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Brain computer interface (BCI) is evolving rapidly, as machine learning algorithms are get-
ting better. Algorithms performance plays central role while selecting for real time use
cases. One such case is robotic fingers movement, as they play important role in BCI due to
their involvement in day-to-day task. In this paper one such standard dataset “BCI compe-
tition 4 dataset iv” is considered to evaluate the performance of various machine learning
algorithms like Linear Regression (LR),Bayesian Ridge (BR), Light Gradient Boosting (LGB)
and decision Tree (DT). Algorithms performance also evaluated on pre-processed dataset.
The final result is presented with highest achieved correlation value as 0.76 (noisy dataset)
and 0.80 (cleaned dataset) by using the DT.
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1. Introduction

Brain-Computer Interfaces (BCIs) represent a new dive in technology, fundamentally transforming
how humans interact with external devices. At the heart of this innovation lies the ability to bridge the
gap between the human brain and various forms of machinery, an achievement made possible through
the use of machine learning algorithms [1]. These algorithms are essential for decoding the complex
signals generated by the brain and converting them into actionable commands in real-time [3][4] [10].
This capability enables a diverse range of applications, from medical rehabilitation to enhancing
human capabilities in numerous domains. The continuous improvement of machine learning
techniques has significantly accelerated the progress in the field of BCIs. These algorithms are
meticulously designed to process and interpret the electrical activity produced by the brain, known as
electroencephalogram (EEG) signals, with a high degree of accuracy and speed. Accurate decoding of
these signals is crucial for real-time BCI applications, where the timing and precision of interpreting
brain activity directly influence the usability and effectiveness of the system.

One of the most promising applications of BCI technology lies in the control of robotic fingers. The
human hand, renowned for its agile and precise movements, plays a critical role in our daily
interactions with the environment. For individuals with motor impairments, the ability to control
robotic fingers via BCIs can significantly enhance their quality of life, granting them a degree of
independence and functionality previously estimated unattainable. The control of robotic fingers using
BCIs involves the detection and interpretation of specific brain signals associated with finger
movements. This process demands not only the accurate identification of these signals but also the
ability to translate them into precise and timely commands that the robotic fingers can execute. This
application highlights the potential of BCIs to provide practical solutions to real-world problems,
particularly in the domain of assistive technology.

Selecting the most appropriate machine learning algorithm for BCI applications is a pivotal step in
developing effective and reliable systems. Each algorithm possesses unique strengths and weaknesses
in terms of accuracy, computational efficiency, and interpretability. Consequently, a comprehensive
evaluation of different algorithms is imperative to determine the best approach for specific BCI tasks.
This research focus to evaluate the performance (correlation) of several well-established machine
learning procedures (algorithms) in the context of BCI-based robotic finger movement control. We
focused on algorithms that are Linear Regression (LR), Decision Tree (DT), Bayesian Ridge (BR), Light
Gradient Boosting (LGB). These algorithms are considered due to their diverse characteristics and wide
uses in various predictive modeling tasks. The primary focus of this applied research work is to identify
the algorithm that achieve the most accurate finger movement predictions. We measure the
performance of each algorithm using the association (correlation) coefficient metric, which quantifies
the strength and direction of the relationship among the predicted and actual finger movements. A
higher correlation coefficient indicates better predictive performance.

2. Literature Review

Brain-Computer Interfaces (BCIs) have added significant attention in recent years due to their
potential to revolutionize how humans interact with machines or devices, particularly for individuals
with motor impairments [11]. An important aspect of BCI development is the application of machine
learning algorithms to accurately interpret electroencephalogram (EEG) signals and translate them
into actionable commands [7] [8] [9]. Linear Regression (LR) is one of the simplest algorithm used by
Bashashati et al. [12], who noted that linear models might not capture the complexity of brain signals
effectively. Decision Trees (DT) are intuitive models that split data based on feature values to predict,
used by Lotte et al. [18] demonstrated that DTs could effectively classify EEG signals, although they are
prone to overfitting, especially with noisy data. Bayesian Ridge Regression (BR) introduces Bayesian
inference to the regression model, used by Tipping [19] emphasized its regularization capabilities,
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making it robust against overfitting. LightGBM is designed for speed and efficiency, using a leaf-wise
growth strategy and histogram-based decision tree learning. Ke et al. [17] highlighted LightGBM's
ability to handle large datasets with low memory usage, making it ideal for real-time BCI applications.

