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S1. Physical and chemical modifications of biomaterial-based adsorbents
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Fig.S1. A schematic depicting the physical and chemical modifications of biomaterial-based
adsorbents.



S2. Experimental data range of input and output adsorption variables

Table S1. Range of experimental input and output adsorption variables used in modelling biomaterial batch adsorption systems (AD=Adsorbent
dose, IC = Initial Concentration, AS = Agitation speed, T =Temperature, CT =Contact time, PS =Particle size, SA= Surface area, 1 = % removal

or adsorption efficiency, AC =Adsorption capacity, AG = Gibbs free energy change, FC = final concentration, FpH = Final pH)

Metals Biomaterial Independent Adsorption Variables Dependent adsorption Refernces
adsorbed variables
AD IC pH AS T CT |PS SA |V n AC |pH/ | AG
FC
g mg/L RPM | °C min |mm |m*g |mL | % |mg/g KJ

As (II) Bacillus 025-15 |2-7 3-7 - 17-37 | 120- | - - - - 1-7 |- [1]

thuringiensis 1080 (FC)

strain WS3 ppm
As (1ID), Botryococcus | - 50- 2-12 | - - 240- | - - - 5-90 | - - - [2]
As (V) Braunii 2000 2160

0
As(I1I) Rice polish 0.001- 0.2-1 3-11 |- 25 - - - - - 0.00 |- - [3]
and As(V) 0.0014 01-
0.03

As(III) Leucaena 2-6 0.05-50 | 2-10 - - 10- |- - - - - - - [4]

leucocephala 60

seed powder
As (V) Iron oxide 2.5-50 0.05-10 | 2-12 |- - 15- |- - - 82- |- - - [5]

modified rice 1440 96

husk char
As (V) Activated - - - - - - - - - - - - - [6]

Opuntia ficus




biomass char

Cd (II) Bacillus 1-4 25-500 | 3-8 - 25 20- | - - - [7]
Subtilis 240

Cd (I1) Shells of B. 2-10 25- 2-7 - - 10- |- - - [8]
bengalensis 1000 80

Cd (II) Spirulina 0.1 1-10 6-8 12-16 | - 0- - 50- |- [9]
(Arthrospira) 1500 80
Spp

Cd(II) Valoniaresin | 1 10-150 | 2-7 - 20-90 | O- - - - [10]

180

Cd(r) Gossypium 2.5-40 25-800 | 2-10 - - 5- 0.12 2- - [11]
barbadense 150 |5-1 100
waste

Cd(II) Alkali 0.05-10 | 25-100 |2-8 - 10-40 | 5- - 26- | - [12]
modified oak 240 99.5
waste
residues

Cddn) Moringa 2-6 0.01- 4.5- - - 10- |- - - [13]
Oleifera Seed 0.1 8.5 60
Powder

Cd(r) Rice straw 0.1-0.5 10-100 | 2-7 - - - - - - [14]

Cd(r) Jackfruit 0.2-10 10 -100 | 2-8 - - 5- - 36.6 | - [15]
mango 180 2-
and rubber 99.7
leaves 1

Co(II) Alginate- - 5-250 2-7 - - 60- |- - 2-80 [16]
SBA-15 300

nanocomposit
e




Cr (V] Chitosan 0.1-1 10-35 2-10 28-38 [ 10- |- 20- [17]
oligosacchari 60 100
de-coated iron
oxide
nanoparticles
Cr(VI) Cyanobacteri | 0.5-2.5 2.5-25 | 5-11 2545 | 0-5 |- 10- [18]
al biomass 100
Cr(VI) Date-palm- 1-6 20-140 | 1-10 - 20- | - - [19]
leaves and 180
broad-bean-
shoots
Cr(VD) Borasus 0.1-0.7 5-30 1-10 30-50 | O- 0.06 - [20]
Flabellifer 120 | 3-
Coir Powder 0.12
5
Borasus [21]
Flabellifer o 13
Cr(VI) coir powder 0.1-1 20-100 | 1-7 - -
. 120 | 0.12
and ragi husk s
powder
Cr(VI). Nanocrystalli 7 5. 10- 5. [22]
ne cellulose 0.5-4 0.5-50 - -
Cr(IIT) (NCC) 8.5 60 100
Jackfruit leaf, [23]
mango leaf,
onion peel,
garlic peel, 5 430
Cr(VI) bamboo leaf, | 0.5-10 10-100 | 1-7 30-50 270 |- _100

acid treated
rubber leaf
and coconut
shell powder




Cr(VI)

Date palm
fiber

0.1-
4(%w/v)

181-
419

3.2-
6.8

5-60

[24]

Cr(VI)

Iron doped
rice husk

2.5-10

25-100

2-6

20-50

240

30-
100

[25]

Cr (V)

Coconut
shell, neem
leaves,
hyacinth
roots, rice
husk, rice
bran, rice
straw, neem
bark, and
sawdust

2.5-30

3-300

420

10-
100

[26]

Cr(VI)

Maize bran

200-
300

2-8.5

10-
180

[27]

Cr (VI)

Pongamia
cake

1-3

75-500

2-7

30

20-
160

[28]

Cr (VI)

Agriculture
waste carbon

1-10

2-80

2-6

5-
180

20-
100

[29]

Cr (VI)

