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Flotation separation is the most important upgrading critical raw material technique. Measuring interactions
within flotation variables and modeling their metallurgical responses (grade and recovery) is quite challenging
on the industrial scale. These challenges are because flotation separation includes several sub-micron processes,
and their monitoring won’t be possible for the processing plants. Since many flotation plants are still manually
operating and maintaining, understanding interactions within operational variables and their effect on the
metallurgical responses would be crucial. As a unique approach, this study used the “Conscious Lab” concept for
modeling flotation responses of an industrial copper upgrading plant when Potassium Amyl Xanthate substituted
the secondary collector (Sodium Ethyl Xanthate) in the process. The main aim is to understand and compare
interactions before and after the collector substitution. For the first time, the conscious lab was constructed based
on the most advanced explainable artificial intelligence model, Shapley Additive Explanations, and Catboost.
Catboost- Shapley Additive Explanations could accurately model flotation responses (less than 2% error between
actual and predicted values) and illustrate variations of complex interactions through the substitution. Through a
comparative study, Catboost could generate more precise outcomes than other known artificial intelligence
models (Random Forest, Support Vector Regression, Extreme Gradient Boosting, and Convolutional Neural
Network). In general, substituting Sodium Ethyl Xanthate by Potassium Amyl Xanthate reduced process pre-
dictability, although Potassium Amyl Xanthate could slightly increase the copper recovery.

1. Introduction

Digitalizing industrial processes would enhance efficiency, consis-
tency, and product quality. Integrating recorded information from
different monitored units and operational variables into a digitalized
form can potentially be used to predict the process responses (Sasikumar
et al., 2022; Xu et al., 2021). Froth flotation, as the most frequent sep-
aration method through mineral processing, has a substantial role in
producing and upgrading critical raw materials. Flotation separates
minerals (or materials in terms of recycling) based on several micron
and submicron processes, making it a complex system depending on
several probabilities (Ghaffari et al., 2012; Chelgani et al., 2010; Nazari
etal.,, 2019; Je et al., 2022). Thus, digitalizing and transferring flotation

operational information of an ore dressing plant into a model would
assist in optimizing its metallurgical responses (recovery and grade),
understanding potential interactions, training personnel, and reducing
cost and upscaling of laboratory experiments.

Several investigations have been conducted to model mineral flota-
tion separation based on various variables that potentially would be
effective on the process responses. Artificial neural network (ANN)
models are the most applied artificial intelligence (AI) methods, which
are mainly built based on laboratory datasets (Jorjani et al., 2008;
Abdulhussein and Alwared, 2019; N.-N. Zhang et al., 2017; Al-Thyabat,
2009) and rarely on the industrial scale by image processing for froth
(Table 1) (Fu and Aldrich, 2018). The essential issue with ANN models is
that they are black boxes and do not provide insight into operational
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Table 1
Al models and their input variables for the industrial modeling of flotation
responses.

Model Input Output Ref.

Variables

Convolutional Neural Froth Recovery (Zarie,Jahedsaravani,
Network (CNN) images and Massinaei, 2020)

Recurrent Column Recovery (Pu et al., 2020)
Neural level
Network Airflow

Pulp
density
Pulp pH
Pulp flow
Amina
flow
Starch flow
Silica feed
Iron feed

CNN Froth Ash content (Z. Wen et al., 2021b)

images

Fuzzy Neural Network  Froth Concentrate- (Ai et al., 2019)

images grade

CNN Froth Concentrate- (Fu and Aldrich, 2019)

images grade
Table 2
CL applications in various fields.

Model Output R? Ref.

