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Abstract: In the context of globalization in the mining industry, assessing the production feasibility
of mining projects by smart technology is crucial for the improvement of mining development
efficiency. However, evaluating the feasibility of such projects faces significant challenges due to
incomplete data and complex variables. In recent years, the development of big data technology has
offered new possibilities for rapidly evaluating mining projects. This study conducts an intelligent
evaluation of gold mines based on global mineral resources data to estimate whether a gold mine
project can be put into production. A technical workflow is constructed, including data filling,
evaluation model construction, and production feasibility evaluation. Based on the workflow, the
missing data is filled in by the Miceforest imputation algorithm first. The evaluation model is
established based on the Random Forest model to quantitatively predict the feasibility of the mining
project being put into production, and important features of the model are extracted using Shapley
Additive explanation(SHAP). This workflow may enhance the efficiency and accuracy of quantitative
production feasibility evaluation for mining projects, with an accuracy rate increased from 93.80% to
95.99%. Results suggest that the features of estimated mine life and gold ore grade have the most
significant impact on production feasibility.

Keywords: gold mine project; production feasibility; miceforest imputation; random forest; SHAP value

1. Introduction

With the accelerating internationalization process of mining enterprises in various
countries, the investment demand for mining projects is also increasing. When mining
enterprises make mining investments, they should comprehensively consider production
conditions and evaluate the feasibility of the project entering the production phase. By
adopting objective evaluation methods, a quantitative evaluation model is established to
study and evaluate whether the project is worth putting into production so as to provide sci-
entific decision-making basis. In recent years, with the development of big data technology,
domestic and foreign scholars have successfully introduced big data, machine learning, and
other information technologies into the fields of geological study, quantitative prediction
and evaluation of mineral resources, and made a series of research achievements [1–10].

In recent decades, the utilization of data-driven modeling techniques has resulted
in notable progress in the application of mineral resources [11,12]. Probabilistic methods
like weights of evidence and logistic regression have become popular due to their clear
expression of models and ease of interpretation [13,14]. Machine learning (ML) methods
have emerged as promising tools for generating predictive models of mineral prediction,
such as artificial neural networks, support vector machines, and Random Forest (RF) [14,15].
Research has demonstrated that machine learning techniques exceed traditional statistical
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methods and exploratory empirical models in terms of performance, especially when
dealing with complexly distributed input evidential features or nonlinear associations with
mineralization [16,17]. Random Forest has been widely used in the prediction of mineral
resources prospects and has achieved stable results. Daviran (2021) used the Random
Forest algorithm to explore spatial relationships to gold mines [18]. Martins (2022) utilized
the Random Forest algorithm to generate two maps of mineral potential on a district scale
for deposits of Cu-Au [19]. Similarly, thirty-five evidence (predictor) layers, which indicate
vectors to Au mineralization, were integrated using the Random Forest algorithm [20].