Medler seed
based
activated
carbon

0.5-3

50-200

1-6

30-60

400-
750

20-
100

[30]

Cr (VD)

Sawdust
based
nanocomposit
e

0.1-
700

[31]

Cu (II)

Date palm
seeds

0.05-0.5

5-100

2-6

[32]




Gundelia 2- 0.1- [33]
Cu (1) tournefortii 0.1-2 10-200 | 2-7 - 20-40 120 |- - - 40
Carboxylated 10-60 6-25 25. [34]
Cu (II) cellulose 0.2-10 4-10 |- - - - -
. 100
nanowhiskers
B A
Cu (1) flower ] 10-100 |32 | 20- 1 o- |2V A B B o
5.6 400 160 25
0.06
Sawdust 0.05 60- [36]
Cu (I - 50-80 3-6 - 25-40 | - 0- - -
90
0.2
Flax meal 200- 0.1- [37]
Cu (IT) 1-10 20-200 |25 [5007 [20-40 |- - ; _ 35
cuqny | Pumice 022 |- 210 |- 3060 | 750 |- e [38]
Rambutan - - - - - - - - - [39]
Cu (IT) (Nephelium 1 ) 4
lappaceum)
peel
Acid - - - - - [40]
modified 10- 45-
Cu (ID) coconut husk 0.1-1 10-60 | 1-12 100 100
char
Cu Sawdust - - - - - - - - - - [41]
(I)+dye
Sargassum 10- |- 20- |- - [42]
Hg (II) Bevanom 0.1-0.45 |50-200 |1-10 |- 20-50
90 100
algae
Yeast 360- | - - [43]
Hg (II) Yarrowia - 20-60 4-8 15-35 1080

lipolytica




Walnut shell 10-80 - - - [44]
biochar ppm 0- 10-
Hg (1) - 1000 - 2-11 |- 25-45 120 100
300(S)
Thiosemicarb - -6 -- | [45]
azide 70- 1
Pb (IT) modified - 10-60 | - - 25-55 | - - 95 Kj/m
chitosan ol
Hydroxyapati - - [46]
te/chitosan 20- 80- 15- 10-
PoD | anocomposit | %011 15000 |20 400 |2 | 360 75% |-
e
Antep - 5. 26.4 | - - [47]
Pb(II) pistachio 0.5-4 5-100 | 2-9.5 30-60 120 - -
shells 98.7
Rice straw ; ) 100- } - [48]
Pb (1) nanocellulose | 0.1-1 1-50 2-8.5 10-60 300 |-
fibers
Pb (II) Olive stone i 50250 |35 - i - - - - - [49]
Carboxylate- - - - - - - [50]
functionalized 100- 30-
PO Gatnueshet | %21 [ 220 0-20 90
(CFWS
Pb (IT) g:‘;fg;am 01-0.12 |5-100 |~ ) 20-50 | 5-60 ) ) Eo ] [51]
ppary | Dlackeumin o, 650 | 26 |- 20-50 | - ; ; 1-8 ” [52]
Iron oxide - - - - [53]
Pb (IT) nanocomposit 20- 20-
es from bio- | 0-170-8 | 10-100- ) 3-4 120 80 |

waste mass




Rice husk - 400- | 0- - - 2- - [54]
PoD | char 0.1 25 800 | 120 100 | 026
Rice husk - - 5- - - 20- | - - 55
Poh | carbon 1-10 120-80 180 100 >
Alginate- - - - - - - - [56]
) based 100-
Ni (IT) composite 0.5-3 300 1-10
beads
Potamogeton - 5. 0.12 |- - - - [57]
Ni (II) pectinatus 2.5-60 5-300 2-8 180 5—
0.25
Sugarcane - - - - [41]
bagasse,
passion fruit
waste, orange 025 |0.75
Niqp | Ppeeland : 50-300 | 4.6-6 > l-0s |-
pineapple 360 65.2
peel, and ’
commercial
activated
carbon
Chitosan/TiO - - - - - [58]
2 30-
Th (IV) nanocomposit 0.1-0.25 | - 3-8 25-45 20
e
Polyacrylonitr - - - [59]
ile-grafted 5- 30- 2-7
U potato starch 0.05-0.5 ) 8.4-150 ) 180 100 pH
based resin
KMnO4 - - - [60]
. 293K- | 20-
Ur (VD) modified 0.5-8 25-250 | 2-7 318K | 200 6-75

hazel nut




shell biochar

zoany | Peanutshels 4o 0505 | 550 |37 25-45 | 0-60 | 2-35 | - [61]

Pongamia 1-5 50-500 - - - 8- [62]
Zn(1II) cake 2-7 30-50 100

Hazelnut 10- |- - - [38]
Zn (II) Shell 2-10 25 2-8 30-60 120

Ricehusk | - . : 400- | 15- |- 5.66- [63]
Zn(I) - piochar 600 | 120 "~ 576

) Alginate - - 10- [64]
Ni (1) nanoparticles >-15 2-6 >-80 100 |~
Co (1) - - - [-
2-6

