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Sustainable metal recovery from waste printed
circuit boards through citric acid leaching using
response surface methodology and predictive
modelling

Syed Suffia Igbal,? Ovais Igbal Shah® and Deblina Dutta (2 *@

Recycling printed circuit boards (PCBs) is crucial for reducing pollution, recovering valuable metals, and
conserving resources. This study presents a green method for metal extraction from mobile phone PCBs
using citric acid (CgHgO5). The dissolution of Ag, Al, and Zn was examined in relation to variables such as
pulp density, time, citric acid concentration, and temperature. The findings demonstrate the leaching of
Ag, Al and Zn is approximately 93%, 91% and 92%, respectively, under conditions of 1 M citric acid,
a pulp density of 70 g L™, a temperature of 75 °C, and a mixing time of 120 minutes. Response surface
methodology was employed to optimize the conventional hydrometallurgical method. Thus, utilizing
citric acid as a green solvent not only enhances leaching efficiency but also offers a more sustainable
alternative for the recovery of valuable metals from mobile PCBs. To further enhance prediction
accuracy, multiple machine learning models were evaluated using process data. Among these,
polynomial regression achieved the best performance (R? = 1.000; RMSE = 0), effectively capturing
nonlinear relationships between parameters and silver recovery. This integration of experimental
optimization and data driven modeling confirms citric acid as a sustainable lixiviant for efficient silver
recovery from PCBs, reliance on It also

reducing inorganic acids and environmental impact.

demonstrates the effectiveness of polynomial modeling in minimizing experimental effort and enhancing

rsc.li/rsc-advances leaching efficiency.

1. Introduction

Technological advancements have significantly driven societal
transitions from traditional electrical and electronic equipment
(EEE) to modern alternatives with enhanced, multifunctional
capabilities." EEE that is no longer functional or useful is
commonly referred to as electronic waste, or E-waste.> The
rising global demand for metals presents a major challenge,
especially considering the declining quality of natural ore
deposits. Remarkably, E-waste can contain up to 26 times more
Cu and up to 50 times more Au than conventional ores and
concentrates.’> Steady technological innovation and socioeco-
nomic development have driven an unprecedented surge in
waste printed circuit boards (PCBs), exposing the hidden envi-
ronmental surge of digitalization and inadequate waste
management. Among the various E-waste components, PCBs
are especially noteworthy as they contain considerable quanti-
ties of valuable and base metals.*® PCBs represent a metal rich
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secondary resource; however the present study specifically
investigates the selective leaching behavior of Ag, Al and Zn
using citric acid,® as Ag contributes to the economic values of
PCBs while Al and Zn are common co-dissolving base metals
that influence selectivity and hydrometallurgical processing.
PCBs are integral components of most electronic devices and
are widely studied in consumer electronics. They account for
approximately 4-7% of the total E-waste stream.”®

Typical EEEs include household and communication devices
such as computers, televisions, and mobile phones. High-
lighting the economic potential of E-waste as a secondary
resource, recent studies estimated its total value at about USD
$57 billion.® Discarded PCBs can be regarded as an “urban
mine” for the extraction of valuable metals. However, conven-
tional disposal practices such as open dumping, incineration,
and landfilling lead to the generation of hazardous byproducts
and toxic gaseous emissions, creating significant risks to
human wellbeing, the environment, and the goal of sustainable
development.* Therefore, the proper management of E-waste
based on sound knowledge of its generation, collection and
proper disposal can play a key role in environmental protection
and the conservation of natural resources. As a result, many
researchers are now focusing on the recycling and reuse of E-
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waste. Among the various recovery techniques, chemical
leaching has appeared as a key technique for extracting valuable
metals from waste batteries and PCBs, thereby contributing to
the prevention of environmental pollution.'* Established recy-
cling methodologies include hydrometallurgy, pyrometallurgy
and direct recycling approaches, which are actively employed in
PCBs metal recovery processes.'>"