The precision of predictive mineral models that rely on data-driven approaches is
largely dependent on the quality of the training datasets utilized [17,21]. The construction
of predictive models utilizing machine learning is faced with significant challenges due to
missing data in real-world datasets. In order to model based on machine learning, missing
data must typically be interpolated using various strategies. The existing data interpolation
strategies can be roughly divided into (1) single interpolation (mean, median), (2) non-mice
interpolation (matrix decomposition, k-nearest neighbor), (3) multiple interpolation (by
chain equation), (4) interpolation by means of integrated learning (Random Forest), and
(5) deep learning (generation model, automatic encoder) [21]. Many traditional methods
of Missing Value Interpolation (MVI) interpolate entire datasets without considering in-
dividual test data samples and without analyzing the types and patterns of missing data
to determine an appropriate imputation model [22]. On the contrary, machine learning
provides non-linear regression models that can be used as an alternative to linear regression
equations in multiple imputation by chained equations (MICE) for more accurate missing
value predictions. Multiple imputation by chained equations models are capable of cap-
turing variability among multiple imputation models, while ensemble learning captures
variability within a single model. Combining these two methods can lead to improved
estimation of missing values [22]. It was demonstrated that chain equation Multiple Im-
putation is the more accurate model for data imputation because it conditionally models
the missing variables of other variables [23]. Miceforest is a type of multiple imputation
by chained equations algorithm that employs an ensemble of decision trees to improve
missing data processing for machine learning and deep learning applications [24–26]. Mice-
forest utilizes predictive mean matching (PMM) to iteratively update missing values by
comparing the estimate to other observed values in the dataset and selecting the value
of the nearest neighbor to estimate lost data. This process enables multiple imputation
by chained equations algorithms to improve performance by using decision tree-based
regressors to impute missing values for categorical and binary variables in datasets [27,28].
Compared to other multiple interpolations and deep learning interpolation methods, Mice-
forest implements machine learning chain equation interpolation, which has fast and high
memory utilization characteristics and can insert missing classification and regression data
without too many settings; a user can also customize every aspect of the imputation process
and output a series of available diagnostic maps, providing an effective way to evaluate the
results [25,27]. Recent studies have demonstrated the effectiveness of multiple imputations
by chained equations algorithms in imputing missing geological datasets with continuous
variables. Additionally, these methods have been successfully utilized to impute missing
values in the field of bioinformation and medical big data [29,30].

In addition, machine learning modeling is usually difficult to scientifically explain
results due to the characteristics of the black box. Traditional feature importance metrics
only indicate which features are important in predicting outcomes but do not provide a
clear understanding of how these features affect the prediction results. Shapley Additive
explanation (SHAP) value is a way to address the model interpretability, based on Shapley
values, to determine the importance of that individual by calculating the contribution of
the individual in the cooperation [31]. SHAP has been applied in multiple fields of research
and has achieved good results [32]. Wang (2022) uses the SHAP value to select the first four
features of the optimal model to study how each feature affects the wastewater parameters
and finally improve the effluent quality control strategy [33]. L. Baptista (2022) used a
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dataset composed of hundreds of jet engines to reveal the correlation of monotony, trend,
and predictability among various features [34].

Previous big data research has mainly focused on mineral potential assessment, but
there has been less research on the evaluation of mining projects themselves. At present,
the feasibility study of mining projects is mainly conducted through manual due diligence,
which requires a lot of manpower and material resources, and focuses on qualitative
analysis, lacking quantitative comparison of similar projects using big data methods. Since
data from mining projects have the characteristics of high dimension and concentrated
distribution of missing fields, this paper constructs a technical workflow including data
filling, evaluation model construction, and production feasibility evaluation. The dataset
is established by the Miceforest imputation method. An evaluation model is based on a
Random Forest algorithm to predict the possibility of the project entering the production
stage and finally utilizes the SHAP value method to evaluate the interpretability of the
factors affecting production. The workflow, from dataset construction to rapid project
evaluation, will provide a reference for gold mine production feasibility assessment. It can
have a certain significance for the mining development efficiency of gold mines.

2. Methods and Materials
2.1. Methods
2.1.1. Miceforest Interpolation

Miceforest applies the chain equation to perform imputations iteratively and utilizes
the Random Forest algorithm to produce imputations with the highest possible accuracy.
The interpolation of chain equations “fills in” (interpolates) missing data in the data set
through a series of iterative prediction models. In each iteration, each specified variable in
the dataset was estimated using other variables in the dataset, running iterations repeat-
edly until the interpolation data converged with the original data and the interpolation
ended [23,35]. We assume A = (A1, A2, . . ., Ap) to be a matrix with n rows and p columns,
where each row represents an observation or instance, and each column represents a vari-
able or feature. If a variable “As” has missing values at certain entries i(s)mis ⊆ {1, . . ., n}. The
dataset can be partitioned into four subsets:

(1) The observed values of variable As, represented as y(s)obs;

(2) The missing values of variable As, denoted by y(s)mis;

(3) The variables other than As with observations i(s)obs = {1, . . ., n}\i(s)mis denoted by a(s)obs;

(4) The variables other than As with observations i(s)mis denoted by a(s)mis.