Boosted Neural Power draw of an HPGR 0.95 (Tohry et al.,
Network (BNN) 2021)

Boosted Neural Pressure before and after the 0.77  (Fatahi et al,,
Network (BNN) industrial cement raw ball mill 2021)

fan

Extreme Gradient Particle sizes produced by a 0.83  (Chehreh
Boosting HpGR Chelgani et al.,
(XGBoost) 2021b)

Extreme Gradient Metallurgical responses of a coal ~ 0.96  (Chehreh
Boosting column flotation Chelgani et al.,
(XGBoost) 2021a)

Boosted Neural Metallurgical responses of coal 0.98  (Alidokht et al.,
Network (BNN) Tri-Flo separators 2021)

Extreme Gradient Output temperature and motor 0.99 (Fatahi et al.,
Boosting power of a cement vertical roller 2022)
(XGBoost) mill

CatBoost Particle size of overflow and 0.93  (Chehreh

recovered particles of an Chelgani et al.,
industrial hydrocyclone 2023)

Extreme Gradient Induced draft fan current and kiln 0.96 (Fatahi et al.,
Boosting feed rate of cement rotary kiln 2023)
(XGBoost)

Table 3

The statistical description of operating variables for the Delijan copper flotation
circuit.

Variables Min Max Mean STD
+149 um (t/h) 2.70 22.44 10.52 2.86
+74 pym (t/h) 0.66 18.66 12.65 1.79
—74 pm (t/h) 62.44 94.42 76.83 3.95
MIBC (g/t) 37.89 235.46 101.63 30.74
SEX (g/t) 5.20 21.49 7.58 2.19
PAX (g/t) 0.00 8.94 5.60 0.85
SS (g/t) 0.00 134.32 34.58 12.92
SIPX (g/t) 10.53 34.92 16.78 1.89
Lime (kg/min) 200.00 1200.00 1038.09 119.63
Ball (kg) 0.00 2000.00 126.50 298.73
Cu recovery (%)Cu grade 74.61 97.49 91.38 3.70
(%) 15.25 28.67 21.13 2.37
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variable relationships (Bai et al., 2023; Jorjani et al., 2008; Kellner et al.,
2022; Huang et al., 2022). Since several flotation plants (especially
small plants) are yet operated manually, it would be necessary for op-
erators to understand the interactions within operational parameters
and their potential effect on the process metallurgical responses (Ai
et al., 2019). The conscious lab (CL) concept can fill this gap, essentially
where only conventional operating variables are available. As a most
recent concept developed by Chehreh Chelgani team (Tohry et al.,
2021), CL is a structure that translates complex industrial datasets into
human-basis information by using explainable artificial intelligence
(XAI) models (Table 2) (Fatahi et al., 2023; Fatahi et al., 2022; Chelgani
et al., 2021a; Fatahi et al., 2021; Tohry et al., 2021). XAIs assess single
and multivariable relationships (linearly-nonlinearly) and illustrate in-
teractions among all variables in a database (Nasiri et al., 2021; van der
Velden et al., 2022; Saeed Chehreh Chelgani, 2021). Such a translation
illustration can enhance plant efficiency and productivity, decrease
operational and laboratory costs, and promote operator understanding
and faster decision-making (Homafar et al., 2022; C. A. Zhang et al.,
2022).

CL has recently been used in modeling metallurgical responses of an
industrial coal column flotation. It was reported that CL structure,
SHapley Additive exPlanations (SHAP), and extreme gradient boosting
(XGB) could accurately model the concentrate yield and separation ef-
ficiency of the plant based on monitored operational variables (feed
solid percentage, frother dosage, collector dosage, airflow rate, washing
water, froth level and feed specific gravity) (Chelgani et al., 2021a).
However, CL was not used to monitor flotation reagent interactions on
the industrial scale. Moreover, it was recently documented that CatBoost
(CB), as the latest machine learning generation for prediction, is
extraordinarily faster than XGB, although both can handle categorical
features that are not already encoded. Thus, this investigation has
considered CB-SHAP for constructing a CL structure based on an in-
dustrial copper flotation circuit dataset as an innovative approach. This
work developed a CL to model a copper flotation plant (Delijan) to
explore interactions in different conditions and highlight the most
effective interactions within operational variables. Other typical ma-
chine learning methods such as random forest (RF), support regression
machine (SVR), CNN, and XGB, which have been used recently for
flotation modeling (Cook et al., 2020; Shahbazi et al., 2017; Y. Zhang
et al., 2012), were also examined for comparison purposes.