Carboxymeth - - [65]

yl chitosan- i 5.84-
N ((IIII)) bounded 0.03-0.12 | 43-157 | 4-8 i p 80.3

Fe304 3

nanoparticles

Rice straw - - - [66]
Culll. | nd Fes05 | 0.1-0.15 | 30-170 10
Pb (II) . 110

nanoparticles
Ni(ll), | Typha - 5 1025 - [67]
Cd (1) domingensis 2.5-40 25-300 | 2-8 150 | -1
Cd (I1) Sargassum 6-13 - - [68]
Zn (IT) filipendula - mequiv | - - - -

/L

Cu(lI) and Wheat straw | - - 25 Y560 10- ?.25 013 [69]
Cr(VI) 20 0.85 '




Itaconic acid - - - - [70]
grafted poly
Cd (II), (vinyl) 20- 26-
Pb(1I), alcohol 0.08-0.36 | 5-50 25-45 50 - 99 -
Ni (II) encapsulated
wood pulp
Pb (11), Jacaranda - - - - - - - - [71]
Cd(II), fruit, plum
Ni(II) and | kernels and 20-250 i I-4
Zn(1l) nutshell
Chicken - - - - - - 0.00 - [72]
Cddn), Feathers 0.1:3 1-
Pb(II), ) VL 3-5 - 0.03
and Ni(II) mmo mmo
/g
Cd(I), Al | Chitosan and - - - - [73]
(I11) Co Chitosan—
(I1),Cu(Il) | Montmorillon 60- 15-
, Fe (I) ite 0.2-08 i 3-8 i 80 90 i
and Pb Nanocomposi
(1D te

Table S2. . Range of experimental input and output adsorption variables used in modelling column based- biomaterial adsorption system (AD:
Adsorbent dose, IC: Initial concentration, BD: Bed depth, FR: Flow rate, EFR: Effluent flow rate, EC: Effluent concentration, 1 : % removal or

adsorption efficiency, AC : Adsorption capacity )

Metal
adsorbed

Biomaterials

AD

IC

pH

BD

FR

EFR

CT

EC

PS

MAC

mg/L

cm

mL/min

mL/min

min

mg/L

mm

mg/g

References




As(IIT) Rice polish - 0.001- - 5-25 1-9 - - - - - 10.002 [3]
As(V) 1 -
0.041

Cd (II) Jackfruit, mango 1.5- | 20-80 6 3-9 10-25 - - - - 1- - [15]
and rubber leaves | 4.5 100

Cr(VI) Alginate 39 |25-117 | - |5-14 3.3-6.6 - - - - 65- - [74]
immobilized 95
Sargassum sp

Cr(VI) Mango, jackfruit, - 4.6- 1.5- | 3-9 5-25 - 5- - - 1- - [23]
and rubber leaves 81.4 2 1020 100

Cr(VD) Peanut shell - 10-20 | 1-2 - 10-22 - 0- 0- - 2.4 - [75]
and almond shell 1410 | 19.51 7-

100
Cr (VI) Pongamia cake - 75-500 4-12 5-10 - - - - - 20- [28]
150
Co(1) Sunflower shells | 1.27- | 20-60 | 3-5 | 5-15 8-19 - 0-150 - 0.25-2| - - [76]
3.8

Cu (1) Shells of - 20-60 | 3- | 5-15 9-21 - - - 0.25-2| - - [76]
sunflower 5.6

Cu (1) Walnut shell - 10-20 - | 5-10 - - 0- 0-20 - - - [77]

1140

Ni (II) Alginate-based 3-9 100- - - 2-6 - - - - - - [56]
composite beads 300

Ur (VI) | Zinc oxide 0.2- | 0.5-2.5| 7.5- 2-6 1-3 - 8.5-84 - - - [78]
nanoparticles— 0.4 11.5
chitosan

Zn(II) Pongamia - 50-500 | - | 4-12 5-15 - - - - - 1 25-70 [62]

cake




Cr (VI),
Zn (1),
Cr (I)

Chitosan
foamed structure

2-80

[79]




S3. Surface morphology of biomaterials under scanning electron microscopy

25 KV 40.0 KX 1um KYKY-EM3200  SN:0621

Fig. S2. SEM images of some biomaterials reviewed in this study [41,54,64,74,78,80]

(a) Zinc oxide nanoparticles-chitosan; (b) Nano magnetite coated walnut-rice husk ; (c)
Sugarcane bagasse, (d) Passion fruit waste, (e) Orange peel, (f) Pineapple peel and (g)
Carbonaceous material, (h) Alginate nanoparticles, (i), (j), (k) and (1) treated rice husk at 400

°C, m) treated alginate-immobilized Sargassum sp.

S4. Frequency of independent adsorption variables that are used as input parameters in
ANN-frameworks
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Fig.S3. Frequency of independent adsorption variables that are used as input parameters in
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Fig.S4. General ANN Scheme

Fig. S4 Details of activation function used in the reviewed literature



S5.1 Details of activation function

Table S3. List of activation functions commonly used in the literature for modelling metal ion
sorption onto biomaterials.

Activation function Representation Equation *

Hyperbolic Tangent tansig(x) 2 1
(1 +exp (-2x))

Pure Linear purelin( x) x
Log sigmoid log 1
logsig(x) (1 +exp (-x))
Sigmoid
1
Sig (x)

(1+exp(-x))

*(X)  denotes dependent variable. Data depicted using information acquired from [81].

