

3 4 23Fe GO(OH ) Fe O 4H O rGO+ −+ → + +  (5) 

 

 
 

Figure 2. TEM image of Fe3O4/GO. 
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3.1.2. SEM and FT-IR 

The Fe3O4 nanoparticles are uniformly distributed on the 

GO as shown in SEM image (Figure 3). According to our sta- 

tistical analysis, the maximum, minimum, and average sizes of 

Fe3O4 nanoparticles were 57.88, 13.24, and 30.04 nm, respec- 

tively. The detailed information concerning the size distribution 

of Fe3O4/GO is illustrated in Table S3 and Figure S3. Cao et al. 

(2017) reported that the average size of Fe3O4 nanoparticles 

of Fe3O4/rGO composites were 300 nm using hydro-thermal 

method. Zhu et al. (2017) found that the size distribution of Fe3O4 

particles was 250 ~ 350 nm also by hydro-thermal method. It was 

proven that the average size of prepared Fe3O4 particles using 

coprecipitation method in this study was far smaller than that of 

Fe3O4 particles made by hydro-thermal method. Zong et al. 

(2013) indicated that the average size of Fe3O4 particles was 20 

nm using the coprecipitation method. Therefore, the Fe 3O4 

nanoparticles were controllably synthesized in this study. Amines 

are typically used as cosurfactant, which can lead to iron oxide 

nanoparticles obtained with a narrow size and strong magnetism. 

This was the reason why Fe3O4 particles possess a small size in 

this work. Additionally, the oxygen vacancy may be the main 

reason for causing the difference between varied morphologies. 

 

 
 

Figure 3. SEM image of the Fe3O4/GO. 

 

The characteristic absorption peaks for Fe−O bond appeared 

at 570 and 468 cm−1 in FT-IR spectrum of the Fe3O4/GO nanocom-

posites (Figure 4). The characteristic absorption peaks at 3,438, 

1,633, and 1,120 cm−1 were related to the vibration absorption 

peak of −OH, C=O in carboxyl and C−O−C, respectively. It was 

thus confirmed that a great number of oxygen-containing groups 

exist on the surface of the GO and Fe3O4. 

 

3.1.3. Superconducting Quantum Interference Device 

The hysteresis loop of the Fe3O4/GO nanocomposites is 

shown in Figure 5. The materials can be facilely separated in 

solid-liquid phase by a magnet owing to the strong magnetism 

of the materials up to 67.1 emu/g. The Fe3O4/GO nanocomposites 

belong to soft magnetism since the surplus magnetic strength and 

magnetic coercive force were approximately of zero value. The 

hysteresis loop of Fe3O4/GO is close to “S”, demonstrating its 

superparamagnetism. 

 

 
 

Figure 4. FTIR spectrum of the Fe3O4/GO. 

 

 
 

Figure 5. Magnetization hysteresis loop of the Fe3O4/GO 

nanocomposites at room temperature. 
 

3.1.4. Pore Size Studies 

The isotherms of Fe3O4/GO nanocomposites illustrate a type 

of IV curve, which represents the mesopore (Figure 6a). A loop 

at relative pressure between 0.43 and 0.99 is observed, indicating 

the pore size distribution in the mesoporous region. The BET 

specific surface area of the Fe3O4/GO nanocomposites was 

160.25 m2/g. Further, the pore size distribution curves in Figure 

6b show that Fe3O4/GO nanocomposites possess one kind of 

mesopores with the size centered at 3.65 nm. The process of 

mesoporous materials prepared was affected by some factors, 

e.g., surfactants, inorganic species, concentration, pH, contact 

time and temperature (Alothman, 2012). The mesoporous mate- 

rials have some features, e.g., uniform pore size ranging from 2 

to 50 nm and high specific surface area, which were widely em- 

ployed in energy conversion and storage, biomedicine and envi- 

ronmental remediation. In the preparation process, inorganic 

species interact with surfactants driven by coulomb force, cova- 

lent bond or hydrogen bonding.
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Figure 6. (a) Adsorption/desorption isotherms of the Fe3O4/GO nanocomposites and (b) BJH pore-size distribution curves of the 

Fe3O4/GO nanocomposites. 