The implementation of hydrometallurgical approaches for
the recovery of metals from discarded PCBs is significantly more
advantageous than alternative methods, due to its superior
selectivity, reduced financial expenditure, lower energy
consumption, and elevated recovery efficiencies.'* In contrast,
pyrometallurgical methods are associated with numerous
disadvantages, including elevated gaseous emissions, signifi-
cant capital expenditure, excessive energy utilization, and the
financial burden related to the extraction of metals from slag.
To optimize parameters for effective recovery and feasibility, the
RSM model was employed across various scenarios. Compared
with conventional optimization techniques, RSM requires fewer
experimental runs, significantly reduces experimental time, and
enables the identification of optimal conditions through
response surface plots. In this study, a Central Composite
Design (CCD) was applied to evaluate the interaction effects of
key process variables. Within hydrometallurgical processing,
the selection of an appropriate leaching agent plays a critical
role in determining metal dissolution efficiency, process
sustainability, and environmental impact.’> Conventional
inorganic acids, although effective, often pose challenges
related to toxicity, corrosiveness, and secondary pollution.
Consequently, increasing attention has been directed towards
organic acids as green alternatives due to their biodegradability,
lower toxicity, and reduced environmental footprint. Among the
various organic acids, citric acid (CcHgO,) has emerged as
a particularly promising leaching agent because of its strong
metal-chelating capability, wide availability, and cost-
effectiveness. Previous studies have reported recovery efficien-
cies for Ag and other valuable metals using citric acid, especially
when combined with oxidizing agents such as hydrogen
peroxide, thereby supporting its selection in the present
study.**"”

Despite growing interest, most hydrometallurgical studies
on PCBs metal recovery still rely on strong mineral acids such as
H,SO,, HNO;, or aqua regia, which generate toxic fumes and
hazardous residues. Only limited research has explored biode-
gradable organic acids like citric acid as sustainable leaching
agents, and many of these studies lack systematic optimization
or predictive evaluation. Beyond organic acids, emerging
solvent systems such as ionic liquids (ILs) and deep eutectic
solvents (DESs) are being explored for metal recovery. ILs have
shown strong selectivity and high recovery efficiencies for
metals from E-waste.'® DESs are prepared by mixing a hydrogen-
bond acceptor and a hydrogen-bond donor.** They are
increasingly explored due to their relatively low toxicity and
potential biodegradability. Acidic DESs formulations often
based on choline chloride combined with carboxylic acids have
been reported to recover both base and precious metals from
PCBs, with efficiencies commonly above 80% and in some cases
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reaching 99%. Overall, ILs and DESs are promising green
alternatives for sustainable hydrometallurgical metal recovery
and can complement organic acids such as citric acid in eco-
friendly recycling approaches.” Furthermore, although RSM
and Machine Learning (ML) have been individually applied for
process optimization and prediction, their integrated applica-
tion remains underexplored.

This study presents an environmentally sustainable and data
driven framework for the metal recovery from the waste mobile
phone PCBs. RSM has been used to optimize key variables (pulp
density, temperature, time and citric acid concentration) for Ag,
Al and Zn recovery, and polynomial regression has been applied
to predict recovery outcomes. Using citric acid as the leaching
agent supports green chemistry principles by reducing envi-
ronmental footprint of the overall process. ML models (poly-
nomial regression, random forest, and XGBoost) were evaluated
using R?, RMSE and cross validation with polynomial regression
showing the best predictive performance. The framework
supports green chemistry and circular economy goals while
enabling scalable optimization to reduce time, cost and reagent
use.

2. Experimental section

2.1. Material preparation

The mobile phones of different brands and models were
collected from the households and from shops dealing with
discarded/second-hand mobile phones. The devices were
dismantled manually, and the PCBs were separated, cleaned to
remove adhering dust/plastics, dried, and then mechanically
ground, and their size was reduced using scissors and pliers.
They were then cut into small pieces, followed by comminution
and grinding to obtain a finely ground powder (=500 pm)
suitable for further analysis. The resulting powder samples were
subsequently used for the leaching experiments.

2.2. Characterization studies

A thorough characterization was performed to understand the
material properties and behavior of the mobile phone PCBs.
Studies for the characterization of the mobile phone PCBs were
carried out using XRD (make: Malvern Panalytical Ltd; model:
Empyrean; SRM University-AP, Andhra Pradesh, Guntur). ICP-
OES (make: Thermo Fisher Scientific; model: ICAPPROX DUO;
SRM University-AP, Andhra Pradesh, Guntur) was used for the
analysis of the metal concentration. All experiments used
analytical grade chemicals to ensure reliability.

2.3. Leaching procedure

The metals were extracted from the PCBs using a three necked
Pyrex glass reactor, fitted with a condenser to capture any gases
produced during the leaching process. A hot plate with
a magnetic stirrer (Accumax, India, Model-I Stir HP 320) was
utilized to maintain consistent agitation to achieve the required
temperature during the experiment. For preliminary leaching
investigations, multiple leaching agents, including nitric acid,
oxalic acid, citric acid, and glycine, were employed under

© 2026 The Author(s). Published by the Royal Society of Chemistry
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controlled leaching conditions, specifically at a leachant
concentration of 1 M, maintained at a temperature of 75 °C,
a pulp density of 70 g L ™" of PCBs powder, for a duration of 120
minutes. Furthermore, the influence of time, pulp density,
temperature, acid concentration, and various other process
variables were systematically examined. After completion of the
leaching experiment, the slurry was allowed to cool to room
temperature, and the solid-liquid separation was carried out by
filtration. The collected filtrate (leach liquor) was used for metal
analysis. The leach liquor was analyzed using Inductively
Coupled Plasma-Optical Emission Spectroscopy (ICP-OES) to
determine the concentrations of dissolved metals.