The pseudo algorithm gives a representation of the Miceforest method. To start,
estimate the missing values in A using mean imputation or other imputation techniques.
Then, this means ordering the variables As, s = 1, . . ., p based on the number of missing
values they have, with the variable having the least amount of missing values listed first and
the one with the most missing values listed last. For each variable As, the missing values
are imputed by first fitting an RF with response y(s)obs and predictors a(s)obs; then, predicting

the missing values y(s)mis by applying the trained RF to a(s)mis. This suggests that the process of
imputing missing values using RF is iterative and repeated until a certain stopping criterion
is met.

The condition γ for stopping the process is achieved when the new imputed data
matrix differs from the previous one for both continuous and categorical variables, and this
difference is observed to increase for the first time. As soon as this happens, the imputation
process is terminated. This ensures the accuracy and reliability of the imputed values and



Appl. Sci. 2023, 13, 8992 4 of 17

avoids overfitting or underfitting the data. Here, the definition of the difference for the
continuous variable set M is as follows

∆M =
∑j∈M

(
Aimp

new − Aimp
old

)2

∑j∈M

(
Aimp

old

)2 (1)

and for the set of categorical variables P, its definition is as follows

∆P =
∑j∈P ∑n

i=1 I
Aimp

new 6=Aimp
old

#NA
(2)

the number of missing values in the categorical variables is denoted as #NA.
The process of imputing Miceforest missing values is as follows (Figure 1):
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For the miceforest process, this article used the Python package miceforest (version 5.6.2).

2.1.2. Random Forest Model

Random Forest (RF) is a classifier created by Breiman that combines multiple decision
tree classifiers using the bagging method [36,37]. Random Forest combines multiple weaker
decision trees, also known as weak classifiers, to improve the overall prediction accuracy.
The approach takes inspiration from the Bagging method, and the so-called Bagging is:

(1) Randomly sample N training samples from the training set to create a new training set;
(2) Train M submodels on the new training set;
(3) For classification tasks, use a voting method to determine the final class predic-

tion, which is based on the most frequent predictions amongst all submodels. For
regression tasks, the predicted value is obtained through simple averaging of the
submodels’ predictions.

In general, integration algorithms can be broadly classified into three categories:
Bagging, Boosting, and Stacking. Random Forest uses the bagging method, and the
fundamental concept behind the Bagging method is to create several individual predictors,
each of which makes independent predictions. The final prediction of the integration model
is obtained by averaging or majority voting of the predictions made by these individual
evaluators [38,39]. In this paper, the construction and evaluation of the model are realized
by the use of the Random Forest algorithm. The specific process is shown in figure (Figure 2).
For the Random Forest modeling process, this article used the Python package scikit-learn
(version 1.0.2).
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2.1.3. SHAP Value Evaluation of Interpretability

Shapley Additive Explanation (SHAP) is an additive explanation model that draws
inspiration from cooperative game theory and can provide detailed interpretations of the
output of any machine learning model. In SHAP, all input features of a machine learning
model are seen as “contributors” to the final prediction and are assessed based on their
individual impact on the output [38,39]. The SHAP value is the value that is assigned to
each feature in the instance, quantifying the contribution of the feature to the predicted
outcome. In the case of the integrated tree model [40], used for classification tasks, the
model produces a probability value as its output, which is to calculate the Shapley value of
each feature. For Shapley value, its calculation method is as follows:

∅j = ∑
S⊆(x1,...,xM)\xj

|S|!(M− |S| − 1)!
M!

[
f
(
S ∪ xj

)
− f (S)

]
(3)

So as to measure the influence of the feature on the final output value formulation:

f (x) = g(z) = ∅0 + ∑M
j=1 ∅jzj , (4)

z ∈ {0, 1}M (5)

In this Formulas (3)–(5), xj represents the j-th feature of sample x, ∅j is the attribution
value (Shapley value) of each feature, S is a subset of the feature, M denotes the number
of input features, and z represents whether or not the corresponding feature exists (with 1
indicating its presence and 0 indicating its absence; such as text, after the word one-hot, all
words will not appear in a sentence); ∅0 is a constant.