Table 1. Algorithms Comparison

Aspect Linear Regression Decision Tree (DT) Light Gradient Bayesian Ridge (BR)
(LR) Boosting (LGB)
Type Parametric, Non-parametric, Non-parametric, Parametric,
Regression Tree-based Ensemble, Bayesian,
Boosting Regression
Complexity Low Moderate High Moderate
Scalability Medium Medium High Medium
Handling Non-  Poor Good Excellent Poor
linearity
Robustnessto  Poor Poor High Moderate
Outliers
Interpretability High High Low High
Training Speed  Fast Moderate (depends Fast (optimized for Moderate
on tree depth and large datasets)
dataset size)
Overfitting High (without High Moderate (requires Low
Tendency regularization) tuning)
Feature Requires scaling ~ No scaling needed = Handles Requires scaling and
Engineering and categorical features transformation
transformation natively
Ensemble Not part of an Can be part of an Ensemble method  Not part of an
Parameters ensemble ensemble (e.g., (Boosting, multiple ensemble

Random Forest)

trees)

Algorithms comparison is listed in table 1. LR have the lowest complexity and LGB have the highest due
to its ensemble approach. DT performs poor while handling outliers but LGB handles outliers in good
manner due to its ensemble approach and on the same concept DT suffers from the overfitting
tendency but LGB not. LR also suffers from overfitting depending on the data distribution patterns. BR
uses the prior information of data that is used to handle the overfitting scenario.

3. Experimental Setup

In this machine learning experimental setup on BCI competition 4 dataset iv, understating dataset is
important before applying algorithms over it. This dataset is used by many researchers to evaluate the
performance.

Dataset

The "BCI competition 4 dataset iv" dataset is recoded from three epileptic patients by using the
Synamps2 amplifiers (48-64 electrodes)at university of Washington. Objective behind the setup is to
develop the model to predict the finger movement. To generate the visual stimuli in the brain, visual
cues were presented to subjects on time frame that includes rest period also [20]. This process is
repeated for 6 minutes that include train and test part of the dataset. Fingers movement collected using
the data glove.
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2 sec

Figure 1. Capturing individual finger flexion: [13]

Dataset compiled using ECoG signals and fingers movement data. Histogram is one of the tool to
understand the nature of data [6]. Subject 1 fingers movement is presented using the histogram in
figure 2. Thumb finger movement near to zero is more in place of other values, similar kind of pattern
is also visible for remaining fingers too.
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Figure 2. Subject 1 Histogram
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Figure 3 histogram presents the subject 2. Most of the values are zero or nearby to zero, other values
are less like 2, 4 or 6 and rarely 8. This pattern is similar to subject 1 pattern of histogram.

73



Gauttam ]angizl, Gaurav Purohif®, Nisheeth ]oshi1

Figure 4 histogram shows the data distribution of subject 3. Most of the values are in the range of zero
and some of the values are out of the range of zero that are near to 2, 4 or 6. After observation of all
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Figure 3. Subject 2 Histogram

histograms, outliers are visible. Outliers degrade the accuracy of algorithms.
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Dataset Preprocessing

Dataset pre-processing remove the outliers and increase the contribution of quality data. Isolation
forest [21] is the one of the algorithm that efficiently remove the outliers. It operates on the principle
that anomalies are both rare and different from normal data points, making them easier to isolate. The
algorithm builds multiple random decision trees, where each tree is constructed by randomly selecting
a feature and splitting it at a random value within its range. This recursive splitting continues until each
data point is isolated in a tree. Anomalies, being sparse and located in extreme regions of the dataset,
tend to be isolated closer to the root of the tree, requiring fewer splits compared to normal points as
shown in figure 5.
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Figure 5. Isolation Forest [22]

