friried applied
e sciences

Article

Intelligent Control of Robotic Arm Using Brain Computer
Interface and Artificial Intelligence

Jehangir Arshad 107, Adan Qaisar !, Atta-Ur Rehman !, Mustafa Shakir 2, Muhammad Kamran Nazir ,
Ateeq Ur Rehman 3*0, Elsayed Tag Eldin #*{7, Nivin A. Ghamry 5 and Habib Hamam &7/8,%/*

check for
updates

Citation: Arshad, J.; Qaisar, A.;
Rehman, A.-U.; Shakir, M.; Nazir,
M.K,; Rehman, A.U.; Eldin, E.T.;
Ghamry, N.A.; Hamam, H. Intelligent
Control of Robotic Arm Using Brain
Computer Interface and Artificial
Intelligence. Appl. Sci. 2022, 12, 10813.
https:/ /doi.org/10.3390/
app122110813

Academic Editors: Luis Gracia and

Emanuele Carpanzano

Received: 4 August 2022
Accepted: 29 September 2022
Published: 25 October 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Department of Electrical and Computer Engineering, Lahore Campus, COMSATS University Islamabad,
Lahore 54000, Pakistan

Department of Electrical Engineering, Lahore Campus, The Superior University, Lahore 54000, Pakistan
Department of Electrical Engineering, Government College University Lahore, Lahore 54000, Pakistan
Faculty of Engineering and Technology, Future University in Egypt, New Cairo 11835, Egypt

Faculty of Computers and Artificial Intelligence, Cairo University, Giza 3750010, Egypt

Faculty of Engineering, Uni de Moncton, Moncton, NB E1A3E9, Canada

International Institute of Technology and Management, Commune d’Akanda, Libreville BP 1989, Gabon
Spectrum of Knowledge Production & Skills Development, Sfax 3027, Tunisia

Department of Electrical and Electronic Engineering Science, School of Electrical Engineering,
University of Johannesburg, Johannesburg 2006, South Africa

*  Correspondence: ateeq.rehman@gcu.edu.pk (A.U.R.); elsayed.tageldin@fue.edu.eg (E.T.E.);
habib.hamam@umoncton.ca (H.H.)

© e N Ul W N

Abstract: The combination of signal processing and Artificial Intelligence (Al) is revolutionizing the
robotics and automation industry by the deployment of intelligent systems and reducing human
intervention. Reading human brain signal through electroencephalography (EEG) has provided a
new direction of research that automate machines through the human brain and computer interface
or Brain—-Computer Interface (BCI). The study is also inspired by the same concept of intelligently
controlling a robotic arm using BCI and Al to help physically disabled individuals. The proposed
system is non-invasive, unlike existing technologies that provide a reliable comparison of different
Al-based classification algorithms. This paper also predicts a reliable bandwidth for the BCI process
and provides exact placements of EEG electrodes to verify different arm moments. We have applied
different classification algorithms, i.e., Random Forest, KNN, Gradient Boosting, Logistic Regression,
SVM, and Decision Tree, to four different users. The accuracy of all prescribed classifiers has been
calculated by considering the first user as a reference. The presented results validate the novel
deployment, and the comparison shows that the accuracy for Random Forest remained optimal at
around 76%, Gradient Boosting is around 74%, while the lowest is 64% for Decision Tree. It has been
observed that people have different activation bandwidths while the dominant frequency varies from
person-to-person that causes fluctuations in the EEG dataset.

Keywords: electroencephalogram (EEG); brain-computer interface (BCI); artificial intelligence (Al);
classification; feature-extraction; microcontroller; mind-controlled robots; Python