The leaching effectiveness of the experimental process was
determined in eqn (1).**

Leaching efficiency

amount of metal leached (g)
- : x 100 (1)
initial amount of metal in PCBs powder (g)

2.4. Experimental design and optimization

The design of experiments (DOE) constitutes a powerful meth-
odology applicable across a multitude of experimental
contexts.” RSM represents a modeling technique within the
DOE framework, employed to evaluate the significance of vari-
ations in parameters by integrating empirical quantitative data
with mathematical and statistical models,* thereby enhancing
the optimization of parameters. The enhancement of the
leaching procedure was demonstrated through the application
of RSM. This methodology integrates both quantitative and
qualitative analytical techniques for the examination of
a process response, which is influenced by a multitude of
parameters. The experimental design utilized in RSM dimin-
ishes the requisite number of trials in comparison to traditional
methodologies, thereby facilitating the identification of the
impact of various parameters on the response variable.> In the
present study, a three-level coded RSM based on a CCD was
employed, where each variable temperature, pulp density, citric
acid concentration and leaching time was evaluated at three
coded levels (—1, 0, and +1) to optimize the leaching conditions
for silver recovery from mobile phone PCBs. Minitab software
was employed to perform experimental design, in which 31
experimental sets were executed to examine the impact of four
independent variables on the response variable, specifically the
metal leaching efficiency (dependent variable). All leaching
experiments were performed in triplicate under identical
conditions to ensure reproducibility.

2.5. Machine learning for yield prediction

The extraction of precious metals from E-waste represents both
an environmental necessity and a significant economic oppor-
tunity. Among these metals, Ag is a particularly important target
due to its extensive use in electronic components and higher
market value. This study focuses on predicting Ag recovery
efficiency (%) from leaching experiments using ML techniques.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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To enhance empirical optimization and minimize experi-
mental effort, ML frameworks were developed to forecast metals
recovery efficiency as a function of these process variables.”® The
modeling framework incorporated the four critical input vari-
ables pulp density, temperature, acid concentration, and
leaching duration while the output variable represented the
experimentally measured Ag recovery (%). The effectiveness of
multiple regression-based ML models was assessed using four
statistical indicators: coefficient of determination (R*), mean
absolute error (MAE), root mean square error (RMSE), and
cross-validated R* (CV R*). These metrics were used to evaluate
both the reliability and generalization performance of the
predictive models.

3. Results and discussion

3.1. Characterization of PCBs

For characterization, XRD analysis was performed on the PCBs
powder to identify its phase composition. The XRD pattern of
the PCBs powder is shown in Fig. 1, and the diffraction peaks
indicate additional reflections attributable to Al, Ag, and Zn
containing phases.

To determine the initial metal content required for leaching-
efficiency calculations, the aqua regia was used for the digestion
of 1 g of sample using solid liquid ratio of about 1:20 and
leaching time of 2 h at 60 °C.***” Following the necessary dilu-
tion, the leached samples of the PCBs were analyzed by the ICP-
OES. The initial metal concentrations measured in the PCBs
powder were Al=10.2 gkg ', Zn=31.9gkg ', Ag=2.9gkg ™",
Cu =387 gkg ' and Fe = 34.3 g kg™ .

3.2. Selection of the leaching agent

The leaching agent or solvent is a crucial factor in metal
extraction, as it largely governs the effectiveness and mecha-
nism of the leaching process. In this study, hydrometallurgical
processing was employed to extract Ag from the PCBs of mobile
phones. The selection of an appropriate leaching agent is vital
for achieving optimal metal recovery and relies on several
factors, including the selectivity, reagent cost, physicochemical
properties of the material, and regeneration potential.*® To
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Fig. 1 XRD patterns of the PCBs powder.
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(a) Dissolution of metals from PCBs of mobile phones using various leaching agents, and the influence of different parameters on metal

leaching, including (b) pulp density (g L™ (c) temperature (in Celsius), (d) leaching duration (minutes), and (e) citric acid concentration (M).

identify the most effective leaching agent, experiments were
conducted using nitric acid, citric acid, oxalic acid, and glycine