S5.2 Numerical representations of ANN models

e The output of ANN at a particular node ¥ can be presented in the mathematical form
as an equation

m
Y= (p(z W +by)
= 1)

where Yk is the output at node k, @ is the transfer function, Wk}' is the weight
connecting node

k from node J, *j = input values from node j, by is the bias added to node .

e The iterative process for weight adjustments using the backpropagation algorithm can
be formulated mathematically :

k+1 k k !
wh it = wi+n 8L (s)

2

e The error function is given by :



N
E= ) (0,-0p°
n=1 3)

S5.3 Mathematical formulations commonly used statistical parameters

N
Z (ym‘i - ye,i)z

i=1

N
2
Z(ym,i_yeav)

i=1

“4)

R°=1-

n
2 [(ym,i - ym,av) * (ye,i - ye,,av)]

i=1

zn: (O = Yima)?] * Zn: Vei=Year)

i=1 i=1

R =

©)

N
1 2
MSE = NZ (ym,i - ye,i)
= ©)

n
RMSE= Z(ym,i_ye,i)z
i=1

n

(7

* vy predicted value, y. :experimental value

S5.4 Feedforward neural network applied to model sorption of metal ion on

biomaterial-based adsorption system
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S5.5 Details of input and output parameters of standalone frameworks for optimizing metal adsorption process

Table S4. Details of the parameters considered at the input and output layer of ANN. (AD: Adsorbent dose, IC: Initial concentration, BD: Bed
depth, FR: Flow rate, EFR: Effluent flow rate, EC: Effluent concentration, NOA : no. of adsorbent, 1 : % removal or adsorption efficiency, AC :
Adsorption capacity,G= Gibbs free energy changes )

Metals | Biomaterials | Data at the Input Layer At the output layer Ref.
AD |CT |[IC |[pH |T |AS |B |BD |FR | EFR | VS | HAp | Ach | NOA |n AC |FC | dG
/EC
As(IIT) | Rice polish 1 1 1 1 |- - |1 1 - - - - - - 1 - - [3]
As(V)
As (III) | Leucaena 1 1 1 1 - |- - |- - - - - - - 1 - - - [4]
leucocephala
Seed powder
As (V) | Iron oxide 1 1 1 1 - |- - |- - - - - - - 1 - - - [5]
modified rice
husk char
As (V) | Activated - 1 1 1 1 |- - |- - - - - - - - - - [6]
Opuntia ficus
biomass char
Cd (I) | Valoniaresin | - 1 1 1 I |- - |- - - - - 1 - - 1 - - [10]
Cd (II) | Gossypium 1 1 1 1 - |- - |- - - - - 1 - - 1 - - [11]
barbadense
waste
Cd (II) | Alkali 1 1 1 - 1 |- - |- - - - - - - 1 - - - [12]
modified oak
waste
residues
Cd (II) | Moringa - - 1 1 I |- - |- - - - - 1 - 1 - - - [13]
Oleifera Seed




Powder

Cd (1)

Rice straw

[14]

Cd (1)

Jackfruit,
mango and
rubber
leaves

[15]

Cr(VI)

Date-palm-
leaves (DPL)
and broad-
bean-shoots
(BBS)

[19]

Cr(VI)

Borasus
Flabellifer
Coir Powder

(Krishna
& Sree,
2014)

Cr(VI)

Borasus
Flabellifer
coir powder
and Ragi
Husk powder

[21]

Cr(VI)

Mango,
jackfruit, and
rubber leaves

[23]

Cr(VD)

Date palm
fiber

[24]

Cr(VI)

Peanut shell
and almond
shell

[75]




Cr(VI)

Iron doped
rice husk

[25]

Cr(VI)

Maize bran

[27]

Cr (V)

Pongamia oil
cake

[28]

Cr (VI)

Chitosan
Oligosacchari
de-coated
iron oxide
nanoparticles

[17]

Cr(V])

Alginate
immobilized
Sargassum sp

[74]

Cr (V]

Medler seed
based
activated
carbon

[30]

Cr (VI)

Sawdust
based
nanocomposi
te

Co(II)

Alginate-
SBA-15
nanocomposi
te

[16]

Co(1l)

Sunflower
biomass

[76]

Cu (II)

Shells of
sunflower

[82]




Cu (II)

Date palm
seeds

[32]

Cu (I1)

Gundelia
tournefortii

[33]

Cu (II)

Carboxylated
cellulose
nanowhiskers

[34]

Cu (II)

Banana
flower

[35]

Cu (1)

Sawdust of
mango tree
(Mangifera
indica)

[36]

Cu (II)

Walnut shell

[83]

Cu (II)

Flax meal

[37]

Cu (II)

Acid
modified
coconut husk
char

[40]

Cu (II)

Rambutan
Peel

[39]

Pb (II)

Thiosemicarb
azide
modified
chitosan

[45]




Pb (IT)

Hydroxyapati
te/chitosan
Nanocomposi
te

[46]

Pb (1I)

Rice husk
char

[84]

Pb(1l)

Antep
pistachio
shells

[47]

Pb (IT)

Rice straw
nanocellulose
fibers

[48]

Pb (II)

Olive stone

[49]

Pb (1I)

Carboxylate-
functionalize
d walnut

shell (CFWS

[50]

Pb (II)

Gundelia
tournefortii.