2. Materials and methods
2.1. Dataset

A robust dataset was prepared from the Delijan copper flotation plant
(Isfahan, Iran), which gathered daily data (2 shifts per day from
2021.03.21 to 2022.02.26) from monitored operational variables
(Table 3). The dataset contains 684 records. The plant (Fig. 1) has two
ball mills, and the flotation circuit has two parallel rougher flotation
banks, one scavenger, and one cleaner bank. The plant capacity is 65 t/h
with 0.5 % Cu content. Lime as a pH modifier and sodium silicate “SS”
(NaySiOg3) as a depressant are added to the grinding circuit. pH is around
11.5 to 12, and the airflow rate is around 4000 m>/h. Sodium isopropyl
xanthate as an initial collector (SIPX), and Methyl Isobutyl Carbinol
(MIBC) as a frother are added to the flotation circuit. Recovery and
grade of concentrate are determined for the final products. From
2021.06.06, process engineers decided to substitute Sodium ethyl
xanthate (SEX) as a secondary collector with Potassium amyl xanthate
(PAX) since they assumed it is the most effective variable in the process
efficiency. Thus, to assess such a hypothesis and explore variations after
such a substitution, the dataset was split into two different conditions
(SEX and PAX). Statistical assessments and AI modeling by various
methods were considered for these two periods (datasets) to explore and
compare operational variables’ effectiveness levels, illustrate their in-
teractions with the flotation responses (Cu recovery and Cu grade), and



S. Chehreh Chelgani et al.

Grinding Circuit

~
- -

-~
~

¥

—_— e e e e e e e e e e - =

-

- = = — = ——
PR R iy iy Sy Bl iy

Cu Recovery (o) &
oo} o O
ui o wv

o]
o

~
(6}

PAX SEX

Minerals Engineering 213 (2024) 108754

Flotation Circuit

SEX

PAX

Fig. 2. A comparison between the flotation circuit’s metallurgical responses in the presence of SEX and PAX.

rank them based on their importance.

After the secondary collector substitution, initial assessments of
datasets indicated that changing SEX with PAX could increase recovery
and slightly decrease the Cu grade in the plant products (Fig. 2). The
higher recovery and lower grade of PAX versus SEX can be linked to the
strength of PAX, which is much stronger in terms of collectivity and
weaker in terms of selectivity than SEX (Ngobeni et al., 2013; Maree
et al., 2017; T. Di Feo and Lastra, 2019; A. Di Feo et al., 2022). The
representative metallurgical responses for both SEX and PAX periods
were modeled using AI methods (CB, XGB, RF, SVR, and CNN) to find a
robust construction for a CL dedicated to the Delijan copper flotation
circuits. The most accurate model would be selected, and then the single
(Pearson correlation) and multivariable interactions (SHAP) within
operating variables will be assessed to rank variables based on their
substantial effectiveness (SHAP) (Fig. 3).

2.2. Intelligence

2.2.1. CatBoost
CatBoost is a unique form of the gradient-boosting decision tree
technique with robust learning capabilities for handling extremely

nonlinear engine data (Deng et al., 2020). CatBoost is also renowned for
needing less parameter adjustment, for its training speed, and for pre-
venting overfitting more effectively than several previously published
boosting models (Machado and Holmer, 2022). CatBoost estimates leaf
values using a novel, efficient model that reduces overfitting (Jabeur
et al., 2022). A novel technique is integrated to automatically convert
categorical aspects as numerical characteristics, employing a mixture of
category features that exploit the links between features, thereby
significantly enhancing feature dimensions (Luo et al., 2021; Hussain
et al., 2021). CatBoost can determine the relative importance of various
features (i.e., the features utilized in the prediction) on the prediction
result. The relative importance of a feature in a single decision tree is
calculated as follows.

5 1

A 1
SN AT M

Here, N refers to the total number of trees or times the algorithm is run,
and sz indicates how significant each feature is globally (Zeng et al.,
2023). Ten variables (+149 um, +74 pm, —74 um, MIBC, PAX, SEX, SS,
SIPX, Lime, Ball) were used to estimate the Cu grade and Cu recovery for
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Building Models

CatBoost, XGBoost, Random Forest,
Support Vector Regression, and
Convolutional Neural Network were
trained using training set.