 

3.2. RSM Modeling and Prediction 

The experimental design matrix and the response using 

BBD are shown in Table S4. Final equation in terms of coded 

factors for response is given below (Equation (6)): 

 

  62.85  30.36   0.71   0.51   0.30F A B C D= + − − −   

          0.09   0.22   0.13   0.12AB AC AD BC− + + +  
3 3 2          6.74  10   3.73  10   2.43BD CD A− −−  −  −  

2 2 3 2          8.63   0.06   2.98  10B C D−− − −   (6) 

 

The predicted values of the response were calculated using 

the above mentioned equation. The positive and negative sym- 

bols of the coefficients in this equation represent a synergistic 

effect and an antagonistic effect, respectively. From the equa- 

tion, the constant is 62.85, which was not affected by any factor 

or interaction of the factors. It was shown that the linear terms 

(B, C, and D), the interactional term (AB) and the second-order 

terms (A2, B2, C2, and D2) have a negative effect on the response. 

In contrast, the linear term (A) and the interactional terms (AB, 

AC, and AD) illustrated a positive influence on the response. 

This means that there would be an increase in the efficiency of 

Sb(III) removal with an increase in the value of these parameters. 

The analysis of variance (ANOVA) for Sb(III) removal of 

aqueous solutions based on BBD gives the F-value, p-value, 

coefficient of determination (R2) and the corresponding results 

(Table 1), which are used to verify the fitness and significance 

of the model. Since the p-value (0.0024) is less than 0.0500 and 

the “lack of fit” (0.1053) is not significant, the model is consid- 

ered to be significant. The R2 value of the model was 0.8334, 

and this means that the model has a high significance. The signal 

to noise ratio was tested by the “adequate precision”, and the 

value greater than or equal to 4 should be satisfied. Obviously, 

the value of signal to noise ratio was greater than 4 in this study, 

which satisfies the model requirements. In addition, a lower val- 

ue of the coefficient of variation (CV = 6.17%) demonstrates a 

good precision and reliability for the model. The optimum 

predicted for the maximum removal of Sb(III) by Fe3O4/GO 

nanocomposites was approximately 90.12%, and the corre- 

sponding optimal parameters of removal process are as follows: 

Temperature = 30.00 ℃, contact time = 70.00 min, initial pH = 

7.06, and initial Sb(III) concentration = 30 mg/L. 

From Figure S4, most of the data points were distributed 

near the straight line, demonstrating an excellent relationship 

between the experimental and predicted values of the response. 

In addition, the interaction effect of process variables on re- 

sponse is further demonstrated by contour and 3D response sur- 

face plots (Figure 7) for the removal of Sb(III) by Fe3O4/GO 

nanocomposites. 
 

3.3. ANN Modeling and Prediction 

In general, if the R2 value is larger and MSE is lower, the 

optimal model is better. A data set of 29 rows were employed to 

develop the ANN structure and the ANN training was estimated 

by the gradient descent method. The coefficient of determination 

of the developed ANN model for the Sb(III) removal by the 

Fe3O4/GO nanaocomposites was approximately 0.9939 (Figure 

S5). The epoch was set as 2,000, the learning rate was designed 

at 0.1, the goal was set as 1e−5, and momentum factor was set as 

0.9. As demonstrated in Figure S6, the ANN training was stopped 

after the epoch reached 573 with the lowest MSE (1e−3.21). The 

different numbers of neurons (1 ~ 10) in hidden layer were em- 

ployed to determine the best structure of ANN model for Sb(III) 

removal from aqueous solutions based on the maximum R2 value 

and the lowest MSE value in the present study (Table S5). The 

larger number of hidden layer neurons is good for training, yet it 

is not conducive to model performance because they may cause 

the over-fitting of trained network. The phenomenon of the net-

work generalization disability would happen under a large num-

ber of hidden layer nodes. The hidden layer with 3 neurons is the 

most suitable architecture for the Sb(III) removal process (Fig-

ures S7 and S8). 