For each project sample in the dataset, the SHAP model generates a result that mea-
sures the impact of the sample on the entire model. The calculation method used for SHAP
values is comparable to that of linear models.

SHAP considers the i-th sample in a dataset, which we denote as xi. Suppose that this
sample has j features, with the value of the j-th feature being xi,j. Additionally, assume
that the machine learning model applied to this dataset generates a predicted value of
yi for the i-th sample. To calculate the SHAP value for this sample, SHAP starts by
establishing a baseline score for the model, usually defined as the average value of the
target variable across all samples and denoted as ybase. The SHAP value for the j-th feature
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of the i-th sample can then be calculated using the following equation, which quantifies the
contribution of that feature to the difference between the predicted value and the baseline:

yi = ybase + f (xi,1) + f (xi,2) + . . . . . . + f
(
xi,j

)
(6)

The SHAP value for a given instance xi and feature 1 is denoted as f (xi,1). This value
represents the extent to which the feature contributes to the final predicted value yi for
that instance. If f (xi,1) is positive, it indicates that the feature has a positive effect on the
prediction and improves its accuracy. Conversely, if f (xi,1) is negative, the feature has a
counterproductive effect on the prediction and reduces its accuracy.

The input to Tree SHAP is a tree-based machine learning model that has been trained
using input data X. By utilizing this trained model along with the input data; Tree SHAP
can generate an N ×M matrix of SHAP values. Each value in this matrix represents the
contribution of a specific feature to the prediction of a corresponding instance.

This section discusses how input instance vectors are related to their corresponding
predictions in the context of black box machine learning algorithms used in prognostics
modeling. Black box models do not rely on explicit causal relationships between inputs and
predictions. However, the SHAP model can provide an output of decomposition factors or
SHAP values that help explain the importance of individual feature values to the overall
prediction (Figure 3). For SHAP value analysis, the Python package shap (version 0.41.0) is
utilized in this paper.
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2.2. Materials

The data used in this article is obtained from the metals and minerals sector of the
global S&P Capital IQ platform. According to the official explanation provided by the
platform, the development stage of projects is divided into Early Stage, Late Stage, and
Mine Stage. The Early-Stage project is in the preliminary research situation, and some
critical data are missing, so data from Late Stage and Mine Stage are chosen to be analyzed.
The global gold mine project dataset is constructed as the source data, covering a total of
107 characteristics and a total of 4687 project samples in nine categories of information
(Table 1): basic information, operator information, production information, owner informa-
tion, production and reserve information, capital status, project transaction information,
mine development information, and drilling information.
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Table 1. Field details.

Category Field Name Category Field Name

Basic information

Development Stage

Funding
information

Funding Type
Activity Status Description

Mine Type Count of Capital Invested
Count of Commodities Capital Cost Type 1

Country/Region Capital Cost Type 2
Primary Commodity Capital Cost Type 3

Study Year Study Price per oz
Country Risk Score Overall Current LOM Cash Costs
Country Risk Score Political Current Cash Costs per oz

Country Risk Score Economic Current Mine Total Cost

Country Risk Score Legal Current

Transaction
Information

Deal Type
Country Risk Score Tax Current Deal Status

Country Risk Score Operation Current Deal Consideration
Country Risk Score Security Current Earn InYes/No

Country Risk Outlook Overall Joint VentureYes/No
Country Risk Outlook Political Deal Acquired (Announcement)

Country Risk Outlook Economic Total Deal Value (Announcement)
Country Risk Outlook Legal Total Deal Value (Completion)

Country Risk Outlook Tax

Geological drilling
information

Average Depth of Geologic Deposit Zone 1
Country Risk Outlook Operation Average Depth of Geologic Deposit Zone 2
Country Risk Outlook Security Average Depth of Geologic Deposit Zone 3

Operator information

Operator Market Capitalization Average Depth of Geologic Deposit Zone 4
Operator Total Enterprise Value Significant Interval Yes/No