L~ pulp density, 75 °C temperature, and 120 minutes duration.
Analytical grade reagents were used throughout the experi-

under various conditions: 0.5 M leachant concentration, 50 g ments. The results (Fig. 2(a)) revealed that citric acid and nitric
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Table 1 Experimental and predicted values in the central composite
design®

StdOrder x; x, x3 x;  Yield (observed) Yield (predicted)

1 40 45 0.5 60 45.38 50.38
2 100 45 0.5 60 48.13 48.45
3 40 105 0.5 60 50.32 48.81
4 100 105 0.5 60 53.83 50.02
5 40 45 1.5 60 55.97 53.67
6 100 45 1.5 60 59.15 58.10
7 40 105 1.5 60 60.32 58.07
8 100 105 1.5 60 63.65 65.64
9 40 45 1.5 180 68.53 67.71
10 100 45 0.5 180 69.39 69.47
11 40 105 0.5 180 65.12 63.99
12 100 105 0.5 180 65.42 68.89
13 40 45 1.5 180 62.34 63.97
14 100 45 1.5 180 69.41 72.09
15 40 105 1.5 180 65.37 66.22
16 100 105 1.5 180 84.65 77.48
17 40 75 1 120 83.45 83.98
18 100 75 1 120 85.17 88.65
19 70 45 1 120 86.43 80.90
20 70 105 1 120 73.27 82.81
21 70 75 0.5 120 70.64 69.03
22 70 75 1.5 120 69.36 74.97
23 70 75 1 60 70.52 74.11
24 70 75 1 180 88.28 88.69
25 70 75 1 120 90.18 86.71
26 70 75 1 120 92.32 86.71
27 70 75 1 120 90.64 86.71
28 70 75 1 120 87.26 86.71
29 70 75 1 120 83.26 86.71
30 70 75 1 120 85.62 86.71
31 70 75 1 120 89.73 86.71

“ x: pulp density, x,: temperature, x;: acid concentration, x,: time.

acid exhibited the highest metal dissolution efficiencies for Ag,
Al and Zn, achieving over 80-95%, while glycine and oxalic acid
showed comparatively lower efficiencies. Among these, citric
acid was identified as the most promising green solvent for
metal recovery. Being a mild, triprotic organic acid, it effectively
complexes with metal ions such as Ag", AI’, and zn>',
promoting their dissolution while minimizing corrosion and
environmental risks.

Furthermore, the integration of citric acid and hydrogen
peroxide (H,0,) enhanced leaching kinetics, achieving rapid
extraction compared to bioleaching methods that typically
require several days.?” Owing to its biodegradable and non-toxic
nature, citric acid adheres to the fundamentals of green
chemistry principles, making it an environmentally friendly and
economically viable alternative to conventional inorganic acids.
However, precious studies indicate that excessively high organic
acid concentrations can reduce leaching efficiency.*>**

3.3. Effect of pulp density

Pulp density exerts a considerable influence on the efficiency of
metal leaching from PCBs of mobile phones. To examine this
effect, experiments were conducted by varying the pulp density
between 40 ¢ L' to 100 g L', while maintaining constant

© 2026 The Author(s). Published by the Royal Society of Chemistry
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conditions of 1 M citric acid concentration, 75 °C temperature,
and 120 minutes duration. As shown in Fig. 2(b), lower pulp
density (40-60 g L") resulted in higher leaching efficiencies for
Al, Zn, and Ag attaining 74.40%, 64.18%, and 63.99%, respec-
tively. The dissolution of metals increased progressively to
a pulp density of 70 g L™, beyond which a decline was detected.
At elevated pulp densities (up to 100 g L™ %), the leaching effi-
ciencies of Al, Zn, and Ag decreased to 77.29%, 70.60%, and
73.63%, respectively. This reduction in metal dissolution at
higher pulp densities can be attributed to particle agglomera-
tion in the PCBs powder, which hinders the mass transfers of
reactants and limits the effective contact between the leachant
and metals bearing phases. According to the experimental
results, the optimum pulp density was established at 70 g L™"
for maximizing metal solubilization, as it provides sufficient
solid liquid interaction without causing excessive particle
aggregation. Similar trends, where pulp density exhibits an
inverse relationship with metal extraction efficiency, have also
been reported in previous studies.** However, an increase in the
pulp density resulted in a marked decrease in metal leaching
efficiency.*