1. Introduction and Related Studies

The brain—computer interface (BCI) allows the brain and various machines to commu-
nicate with one another through recording electrical activity and their connections with
external devices. Vidal used the term “brain—computer interface” for the first time in [1].
Later the first implanted devices were implanted in humans following years of animal
testing in the late 1990s [2]. An ever-increasing number of studies and clinical studies have
been conducted on the brain—computer interface as one of the best methods for assisting
individuals with motor paralysis caused by strokes, spinal cord injuries, cerebral palsy, and
amyotrophic lateral sclerosis [3].
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BCI can replace useful functions for disabled people suffering from neuromuscular
disorders. A BCl is a computer-based device that captures an EEG and converts them into
commands that are sent to an output device to perform the desired action [4]. In contrast to
all other devices, it is completely non-invasive [5], cost-effective, and unique in that it can
be utilized to address a wide array of needs, including those associated with prosthetics. In
order to make the signal useful, its desired information is converted into active functions.
It is the active function that operates the microcontroller [6,7]. Based on the required input,
the microcontroller determines the degree of freedom of the actuators, and the robotic
arm acts as per the received signal. Moreover, the electric impulses transmit between
neurons in the brain during sleep which is measured by EEG. The recorded EEG signals
are obtained through a single electrode that uses a Local field potential (LFP) to measure
EEG signals [7]. LFPs are temporary electrical signals generated by individual neurons in
the brain and other tissues when their electrical activity is summed and synchronized [7].
The placement of electrodes is critical to this design. Typically, electrodes consisting of
conductors such as gold or silver chloride are utilized. A headset is used to translate EEG
data into movement patterns that measure brain activity via the scalp of the head. AF3,
F7, F3, FC5, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4 electrodes are calibrated on this
14-channel hardware. Odd-numbered electrodes are located on the left hemisphere, while
even-numbered electrodes are located on the right [8]. Therefore, the maximum number
of degrees of freedom (DOF) is identified [9]. To implement the code, we have used a
jupyter notebook. It is an Integrated Development Environment (IDE) for Python. The
classification is performed using machine learning and artificial intelligence techniques.
Machine learning aims to understand the structure of data and make models based on that
data that are human-comprehensible and useful. Figure 1 illustrates an overview of the
proposed system that shows an extremely versatile robotic arm controlled by reading brain
signals. Degrees of freedom is the most important aspect of this brain-controlled arm that
corresponds to the joint of each other that represents the point on the arm where the arm
can bend, rotate or translate. A joint can perform two motions: rotation and translation. A
link is a connector that connects two actuators.
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Figure 1. Block Diagram and System Architecture.

This BClI-based study shows how to actuate a robotic arm with the help of device
commands derived from EEG signals. We have used an emotive headset to acquire EEG
signals from the brain, which are further used to run the actuator of the robotic arm through
artificial intelligence and machine learning techniques.

In this area, some work has also been conducted that proposed different methods
to control different objects. We have discussed the most specific works, i.e., the author
in [10] has proposed an attention mechanism for the classification of motor imagery (MI)
signals. As a result of the dynamic properties of the motor imagery signals, the attention
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mechanism can extract spatial context features. This model is more accurate than current
best practices that use convolution with varying filter sizes to extract features from MI
signals in various spatial contexts. The authors in [11] have used an inception approach that
claims accuracy with the BCI challenge dataset. Further, a variety of deep learning methods
have been developed in the existing literature to classify motor imagery (MI) [8-12]. In [13],
CNN is used which uses spatial features to classify EEG signals which also shows relatively
better results.

In [14-17], EEG data has been directly fed into the long short-term memory (LSTM)
models. The authors in [18] developed an application of BCI for LabVIEW with which a
robotic hand is controlled by voluntary blinking of the eyes. The embedded sensor in the
Neurosky MindWave Mobile headset picked up the blinking. Another study proposed
the design of a wheelchair controlled by an EEG signal [19]. The authors have constructed
an electric wheelchair that can be directly controlled by the brain of the disabled person.
Emotiv EPOC headset has been used for the acquisition of EEG signals. Additionally, an
Arduino IDE is used for the programming. Their program can read and process the EEG
data from the Emotiv EPOC headset into mental command. In [20], the authors used a
headset but did not use any classification algorithms for the classification of signals and nor
achieve an accuracy of more than 60%. The criteria of the total number of users are also not
achieved in this proposal. In [21-29], the authors have implemented a better version of the
BClI process as they used headset and machine learning algorithms in Python. Consequently,
their proposals are also validated through their results that achieved an accuracy of more
than 60%, and the product is also used by most rs. In [30-35], the authors used the headset
for signal acquisition, and neunetworks and fuzzy logic have been implemented to achieve
an accuracy of more than 60%, and the product was used by more than two users. However,
like [36], no classification algorithms are employed, nor any framework for programming
is used.