Operator Total Debt Ore Minerals Zone
Operator Working Capital Interval (meters) Drill Result 1

Operator Total Capitalization Interval (meters)Drill Result 2

Owner information

Count of Project Owners Interval (meters) Drill Result 3
Count of Project Royalty Holders Depth (meters) Drill Result 1

Historical Equity Ownership Percent Depth (meters) Drill Result 2
Historical Controlling Ownership Percent Depth (meters) Drill Result 3

Current Equity Ownership Percent Exploration Purpose Drill Result 1
Current Controlling Ownership Percent Exploration Purpose Drill Result 2

Owner Market Capitalization Exploration Purpose Drill Result 3
Owner Total Enterprise Value Interval Value Drill Result 1

Owner Total Debt Total Capitalization Interval Value Drill Result 2
Owner Working Capital Interval Value Drill Result 3

Total Debt Grade x Interval Drill Result 1
Current Liabilities Grade x Interval Drill Result 2
Reported EBITDA Grade x Interval Drill Result 3

EBITDA Interval Grade Equivalent Drill Result 1
Royalty Type Interval Grade Equivalent Drill Result 2

Production information

Mill Capacity Interval Grade Equivalent Drill Result 3
Stripping Ratio Max (Interval (feet))

Waste to Ore Ratio

Resource
endowments

Reserves (Ore Tonnage)
Count of Mining Methods Measured Indicated (Ore Tonnage Excl Reserves)

Count of Processing Method Inferred Resources (Ore Tonnage)
Mining Method 1 Total Resources (Ore Tonnage Excl Reserves)

Processing Method 1 Geologic Ore Body Type Zone
Recovery Rate In Situ Value (Measured Indicated Excl Reserves)

Ore Processed Mass Grade Reserves
LOM Yearly Production Contained Reserves

Mine development
information

Estimated Mine Life MillHead Grade
Life of Mine Cash Flow (High Case) In Situ Value (Reserves and Resources)

Payback Period (High Case)

Four of the 107 attribute fields in the Global Gold Project dataset are missing from the
In Situ Value, MillHead Grade, Mine Total Cost, and Cash Costs. The following are the
details of the missing fields (Table 2).
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Table 2. Missing fields.

Vital Signs Unit Missing Percentage

In Situ Value (Reserves and Resources) dollar 3.5%
MillHead Grade g/tonne 64.2%
Mine Total Cost dollar 71.0%

Cash Costs per oz dollar 72.6%

3. Modeling and Results
3.1. Dataset Building

For the fields of the original data, in order to operate normally and perform better in the
Random Forest model, it is necessary to formulate dataset feature engineering rules under
the premise of meeting the requirements of rapid evaluation (Table 3). When processing
single text type fields, such as “Royalty Type”, this article performed dummy variable
processing based on attribute classification. For multitext type fields such as “Deal Type”,
we count based on the number of text per value. As to discrete type (no size meaning)
fields, such as “Owner Working Capital”, we performed one-hot encoding processing on
them. When dealing with discrete type (size meaning) fields such as “Country Risk Score
Overall Current”, it performed value mapping processing on them.

Table 3. Data processing rules.

Data Type Method

Single text type Dumb variable treatment is performed according
to classification

Multitext type Numeric mapping is performed after counting
Discrete type (no size meaning) One-hot encoding

Discrete type (size meaning) Value mapping
Continuous No processing

Special fields Attribute aggregation, addition, multiple overlay

The following describes how to extract other special field features.

(1) Geologic Ore Body Type Zone

For the field, Geologic Ore Body Type Zone is classified according to the gold ore
genesis aggregation and dumb variable treatment (Table 4).

Table 4. Classification of gold mine types [41,42].