[51]

Pb (IT)

Black cumin

[52]

Pb (IT)

Iron oxide
nanocomposi
tes from bio-
waste mass

[53]




Ni (1)

Alginate-
based
composite
beads

[56]

Ni (1)

Potamogeton
pectinatus

[57]

Ni (1)

Sugarcane
bagasse,
passion fruit
waste, orange
Peel and
pineapple
peel, and
commercial
activated
carbon

[41]

Zn (1I)

Rice husk
biochar

[63]

Zn(1I)

Peanut shells

[61]

Zn(1I)

Pongamia oil
cake

[62]

Zn (1I)

Hazelnut
Shell




Hg (I)

Walnut shell
biochar

Sali
nity
-1

[44]

Ur (VI)

KMI’IO4
modified

hazel nut
shell biochar

[60]

Ur (VD)

Zinc oxide
nanoparticles
—chitosan

[78]

Th (IV)

Chitosan
/TiO,
nanocomposi
te

[58]

U (VD

Polyacrylonit
rile-grafted
potato starch
based resin

[59]

Cr(VI)
Cr(III)

Nanocrystalli
ne cellulose
(NCO)

[22]




Pb (II),
Co (I1)

Rafsanjan
pistachio
shell

[85]

Cu (1I),
Pb (I1)

Rice straw
and FC304
nanoparticles

Ni (1),
Cd (1)

Typha
domingensis

Cu(Il)
Cr(VI)

Wheat straw

Cd (1I),
Pb(II),
Ni (II)

Itaconic acid
grafted poly
(vinyl)
alcohol
encapsulated
wood pulp
(IA-g-PVA-
en-
WP)

Pb (II)
Cdn,
Ni (IT)
and Zn
D)

Jacaranda

fruit, plum

kernels and
nutshell

Cd(1n),
Pb(II),
and
Ni(II)

Chicken
Feathers

[72]




Ni (1),
Co (I1)

Alginate
nanoparticles

[64]

Co (II)
Ni (1)

Carboxymeth
yl chitosan-
bounded

Fe 304
nanoparticles

[65]

Cd(II),
Al (IIT)
Co
D),Cu(
II), Fe
(I11)
and Pb

(1D

Chitosan and
Chitosan—
Montmorillo
nite
Nanocomposi
te

[73]-

Cr (VI),
Zn (1),
Cr (II)

Chitosan
foamed
structure

[79]

Cr (VI)

Agriculture
waste carbon

[29]

Cu
(IT)+dy
e

Sawdust

[87]




S5.6. ANN framework for metal adsorption on biomaterials

Table S5. ANN framework for metal adsorption efficiency

Metal Biomaterials Optimization | TA | Activation ANN RMSE References
adsorbed Function (IHL- | Architecture
OHL)
As(IIT) Rice polish ANN LM | logsig-logsig 4-7-5-1 0.03 [3]
As(V) RSM
As (III) Leucaena leucocephala ANN LM | sigmoid- 4-14-1 0.004 [4]
seed powder sigmoid
Cd (ID) Valonia resin ANN RBP | Elliot-logsig 6-25-5-1 0.002 [10]
Cd (1) Gossypium barbadense waste ANN LM | tansig-purelin | 5-10-1 R?=0.923 [11]
Cd (I1) Alkali modified oak waste residues ANN LM | purelin-purelin | 5-10-1 R=0.99 [12]
Cd (II) Moringa Oleifera Seed Powder ANN LM | sigmoid- 4-10-1 0.92 [13]
sigmoid
Cd (1) Rice straw ANFIS, tansig-tansig R=0.99 [14]
RSM
Cd (II) Jackfruit, mango ANN-GA LM | tansig-tansig R=0.97-0.99 [15]
and rubber leaves
Cr(VD) Mango, jackfruit, and rubber leaves ANN-GA LM |- - 1.47 [23]
Cr(VI) Peanut shell ANN LM | tansig-tansig 3-18-1 0.0074 [75]
and almond shell
Cr(VD) Maize bran ANN LM |- 4-10-1 0.15 [27]
MLR
Cr (VD Pongamia oil cake ANN LM | tansig-purelin | 4-10-1 (B) 0.0015 [62]
RSM 3-7-1 (C)
Cr(VI) Date-palm-leaves (DPL) and broad-bean- | ANFIS - - 0.17 [19]
shoots (BBS) MNLR
Cr(V]) Borasus Flabellifer Coir Powder ANN-GA LM | tansig-purelin | 3-18-1 R2=0.99 [20]
Cr(VI) Borasus Flabellifer coir powder and Ragi | ANN sigmoid-linear | 3-6-1 0.44 [21]