3.4. Effect of temperature

Temperature is a key factor influencing the solubilization of
metallic components during the leaching stage. The influence
of temperature was analyzed while maintaining constant reac-
tion parameters, including a 1 M citric acid concentration,
a pulp density of 70 g L™, and a leaching duration of 120
minutes. Increasing the temperature from 45 °C to 70 °C
enhanced the reaction rate, diffusivity, and mass transfer effi-
ciency, thereby improving metal dissolution and overall leach-
ing efficiency. As the system's temperature increased within the
range of 40 °C to 60 °C, the dissolution of all metals improved,
reaching approximately 70-80%. At temperatures above 70 °C,
the dissolution of Ag reached up to 92.5%, however, a vigorous
reaction was observed, and no further significant improvement
in leaching efficiency occurred. This may be attributed to the
partial degradation or volatilization of the solvent at elevated
temperatures. Therefore, considering both leaching efficiency
and energy consumption, a temperature of 75 °C was identified
as the optimal condition for Al, Zn, and Ag leaching, as shown
in Fig. 2(c). The solubility of metallic elements is profoundly
affected by thermal conditions.**** Meanwhile, rising tempera-
tures enhance molecular kinetic energy, resulting in more
collisions and quicker reaction rates. This, in turn, facilitates
the diffusion of acid ions and other reactants toward the reac-
tion interface, as well as the transfer of dissolved products into
the leaching solution, ultimately improving the overall leaching
efficiency.***”

3.5. Effect of time

Leaching time is an essential parameter governing the extent of
metal extraction. The efficiency of metal recovery is strongly
influenced by leaching time, as it directly influences the degree
of metal dissolution and overall leaching performance. The
effect of time was observed as the duration increased from 60 to
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Table 2 ANOVA for the response surface quadratic model for Ag®

Analysis of variance

Source DF Adj SS Adj MS F-Value p-Value
Model 14 5465.28 390.38 15.78 0
Linear 4 1230.14 307.53 12.43 0
Pulp density 1 98 98 3.96 0.064
Temperature 1 16.47 16.47 0.67 0.426
Acid concentration 1 158.78 158.78 6.42 0.022
Time 1 956.89 956.89 38.68 0
Square 4 4081.63 1020.41 41.25 0
Pulp density x pulp density 1 0.41 0.41 0.02 0.899
Temperature x temperature 1 61.28 61.28 2.48 0.135
Acid concentration x acid concentration 1 561.49 561.49 22.7 0
Time x time 1 73.15 73.15 2.96 0.105
2-Way interaction 6 153.51 25.59 1.03 0.439
Pulp density x temperature 1 9.86 9.86 0.4 0.537
Pulp density x acid concentration 1 40.45 40.45 1.64 0.219
Pulp density x time 1 13.58 13.58 0.55 0.439
Temperature x acid concentration 1 35.58 35.58 1.44 0.248
Temperature x time 1 4.62 4.26 0.19 0.671
Acid concentration x time 1 49.42 49.42 2 0.177
Error 16 395.79 24.74

Lack-of-fit 10 335.02 33.5 3.31 0.078
Pure error 6 60.76 10.13

Total 30 5861.06

% DF = Degrees of Freedom; SS = Sum of Squares; MS = Mean Squares.

180 minutes, the dissolution of metals increased from 20% to
90% as exhibited in Fig. 2(d). During the initial phase of
leaching, the extraction efficiency of all three metals (Al, Zn, and

Hold values
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tration gradient and the availability of abundant reactive
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Fig.3 3D response surface plots illustrate the correlation between (a) interaction between pulp density vs. temperature (b) temperature vs. time,
(c) pulp density vs. time, (d) citric acid concentration vs. pulp density, (e) citric acid concentration, vs. time and (f) temperature vs. citric acid

concentration.
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Table 3 Comparison of machine learning model performance for
predicting silver recovery from the leaching of PCBs

Model R” score RMSE CV score

Polynomial regression 1.0 0.0028 0.9956 + 0.0088
Ridge polynomial 0.1481 7.8353 —1.0945 + 2.4751
Lasso polynomial 0.8893 2.8245 0.2976 £ 0.7921
Random forest 0.2794 7.2065 0.6708 + 0.2418
Gradient boosting —0.3309 9.7936 0.2984 + 0.5337
MLP neural network 0.3905 6.6273 —3.8266 £ 5.6796
XGBoost 0.082 8.1337 0.6814 + 0.3389

surface sites. As no substantial variation in the dissolution of
metals was observed between the intervals of 120 to 180
minutes, it was thus determined that a duration of 120 minutes
is optimal for achieving maximal metal dissolution. Extending
the leaching time beyond 120 minutes would therefore not only
be inefficient but may also increase operational costs without
improving recovery efficiency. Leaching time has a significant
influence on the dissolution of metals.**