Geologic Ore Type

Saddle Reefs Orogenic
Mesothermal Lode Gold Orogenic

Vein Hosted Orogenic
Intrusive Related Intrusive Related

Disseminated Intrusive Related
Alkali Intrusion Intrusive Related
Granite Related Granite Related

Layered Mafic-Ultramafic Intrusion Intrusive Related
Skarn (Metasomatic) Skarn

Carbonate Replacement (incl Manto) Skarn
IOCG Breccia Complex IOCG

Iron Oxide Copper Gold (IOCG) IOCG
Replacement Replacement

Proterozoic Quartz Pebble Conglomerate Placer
Paleoplacer (Buried) Placer

Placer (Alluvial) Placer
Placer (Beach) Placer
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Table 4. Cont.

Geologic Ore Type

Jasperoid Hosted Epithermal
Epithermal Epithermal

Epithermal Low Sulphidation Epithermal
Epithermal High Sulphidation Epithermal

Hot Spring Au-Ag Epithermal
Komatiitic Magmatic Komatiitic Magmatic

Carlin Style Carbonate Replacement Carlin
Flood Basalt (Dyke-Sill Complexes) Flood Basalt

Laterite (Generic) Laterite
Black Shale Black Shale

Breccia Pipes Porphyry
Collapse Breccia Pipes Porphyry

Breccia Fill Porphyry
Porphyry Deposit Porphyry

Sedimentary Exhalative (SEDEX) Sediment
Sediment Hosted (Reduced Facies) Sediment

Supergene Supergene
Volcanogenic Massive Sulfide (VMS) VMS

Carb-Hosted (Mississippi Valley Type) MVT
Banded Iron Formation (BIF) BIF

(2) Max (Interval (feet))

Since the drilling footage data are not updated every year, if the data of a single year
are taken, there will be many null values, so the five-year data of Interval (feet) from 2018
to 2022 is taken as the maximum value to generate a new field Max (Interval (feet)).

(3) Development Stage label division

According to the official interpretation of the Development Stage field (Table 5), gold
mining projects are classified into “already put into production” status (Mine-Stage, Com-
missioning, Production, Operating, Satellite, Limited, Preproduction) and “not put into
production” status (Late-Stage, Reserves Development, Advanced, Exploration, Prefeasibil-
ity/Scoping, Feasibility, Feasibility Started, Feasibility Complete, Construction Planncd,
Construction Started, Expansion, Residual, Closed).

Therefore, 4689 projects were selected to constitute the original dataset of global gold
mining projects, of which 1330 projects were put into production, and 3359 projects were
not put into production. According to the average time limit of 7 years from the feasibility
stage to the production stage of the gold mine, we take the projects that have been put
into production as positive samples and the projects that have been researched but not put
into production before 2015 and 2015 as negative samples. Then, randomly combine the
positive sample project data and negative sample project data to form a training dataset
and a verification dataset, a total of 911 projects.

3.2. Modeling Process

To begin with, extract a global gold mine projects dataset containing 107 characteristics
from nine aspects, including production, operation, and trading of the project;

Secondly, the miceforest imputation method was utilized to simulate and fill in the
missing data of global gold mines;

Thirdly, the Random Forest model was utilized to evaluate the feasibility of putting
into production and verify the accuracy of the filled dataset;

Finally, use SHAP Value to extract the index features with high contribution to the
model and analyze the extracted features.

The specific implementation process is shown in the following figure (Figure 4).
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Table 5. S&P Capital IQ official explanation of the Development Stage.

Label Development Stage Description

Already put
into

production

Mine-Stage Project that has made a decision to move forward with production.
Commissioning The mine is commissioned and production has started.

Production Commercial production has been achieved.
Operating The mine is fully operational.

Satellite A satellite of a central processing complex.
Limited Some ore and/or commodity is being produced. Closure.

Preproduction Ago-ahead decision has been made and the project is being readied for production.

Not put
into

production

Late-Stage Project with a defined resource that has not yet reached a production decision.
Reserves Development An initial reserve/resource has been calculated.

Advanced Drilling is being completed to add additional reserves/resources.
Exploration Project is in the exploration phase.

Prefeasibility/Scoping Usually an in-house assessment that includes mining and proccssing methods,
capital costs, NPV, IRR.