In the proposed work, we have used the Emotive EPOC headset for signals acquisition
to predict a reliable bandwidth for the BCI process and provide exact placements of
EEG electrodes to verify different arm moments. We have applied different classification
algorithms, i.e., Random Forest, KNN, Gradient Boosting, Logistic Regression, SVM, and
Decision Tree, to four different users. The proposal is validated through results that achieve
an accuracy of more than 60%. Table 1 shows the comparison between different related
studies and proposed work. In this paper, classification has been performed using various
machine learning and artificial techniques, and a comparative analysis of all techniques
has been provided to decide the most accurate based results (accuracy). Afterward, the
robotic arm will be controlled by a microcontroller using input from the brain. A study
proposed a new authentication approach for Internet of Things (IoT) devices. This method
is entirely based on EEG signals and hand gestures. For signal acquisition, they also use
low price Neurosky MindWave headset. This was based on choosing the authentication
key’s adaptive thresholds of attention and meditation mode. The authentication process for
hand gestures is controlled by using a camera. Results revealed that the proposed method
demonstrated the usability of authentication by using EEG signals with an accuracy of
92% and an efficiency of 93%, and user satisfaction is acceptable and satisfying. The
results showed that the password strength using the proposed system is stronger than
the traditional keyboard. The proposed authentication method also is resistant to target
impersonation and physical observation.

Table 1. Comparison table of related study and proposed work.

References Classification Accuracy > 60% Users > 2
(5] x 4 X
[17] X v v
[34] X v 4
[Proposed Work] v v v
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2. Methodology

We have designed a system that acquires EEG data through left and right arm move-
ment sessions. Furthermore, we have developed a machine learning framework for de-
coding user intent and evaluating the overall performance of our system. The following
sub-section presents the methods and materials to achieve the objectives specified in
this study.

2.1. EEG Analysis

The bandwidth of EEG signals falls in the following rhythms as shown in Table 2, i.e.,
alpha, beta, gamma, delta, and theta, respectively. These rhythms identify the human brain
activity levels.

Table 2. EEG Waves Analysis.

Sr. NO EEG Rhythms  Frequency (Hz) Location Activity
1 Delta 0.5-4 Frontal Sleep
2 Theta 4-8 Various Light Sleep
3 Alpha 8-13 Posterior regions Relaxed
Left and Right Side . I
4 Beta 13-32 Symmetrical ACthZ{::;kmg’
Distribution
6 GAMMA 35 or above Somatosensory cortex Hyper activities

The delta and theta frequencies are dominant while sleeping and unconscious, whereas
the gamma frequencies are dominant during hyper-activities, also known as exciting
activities. Therefore, the desired dominant frequencies for this study are alpha (8 Hz-13 Hz)
and beta (13 Hz-32 Hz), respectively. With the continuous thinking of moving the arm
left or right, the frequencies are generated in the 8 Hz-32 Hz bandwidth. Moreover, the
EEG headsets are responsible for acquiring data from the brain and vectorizing it into
numerical form.

2.2. Data Pre-Processing

The second step after fetching the data is to preprocess the raw data acquired from the
sensor node that is full of errors and missing values. It is important to refine this data as the
machine learning algorithms behave irregularly due to this raw data [10]. The raw data is
converted into meaningful data using the pandas preprocessing techniques that consist of
removing NaN/Null and missing values. The rows consisting of null values are dropped
by the panda’s row drop function, whereas the lowest correlated features acquired by the
features extraction technique are also dropped by the panda’s columns dropping function.
The system does not use the filling techniques of pandas for missing values to maintain
the data integrity. The meaningful data is converted into a comma-separated file (CSV),
and further, these CSV files are fed into artificial intelligence algorithms for processing. We
have implemented the restrictions in alpha and beta domains; therefore, the threshold for
maximum value acquired by each electrode is set to 32. The proposed work deals with
the higher alpha and beta bandwidth of EEG signals. It is generally regarded as a normal
rhythm. While a patient is alert, anxious, or has their eyes open, this rthythm is dominant.
It shows that we are working in the correct range of EEG waves and choosing the right
rhythms. Another type of preprocessing implemented in the study is labeling the activities.
We use three classes, as shown in the following Table 3.

2.3. Data Acquisition

EMOTIV EPOC + 14 channel electroencephalogram was used for recording brain
impulses. There are 14 electrode channels numbered AF3, F7, F3, FC5, T7, P7, O1, O2, P8,
T8, FC6, F4, F8, and AF4 with a sampling frequency of 128 Hz and a 16-bit analog to digital
converter was used. The participant was exposed to images depicting voluntary motor
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actions during each of these acquisition cycles, namely: a right arrow representing motor
action in the right direction, a left arrow representing motor action in the left direction,
and a circle representing no motor action. In this case, the participant is given a beep to
open his eyes only at certain times. The numerical data is gathered from the Kaggle data
platform given in Table A1, Appendix A despite raw EEG waveforms.

