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Advances in data analytics and Machine Learning (ML) techniques have seen a tremendous uplift in
recent years and impacted most complex mining operations regarding safety improvement, operations
optimization, and cost reduction. However, due to a lack of coding skills, most mining personnel face
the challenge of fully adopting these techniques. In this project, a desktop application, Ute Analytics,
was developed to allow users with little or no coding skills to perform data analytics and apply machine
learning to any structured data. The app has an easy-to-use Graphical User Interface (GUI) and in-built
data cleaning algorithms for users to import structured data, perform data cleaning, and store the cleaned
data on their computers. Several Exploratory Data Analysis (EDA) tools were built into the app to enable
users to explore trends and get insights from data. Additionally, the app has in-built machine learning
tools-regression and classification algorithms- to give users the ability to train, test, and build machine
learning models for predictive purposes. Finally, the app is made executable so it can be installed on any
computer with Windows Operating System. With its user-friendly GUI, the desktop application was tested
on real industrial data, and its ease of use proved that mining personnel and data enthusiasts with no
coding experience could use it to benefit from data analytics without the need to understand or write
complex computer codes.
Keywords: Ute Analytics; Desktop application; Data analytics; Machine learning; Linear regression;
Random forest

Abbreviations: ML: Machine Learning; GUI: Graphical User Interface; EDA: Exploratory Data Analysis;
CI: Computational Intelligence; NLP: Natural Language Processing; HSMS: Health and Safety Management
Systems; RF: Random Forest; SME: Subject Matter Expert; OS: Operating System

Introduction

Like any other complex industrial operation, the mining industry requires intense capital
injection and, as such, requires maximum asset utilization and throughput [1]. However, the
industry continues to face several challenges ranging from diminishing resources, deeper
deposits, harder rock mass, high capital and operating costs, volatile markets, and increasing
environmental and social awareness [2,3]. This can disrupt the operational success of mining
companies. Consequently, advanced data analytics and Machine Learning (ML) have been
tipped to possess great value by extracting insights from operational data to enable process
optimization, increased equipment efficiency, and timely decision-making [4]. With the
amount of data generated from mining operations and advances in ML and data analytics,
companies can make real-time decisions and predict future events to improve operations
performance, reliability, and efficiency [2,5].

Work done by researchers and subject-matter experts

Regardless of the humungous amount of available data, mining companies’ adoption of
modern innovative techniques to utilize data has not been as comprehensive and fast-paced
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as in other industries [6,7]. Ali & Frimpong [8] stressed that while
industrial organizations continue to make impressive strides
in developing and implementing these innovative techniques,
the mining industry still lags in its adoption and application
towards achieving intelligent operational autonomy. Despite these
apparent concerns, the World Economic Forum [9] insists mining
companies have been leaders in some areas but late adopters in
other innovative disciplines. Nonetheless, the trend has recently
seen a positive change as researchers and subject matter experts
have begun to employ data analytics and machine learning to
solve complex operational challenges. Ganguli et al. [10] noted
this upward trend when they recognized that the industry has
moved from the data-collection stage to the data utilization stage
by employing Computational Intelligence (CI) techniques such as
neural networks, fuzzy systems, and evolutionary computing. In
mine health and safety, Talebi et al. [11] utilized a Random Forest
(RF) to detect potential leading fatigue indicators to help managers
make informed decisions on fatigue management. Researchers have
also used Natural Language Processing (NLP) algorithm to classify
mine accident narratives based on MSHA standards [12], thus,
helping mining managers identify the best mitigating strategies in
their Health and Safety Management Systems (HSMS).
Mine planning is another area where data analytics and ML
have significantly impacted. For instance, Sarantsatsral et al. [13]
used RF to identify and predict rock types below known benches to
help strategic mine planning. In a further study, a mining company
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used machine learning to predict rock domains [14]. Researchers
and subject matter experts have used these techniques to identify
rock types within mining blocks, optimize the truck dispatching
approach to increase mine production, and provide better and
faster mineral reserve and ore grade estimates [13,15-19].
Additionally, several researchers have used data analytics and ML
algorithms to optimize drill and blast in terms of fragmentation,
back breaks, fly rocks, and blast-induced ground vibrations [2025]. Srivastava et al. [26-29], have employed these techniques to
improve mill throughput, reduce high costs, and enhance mill
efficiency in operating mines.