Husk powder BBD
Cr(VI) Date palm fiber ANN LM | tansig-linear 4-5-1 1.97 [24]
Cr(VD) Iron doped rice husk ANN LM |- 5-10-1 1 [25]
Cr(VI) Coconut shell, neem leaves, hyacinth ANN LM | Linear-Linear | 4-21-1 1.67 [26]
roots, rice husk, rice bran, rice straw,
neem bark, and sawdust
Co(II) Shells of sunflower ANN LM | tansig — purelin | 7-5-1 0.014 [76]
Pb (I1), Rafsanjan pistachio shell ANN-GWO | - - - 1.1 [85]
Co (II)
Cu(Il) Date palm seeds ANFIS - gaussian-linear | - 0.17 [32]
MLR
Cu (II) Raw gundelia ANN LM | tansig-purelin | 5-6-1 0.0021 [33]
tournefortii MNLR
Cu (II) Flax meal ANN LM | tansig-purelin | 3-22-1 0.024 [37]
RSM
Cu(Il) Shells of sunflower ANN LM | tansig — purelin | 7-5-1 0.018 [82]
Cu (IT) Carboxylated cellulose nano-whiskers ANN LM | tansig-purelin | 3-6-1 1.66 [34]
RSM
Cu (IT) Banana flower ANN-GA 0.634 [35]
Cu (II) Sawdust of mango tree (Mangifera ANN PR | tansig-logsig 4-50-40-27-1 | MSE = 0.044 [36]
indica)
Cu (II) Walnut shell ANN-GA LM [83]
MLR
Pb (1) Black cumin seeds ANN,RSM | LM | tansig — logsig | 3-14-1 0.55 [52]
Ni (II) Sugarcane bagasse, passion fruit waste, ANN LM | tansig-purelin | 4-10-1 R2=0.9943, y*>= | [41]
orange ANFIS 0.95
peel and pineapple peel, and commercial R?2=0.9926, y?
activated carbon =0.59
Zn(1I) Peanut shells ANN RBP | sigmoid- 3-5-1 R? =0.96 [61]
purelin
Zn(1I) Pongamia pinnata) ANN LM | tansig-purelin | 4-9-1 (B) 0.15 [62]




Pongamia oil cake RSM 3-7-1 (C)
Zn (1) Hazelnut shells (Corylus pontica) ANN LM | tansig - linear | 4-8-4 0.003 [38]
RSM
Cu(Il) and | Wheat straw ANFIS bell shape- (Cu)=5.9x1073 | [69]
Cr(VD) linear , (Cr) =6.0 x
1073
Cddn, Itaconic acid grafted poly ANN LM | sigmoid- 4-15-1 (Pb) =0.184, [70]
Pb(II), (vinyl) alcohol encapsulated wood pulp sigmoid (Cd) =3.2x 10715,
Ni(II) (Ni) = 0.061
Pb (IT) Hydroxyapatite/chitosan ANFIS - - - R=0.98 [46]
nanocomposite
Pb(II) Antep pistachio shells ANN LM | tansig - purelin | 5-11-1 0.014 [47]
Pb (1) Rice straw nanocellulose fibers ANN LM | sigmoid- 5-10-1 0.007 [48]
sigmoid
Pb (1) Olive stone ANFIS R?2=0.95-0.99 |[49]
Pb (1) Carboxylate-functionalized walnut shell | ANN LM | tansig-linear 4-7-1 R>=0.99 [50]
MNLR
Pb (1) Iron oxide nanocomposites from bio- ANN BP | sigmoid- 4-7-7-1 0.000076 [53]
waste mass sigmoid
Th (IV) Chitosan/TiO, nanocomposite ANN-GA LM | tansig-tansig 3-4-1 R2=0.99 [58]
Cr (VI), Zn | Chitosan ANN LM | logsig-logsig R%=0.94-0.99 [79]
(ID), foamed structure RSM
Cu (1)
Ni (II) Alginate-based composite beads ANN LM | tansig-tansig 4-10-2 R2=0.99 [56]
Ni (II) Potamogeton pectinatus ANN LM | tansig-purelin | 5-6-1 1.18 [57]
RSM
U (V]) Polyacrylonitrile-grafted potato starch ANN LM | sigmoid- 5-10-11-2 rpH = 0.98, 1% [59]
based resin purelin Ads =0.97




S5.7 Details of experimental observations and dataset for ANN development

Table S6. Details of total observation, training, validation and testing subsets for ANN model

development

Metal Biomaterials O Tr. | Va. | Te. | References

adsorbed

Co(Il) Alginate-SBA-15 - - - - [16]
nanocomposite

Ni (IT) Alginate-based 32 19 |9 9 [56]
composite beads

Ni (I), Co | Alginate nanoparticles | - - - - [64]

1)

Cr(VD) Alginate immobilized 9 64 |13 |13 |[74]
Sargassum sp

Cd (1) Bacillus Subtilis 90 96 120 [13 [[1]

As (1IT) Bacillus 128 137 145 |45 |[1]
thuringiensis strain
WS3

As (III), Botryococcus Braunii 227 [2]

As (V)

Cd (I1) Spirulina (Arthrospira) | - 53 12 |12 | [9]
Spp

Cr(VI) Cyanobacterial biomass | 77 - - - [18]

Hg (1I) Sargassum Bevanom 31 21 5 5 [42]
algae

Hg (II) Yeast Yarrowia 31 - - - [43]
lipolytica

As (V) Iron oxide modified rice | 30 - - - [5]
husk char

Cu (IT) Rambutan (Nephelium | 480 360 120 | [39]
lappaceum) peel

Pb (IT) Rice husk char 46 30 |8 8 [54]

Cr (VD) Agriculture waste 44 30 |7 7 [29]
carbon

Cu (I)+dye | Sawdust 50 38 |6 6 [87]

Cr (VD Medler seed based 59 41 - 18 | [30]
activated carbon

Hg (II) Walnut shell biochar 69 41 14 |14 |[44]