Table 3. Labeling the movement of the user and its predicted output.

Class Thinking of Activity Output
0 Movement of the left arm Move Servo Left
1 Movement of the right arm Move Servo Right
2 No moment No Movement

2.4. Machine Learning Approach and Classification Techniques

The choice of an algorithm is the most critical process due to the variation of the
EEG data. Figure 2 represents the presence of a dataset that tends to deploy a supervised
learning algorithm that is a subdivision of machine learning algorithms and puts forward
a choice between regression and classification algorithms. The proposed system aims
to predict discrete responses; therefore, the regression algorithms are not useful because
they tend to predict continuous values. Several classification algorithms are deployed
for the prediction of the classes, including Random Forest, K-Nearest Neighbor (KNN),
Logistic Regression, Support Vector Machine (SVM), Naive Bayes, and Gradient Boosting
for comparison and accuracy.

Machine

r learning

Supervised Un-supervied

U: Learning 1 Learning

Classification

Regression Clustering

Figure 2. The presence of a dataset tends to predict continuous values.

The data is s into testing and training data, i.e., X_train, X_test, Y_train, Y_test, through
the SK-learn model selection library. The data is split as 80% for training data and 20% for
testing data, whereas the training data, i.e., X_train and Y_train are fed to the classifiers
for fitting and teaching the model. Whereas the unseen data, i.e., X_test and Y_test are
used to drive the accuracy matrix known as confusion matrix and classification reports as
discussed in Section 3.1. The parameters used in modeling the classification algorithms are
shown in Table A2 in Appendix B.

2.5. Translation Algorithms

The strength of the Python language and the supportive environment of Arduino is the
key feature of our system. It is a practical implementation and real-time integration of the
Python environment and Arduino. The framework that connects the other environments
with Arduino is called “Firmata”. It is a protocol to connect the Arduino serial interface
with other programming languages. Predicted output is translated into actuator driving
commands through serial communication formed by Pyfirmata.

2.6. Robotic Arm

A robotic arm [7] is an extremely adaptable robot that can be used in a wide range of
applications. The single most important factor in the design of a bionic manipulator is the
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Degree of Freedom (DOF). Each degree of freedom corresponds to each arm joint, a point
on the arm at which it may bend, rotate, or translate.

The robotic arm is structured on articulated structures of the robotic arm; these types
of robotic arms are mainly used in industries such as automotive. The design of the robotic
arm is not as important as its working for the project. Therefore, the main objective is to
work with actuators. Figure 3 represents the circuit diagram of the system that illustrates
the servo to interfacing using a microcontroller that aids in developing a robotic arm that
has abilities to mimic unidirectional movements. Table 4 shows the components of a robotic
arm. Figure 4 represents the flow of the system. The input bandwidth is processed in a pre-
processing block to apply limitations that aid in the learning model and predictions. The
predicted outputs are set as parameters for Python Arduino interfacing that are converted
into machine-understandable language. The movement of the actuator is based on the
predicted category.

Figure 3. Circuit diagram of the microcontroller and servos interfacing for assembly of the robotic arm.

Table 4. Components for the robotic arm.

Name Quantity Component

U-Controller 1 Arduino Uno R3
Positional Micro
SERVOS 6 ServoMG996R
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Figure 4. Flow chart of the system.

3. Results and Discussion

The results in the project are divided into the best fit classification algorithm, individual
results of the best fit classifier, and several medical science-related insights and findings.

The results promise to hold novel achievements for BCI and artificial intelligence. The
system aims to predict the left or right movement through the highest scoring algorithm.
In the user, one case is taken as a reference for all of the users. Figure 5 is the graphical
representation of the classifiers scores that aid in the best-recommended algorithms. The
chart in Figure 5 is a bar chart that is built by matplotlib which illustrates the accuracies of
the models, i.e., 52.60%, 60.07%, 50.69%, 46.35%, 74.13%, 64.24%, and 72.74% for 1g, knn,
svm, nb, gb, tree, and rf, respectively.

SCORE OF CLASSIFICATION ALGORITHM: USER 1

10 4

Igscore  knnscore Svm_score nb score gb score ftree_score f score

Figure 5. Classifier Scores to predict the labeled classes.