3.6. Effect of citric acid concentration

The influence of citric acid concentration on metal leaching was
examined over a series of 0.5-2 M, as illustrated in Fig. 2(e). The
concentration of citric acid significantly influences the effi-
ciency of the leaching process, however, raising the concentra-
tion beyond the optimum level yielded no significant
enhancement in metal recovery from PCBs.*® Citric acid has
been reported to extract numerous metals, including Cu, Ni, Sn,
Zn, Fe, Pb, Au, Al, Ag, Pd.*>*° The optimum acid concentration
was determined to be 1 M, which provided the highest metal
dissolution efficiency under the given conditions, achieving
more than 90% extraction for all three metals. Higher concen-
trations did not enhance leaching performance, while lower
concentrations led to reduced metal recovery. Therefore, 1 M
citric acid concentration is considered both effective and
economically viable for the extraction process. When used as
a leaching agent, citric acid facilitates metal dissolution
through the acidification (proton-promoted dissolution),

© 2026 The Author(s). Published by the Royal Society of Chemistry
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oxidant assisted dissolution in the presence of H,0, and
stabilization of the dissolved metal ions wvia citrate
complexation.

Citric acid (H;Cit) is a triprotic ligand and dissociates in
water to form citrate species (HCit>~ and Cit’>"), supplying
protons (H") for acidity and citrate ions that act as complexing
ligands.

H;Cit = H* + H,Cit™ = 2H" + HCit>~ = 3H" + Cit’~ (2)

In presence of H,0,, the target metals (Ag, Al, and Zn) are
oxidized and dissolve, producing their corresponding ions in
the aqueous phase as metal ions (eqn (3)-(5)).

2Ag(s) + H,O, + 2H" — 2Ag" + 2H,0 (3)
Zn(s) + H,0, + 2H" — Zn*' + 2H,0 (4)
2Al(s) + 3H,0, + 6H" — Zn** + 2H,0 (5)

Citrate ions coordinate with the dissolved metal ions,
stabilizing them in solution, enhancing their solubility, and
preventing re-precipitation during leaching.

Zn** + Cit’~ = [ZnCit]” (6)
A" + Cit*~ = [AICGit]° )
Ag" + Cit’™ = [AgCit]*~ (8)

This accounts for the higher leaching observed with 1 M
citric acid + 5% H,0, as H,0, promotes oxidation and disso-
lution to ionic species, while citrate complexes stabilize Ag',
Zn**, and AI’" in solution, thereby minimizing re-precipitation
and favors continued dissolution. At higher reagent concen-
trations, the leaching efficiency decreased, consistent with
previous reports.’»*!

4. Leaching study using response
surface methodology

The empirical data attained through RSM were evaluated using
analysis of variance (ANOVA) to ascertain the importance of the
independent variables and the overall regression model con-
cerning the responsible variable. The statistical significance was
evaluated through key parameters such as the coefficient of
determination (R*), adjusted R”, F-statistics, p-values, and lack-
of-fit tests. The ANOVA study additionally examined the inter-
action effects among the four independent variables and their
individual contributions to the response variable. The high rR*
value indicated the adequacy and reliability of the second order
polynomial regression model. Subsequently, optimization was
carried out using the empirical data derived from the DOE and
the RSM, focusing on the percentage of Ag dissolution pre-
sented in Table 1. Based on the observed responses corre-
sponding to the regression coefficients of the second-order
polynomial equation, it was established that the dissolution
behavior of Ag with respect to polynomial equation,
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Fig.5 Comparison of regression models based on R? and RMSE values and performance evaluation of regression models using MAE and cross-

validated R? scores.

temperature, acid concentration, pulp density, and time fol-
lowed a quadratic relationship, as confirmed by the analytical
software.

Additionally, a second-order polynomial model (eqn (9)) was
employed to predict the output response for Ag leaching.

9764 | RSC Adv, 2026, 16, 9757-9768

Ag recovery (%) = —40.2 — 0.093x; +0.717x + 115.8x3 + 0.521 x4
— 0.00044x; x x; — 0.00540x, x x, — 58.8x3 x x3 — 0.001475x4
X X4 + 000087X1 X Xxp + 01060X1 X x3 + 0000512X1 X x4 +
0.0994x; x x3 — 0.000299x; x x4 — 0.0586x3 X X4 9)
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Fig. 6 Predicted vs. actual metal yield for the top three models.