Adoption of data analytics and ML techniques by mine
workers

It is undeniable that the work done by the subject matter
experts and researchers in advancing the frontiers of ML and
data analytics adoption and implementation in mining (some
discussed earlier) has impacted many operations in diverse ways.
However, despite the immense efforts of researchers and experts
to promote the complete adoption and integration of ML and data
analytics techniques in the mining field, it is unfortunate to note
that utilization of ML is low as the typical mining industry engineer
lacks a background in ML. Additionally, being able to program in
Python, R, etc. [30] is critical to applying ML. Therefore, the goal
of this research was to develop a tool to make ML accessible to the
typical industry Subject Matter Expert (SME) without requiring
knowledge of ML or programming.

Background to computer software and desktop applications

Figure 1: Structural breakdown of the computer software.
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Computer software is a set of instructions or programs designed
for a computer to perform a specific function directly for an end
user or another application; they are classified into either system
software or application software depending on the usability or the
intended users of the program [31,32]. Figure 1 shows a structural
breakdown of the computer software. System software consists of
programs that operate on the computer background to allow other
applications to run and do not directly interfere with the computer
user. Their architecture is designed to simultaneously execute and
process hardware and application software development, thus,

providing an interface between hardware and application software
[31,33]. These system applications include assemblers, compilers,
file management tools, and the operating system. Figure 2 shows the
types of system softwares. Application software (app) is built to run
on a computer’s system software. Unlike system software, which is
usually installed with the Operating System (OS) automatically,
apps are installed on a computer based on what task the user wants
to perform. As shown in Figure 1, application software can be a
web-based or desktop app.

Figure 2: Types of computer system software [33].
Web-based applications: Web-based applications (also
known as web apps) depend on the web or the internet for their
correct execution because they are configured and installed on a
remote server [34,35]. Although web apps have gained popularity
recently, especially since the internet’s inception, they have some
disadvantages that render some programs unable to be executed
over the web. As noted by Desia [36], some of these bottlenecks are:
a.

They solely depend on internet availability.

b.
Disruptions on the internet make their execution relatively
slow.
c.
Users can be prone to cyber-attacks, which can challenge
their data security.

d.
Web apps can be costly for users when subscription fees
are charged.
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Desktop application: Desktop applications or software have
been around for many years and were the primary approach to
building computer software way before the rise of the internet
[37]. A desktop app runs on standalone computers and comes
in a GUI that allows users to perform specific tasks [32]. They
nullify the disadvantages of web apps and enable apps to interact
directly with the computer hardware, thus, giving desktop apps
high performance and easy access to hardware components such
as CPU and memory [36,37]. Consequently, this makes it a good
choice for building data analytics and ML apps that will need to take
direct advantage of the processing power of a computer’s Control
Processing Unit (CPU) cores. Desktop apps are usually packaged in
executable files (.exe for Windows OS and .app for Mac OS) [38],
with the main source code bundled together with other external
resources. External resources could be images, icons, or GUI filesseparate from the source code- that make the program function as
expected [39].
Copyright © Lewis Oduro and Rajive Ganguli
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With powerful computers becoming common these days, it can
be incredibly beneficial to miners, and data enthusiasts, without
coding skills to have a data analytics and ML application tool with
user-friendly features. This can potentially ease mining workforce
adoption and utilization of these powerful techniques. Therefore,
in this project, we capitalized on Graphical User Interface (GUI)
programming to develop an executable Windows OS desktop
application to allow users with little or no coding skills to perform
data analytics and apply machine learning to any structured data.

Materials and Methods

Programming language and libraries
The Python [40] programming language was chosen for this
research because it has built-in libraries for developing desktop
applications and building ML models, aside from having a friendly
syntax for object-oriented programming [41]. PyQt5 library, a set of
Python bindings for version 5 of the Qt application framework [42],
was used to build all GUIs. Qt is a set of C++ libraries for building
GUIs and it’s owned by the Qt Company. However, the PyQt5
library is owned by Riverbank Computing and is available under
the GPL v3 and the Riverbank Commercial License. Multithreading,
which allows multiple codes to be executed in parallel [43], was
employed to speed up the application when handling large datasets
and building ML models. This improved user experience and
maintained the app’s responsiveness even when ML models were
being processed in the background. Ute Analytics leverages many
machine learning and plotting tools from scikit-learn, seaborn,
and Matplotlib [44-46]. The source code and resource files were
packaged in Qt Creator, an Integrated Development Environment
(IDE) [47], which allows users to build GUI applications and
package them into executables for subsequent deployment.