Feasibility Bankable feasibility study is underway to determine economic viability.
Feasibility Started Feasibility report has commenced.

Feasibility Complete Feasibility report is complete.
Construction Planned Construction is planned for the property
Construction Started Construction has begun at the property

Expansion Operator is engaged in an active capital expansion of the facilities.
Residual The operator has stopped mining ore and is leaching the residual ore.
Closed Operation has stopped, in many cases because the ore has been exhausted.
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3.3. Results and Accuracy Verification

After data cleaning and feature engineering of the original data, the miceforest method
was used to use 30 rounds of imputation iterations for the missing data. After the graphical
diagnosis, it can be seen that the mean of the four variables with missing values gradually
converges after multiple imputations (Figure 5). In the distribution line plot, it can be
observed that the original data after imputation fit well with the distribution of the imputed
data (Figure 6).
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By randomly splitting the dataset into training and validation sets in a 7:3 ratio, 638
(70%) samples were randomly selected from the dataset of the gold mining project as
the training set, and the remaining 273 (30%) samples were used as the validation set to
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construct the Random Forest model. After modeling and ten-fold cross-validation of the
model, the model training accuracy was 95.92%, and the model test accuracy was 93.80%.
While the model training accuracy was 97.02%, and the model inspection accuracy was
95.99% after training modeling on the miceforest imputation dataset. Compared with the
original data, the model accuracy of the filled dataset is improved by 2.19%. The true
positive rate of the model has also increased from 96.07% to 97.80%. The ROC (Receiver
Operating Characteristic Curve) is used to evaluate model accuracy. Obviously, we can see
that the model using imputed data has higher accuracy (Figure 7) than the model using
original missing value data (Figure 8).
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The accuracy of the predictive model validation set is evaluated by constructing a
confusion matrix visualization (Figure 9). The Random Forest algorithm model constructed
by miceforest’s imputed dataset correctly retrieved 220 of the 228 investable projects. The
“recall rate” reached 96% (220/228), and among the 223 investable mining projects, three
mining projects were misjudged, and the accuracy rate was 98.6% (220/223). That is to
say, 1.4% of all investable mining projects will be misjudged as positive samples, and
theoretically, according to this model, to study whether to put it into production, the failure
rate is 1.4%.
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4. Discussion
4.1. Feature Importance Analysis by SHAP Value Summary Plot

To investigate the positive and negative relationships between each feature’s impact
on the model’s final output, the SHAP value method is used in this paper. As shown
in the figure (Figure 10), each row in the figure corresponds to a feature, with the x-axis
representing its SHAP value and each point signifying a sample. A redder color indicates a
higher feature SHAP value, while bluer shades denote lower feature values. A wider range
indicates that it contains more samples, a longer area range indicates that the feature has a
greater impact on the model, the more left samples have a negative effect on the model,
and the more right samples have a positive impact on the model. According to the average
absolute value of SHAP, the ranking of features in importance from highest to lowest is
descending. For example, we intuitively see that Estimated Mine Life is the most important
feature affecting whether it can be put into production. The larger the value, the higher the
probability of being put into production, and the amplitude of this feature has the greatest
impact on the model, indicating that the life cycle of a gold mine is the most worthy factor
when considering gold mine production feasibility; The smaller the LOM Cash Costs value,
the greater the likelihood that it will be put into production, that is, the lower the cost of
cash invested.