The foremost algorithms to deploy are Random Forest (rf), Gradient Boosting (GB),
and Decision Trees (tree). The models are prioritized based on their scores. The score is the
accuracy of the model to predict the accurate target. The input data is unseen for the model
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to predict the classes. A pictorial representation of the recommendation levels of the above
models can be shown in Figure 6.

BEST FIT CLASSIFICATION ALGORITHM: USER 1

lgscore
knnscore

svm_score
nb_score
gb_score
tree_score
if_score

Igscore

knnscore

tree_score

svm_score

nb_score

Figure 6. Recommended Classifiers.

3.1. Confusion Matrix and Classification Reports of Best-Fit Classifiers

Confusion matrices are to illustrate the comparison between truth values and predicted
values acquired by predictions from classification algorithms. The classification report
is a useful method that is used to take out all of the necessary information from the
output of classification algorithms. A confusion matrix is shown in Figures 7-9 with
their report in Tables 5-7 for a Random Forest, Decision Tree, and a Gradient Boosting
classifier, respectively.

Table 5. Classification report of Random Forest classifier.

Class Precision Recall
0 0.74 0.80
1 0.72 0.76
2 0.83 0.73
Accuracy 0.76
Macro avg 0.77 0.77
Weighted Avg 0.77 0.76

Table 6. Classification report of Decision Trees classifier.

Class Precision Recall
0 0.64 0.64
1 0.63 0.69
2 0.66 0.61
Accuracy 0.64
Macro avg 0.64 0.65

Weighted Avg 0.64 0.64
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Figure 7. Best fit algorithms to deploy with recommendations levels.

Truth
1

0 1 2
Predicted

Figure 8. Confusion matrix of Random Forest classifier.

Table 7. Classification Gradient Boost Classifier.

Class Precision Recall
0 0.72 0.79
1 0.69 0.75
2 0.80 0.68
Accuracy 0.74
Macro avg 0.74 0.74

Weighted Avg 0.74 0.74
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Truth

1

Predicted

Figure 9. Confusion matrix of Gradient Boosting classifier.

Figure 7 represents that the Random Forest classifier has predicted the classes 0, 1, and
2 accurately at 1.5 x 102, 1.4 x 10% and 1.5 x 10? times, respectively. Moreover, Table 5
illustrates the precision and recall of the classifier, i.e., (0.74, 0.80), (0.72, 0.76), and (0.83,
0.76) for classes 0, 1, and 2, respectively, with an overall accuracy of Random Forest is 76%.
Figure 8 represents that the Decision Tree classifier has predicted the classes 0, 1, and 2
accurately at 1.2 x 102, 1.3 x 10?, and 1.2 x 10? times, respectively. Table 6 illustrates the
precision and recall of the classifier, i.e., (0.64, 0.64), (0.63, 0.69), and (0.66, 0.61) for class 0, 1,
and 2, respectively. Whereas the overall accuracy of the Decision Tree is 64%.

Figure 9 represents that the Gradient Boosting classifier has predicted the classes 0,
1, and 2 accurately at 1.4 x 102 for all times, respectively. Table 7 illustrates the precision
and recall of the classifier, i.e., (0.72, 0.79), (0.69, 0.75), and (0.80, 0.68) for class 0, 1, and
2, respectively.

The overall accuracy of Gradient Boosting is 74%. This result covers the major aspects
of the BCI and its analysis. Figure 10 represents the correlation of electrode “F4” placed on
the right side of the brain with six other electrodes placed on different sides of the brain.
The decreasing order of maximum density of the left movement represented as 0 class is
achieved by the “F4” electrode correlated to FC5, F7, FC6, F3, and F8, respectively. Electrode
“F4"” correlated to “F4” forms a linear scatter plot, because of the overlapping data point.
Hence it is proved that the precise data points for the left movement are gained by the
placement of the F4 electrode with the highest correlated electrodes, as discussed above.
Figure 10 displays that the “F4” electrode is mapped with other electrodes to represent the
classifications of the features in the specified bandwidth; therefore, this study shows that
the movement of the left arm is generated in this region of bandwidth, which can be further
observed in Figure 10. This result shows that different human brains use different neuronic
algorithms. Different people have different activation bandwidths; therefore, the dominant
frequencies for each individual may differ. However, the position of the electrodes from
which the data is acquired is always the same.