01 02

Plant Data

Dataset was collected from
the Delijan copper flotation

plant (Isfahan, Iran). using validation set.

Tuning Models
Parameters

Models parameters were tuned
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Evaluating Models

The models were evaluated and compared
using test set.

Model Interpretation

Pearson Correlation and SHAP were
used to assess interaction between
variables and determine variables
effectiveness on the output

Fig. 3. The methodology was used for constructing the CL.

Table 4
The AI parameter settings for the predictive models.
Parameter SEX PAX
Cu grade Cu recovery Cu grade Cu
recovery
CatBoost
Learning rate 0.20 0.29 0.35 0.10
Maximum 163 56 58 497
number of
trees
Maximum depth 6 6 6 6
of trees
XGBoost
Learning rate 0.40 0.80 0.10 0.19
Maximum 86 10 114 177
number of
trees
Maximum depth 6 6 6 6
of trees
Random Forest
Maximum 122 50 105 114
number of
trees
Maximum depth 14 11 15 12
of trees
Support Vector Regression
Kernel Polynomial Linear Linear Linear
Convolutional Neural Network
Activation Hyperbolic Hyperbolic Rectified Sigmoid
Function Tangent Tangent Linear Unit
Training Epochs 1000 1000 1000 1000
Batch Size 12 12 12 10

both datasets, which significantly hindered the model’s capacity to carry
out sophisticated nonlinear regressions.

2.2.2. Extreme Gradient boosting

Extreme gradient boosting is known as XGBoost. Due to its fast
learning and high accuracy, it has quickly risen to the ranks of the top
ML algorithms. In recent years, XGBoost, a member of the boosting al-
gorithm family, has been used in applied machine learning (Wang et al.,

Table 5
Different Al models’ outcomes (R?) the prediction of metallurgical responses in
various conditions.

Method SEX Pax
Validation Test Validation Test
Cu grade CB 0.90 0.90 0.84 0.80
XGB 0.65 0.64 0.81 0.76
RF 0.76 0.75 0.80 0.78
SVR 0.05 0.27 0.41 0.46
CNN 0.11 0.20 0.53 0.34
Cu recovery CB 0.91 0.88 0.90 0.85
XGB 0.81 0.80 0.79 0.77
RF 0.87 0.87 0.79 0.78
SVR 0.35 0.34 0.24 0.17
CNN 0.66 0.40 0.14 0.15

2022). It is optimized for speed and performance by implementing
gradient-boosted decision trees. It alludes to the engineering aim of
taxing the boundaries of computational resources in favor of boosted
tree algorithms (Kardani et al., 2021).

Furthermore, XGBoost may stand to be a library of soft computing
techniques that use both the new algorithm and GBDT techniques (Qiu
etal., 2021; Sharma and Joshi, 2022). In the loss function of the XGBoost
algorithm, the first-order Taylor expansion is used, whereas the GBDT
algorithm uses the second-order Taylor expansion (Abbasniya et al.,
2022). In addition, XGBoost normalizes the objective function to reduce
the model’s complexity and avoid overfitting (Nasiri and Hasani, 2022;
Dong et al., 2023). Due to the high-depth complexity of the boosting tree
approach, the resulting bias is low in mean and high in variation. In
contrast, the random tree method’s bias is high in mean and low in
variance, indicating a greater capacity to match the training data (Bhati
et al., 2021).

The objective function in the mth tree of the kth category is defined
as follows:

M

. L,
OBl = Lim + 21 Ten 55 3 (1im) @

J

I
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Fig. 4. Variation between actual and predicted metallurgical responses for different conditions.

where 4; is the leaf node number and Ty, denotes the number of leaf
nodes in the first m or mth trees (Chelgani et al., 2021a; Dezhkam and
Manzuri, 2023).