Ur (VD) KMnO4 modified hazel | 46 32 14 | [60]
nut shell biochar

Pb (1) Hydroxyapatite/chitosan | 58 38 |- 19 | [46]
nanocomposite

Ur (VI) Zinc oxide 49 35 |7 7 [78]
nanoparticles—chitosan

Th (IV) Chitosan/TiO2 144 - - - [58]
nanocomposite

Co (II) Carboxymethyl 54 41 - 13 | [65]




Ni (1)

chitosan-bounded
Fe304 nanoparticles

Cddn), Al Chitosan and 43 21 11 |11 | [73]

(I1) Co Chitosan—

(I1),Cu(Il), | Montmorillonite

Fe (II) and | Nanocomposite

Pb (1)

As(II) and | Leucaena leucocephala | 31 - - - [4]

As(V) seed powder

As (III) Valonia resin 180 108 |36 |36 |[10]

Cd (II) Gossypium barbadense | 456 366 | - 90 |[11]
waste

Cd (IT) Moringa Oleifera Seed | 219 153 |33 |33 |[[13]
Powder

Cd (1) Rice straw 256 244 |13 |13 | [14]

Cd (II) Jackfruit, mango and 43 30 |- 13 [ [15]
rubber leaves

Cr (VD) Date-palm-leaves 93 65 18 |10 |[19]
(DPL) and broad-bean-
shoots (BBS)

Cr(VI) Borasus Flabellifer coir | 54 38 |- 16 |[21]
powder and Ragi Husk
powder

Cr(VD Mango, jackfruit, and 54 41 13 | [23]
rubber leaves

(Nag et al., | Peanut shell 43 32 |- 11 | [75]

2020)Cr(VI) | and almond shell

Cr(VD) Iron doped rice husk 1063 745 | 212 | 106 | [25]

Cr(VD) Pongamia oil cake 124 80 18 |25 |[28]

Co(II) Rafsanjan pistachio 294 149 |74 |74 | [85]
shell

Co (IT) Shells of sunflower 625 500 | - 125 | [82], [76]

Cu (II)

Cu (IT) Date palm seeds 324 162 | 81 |81 |[52]

Cu (II) Gundelia 30 - - - [33]
tournefortii

Cu (II) Banana flower 20 12 |4 4 [35]

Cu (II) Sawdust of mango tree | 60 42 |9 9 [36]
(Mangifera indica)

Cu (II) Walnut shell 256 244 |13 |13 | [83]

Cu (II) Antep pistachio shells 528 - - - [47]

Pb(II) Rice straw 66 34 |16 |16 [48]
nanocellulose fibers

Pb (1ID) Gundelia tournefortii. - - - 20 [ [51]

Pb (1) Black cumin 83 59 |12 [ 12 [[52]

Pb (1) Iron oxide 26 15 11 |- [53]
nanocomposites from
bio-waste mass

Pb (IT) Potamogeton pectinatus | 30 24 |6 - [57]




Ni (II) Sugarcane bagasse, - - - - [41]
passion fruit waste,
orange
peel and pineapple peel,
and commercial
activated carbon
Ni (II) Polyacrylonitrile- 600 420 {90 |90 |[59]
grafted potato starch
based resin
Zn(1I) Pongamia pinnata) - - - - [62]
Pongamia oil cake
Zn (IT) Hazelnut Shell 100 50 50 [38]
Cu (IT) Rice straw and Fe304 - - - - [66]
Pb (1) nanoparticles
Ni (I), Cd | Typha domingensis - - - -
an
Cu(Il) and | Wheat straw - - - - [69]
Cr(VD)
Cd (II), Itaconic acid grafted - - - - [70]
Pb(1I), N1 poly
(II) (vinyl) alcohol
encapsulated wood pulp
(IA-g-PVA-en-
WP)
Pb(1D), Jacaranda fruit, plum 92 - [86]
Cd(D), kernels and nutshell Isotherms
Ni(II) and 169 -
Zn(1) Kinetics
Cddn, Chicken Feathers 225 157 |34 |34 |[72]
Pb(II), and
Ni(II)
S5.8  Details on learning rate, gradient, momentum, Epoch size and ANN model
convergence
Table S7. Information on ANN parameters: learning rate, momentum, max. Epochs,
gradient and model convergence
Metal Biomaterials | Learni | Momentu | Maximu | Minimu | Convergen | Referen
pollutant ngrate | m m epochs | m ce ce
S gradient
As (V) | Waste - - 1000 - 140 [88]
Orange Peel
Cd(1n) Gossypium - - 6 0.062 6 [11]
barbadense
waste
Cr(VI) Jackfruit leaf, - - 10,000 - - [23]
mango leaf, (GD)
onion peel, 100




garlic peel,
bamboo leaf,
acid treated
rubber leaf
and coconut
shell powder

(LM)

Cr(VI)

Iron doped
rice husk

22

16

[25]

Cr (VD)

Coconut
shell, neem
leaves,
hyacinth
roots, rice
husk, rice
bran, rice
straw, neem
bark, and
sawdust

0.7

32000

20,000

[89]

Cu (1)

Sawdust

0.7

1000

[36]

Cu (II)

Flax meal

450

[37]

Cu (II)

Pumice

50

[38]

Hg (II)

Yeast
Yarrowia
lipolytica

10

[43]

Hg (II)

Walnut shell
biochar

24

[44]

Pb(II)

Antep
pistachio
shells

100

12

[47]

Pb (II)

Rice straw
nanocellulose
fibers

0.7

1000

[48]

Pb (II)

Gundelia
tournefortii.