ANN-GA was employed to obtain the global optimum by 

fast search in the whole solution space. The values of the oper- 

ating parameters for GA were set to be: population size = 20, 

crossover probability = 0.8 and mutation probability = 0.01. The 

GA was done for 100 generations to achieve the maximum re- 

moval efficiency by optimizing the four factors. The predicted 
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Table 1. ANOVA for Response Surface Quadratic Model 

Source Sum of squares Degree of freedom Mean square F value p value  

Model 1,540.03 14 110.00 5.00 0.0024 significant 

A 0.89 1 0.89 0.04 0.8436  

B 39.77 1 39.77 1.81 0.2000  

C 1.59 1 1.59 0.07 0.7918  

D 1.47 1 1.47 0.07 0.8000  

AB 13.14 1 13.14 0.60 0.4523  

AC 18.75 1 18.75 0.85 0.3714  

AD 112.68 1 112.68 5.13 0.0400  

BC 138.77 1 138.77 6.31 0.0249  

BD 7.26 1 7.26 0.33 0.5746  

CD 0.56 1 0.56 0.03 0.8760  

A2 613.8 1 613.80 27.92 0.0001  

B2 4.83 1 4.83 0.22 0.6466  

C2 15.66 1 15.66 0.71 0.4128  

D2 9.21 1 9.21 0.42 0.5280  

Residual 307.79 14 21.99    

Lack of fit 278.43 10 27.84 3.79 0.1053 not significant 

Pure error 29.36 4 7.34    

Corrected total 1,847.83 28     

Note: R2 = 0.8334, Adj. R2 = 0.6669, Adequate Precision = 9.032 and CV = 6.17% 

 

 
 

Figure 7. (a) Contour and (b) 3-D surface plots for interactive effect of contact time and initial pH; (c) contour and (d) 3-D 

surface plots for interactive effect of temperature and initial pH; (e) contour and (f) 3-D surface plots for interactive effect of 

initial Sb(III) concentration and initial pH; (g) contour and (h) 3-D surface plots for interactive effect of temperature and contact 

time; (i) contour and (j) 3-D surface plots for interactive effect of initial Sb(III) concentration and contact time; (k) contour and (l) 

3-D surface plots for interactive effect of initial Sb(III) concentration and temperature on the removal of the Sb(III). 
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maximum removal efficiency of Sb(III) by Fe3O4/GO nanocom- 

posites was approximately 94.75% under the following condi- 

tions: temperature = 24.96 ℃, initial pH = 5.83, initial Sb(III) 

concentration = 39.69 mg/L and contact time = 64.92 min  

(Figure 8). The removal efficiency for the confirmatory experi- 

ment was 92.41%, and the absolute error was 2.34% compared 

with the predictive value. It is thus shown that the model is 

reliable for predicting the Sb(III) removal using the Fe3O4/GO 

nanocomposites. 

 

 
 

Figure 8. Evolvement of fitness with 100 generations. 

 

 
 

Figure 9. The maximum removal efficiency against iterations. 

 
A hybrid ANN-PSO model was also employed to predict 

maximum removal of Sb(III) from aqueous solutions in this 

study. The swarm size, maximum iteration, c1, c2, minimum in- 

ertia weight and maximum inertia weight were 20, 50, 2, 2, 0.3, 

and 0.9, respectively. Optimal conditions were selected after 

the evaluation of ANN-PSO for approximately 10 iterations to 

achieve the maximum removal efficiency of Sb(III) (Figure 9). 

The predicted maximum removal efficiency of Sb(III) from 

aqueous solutions using ANN-PSO is 89.72% under the follow- 

ing conditions: temperature = 22.14 ℃, initial pH = 8.06, initial 

Sb(III) concentration = 53.89 mg/L and contact time = 56.04 

min. The removal efficiency for the confirmatory experiments 

was 85.16%, and the absolute error was 4.52% in comparison 

with the predicted value. 

3.4. Comparison of Different Models 

The different models, i.e., RSM, ANN-GA, and ANN-PSO 

models, for Sb(III) removal from aqueous solutions by Fe3O4/GO 

nanocomposites were compared to obtain the best one. Firstly, 

the R2 value of the ANN model is obviously higher than that of 

RSM model (Table 2). Then, the MSE value of ANN-GA mod- 

el is less than that of the ANN-PSO and RSM models. This 

means that the ANN-GA model was a suitable model for predict- 

ing the Sb(III) removal from aqueous solutions by Fe3O4/GO 

nanocomposites. 