The algorithm aggregate results from all trees to calculate an anomaly score for each point, with higher
scores indicating a higher likelihood of being an outlier. Isolation Forest is efficient, scalable to large
datasets, and works well with high-dimensional data. The "BCI competition 4 dataset iv"is processed
through the IF algorithm and data quality increased as show in figure 6,7 and 8 for subject 1,2 and 3.
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Figure 6. Subject 1 Histogram (Cleaned Dataset)

s0000

70000

anaan

snaan

avoon

2v000

20000

10000

75



Gauttam ]angizl, Gaurav Purohif®, Nisheeth ]oshi1

Subject 2 Cleaned Dataset
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Figure 7. Subject 2 Histogram (Cleaned Dataset)
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Figure 8. Subject 3 Histogram (Cleaned Dataset)
Subject 1 noisy data has distribution range from o0 to 6 but mostly data lies in the range -1 to 1 for the

thumb. After pre-processing data range is -1 to 1.5 (figure 5) that show that outliers are removed but
not completely. Similar pattern is visible for other fingers and subjects.
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4. Methodology

Machine learning algorithms are pivotal in Brain-Computer Interfaces (BCIs) due to their ability to
decode complex brain signals and convert them into actionable commands. In the context of BCI-based
robotic finger movement control, various algorithms can be utilized to enhance accuracy, efficiency,
and reliability. Each algorithm has unique characteristics and applications, making them appropriate
for different aspects of modelling. Mentioned algorithms are applied on the dataset one by one. Dataset
is divided into train and test in the part by splitting in the portion of 75% and 25%. Algorithms are
applied as shown in figure 9.

Extension

Linear Regression w

Bayesian Ridge Regression Flexion
LightGBM Regression -"

Decision Tree

SN
\\_ EEG Deta Acqisition 7 . Machine Learning Algorithms / Output

Figure 9. Brain Computer Interface Methodology

LR is one of the earliest and mostly used algorithms in machine learning. It iterates model to find the
relationship between a dependent variable (y) and one or more independent variables (X) by finding a
linear equation to observed data [15] [16].BR Regression is a linear regression procedure that integrates
bayesian ideologies to provide a probabilistic approach to parameter estimation. It applies
regularization by imposing a prior distribution on the coefficients. LGBM is a slope (gradient) boosting
framework that uses a histogram dependent approach to speed up training phase and shrink memory
usage [2][5] [14]. It is considered for effectiveness and scale-ability, making it suitable for large
datasets. DT are non-parametric models that fragment the data into sub-sets according to the input
features. Each internal node element presents a decision based on a certain feature, individually branch
represents the result of the decision, and each leaf (last)node represents a continuous value or class
label.

5. Results

BCI Competition 4 dataset iv is the standard dataset used by many researchers related to predict the
finger movement of three epileptic patients. Linear regression is the first algorithm applied on this
dataset and 0.21 is average correlation value achieved as shown in table 1 and figure 10. Table 2 and
figure 11 shown the performance of LR on cleaned dataset but it reduces to 0.18 from 0.21 on noisy
dataset. BR performance is shown in Table 3 and figure 12 that achieve 0.21 correlation value. BR
applied on cleaned dataset and correlation value is 0.18 as shown in table 4 and figure 13. Both LR and
BR performance goes down as applied on the cleaned dataset.
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Table 1. Linear Regression (Noisy Dataset)

Thumb Index Middle Ring Little AVG
Sub1  o0.14 0.14 0.17 0.17 0.14 0.15
Sub2 o0.17 0.17 0.20 0.20 0.14 0.18
Sub3z 0.26 0.33 0.26 0.33 0.24 0.29
AVG 0.19 0.22 0.21 0.23 0.18 0.21
mSubl mSub2 mSub3 ®WAVG
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Figure 10. Linear Regression Performance on Noisy Dataset