1000

[51]

Pb (II)

Black cumin

3500

0.01

[52]

Ni (1)

Potamogeton
pectinatus

10.85

[57]

Ni (1)

Sugarcane
bagasse,
passion fruit
waste, orange
peel and
pineapple
peel, and
commercial

60 —

ANN

250 -
ANFIS

10”7

54

167

[41]




activated

carbon
Th (IV) | Chitosan/TiO 18 12 [58]
2
nanocomposi
te
Ur (VD) | KMnO4 14 8 [60]
modified
hazel nut
shell biochar
Zn(1II) Peanut shells 22 16 [61]
Cd (II), | Itaconic acid 1500 - [70]
Pb(1D), grafted poly
Ni (II) (vinyl)
alcohol
encapsulated
wood pulp
(IA-g-PVA-
en-
WP)
Pb (II), | Jacaranda 25 23 [86]
Cddn, fruit, plum (kinetics) 18
Ni(II) kernels and 20
and nutshell (isotherm
Zn(11) s)
Cddn), Chicken - - [72]
Pb(I0), Feathers
and
Ni(II)
Cddn, Chitosan and Chitosan 14 [73]
Al (IlT) | Chitosan— 20
Co Montmorillo CM: 10 4
(I1),Cu(I | nite
I), Fe Nanocomposi
(IT)yand | te
Pb (1)
Cr(VI) Alginate 300 ANN-GA | [74]
immobilized : 163
Sargassum sp
3000 ANN-SA :
2623
Cr(VI) | Peanut shell 3.2x104 - [75]
and almond
shell
Ur (VI) | zinc oxide 4 2.5 [78]
nanoparticles

—chitosan




Zn(1II) Pongamia - 6000 - 100 [62]
cake
S5.9 Ensemble ANN framework models
S5.9.1 SOS-ANN working framework
.\‘ ) R R
Initializing SOS ] : [ Constructing
CTlE g

Processing

Initializing
: weights and bias
!

Mutualism |
| . Getting optimal
: —[ weights and bias ]
{ Commensahsm | 1 —
i [ Computing ]
: error
[ Parasitism ] | l
. Updating I
| weights and bias
Termmatlon .
criterial |
satisfied? .

1 YES

results

[ Output predlcuon

Fig.S6 ANN-SOS Framework




S.5.9.2 GWO-ANN ensemble model

Fig.S7 GWO-ANN framework



S5.9.3 ANFIS

Output variables

% removal efficienc
adsorption capacity

Layer 1 Layer 2 Layer 3 Layer 4
Input variables
i Liner
® Initial concentration Function
of metal ions
+ Amount of adsorbent
- pH
* Temperature
. St ER
* Shaker velocity :
* Biopolymer 4 / Lmttr
granulometry Function
Input Product layer  Normalized layer Defizzy ayer

Fuzzy layer

Fig.S8 Schematic of ANFIS structure.

S5.9.3.1 Mathematical formulation of ANFIS layers

Layer 1 0,i= py (x), fori=1.2,0or 0,i= pg -2 ), fori=34

1

Uy (x) =
X~ Cilyp

1+
Membership function: a;

where every [ is an adaptive node with a membership function My ()

Layer 2 0y;= W; = ly; ug (), i=1,2.

where 4, B are the premise parameters

_ Wi
03,1- =w;= i=1,2.
Layer 3 w1t W,
Wi= normalized firing strengths
0= wi fi=wi(px+ qy+ 1)

Layer 4
PuldpT; = consequent parameters

Zwifi

>

Layer 5 i

overall ouput = Oy ;= Zﬂ;i fi=
i

Total output layer







S.5.9.4 GA-ANN ensemble model

Genetic operators

Fig.S9 framework of GA-ANN model



S5.9.5 Queuing search algorithm framework

Step 1: Initialize parameters in QS

Initialize the population size (), stopping criterion (such
as iter,,, and MFES fitness function f{ ), the dimension and
bounds of design variables D and (LB, UB)

Step 2: Initialize the Step 3: Update individuals in the first phase

population

Select the top three best individuals as staffs

Generate an initial

population randomly Calculate the number g, of Update procedure
and evaluate its individuals in queue,, in business,
fitness

Step 4: Update individuals in the second phase

Select the top three best individuals as staffs

Calculate the number ¢, of individuals in gueue-, the probability of . Update procedure

each individual by Eq. (10) and the confusion value ¢, by Eq. (16) in business,
Step 5: Update individuals in the third Step 6: Terminate iteration
phase
—
Rank all Update Repeat Stopping
individuals to | 7] procedure in Steps3t0 5 _eriterion s met?
obtained Pr; business;

Fig S10. QSA working framework



S6 Mathematical formulation of Weights method for evaluating the relative relevance of
input variables on ANN model response

m=Nh

ih
W
| jm ho
DN | R

k=1 )
where 1/ = relative significance of the jth input variable on the output variable,

Ni = number of input neurons

Nh = number of hidden neuron

W = connection weight;

The superscripts & 1 and © = input, hidden, and output layers, respectively.

The subscripts X ™ and ™ = number of input, hidden, and output neurons, respectively.
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