To demonstrate the movement of the right hand using an electrode known as “F7”
placed on the left side of the brain that is presented in Figure 5. The “F7” electrode, which
is correlated to FC5, F4, FC6, F3, and F8, achieves the decreasing order of maximal density
of the right movement depicted as class 1, respectively. On the other hand, because of
the overlapping data points, electrode “F7” correlates to electrode “F7”, forming a linear
scatter plot.
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Figure 11 shows that the location of the F7 electrode with the highest correlated
electrodes, as mentioned above, results in the precise data points for the right movement.
An electrode placed on the left side of the brain controls the right arm with different
activation bandwidth levels and vice versa.

F7 F3 FC5 FC6 F4 F8
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Figure 10. F4-Electrode correlation with each electrode and they are scattered plots based on la-
belled classes.
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Figure 11. F7-Electrode correlation with each electrode and they are scattered plots based on la-
beled classes.

3.2. Working of Actuators Based on Predictions

The robotic arm named “Stacy” tends to move in a unidirectional manner. The
system acquires data from the dataset and feeds it to the machine learning algorithm. The
qualitative values of moving left, right, and no movement are derived by quantitative
values of the classes (through Pyfirmata and Python programming), i.e., if the prediction
is 0, the servo motor moves 90 degrees to the left from the reset position whereas if the
prediction is 1, the servo moves 90 degrees to the right from the resetting position. Figure 12
is the representation of the working actuator driving code that resets the robotic arm and
translates the predicted output to the controller readable commands that eventually run
the system with a delay of some milliseconds provided by the programming.
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Importing From DataSet........
From : 1 To : 2

Prediction: [2.]

STACY: Resetting

Importing From DataSet........
From : 2 To : 3
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STACY: Resetting...
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Prediction: [©.]
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STACY: Moving LEFT

STACY: Resetting

Figure 12. Screenshot of Robotic Arm movement.

4. Conclusions

This work implements machine learning techniques to control the movement of a
robotic arm by using EEG signal information gathered through EEG electrodes. Further,
different classifiers are applied to the extracted data to train the system and compute the
accuracy. The EEG data has been extracted from four users to apply the best fit classification
algorithms for precise and accurate predictions. The proposed non-invasive has predicted
a reliable bandwidth through the entire BCI process that provides an exact placement of
EEG electrodes to verify different arm moments. In this study, we have used classifiers,
i.e., Random Forest, KNN, Gradient Boosting, Logistic Regression, SVM, and Decision
Tree. It can be concluded from the results of the novel deployment that the accuracy for
Random Forest shows the best accuracy, 76%, while Decision Tree gives the lowest at
64%. The proposed prototype has great potential as it can be further extended for criminal
investigations, autonomous vehicle control systems, the education of disabled students,
and prosthetics.
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Appendix A

Table Al. Data acquired by Kaggle in numerical format.

Class AF3 AF3.1 AF3.2 AF3.3 AF34 AF3.5 AF3.6 AF3.7 F7 F7.1 F7.2 F7.3 F7.4

0 1.67373 4.44474 0.52621 3.00209 1.425 3.30274 1.4041 22794 1.2974

1.89779 3.72882 1.30419 1.85435 1.3666 2.54646

0.4937 1.2228 (0.9555

WIN =] o

ol o| O | O
ol o| O | O

7
0
0 0.6942 19711 0.7564
0
0

e e

0
0 2.79801 2.5745 1.12054 1.95882 0.9824 2.25862
0

218178 3.61051 0.62961 2.15588 0.8563 2.23371 0.5093 1.4788 0.8486

Appendix B

Table A2. Parameters used in modelling the classifiers.

Classifier  Parameters

rf n_estimators = 130

gb n_estimators = 130

SVM probability = True, gamma = ‘auto’, kernel = ‘linear’

n_neighbors = 3, weights = ‘uniform’, algorithm = ‘auto’, leaf_size = 30, p = 2,
metric = ‘minkowski’, metric_params = None, n_jobs = None

penalty = 12/, dual = False, tol = 0.0001, C = 1.0, fit_intercept = True,
intercept_scaling = 1, class_weight = None, random_state = None, solver = ‘Ibfgs’,
max_iter = 100, multi_class = ‘auto’, verbose = 0, warm_start = False, n_jobs = None,
11_ratio = None

Ir

criterion = “gini’, splitter = ‘best’, max_depth = None, min_samples_split = 2,
min_samples_leaf = 1, min_weight_fraction_leaf = 0.0, max_features = None,
random_state = None, max_leaf_nodes = None, min_impurity_decrease = 0.0,
class_weight = None, ccp_alpha = 0.0

Tree

Nb priors = None, var_smoothing =1 x 109
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