Table 2. Linear Regression (Cleaned Dataset)

Thumb  Index Middle  Ring Little AVG
Sub1 0.14 0.14 0.17 0.17 0.17 0.16
Sub2 0.14 0.17 0.17 0.14 0.14 0.15
Sub3 0.17 0.22 0.22 0.26 0.22 0.22
AVG 0.15 0.18 0.19 0.19 0.18 0.18
0.30
0.25
0.20
0.15
0.10
0.05
0.00

Thumb

Index

Middle

Ring

HSubl mSub2 mSub3 WAVG

Little

Figure 11. Linear Regression Performance on Cleaned Dataset
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Table 3. Bayesian Ridge (Noisy Dataset)

Thumb Index  Middle Ring Little AVG

Sub1 0.14 0.14 0.17 0.17 0.14 0.15
Sub2 0.20 0.17 0.17 0.20 0.14 0.18
Sub3 0.28 0.33 0.26 0.33 0.24 0.29
AVG 0.21 0.22 0.20 0.23 0.18 0.21
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Figure 12. Bayesian Ridge Performance on (Noisy Dataset)

Table 4. Bayesian Ridge (Cleaned Dataset)

Thumb Index Middle Ring Little AVG
Sub1 0.17 0.14 0.17 0.17  0.17 0.17
Sub2 0.14 0.17 0.17 0.14 0.14 0.15
Sub3z o0.17 0.22 0.22 0.28 0.22 0.23
AVG 0.16 0.18 0.19 0.20 0.18 0.18
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0.25
0.20
0.15
0.10
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Figure 13. Bayesian Ridge Performance on (Cleaned Dataset)
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Table 5. LGB Regression (Noisy Dataset)

Thumb  Index  Middle Ring Little AVG

Subi  0.45 0.42 0.47 0.46 0.44 0.45
Sub2  0.66 0.63 0.67 0.58 0.62 0.63

Subs  0.59 0.57 0.51 0.57 0.54 0.55
AVG 0.56 0.54 0.55 0.54 0.53 0.54
mSubl mSub2 mSub3 mAVG
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Figure 14. LGB Performance on (Noisy Dataset)

Table 6. LGB Regression (Cleaned Dataset)

Thumb  Index Middle Ring Little AVG

Subt 048 0.48 0.50 0.49 0.49 0.49
Sub2  0.70 0.64 0.63 0.62  0.63 0.65

Sub3z o0.57 0.57 0.55 0.58 0.58 0.57
AVG  0.58 0.56 0.56 0.57 0.57 0.57

0.80
0.70
0.60

0.50
0.40
0.30
0.20
0.10
0.00

Thumb Index Middle Ring Little
HSubl mSub2 mSub3 m®AVG

Figure 15. LGB Performance on (Cleaned Dataset)

80



Computational Models for Intelligence and Automation

Table 7. Decision Tree (Noisy Dataset)

Thumb Index  Middle Ring Little  AVG

Subi1  0.69 0.72 0.75 0.73 0.73 0.73
Sub2  0.86 0.89 0.87 0.84 0.87 0.87
Sub3  0.69 0.65 0.66 0.69 0.67 0.67
AVG 0.75 0.75 0.76 0.75 0.76 0.75
HSubl HSub2 ESub3 mAVG
© 3 ~ ~
3 n ~ ° 0 g ‘,E d 0 I S S
3 3 i ™~ S S (=] o 3 S g ~ o
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Figure 16. DT Performance on (Noisy Dataset)
Table 8. Decision Tree (Cleaned Dataset)
Thumb  Index Middle Ring Little AVG
Sub1 0.76 0.79 0.75 0.79 0.78 0.78
Sub2 0.91 0.92 0.92 0.91 0.91 0.91
Sub3 0.73 0.69 0.71 0.71 0.70 0.71
AVG 0.80 0.80 0.80 0.80 0.80 0.80
1.00
0.90