 

Table 2. The Optimized Process Parameters for Sb(III) 

Removal by Fe3O4/GO Nanocomposites Using Different 

Approaches 

Process parameters Optimization 

ANN-GA ANN-PSO RSM 

Operating temperature 

(°C) 

24.96 22.14 30 

Initial pH 5.83 6.78 7.06 

Initial Sb(III) 

concentration (mg/L) 

39.69  30  30 

Contact time (min) 64.92  60.00  70 

Removal efficiency of 

model (%) 

94.75% 89.72% 90.12% 

Experimental 

verification values (%) 

92.41% 85.16% 86.22% 

Average values of 

absolute errors (%) 

2.34% 4.56% 3.90% 

R2 0.9949 0.8334 

MSE 0.0028 0.03176 

 

RSM is a statistical method that uses reasonable experi- 

mental design method and gets certain data through experiments, 

uses multiple quadratic regression equation to fit the functional 

relationship between factors and response values, and seeks the 

optimal process parameters through the analysis of regression 

equation to solve multivariable problems (Kola et al., 2017). 

However, RSM is prone to fall into a local optimum. ANN has 

slow convergence speed and also easy to fall into local optimum 

(Wong et al., 2006). PSO has the ability of expanding search 

space and fast convergence speed, which also falls into a local 

optimum for complex problems because of the lack of local 

search (Pratiwi et al., 2011). GA has good global searching abil- 

ity, which can search all the solutions in the solution space quick- 

ly without falling into the trap of fast descent of the local opti- 

mal solution (Das et al., 2013). Moreover, the distributed com- 

puting can be carried out conveniently and the solving speed can 

be accelerated by using its inherent parallelism. However, the 

local search ability of genetic algorithm is poor, which makes 

the simple genetic algorithm time-consuming and inefficient in 

the later evolution stage. Therefore, ANN-GA has the character- 

istics of full optimum search and fast search. Particles in PSO 

share information only by searching for the best point at present. 

In fact, it is a single-item information sharing mechanism. In GA, 

chromosomes share information with each other, which makes 

the whole population move to the optimal region. In addition, 

GA can be used to study three aspects of ANN (network connec- 
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tion weight, network structure, and learning algorithm). The ad- 

vantage is that GA can deal with several problems, i.e., non-

differentiable node transfer function or no gradient information. 

Hence, compared with the RSM and ANN-PSO model, the 

ANN-GA model was a more suitable model in this study. 

 

 
 

Figure 10. Feature importance for GBRT. 
 

Table 3. Comparison among F Value, GBRT and Garson 

Methods of Factors Importance 

 GBRT F test Garson 

Factors Relative 

influence 

(%) 

Order F 

value 

Order Relative 

important 

(%) 

Order 

Contact time 48.74 1 1.18 1 36.69 1 

pH 26.72 2 0.04 4 31.27 2 

Temperature 13.70 3 0.072 2 25.31 4 

Initial 

concentration 

10.84 4 0.067 3 6.73 3 

 

Feature interpretation is one of the advantages of GBRT 

models. It is possible to rank features according to their contri- 

bution to the model performance. Features frequently used for 

splitting branches of the regression trees causing a reduction in 

training error are ranked better than features not being used for 

splitting (Persson et al, 2017). By tracking the splits and the as- 

sociated reduction in training error during the model fit, the fea- 

tures can be ranked according to their importance in the model. 

As shown in Figure 10, the features are sorted such that the most 

important feature appears on top of the bar plots. F value, GBRT 

and Garson method all demonstrates that contact time is the most 

influential variable for Sb(III) removal (Table 3). 

 

3.5. Adsorption Equilibrium Study 

The equilibrium data were fitted to Langmuir, Freundlich 

and Temkin isotherms and the results for their parameters are 

shown in Table 4 and Figure S9. In this study, the best suitable 

isotherm model for Sb(III) removal from aqueous solutions by 

the nanocomposites was the linear-Langmuir isotherm model 

due to the higher value of R2 and lower value of x2, SAE and 

APE than those of Freundlich and Temkin isotherm models. 