Communications within app

The backend of the desktop application has a combination
of signals and slots, coupled with several custom-built methods
or functions that provide functionality as the user interacts with
the program. Widgets (also called objects and includes buttons,

Welcome screen window

labels, views, selection boxes, etc.) are the core objects in the GUI
and provide the access through which the user interacts with the
program. Each user interaction, known as an “event”, causes a
function or method to execute in response to the event. A signal,
which is emitted whenever an event is triggered, is connected to
a slot to cause program response or functionality. A slot can be a
Python callable or function(s) [48].

App features

There is a data Import feature, which allows a user to import a
dataset of their choice. Currently only excel (.xlsx or .xls) and CSV
file formats are supported. Before importing a dataset, the user
has to select a folder directory that will be used as the default file
directory. Data cleaning features, available under the Data Edit
menu, allow the user to clean the dataset. The user can handle
missing data, filter out data outliers, change column data types,
etc.-some of which are under development. The Analysis menu has
options to enable the user to perform EDAs on the data. The user
can get data information such as shape, data types, and the number
of missing data. The user can get descriptive statistics about
the data. Data visualization tools can be used to plot line charts,
histograms, boxplots, data distribution charts, etc. The Models
menu has ML tools for building regression and classification
models. There are options for linear models (linear, lasso, and ridge
regression), random forest models, and neural network models. In
a typical workflow, the user imports a dataset into the app, explores
the data with EDA tools, cleans the data, visualizes the data, builds
ML models, and views the model report, which can be saved onto
the computer.

Results and Discussions

Ute Analytics, which is still under development, was tested on
two datasets, as shown in the following demonstration (sections
5.1 and 5.2). EDA demonstration was done using a dataset from the
plant operations of an active gold mine. Additionally, a dataset from
the froth floatation process of a mine [49] was used to build an RF
model to predict silica content in iron concentrate.

Figure 3: Welcome screen to UteAnalytics.
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The welcome screen is the first GUI to the program (Figure 3).
The Directory button allows the user to select a folder directory.
This folder is where all models and cleaned data sets are saved.
When clicked, the Next button is activated once a folder is selected
and opens the “Import Data File” window (Figure 4). The “Import

Data File” window allows the user to select a file. The user can select
data columns of interest from the drop-down list and preview the
first five (5) rows. Clicking the Forward Arrow pops up the Data
Analysis window shown in Figure 5.

Figure 4: Import data file window.

Figure 5: Data analysis window.
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Data analysis window
This interface allows the user to view all rows of the previewed
data. The Analysis menu has built-in EDA functions that allow the
user to explore the dataset, find trends, and know the relationships
between the data fields. The user can also clean the data and save
the cleaned dataset in the working directory. Figure 6 shows a
distribution and correlation plot for selected columns of the mill
dataset. The Models menu contains built-in ML algorithms for
building linear models (linear, lasso, and ridge regression), Neural
Network (NN) models, and Random Forest (RF) models. In building
an RF regression model, as shown in Figure 7, the program asks
the user for the model’s input and output features. The user can
choose to use the default parameters provided by the program
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or change them. Clicking the Run button will execute the model’s
algorithm based on the user’s selections, and the “Model Report”
window pops up after building the model, as shown in Figure 8.
The Model Report window gives all the critical details about the
model. The window title shows the type of model (in this case,
Random Forest Regressor). From Figure 8, the first scatter plot
shows the correlation between the observed and residual values.
The histogram plot of the residuals shows how the model errors
are distributed. The “True vs. Predicted” plot shows the correlation
between the true and predicted values. The proportion of variance
explained by the model (RSQ) and the model performance metric
(root mean square error – RMSE) are also shown in the Model
Report window.

Figure 6: Plotting distribution and correlation plots in UteAnalytics.
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Figure 7: Regression models dialog box.

Figure 8: Model report window.

Conclusion
A desktop application, Ute Analytics, is being developed to
enable data analytics and ML accessible to mining personnel and
data enthusiast without ML knowledge or programming skills.
The app offers a user-friendly GUI that could allow users to import
Aspects Min Miner Sci

relational datasets, perform exploratory data analysis and build
ML models. These features and functionalities of Ute Analyticssome of which have been demonstrated-show that people without
programming knowledge can benefit from data analytics without
the need to write computer codes.
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