0.80

0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

Thumb Index Middle Ring Little

mSubl mWSub2 mSub3 mWAVG

Figure 17. DT Performance on (Cleaned Dataset)
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Table 9. Performance Comparison (Noisy Dataset)

S. No. Algo. Sub1 Sub2 Sub3 AVG
1 LR 0.15 0.18 0.29 0.21
2 BR 0.15 0.18 0.29 0.21
3 LGBR 0.45 0.63 0.55 0.54
5 DT 0.73 0.87 0.67 0.76
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Figure 18. Performance Graph on (Noisy Dataset)

Table 10. Performance Comparison (Cleaned Dataset)

S. No. Algo Sub1 Sub2 Sub3 AVG.
1 LR 0.16 0.15 0.22 0.18
2 BR 0.17 0.15 0.23 0.18
3 LGB 0.49 0.65 0.57 0.57
4 DT 0.78 0.91 0.71 0.80
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Figure 19. Performance Graph on (Cleaned Dataset)
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LGB Regression showed a marked improvement with an average correlation value of 0.54 as shown in
table 5 and figure 13. This indicates that LGB's ability to handle large datasets and complex patterns
significantly enhanced performance compared to linear methods. Performance improvement is there as
applied on the cleaned dataset and achieved correlation value 0.57 as shown in table 6 and figure 14.
Decision Tree Regression achieved an average correlation value of 0.75 as shown in table 7 and figure
16. Decision trees are capable of capturing non-linear relationships in the data, which likely contributed
to this higher performance, further performance improvement is there as applied on cleaned dataset
and achieved 0.80 correlation value as shown in table 8 and figure 17.

6. Discussion and Challenges

Pre-processing effect is observed when LGB and DT are applied by 0.03 and 0.04 respectively as shown
in table 9, 10 and figure 18 and 19. Negative impact is also observed when LR and BR algorithm applied
on the cleaned dataset by reduction in the correlation value from 0.21 to 0.18 by both the algorithm.
These linear methods, while simpler and faster but fall short in performance compared to these more
complex algorithms. While ensemble methods like DT and LGB which can capture complex patterns
are particularly effective for this type of high-dimensional EEG data. DT performed well on this dataset
but have several drawbacks. One of the key drawbacks is their tendency to overfit, especially when the
tree becomes deep. This means DT can become overly specific to the training data and fail to generalize
well to unseen data. Additionally, DT is unstable—small variations in the data can result in a completely
different tree structure, which can be problematic, particularly in noisy datasets. This also tend to be
biased towards attributes with more levels, potentially favoring certain features over others, which can
introduce bias into the model. DT also face difficulties when it comes to capturing interactions between
multiple features, often requiring a large and deep tree to account for such dependencies. When dealing
with large datasets, DT can become computationally expensive and slow to train. The greedy approach
use for feature selection can also lead to suboptimal results, as it makes decisions based on local criteria
rather than a global optimum. To mitigate these disadvantages, ensemble methods like Random
Forests or Gradient Boosting Trees are often used to improve performance and stability.

At higher end other ensemble methods like RFR and KNN regression offer high accuracy in offline
evaluations. their computational complexity, memory usage, and energy consumption make them
unsuitable for real-time applications, especially in resource-constrained environments like BCIs.
Simpler models often strike a better balance between performance and practicality, enabling them to
meet the stringent requirements of real-time systems more effectively.

7. Conclusion

BCI competition 4 dataset iv is the standard dataset used and machine learning algorithm are applied
on this dataset. Linear regression algorithm achieved only 0.21 correlation value. DT regression
algorithm achieved 0.80 that is highest correlation value among all the algorithms, as ensemble
approach based algorithms take a lot of time during the training phase along with test phase too. So,
time is critical point to consider while using the higher accuracy algorithms.
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