Therefore, the adsorption process was controlled by the mono- 

layer adsorption on a homogeneous surface. In addition, the RL 

values calculated for Langmuir isotherm is exhibited in Table 

S6, which lie in the range of 0.0254 ~ 0.5659. It was suggested 

that the adsorption of Sb(III) onto the Fe3O4/GO nanocomposites 

is a favorable adsorption. Further, lower RL values at higher ini- 

tial Sb(III) concentration show that the adsorption was more 

favorable at a higher concentration (Figure S10). The degree of 

favorability was generally related to the irreversibility of the 

system. The maximum adsorption quantity for the nanocom- 

posites in this study is 34.48 mg/kg, which is higher than that of 

other materials shown in Table 5. For the Freundlich isotherm 

model, the value of n in the range 2 ~ 10, 1 ~ 2, and less than 1 

stands for a good, moderately difficult, and poor adsorption, re- 

spectively (Asl et al., 2013). The n values obtained from linear 

and non-linear fittings for the Freundlich isotherm model were 

3.6245 and 1.5934 in this study, respectively. The n value ob- 

tained from linear fitting to the Freundlich isotherm model shows 

a good adsorption of Sb(III) onto the nanocomposites. Based on 

R2 value, Chi-square, APE and SAE, the best suitable isotherm 

model of the adsorption process obeys the following order: Lang- 

muir model > Freundlich model > Temkin model (Figure S9). 

 

3.6. Kinetics Study 

Adsorption kinetics is important for the evaluation of ad- 

sorption process. The pseudo-first-order kinetic, pseudo-sec- 

ond-order kinetic and intraparticle diffusion models were used 

to investigate the Sb(III) adsorption onto Fe3O4/GO nanocom- 

posites from the solutions, which can be calculated using the fol- 

lowing Equations (7) ~ (9) (Ho and McKay, 1998; Ho, 2004; Fan 

et al., 2014): 

 

1ln(   )  ln   − = −e t eq q q k t  (7) 

 

2

2

1
    = +

t e e

t t

q k q q
 (8) 

 
0.5    = +t dq k t C  (9) 

 
where qe and qt are the adsorption capacity (mg/g) at equilibrium 

and time t, respectively; k1 (1/min) is the rate constant of pseu- 

do-first-order adsorption reaction; k2 is the rate constant for the 

pseudo-second-order adsorption reaction (g/mgmin); kd is the 

intraparticle diffusion rate constant (mg/gmin0.5) and C is the 

intercept for the equation. Based on the R2 value (Table 6), 

pseudo-second-order model is the better kinetic model to de- 

scribe the adsorption of Sb(III) onto Fe3O4/GO nanocomposites 

than the pseudo-first-order and intraparticle diffusion models 

(Figure S11). On the basis of these results, it can be summarized 

that the pseudo-second-order model is suitable for describing the 

kinetic behavior of the adsorption. 

 

3.7. Thermodynamic Parameters 

The adsorption thermodynamics can provide key informa- 

tion to evaluate spontaneous or exothermic nature of a removal  
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Table 4. The Langmuir, Freudlich and Temkin Isotherm Parameters for Sb(III) Adsorption on The Fe3O4/GO Nanocomposites 

Isotherms Parameters 
Value of parameters obtained by the 

linear fitting 

Value of parameters obtained by the 

nonlinear fitting 

Langmuir k (L/mg) 0.7672  0.3180  

 qm (mg/g) 34.4800  42.4200  

 R2 0.9974  0.9780  

 x2 0.5910  1.7323  

 APE(%) 6.9439  11.8502  

 SAE 6.8102  10.4609  

Freundlich kF (mg/g) 15.4236  6.5670  

 1/n 0.2759  0.6276  

 R2 0.8681  0.8681  

 x2 0.6664  2.0590  

 APE(%) 11.6604  51.4753  

 SAE 13.8890  43.6650  

Temkin A 15.0850  

 B 15.1220  

 R2 0.8585  

 APE(%) 8.2984  

 x2 1.0695  

 SAE 9.6243  

 

process with different temperatures, which can be calculated 

using the following Equations (10) ~ (12) (Wu et al., 2009; Cao 

et al., 2017): 

 
0 0

ln     
 

= −T

S H
K

R RT
 (10) 

 
0   ln = − TG RT K  (11) 

 

0  =T

e

C
K

C
 (12) 

 

where ΔH0 and ΔS0 are the standard enthalpy change (kJ mol−1 

K−1) and the standard entropy change (kJ mol−1 K−1), which can 

be obtained from the slope and intercept of a plot of lnK0 against 

1/T, respectively; ΔG0 is the standard free energy change 

(kJ/mol); T is the temperature (K); R is gas constant (8.314 J 

mol−1 K−1). 