To examine the predictive accuracy of the model, an ANOVA
was performed. The (R®) coefficient of the determination was
utilized to assess the adequacy and reliability of the quadratic
polynomial regression model. The p-value for each model
coefficient was obtained through significance testing to deter-
mine their statistical relevance. The regression model's elevated
F-values and low p-values (p < 0.001), together with a non-
significant lack of fit, confirm its statistical significance and
demonstrate that it accurately represents the experimental
data.*

The ANOVA results for the quadratic response surface model
of Ag dissolution are presented in Table 2. The overall model for
Ag dissolution yielded a p-value of 0.000, which is beneath the
statistical significance level (@ = 0.05). This indicates a statisti-
cally significant relationship between the independent variables
and the response, thus rejecting the null hypothesis. The full
quadratic model, incorporating four factors, was found to
significantly influence the percentage of Ag dissolution. Addi-
tionally, the linear terms of all variables showed p-values below
0.05, confirming their significant individual effects on Ag
leaching. The model also shows no significant lack-of-fit, as
indicated by a p-value of 0.078, which crosses the threshold of
0.05 suggesting the model fits the data well. A high R? value of
0.93 reflects strong predictive ability and a strong consistency
between predicted and actual values Ag dissolution values.
Higher R® values indicate a stronger association between the
observed and predicted results.****

To get better understanding about the interaction effect of
variables on the leaching of Ag 3-dimensional response plots
were generated based on equations. Fig. 3 presents surface
response plots illustrating the influence of various factor
combinations on Ag dissolution at a given time. In Fig. 3(a), Ag
dissolution increases with rising temperature and pulp density.
Fig. 3(b) shows that both temperature and time positively affect
the dissolution rate, with a maximum observed at 70 g L™" pulp

© 2026 The Author(s). Published by the Royal Society of Chemistry

BO
Actual Ag Recovery (%)

85 70 75 BO 85
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density; beyond this, the rate declines due to particle agglom-
eration. In Fig. 3(c), increasing both pulp density and time
enhances the dissolution rate, while other parameters remain
constant. Fig. 3(d) demonstrates that, at fixed temperature and
time, increasing citric acid concentration and pulp density
initially improves dissolution, but the rate declines at higher
pulp densities. Similarly, Fig. 3(e) shows that a rise in both citric
acid concentration and time leads to increased Ag dissolution.
Lastly, Fig. 3(f) reveals that, at constant pulp density and time,
higher citric acid concentration and temperature results in
a higher dissolution rate. Each 3D response surface plot
generated from the predicted model illustrates the interaction
between two operational parameters. Fig. 3(a—f) describes the
relationship between the percentage dissolution of Ag and key
variables such as acid concentration, leaching time, tempera-
ture, and pulp density. The graphical representation indicates
that the maximum dissolution of Ag occurs at 75 °C after 120
minutes of leaching.

Furthermore, the residuals displayed in the normal proba-
bility plot (Fig. 4) follow a linear trend, indicating normally
distributed errors suggesting a normal distribution.*

5. Integration of machine learning
(ML) for yield prediction

5.1.
ML

Dataset partitioning for experimental evaluation using

For the experimental evaluation, the dataset comprising a total
of 31 samples was partitioned into training and testing subsets
in an 80:20 proportion. Specifically, the train_test_split func-
tion from the scikit-learn library was utilized with a pre-
determined random seed (random_state = 42) to guarantee the
consistency of results. This resulted in 80% of the samples
being allocated for training and 20% for testing, enabling

RSC Adv, 2026, 16, 9757-9768 | 9765
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consistent model assessment while preventing data leakage
between the two subsets.

5.2. Predicted results of test data and plot visualization

This research investigates the utilization of ML methodologies
for forecasting Ag recovery efficiency (FITS1) from PCBs based
on experimental parameters including temperature, pulp
density, acid concentration, and leaching time. The dataset
comprised 31 samples with no missing values, ensuring data
consistency for model training and evaluation. A comprehen-
sive comparative analysis was conducted employing a suite of
seven distinct machine learning algorithms to develop predic-
tive models for Ag recovery yield. The model selection encom-
passed a strategic range of techniques to ensure a robust
evaluation. The model included ridge polynomial regression,
polynomial regression, Lasso polynomial regression, random
forest regressor, gradient boosting regressor, Multi-Layer Per-
ceptron (MLP) neural network, XGBoost regressor. The predic-
tive capability of the models was analyzed through R*, RMSE,
and CV score evaluations. The summary is depicted in Table 3.