2.2.3. Random Forest

Random Forest (RF) is an unsupervised machine-learning technique
(Homafar et al., 2022). RF is a statistical learning theory that uses the
bootstrap resampling technique to extract numerous samples from the
original sample, build the decision tree for each bootstrap sample, and
then integrate the average forecasts of multiple decision trees to provide
the final forecast results (W. Zhang et al., 2021; Chen et al., 2023). RF is
a flexible ensemble approach that can accommodate missing data,
eliminates overfitting, is resilient to outliers, and provides an unbiased
estimate of the generalization error (Nasiri et al., 2021; Fatimah et al.,
2022). It constructs and combines many decision trees for more accurate
and consistent predictions (Palimkar et al., 2022). Scale invariance and a
few tunable parameters are benefits of RF modeling (Tohry et al., 2020).
In a formal sense, the RF model’s anticipated output 7(x) may be
calculated as follows, given an input feature vector x = [x7,X2,...,Xn] T,

7(x) =

B
3 () @)
b=1

=~

where 7j(x) is the estimate produced by the bth tree and B is the total
number of trees.

2.2.4. Support vector regression

SVR is a well-known MLA created using Vapnik’s idea (1995). The
modeling and regulation of intricate engineering systems are the pri-
mary applications of this technique (Panahi et al., 2020). Regression
issues were addressed by developing the SVR technique based on the

SVM approach (Paryani et al., 2022). SVR can learn nonlinear re-
lationships in the data, has a good generalization capacity and requires
no knowledge of the input space dimension for its computational
complexity (Nasiri et al., 2021). In addition, it offers a high degree of
predictive accuracy and wide application. Instead of reducing the error
during training, SVR prioritizes doing it in a way that will have the most
negligible impact on generalization. The SVR uses the following equa-
tion to tackle the regression issue.

flx) = (wo(x)) +b 4

where ¢(x) represents the multidimensional space containing the input
vector x, w stands for the matrix’s weight, and b stands for the bias
(Fatahi et al., 2023; Homafar et al., 2022).

2.2.5. Convolutional Neural networks

LeCun et al. (LeCun et al., 1998) presented the first widely-used
convolutional neural network (CNN) for recognizing handwriting.
Throughout the last few decades, numerous extremely robust networks
have accomplished unprecedented success on massive image classifi-
cation tasks (Guo et al., 2022). In image understanding, which includes
classification, segmentation, localization, detection, etc., CNN offers a
revolutionary leap forward. CNNs’ effectiveness in image understanding
is the primary reason for their widespread adoption (Sarvamangala and
Kulkarni, 2022). Theoretically, CNNs have been demonstrated to be
universal approximators that can estimate any nonlinear function to any
desired accuracy (Nasiri and Ebadzadeh, 2022). Two of CNN’s unique
characteristics that contribute to its enormous success are sparse
connection and shared weights (Huo et al., 2021). Mathematically
speaking, for a fully connected layer of CNN the following calculation
takes place:
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Fig. 5. Pearson correlation assessments in different conditions (a) SEX collector, (b) PAX collector.
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(5)

y _f<ZWixi + b)

where x denotes the input vector, w is the weight vector, b represents the
bias vector, f(.) is the activation function, and y denotes the output.

2.2.6. Shapley additive explanations

Lundberg and Lee introduced the Shapley Additive Explanations
(SHAP) value, a vital component of any EAI model (Chelgani et al.,
2021a). SHAP is a framework based on game theory that offers a
consistent method for understanding machine learning model pre-
dictions and assigning feature priority to input variables (Chelgani et al.,
2021Db). It is possible to utilize it in combination with a variety of ML
models in order to understand the models (X. Wen et al., 2021a). The
game payout serves as the forecast in the context of predictive analytics,
while the players themselves serve as the variables. Calculating Shapley
values ensures an equitable division of the final forecast among the
values of the collection of variables (Vaulet et al., 2022). It becomes
computationally expensive to calculate the marginal contribution of
predictors as the number of predictor variables grows since the number
of combinations of predictor variables grows exponentially. SHAP
values can circumvent this constraint since sample approximations
make their calculation more efficient. Nonetheless, they still maintain
the features of Shapley’s values. To be more precise, the SHAP value of a
feature is the difference between the average prediction value of the
samples that include this feature and the average prediction value of the
other samples that do not (Kang et al., 2022).