The effect of temperature on the adsorption process of 

Sb(III) by the Fe3O4/GO nanocomposites was estimated at 293, 

298, 303, and 313 K, respectively. The calculated value of Gibbs 

free energy (ΔG0), enthalpy change (∆H0) and entropy change 

(∆S0), are shown in Table 7. The value of ΔG0 was calculated as 

−2.6335, −3.2195, −3.4151, and 4.3049 kJ mol−1 for 293, 298, 

303, 313, and 323 K, respectively. The decrease in ΔG0 values 

with the increasing temperature means that the sorption reac- 

tion was spontaneous. The positive value obtained of the ΔH0 in 

this study indicates the endothermic nature of the Sb(III) ad- 

sorption onto the Fe3O4/GO nanocomposites, which demonstrat- 

ed that the process consumes energy. The positive value of ΔS0 

showed the increasing randomness at the solid/liquid interface 

during sorption of Fe3O4/GO. Therefore, the positive values of 

both ΔH0 and ΔS0 exhibited that the adsorption process was 

entropy-driven. 

 

Table 5. The Maximum Adsorption Capacity of Sb(III) for 

Different Materials 

Sorbent 
Sorption capacity 

(mg/kg) 
Reference 

Cyanobacteria microcystis 

biomass 

4.8800 (Wu et al. 2012) 

Montmorillonite 11.6100 (Anjum and 

Datta, 2012) 

Imprinted polymer 6.7000 (Fan et al. 2013) 

Sb(III)-imprinted sorbent 27.7000 (Mendil et al. 

2013) 

Sb(III)-imprinted silica gel 32.4000 (Fan et al. 2014) 

Bentonite 0.3700 (Xi et al. 2011) 

Graphene 7.5000 (Leng et al. 2012) 

Fe3O4/GO nanocomposites 34.4800 In this study 

 

Table 6. Kinetic Parameters for Sb(III) Removal by The 

Fe3O4/GO Nanocomposites 

Model Parameters Value of parameters 

Pseudo-first-order k1 (min-1) 0.1912 

 R2 0.8701 

 qe 27.6929 

Pseudo-second-

order 

k2 (g·mg-1min-1) 0.0107 

 R2 0.994 

 qe 26.3852 

Intraparticle 

diffusion 

k3 (mg·g-1min-1/2) 0.9931 

 B (mg·g-1) 16.584 

 R2 0.8898 
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Figure 11. XPS spectrum of Fe3O4/GO nanocomposites (a) before and (b) after the adsorption of Sb(III); (c) the high-resolution 

XPS spectrum of Sb5/2, Sb3/2 and O1s; (d) the high-resolution spectrum of Fe2p; (e) C1s XPS spectrum of the Fe3O4/GO composites; 

(f) O1s XPS spectrum of the Fe3O4/GO composites.  

 

Table 7. Thermodynamic Parameters for Sb(III) Removal by 

Fe3O4/GO Nanocomposites 

ΔH0  

(kJ·mol-1) 

ΔS0  

(J·mol-1K-1) 

ΔG0 (kJ/mol) 

20.8781 80.4363 
293 K 298 K 303 K 313 K 

−2.6335 −3.2195 −3.4151 −4.3049 

 

3.8. Analysis of Adsorption Mechanism 

The XPS spectra of Fe3O4/GO before and after the adsorp- 

tion of Sb(III) were used to analyze the adsorption mechanism. 

It was observed that the peaks of Sb and O1s exist after the ad- 

sorption of Sb(III) onto Fe3O4/GO (Figure 11a). The values 

(540.04 and 530.52 eV) of binding energy for Sb 3d were for Sb 

(3d5/2) and Sb (3d3/2), respectively (Figure 11b). It was illustrated 

that Sb2O5 as the pentavalent antimony existed on the Fe3O4/GO 

according to the XPS chemical state database (Yang et al., 2017). 