Table 4 compares the predictive performance of four
regression models polynomial regression, Lasso polynomial
regression, MLP neural network, and random forest against
actual values. It presents the predicted values and their corre-
sponding residuals (the difference between observed and pre-
dicted values) for each model. The residuals indicate how
accurately each model fits the data smaller residuals imply
better prediction accuracy. The evaluation of the seven machine
learning models revealed a clear hierarchy of predictive
performance for Ag recovery yield. The polynomial regression
model (degree = 2) demonstrated exceptional efficacy,
achieving a near-perfect fit on the test data, as evidenced by
a coefficient of determination (R?) of 1.000, a root mean squared
error (RMSE) of 0.0028, and a robust (CV) R* score of 0.9956 +
0.0088. This performance suggests the model encapsulates the
underlying dynamic process with remarkable precision. The
Lasso polynomial regression model also exhibited strong
performance, validating the significance of the polynomial
feature space while confirming that a sparse model remains
highly effective.*® In contrast, the more complex, non-linear
algorithms including the random forest, XGBoost regressors,
and gradient boosting, alongside the Multi-Layer Perceptron
(MLP) neural network yielded comparatively lower predictive
accuracy on this specific dataset.”” The superior performance of
the polynomial model strongly indicates that the relationship
between the investigated process parameters (pulp density,
temperature, acid concentration, and time) and the Ag recovery
efficiency is predominantly quadratic and linear in nature, with
significant interaction effects. This finding is consistent with
the principles of RSM commonly used in process optimization.

The comparatively lower performance of the tree-based and
neural network models suggests that their inherent capacity for
modeling highly complex, non-linear patterns may not be
necessary for this system, and they may be more susceptible to
learning noise or require more extensive hyperparameter tuning
on a dataset of this size.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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This Fig. 5 depicts comparative performance evaluation of
seven machine learning models for predicting Ag recovery yield,
measured by R*, RMSE, MAE, and cross-validation R* scores.
The polynomial regression model (far left) demonstrates supe-
rior predictive accuracy with near-perfect R* and lowest error
values.*®*

5.2.1 R’ scores. Polynomial regression shows the highest
accuracy (R> = 1), followed by Lasso polynomial and ridge
polynomial, while gradient boosting performs worst.

5.2.2 RMSE scores. Lower is better, polynomial regression
and Lasso polynomial have the lowest errors, while gradient
boosting has the highest.

5.2.3 MAE scores. Lasso polynomial again performs best
with the smallest absolute error, while ridge polynomial has the
largest.

The predictive performance of polynomial regression, Lasso
polynomial regression, and MLP neural network for estimating
Ag recovery from the experimental dataset is compared in Fig. 6.
Each plot shows the correlation between the actual and pre-
dicted Ag recovery percentages, with the red dashed line rep-
resenting the line of perfect prediction (where the predicted
values perfectly align with the actual values).

6. Conclusion

Based on the experimental findings, citric acid was found to be
the most effective leaching agent for the recovery of Al, Zn, and
Ag from PCBs compared to glycine and oxalic acid. Approxi-
mately 91.58% of silver was successfully leached in a single
stage process. While traditional hydrometallurgical optimiza-
tion requires multiple experimental trials, advanced techniques
such as RSM significantly require multiple experimental trails,
advanced techniques such as RSM significantly reduce both
time and chemical consumption while enhancing leaching
efficiency. Under optimized conditions i.e., 1 M citric acid, 70 g
L~ pulp density, 75 °C, and 120 minutes, the leaching effi-
ciency exceeded 90% for the target metals. The obtained
leaching solution will undergo further purification through
solvent extraction or ion exchange, followed by metal recovery
via electrowinning or precipitation. To support process inten-
sification, ML models (polynomial regression, random forest,
and XGBoost) were developed to predict metal recovery based
on leaching parameters. Among these, polynomial regression
demonstrated the highest predictive accuracy, confirming its
effectiveness for forecasting metal yields with minimal error.
These data-driven models not only validated the experimental
outcomes but also provide a scalable framework for optimizing
future leaching operations, thereby minimizing time, cost, and
chemical usage. Regarding scale-up, the citric acid system is
promising because citrate-based lixiviants are relatively non-
toxic and biodegradable. However, large-scale operation
requires careful control of reagent cost and process integration.
Citric acid costs can be reduced by using the identified
optimum concentration (1 M), selecting technical-grade citric
acid, and recycling the leach liquor after downstream metal
recovery. Citrate can also be regenerated and reused by recy-
cling the spent lixiviant after metal removal with pH adjustment

© 2026 The Author(s). Published by the Royal Society of Chemistry
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and make-up oxidant, while controlling impurity build-up
through periodic bleed-and-replenish. However, reuse effi-
ciency was not experimentally evaluated in this study. Future
work will quantify multi-cycle reuse, acid consumption, and
regeneration routes.
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