Shapley values have three natural qualities that show the direction in
which features have an impact on the model: their local correctness (also

known as additivity), consistency (also known as symmetry), and
nonexistence (also known as null effect) (Jones et al., 2022; Liang et al.,
2022; Zhou et al., 2021). Consequently, we may define the explanatory
model, g(2), as follows:

M
8(#) = ¢o + Z o (6)
i1

where M is the total number of features in the dataset, and 2’ is the
vector of input variables simplified from the original dataset’s z. ¢, is a
constant used when all inputs are null, and ¢; is the attribute value for
each feature (Feng et al.,, 2021). When a model f is provided, the
equation that may be used to calculate the Shapley values ¢; for each
input feature is as follows:

ISI'(IN| — S| - 1)!

b= N VU k) - vis) @

SeN\{i}

where N represents the set of all variables and S represents a subset of N
(Nasiri et al., 2021).

3. Results and discussions
3.1. Metallurgical responses’ prediction

Records from the plant’ datasets were randomly split into 70, 15, 15
% for training, validation, and testing of the AI models for the metal-

lurgical responses’ predictions. Different features were examined for
each model to find the optimum hyperparameter values to adjust and
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tune them for the training stage (a try-and-error system) (Table 4). The
AI outcomes, apart from the model type (Table 5), indicated that the
predictability of Cu recovery decreased by changing the secondary
collector on the plant from SEX to PAX. Based on Al results in the vali-
dation and testing stages, CB model could accurately estimate the
flotation metallurgical responses based on the plant’s operational vari-
ables (Table 5). CB outcomes illustrated the lowest error in comparison
with other models (Fig. 4). The absolute value of errors between actual
and CB-predicted metallurgical responses indicated for both collectors
“SEX” and “PAX” the maximum difference was less than 2 % (Fig. 4).

The highest CB prediction accuracy could have different reasons. RF
is a bagging method, whereas XGBoost and CatBoost are boosting
techniques requiring less feature engineering (Homafar et al., 2022).
CNN can learn complicated nonlinear interactions but requires multiple
fine-tuning parameters and designing its structure. It also needs a lot of
training samples to learn network weights effectively. SVR is limited by
selecting an appropriate kernel function. XGB is susceptible to gradient
boosting bias and prediction shift; however, CatBoost overcomes these
issues by using the ordered boosting technique. CB surpassed other ML
algorithms when it came to the regression problem, as evidenced by
earlier research findings (Gao et al., 2022; Luo et al., 2021; Bentéjac
et al., 2021; Ibrahim et al., 2020).

3.2. Intercorrelations

3.2.1. Pearson correlation

Interaction assessments by Pearson correlation indicated that in the
plant’ steady-state process conditions, none of the operating variables
had a significant single linear correlation (|r|<0.7) (Shahbazi et al.,
2013) with the metallurgical responses (Cu recovery and grade (Fig. 5)).
SEX concentration (Fig. 5a) had negative correlations with recovery (r:

—0.43: means increasing SEX concentration led to a decrease of the Cu
recovery) and no considerable effect on the Cu grade. When the sec-
ondary collector was changed by PAX (Fig. 5b), PAX concentration did
not show any substantial linear effectiveness on the metallurgical re-
sponses of the flotation. As mentioned, PAX has low selectivity and is
mostly used in the scavenger stage of the sulfide flotation circuit. Its long
alkyl chain enhanced its collecting power (potentially should increase
recovery) (Botero et al., 2022). However, linear assessments showed
that the secondary collector concentration would not be the most
effective parameter on the process responses, and the substitution of SEX
with PAX did not provide a remarkable process improvement. Maree
et al. (2017) indicated that using various xanthate collector mixtures is
mostly beneficial in mass and water recovery (not based on metals’ re-
covery and grade) (Maree et al., 2017).