However, the antimony of K(SbO)C4H4O61/2 as the stock solu- 

tions was a trivalent species in this study. Thus, it can be con- 

firmed that the redox reaction existed in the reaction process be- 

cause Sb(III) was oxidized to Sb(V). This means that the hazard 

of Sb was decreased using the nanocomposites in water environ- 

ment. In addition, the presence of Fe (2p1/2), Fe (2p3/2), C−C, 

C=O, C−O, Fe−O, and C=C are shown in Figures 11c ~ 11f, 

which further proved that the Fe3O4 nanoparticles were success- 

fully supported on GO sheet. 

 

3.9. Regeneration of the Fe3O4/GO Nanocomposites 

The regeneration of the adsorbent is an important factor in 

assessing its possibility for practical applications. The adsorption 

cycles of Sb(III) were repeated thrice using eluent of 0.1 mol/L 

HCl and the Sb(III)-loaded Fe3O4/GO composites were separat- 

ed by a permanent magnet. As shown in Figure 12, the removal 

efficiencies of the first regeneration cycle, second regeneration 

cycle, third regeneration cycle and fourth regeneration cycle are 

93.44, 89.16, 81.86, and 75.93%, respectively. The result reveals 

that the gradual decline in the adsorption capacity of Fe3O4/GO 

nanocomposites for Sb(III) occurred for four consecutive ad- 

sorption cycles and the dramatic decline was observed after four 

regeneration cycles, indicating that Fe3O4/GO nanocomposites 

are an effective and reusable adsorbent.  

4. Conclusion 

According to the results of XRD, SEM, TEM, XPS, FT-IR, 

N2-sorption, and SQUID, the mesoporous Fe3O4/GO nanocom- 

posites were controllably synthesized in this work. Fe3O4 

nanoparticles with the average size of 30.04 nm were uniformly 

distributed on the surface of GO sheets. The successful in-situ 

growth of the nanoparticles was ascribed to the oxygen-contain- 

ing groups of GO. The pore size distribution of these is narrow 

and centered at 3.65 nm. The maximum Sb(III) removal efficien- 

cy predicted was 94.75% using ANN-GA model under the op- 

timal conditions (temperature = 24.96 ℃, initial pH = 5.83, ini- 

tial Sb(III) concentration = 39.69 mg/L, and contact time = 64.92 

min). Analysis of variance, GBRT and Garson method exhibited 

that contact time appears to be the most influential variable for 

the Sb(III) removal. The fitting results show that the Langmuir 

isotherm and pseudo-second-order kinetic model could satisfac- 

torily describe the adsorption process, which was spontaneous 

and entropy-driven. The mechanism study on the removal of 

Sb(III) demonstrated that the adsorption process was accompa- 

nied with redox reaction. The regeneration experiments showed 

that Fe3O4/GO nanocomposites are an effective and reusable ad- 
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sorbent within four regeneration cycles. 

 

 
 

Figure 12. Evolution of regeneration efficiency after each 

regeneration cycle (Fe3O4/GO nanocomposites dosage = 20 

mg; temperature = 25 °C; contact time = 60 min; initial 

Sb(III) concentration = 30 mg/L; initial pH = 7). 

 

In order to further explore the mechanism of the adsorption 

process, X-ray absorption near edge structure (XANES) analy- 

sis based on synchrotron radiation can be used to identify the 

local atomic environment (i.e., valence, coordination) of metals 

after the adsorption of Sb onto Fe3O4/GO. When high-energy 

particles including electrons are in acceleration and forced to 

travel in a curved path by a magnetic field, synchrotron radiation 

is produced. Small angle X-ray diffraction analysis can also be 

used to obtain information concerning the state (e.g., mesopores) 

of the samples in the nanometer length scale. Additionally, the 

size of nanoparticles will be decreased with the drop of the ap- 

parent activation energy and the growth of the reaction rate in 

the heterogeneous systems. Therefore, it is of great significance 

to study how to further reduce the size of nanoparticles to accel- 

erate the reaction. Finally, a scale up system (e.g. permeable re- 

active barrier) needs to be used for Sb(III) removal with the aid 

of more advanced AI techniques. 
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