4.2. Feature Correlation Analysis by Partial Dependence Plot

A Partial Dependence Plot (PDP or PD plot) illustrates the effect of one or two features
on the predicted outcome of a machine learning model. It can demonstrate how individual
features impact model predictions. The x-axis on the plot represents the actual value in
the dataset, while the y-axis shows the SHAP value of the feature. This value illustrates
the extent to which the feature value affects the predicted model output. The plot’s color
corresponds to another feature that could interact with the feature being visualized. As
shown in the figure, taking Estimated Mine Life as an example, when Estimated Mine Life
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is low, when it is 0–5 years, the SHAP value will experience a notable increase, and the
probability that the project can be put into production will be greatly increased (Figure 11a).
Similarly, when the Stripping Ratio is lower than 3%, the SHAP value will experience a
notable increase, and the probability that the project can be put into production is greatly
increased (Figure 11c).
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With the increase in Estimated Mine Life, the probability of the model being judged to
be ready for production increased rapidly, and the positive impact of Estimated Mine Life
on the model remained at a high level until the fifth year (Figure 11b). In the figure’s top
section (SHAP value > 0.03), the proportion of blue dots is higher among all points. This
suggests that for a sample with low Cash Costs per oz, Estimated Mine Life has a greater
impact on predicting whether a project will be able to go into production. In Figure 11d,
most of the points in the figure are concentrated in the Stripping Ratio between 2% and
5%, and in the upper half of the graph (SHAP value > 0.04), the proportion of red dots is
higher among all points, indicating that for the sample with a higher MillHead Grade, the
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Stripping Ratio has a greater impact on predicting whether the project will be able to go
into production.
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4.3. Project Validation by SHAP Value Force Plot

In order to verify the feasibility of the model, this study selects two projects (projects A
and B) from the projects that have been researched but not put into production in the past
five years for verification and verification. SHAP value force plot gives us interpretability
for single model predictions that can be used for error analysis to find explanations for
specific instance predictions. In the plot, the significance of features can be demonstrated
by the length of the bar in the SHAP values. Longer bars mean higher SHAP values, and
variables are more important. Among them, features that will increase the SHAP value
(resulting in production) are displayed in red, and features that will decrease the SHAP
value (resulting in non-production) are displayed in blue.

For instance, Figure 12a shows that due to the short Estimated Mine Life, Low In Situ
Value (Measured Indicated Excl Reserves), and High Country Risk Score Legal Current,
even if the Reserve (Ore Tonnage) is high, the model estimates that the project is more
likely to be non-productive (probability f(x) = 0.47).In Figure 12b, the project is forecast
to be production-ready. Although the project has two risk characteristics: low Stripping
Ratio (Stripping Ratio = 1.75) and Low In Situ Value (Measured Indicated Excl Reserves),
its Estimated Mine Life, Study Year, and MillHead Grade are all at a high level, which puts
the project at a production-ready level.
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5. Conclusions

In this paper, a technical workflow is constructed to predict the production feasibility
of the mining project and whether it will be put into the production stage according to the
characteristics of the high feature dimension of the global gold mine project data dataset
and the concentration of missing fields in the project data. The global gold mine project
dataset is taken as the research object, and the workflow is completed based on miceforest
imputation and Random Forest algorithm to complete, including the construction of an
index system, missing value imputation, model construction, and evaluation. Through
the modeling and analysis of existing production projects in the world, the important
influencing factors that determine whether gold mines are put into production are obtained,
and the empirical analysis of actual projects is given. Combined with examples in the
geological field, the algorithm process of imputation and interpretability evaluation is
derived in detail, which provides theoretical support for geologists to deeply understand
the mathematical principles of the miceforest imputation algorithm and SHAP value.
Through the research of this paper, the conclusions are mainly as follows:

(1) The accuracy rate in the prediction of the validation dataset imputed by miceforest
was obviously improved. After constructing a Random Forest model on the dataset
imputed by miceforest, the accuracy rate in the prediction was improved from 93.80%
to 95.99%.

(2) The Random Forest algorithm was used to construct the production feasibility model
of the global gold mine project. It is verified by the accuracy, recall rate, and false
positive rate that the model has high training accuracy and inspection accuracy,
which proved the accuracy of the model construction, and there was no obvious
overfitting scenario.

(3) The estimated production life and ore deposit grade can be obtained in the feature
importance ranking results of the SHAP value algorithm model as the most important
factors affecting the production of gold mining projects.

(4) This paper proposes a workflow for the evaluation of global gold mining projects’
production feasibility, which achieves satisfactory application results and provides
new ideas for mining project assessment research and mining development efficiency
in the era of big data.
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