Pearson correlation indicated (Fig. 5) that by substitution of the
secondary collector (PAX instead of SEX), the sub-interactions within
the plant’s monitored variables were changed. In the presence of SEX,
Cu grade showed a negligible positive correlation with Cu recovery (r:
0.19). Since PAX was used in the plant, this relationship reversed to a
slight negative correlation (r: —0.13). Such a relationship is quite un-
derstandable since, generally, by increasing the cumulative recovery
after a certain point, the cumulative grade decreases (negative correla-
tion between recovery and grade) (Neethling and Cilliers, 2012; Wills
and Finch, 2015). In the presence of SEX, SS concentration has the
highest negative linear correlation with Cu recovery (r: —0.45); how-
ever, when PAX was used, SS concentration had a negligible relationship
with Cu recovery (r: ~0). SEX and SS concentration illustrated a sig-
nificant positive linear correlation; thus, it could be statistically the
reason that by increasing their concentrations, the recoveries were
decreased (Fig. 5a). Lime concentration showed no linear effect on the
recovery, though it had the highest positive interaction with Cu grade (r:
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0.29) when the plant ran with SEX. However, by PAX substation, it
showed no linear correlation with Cu grade. MIBC concentration had the
highest positive linear correlation (r: 0.19) with Cu grade and the
highest negative relationship with Cu recovery when PAX was used as
the secondary collector. The particle size effectiveness pattern also
completely changed when PAX replaced SEX. The positive linear cor-
relation of + 149 um fraction on the Cu recovery change from r: 0.16 to
—0.15. These results can be linked to PAX’s lower selectivity and higher
collectivity than SEX (Ngobeni et al., 2013; Maree et al., 2017; T. Di Feo
and Lastra, 2019; A. Di Feo et al., 2022). These results indicated that by
substituting only one secondary flotation reagent in the plant, the whole
relationship networks could be changed, and single linear assessments
cannot fully address all the potential interactions. These variations
emphasized the importance of SHAP multivariable correlation assess-
ments (would be led to rank variables based on their effectiveness and
find the most significant one).

3.2.2. SHAP

SHAP (multivariable linear-nonlinear) can explore and determine
the effectiveness of all multivariable correlations for each record
through the modeling and illustrate how each record can interact with
the model outcomes and prediction results (Fig. 6). However, SHAP
value as an average of all interactions of each variable based on all the
records can illustrate the multi correlations.

SHAP assessments illustrated (Figs. 7 and 9) that the type of sec-
ondary collector (SEX or PAX) in the process was not essential for the
flotation metallurgical responses. The concentration of both secondary
collectors showed a negative correlation magnitude with the process
metallurgical responses (Figs. 7 and 9). After a certain concentration of
these collectors, a decrease in metallurgical responses was reported in
other investigations (Giiler, 2012; Mokgethwa et al., 2016; Tapley and
Yan, 2003). Tapley and Yan (2003) documented that after 3.21 x
1073 mol/1 SEX, the recoveries of arsenopyrite and pyrite (as sulfides)
were dropped (Tapley and Yan, 2003). Asadi et al. (2019) reported that
increasing PAX (40 to 100 g/t) as the main collector would increase the
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Cu recovery and decrease the Cu grade (Asadi et al., 2019).

However, substituting the secondary collector changed the multi-
interactions (as also observed in the linear assessments). Based on the
SHAP results (Fig. 7a), when SEX was used as the secondary collector in
the plant, the most influential variable on the Cu grade was the initial
collector concentration (SIPX). This effectiveness was negative on
average (Fig. 7b). SHAP interactions indicated (Fig. 8a) that the efficacy
of SIPX and SEX concentrations was positive on Cu grade when simul-
taneously their dosages were 12.5-15 and 6-7 g/t, respectively. The
second most effective variable on the Cu grade was the mass percentage
of coarse particle fraction (+149 pum). The nature of this negative effect
is evident since mineral liberation mostly happens in the lower size
fraction. It was reported that SEX collectivity power is much more
suitable for narrow particle size distribution, and it can mostly deal with
coarse particles, while PAX collectivity with higher molecular weight is
higher and can float a wider range of particles (less selective) (Wood,
1972). Di Feo and Lastra (2019) showed the collectivity of SEX for +
150 ym was two times higher than PAX through Cu and molybdenite
flotation (T. Di Feo and Lastra, 2019). Therefore, the importance of
particle size could be leveled down in the presence of PAX. Lime had a
positive correlation apart from conditions on the Cu grade. It was well
understood that lime could modify the process pH, and its calcium
cation can also act as a depressant for pyrite and enhance Cu grade
(Fig. 7), while it may adversely affect the recovery (Fig. 9) (Zanin et al.,
2019; Tikka, 2014).

In the PAX presence, SS had the highest effectiveness (positive) on
the Cu grade (Fig. 7c). It was reported that SS in a certain concentration
has a positive effect on Cu grade and can improve it; however, after that
dosage may decrease recovery (Ramirez et al., 2018; Rabatho et al.,
2011). While, SS had the highest importance (negative) with Cu re-
covery (Fig. 9c—d). In general, the substitution of SEX by PAX did not

10

change the ranking of the most effective operational variables on Cu
recovery (Fig. 9d). Li et al. (2019) reported that SS could reduce pre-
cipitation of hydrophilic Mg(OH), on chalcopyrite surface improve
process selectivity (Li et al., 2019). Asadi et al. (2019) also reported that
in the presence of PAX, by increasing SS concentration, Cu grade
increased, and its recovery decreased when SS was over 1200 g/t (Asadi
et al., 2019). However, Muanda et al. (2021) showed that by increasing
SS concentration (200 to 500 g/t) in the presence of PAX, Cu grade and
recovery could be quite varied, and on average, both would be decreased
(Muanda et al., 2021). By using PAX, the importance of MIBC on Cu
grade markedly enhanced (Fig. 7c). Pan et al. (2022a) indicated that the
MIBC foaminess could be drastically changed in the presence of PAX,
and even its low concentration in the pulp could particularly increase
the MIBC foaminess (Pan et al., 2022b). PAX would adsorb at the air-
-liquid interface at high concentrations, increase the MIBC adsorption
(Pan et al., 2021), and improve the bubble stability (Pan et al., 2022b).
Increasing MIBC (over 125 g/t) even in lower SS concentrations could
enhance the Cu grade in the plant when PAX was the secondary collector
(Fig. 8b). These outcomes would confirm that SHAP-CB can profitably
construct a CL for modeling metallurgical responses of the plant and
illustrating multi-interactions. Such an accurate structure hypothetically
portrayed that this approach could be used for monitoring, maintaining,
and optimizing similar circuits and educating operators.

4. Conclusion

Froth flotation, as the most known efficient technique, has been used
to process low-grade critical raw materials. Since flotation separation
deals with several subprocesses, its modeling is quite complicated on the
industrial scale. As an innovative Al concept, a conscious lab can be used
to explain these complex relationships within the industrial datasets and
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predict potential flotation metallurgical responses (grade and recovery).
This study constructed a conscious lab based on SHAP, one of the most
recently released XAI systems. Multivariable relationship assessments by
SHAP highlighted that substituting SEX as a secondary collector with
PAX decreased the level of secondary collector importance on the
metallurgical responses (Cu grade and recovery). In general, by
increasing the concentration of the secondary collector, the process ef-
ficiency was decreased for both SEX and PAX (negative interaction).
SHAP outcomes indicated that substituting SEX by PAX could change all
interactions within the processing parameters. These variations mostly
altered the interactions between flotation operational variables and the
Cu grade. AI modeling with various methods indicated that Catboost, as
a novel system, could accurately predict metallurgical responses. The
Catboost outcomes represented higher accuracy than other known ma-
chine learning (support vector regression, random forest, and XGBoost)
and convolutional neural network methods. The Catboost prediction
errors for both recovery and grade were lower than 2 %. AI modeling
results also indicated that the secondary collector substitution generally
reduced process predictability (R% ~0.90 s vs. ~ 0.80 s). The main
outcomes of this investigation indicated that using an advanced
explainable AI system, “Catboost-SHAP,” for constructing a conscious
lab could lead to understanding interactions within monitoring vari-
ables on the industrial plants, train operators, predict product quality,
and enhance process efficiency.
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