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ABSTRACT: A case study is conducted to demonstrate 

that not only finger flexion but also finger abduction 

trajectories can be decoded from high density 

electrocorticography (ECoG) recordings. Two patients, 

temporarily implanted with high-density ECoG grids as 

part of their clinical workup, performed three cued 

tasks: single finger flexion, finger abduction, and sign 

language alphabet gestures. The extended Block-Term 

Tensor Regression (eBTTR) model is trained on 

simultaneous ECoG and data glove recordings to predict 

continuous finger trajectories. Performance on the 

flexion task serves as a baseline for comparison with 

abduction decoding. The sign language task involves 

realistic, complex finger movements combining both 

flexion and abduction. We show that finger abduction 

trajectories can be decoded from ECoG with precision 

comparable to single finger flexion, even during sign 

language gestures that involve joint finger flexions and 

abductions. To our knowledge, this is the first 

demonstration that finger abduction trajectories can be 

decoded from ECoG. 

 

INTRODUCTION 

 
The field of Brain-Computer Interfaces (BCIs) has 

witnessed significant advancements in motor 

applications, particularly in restoring or replacing the 

function of lost or impaired body functions. Notable 

examples include the electrical stimulation of hand 

muscles and specific regions of the spinal cord involved 

in walking, as demonstrated by Lorach et al. [1]. 

Additionally, BCIs have proven effective in controlling 

prosthetic hands, arms, exoskeletons, and other effectors 

[2, 3, 4, 5]. In recent years, electrocorticography 

(ECoG) has garnered attention within the BCI research 

community. ECoG involves the placement of electrodes 

on the exposed cortical surface to record electrical 

activity. Compared to other implant types, ECoG offers 

a broader coverage of the cortical surface, enhanced 

long-term signal stability [6, 7], superior spatial 

resolution compared to electroencephalography (EEG) 

[8], and a more extensive spectral bandwidth with 

increased signal amplitude [9]. Various studies [10, 11, 

12, 13, 14, 15, 16] have highlighted the potential of 

ECoG signals from the primary motor cortex in 

decoding continuous arm trajectories, as they exhibit 

distinctive motor-related spatio-temporo-spectral 

patterns [17, 11, 18]. Nonetheless, decoding rapid and 

coordinated finger movements, such as object grasping 

and hand gestures, remains a challenge, necessitating 

further algorithmic developments. Pioneering work by 

Kubanek et al. [19] focused on continuous decoding of 

individual finger flexions and extensions using local 

motor potentials (LMP) and spectral amplitudes across 

five frequency bands. 

Previous research has demonstrated successful 

decoding of finger flexion movements from ECoG 

signals [16, 20, 21, 22, 23, 24, 25]. Block-Term Tensor 

Regression (BTTR), as detailed in [26] and [27], was 

recently introduced for ECoG-based finger flexion 

decoding. The main algorithmic principle behind BTTR 

is Tucker decomposition. Block-Term refers to a 

deflation scheme that generates blocks with varying 

multilinear Tucker ranks. Originally, BTTR predicted 

single finger trajectories only, but extended BTTR 

(eBTTR) lifted this limitation so that coordinated finger 

movements could be predicted, including finger co-

activations i.e. unintentional finger movements [28]. 

While, in principle, one could stack BTTR models of 

individual fingers, it will fall short in addressing the 

temporal overlap and spatial sparsity ECoG signals 

exhibit during coordinated finger flexions [29]. 

The aforementioned studies focused on finger 

flexions, which is useful for applications such as 

grasping a cup. However, when aiming for restoring 

hand dexterity, finger abduction becomes important as 

well. Although the accurate prediction of finger 

abduction trajectories from (high-density) ECoG could 

have a significant impact on the development of hand 

motor BCIs, it has received less attention. 

Some studies tangentially refer to finger abduction 

as part of two-dimensional finger movements. In [30] an 

intracortical BCI was developed to decode attempted 

handwriting movements from micro-electrode implants 

in a paralyzed individual’s hand knob area. Patients 

were instructed to imagine they were holding a pen and 

were writing on (ruled) paper. In [13] middle finger 

movements were decoded from ECoG to control a 
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cursor in two dimensions. These movements involve 

both finger flexion and abduction. However, the said 

studies do not directly investigate the decoding of finger 

abduction. 

Hu and colleagues ([31]) investigated finger 

movement recognition via high-density surface 

electromyography (HD-sEMG). Their study involved 

20 healthy subjects and, using a 22-sensor dataglove, 

had them perform various finger movements including 

finger flexion and finger abduction. They found that 

finger abduction could be decoded similarly to finger 

flexions. 

In order to investigate finger abductions from high-

density ECoG, a case study was conducted involving 

subjects performing three different tasks: a cued single 

finger flexion task, a cued sign language gesture 

alphabet task, and a cued finger abduction task. The 

cued single finger flexion task served as a reference to 

compare the performance of finger flexion decoding 

with finger abduction decoding. By analyzing the ECoG 

data, the study aimed to determine if finger abductions 

could be decoded with a similar level of accuracy as 

finger flexions. Furthermore, the sign language gesture 

alphabet task provided an opportunity to investigate the 

decoding of complex finger movements that involve 

both flexions and abductions. The dataset used in this 

study consisted of ECoG recordings from two patients 

who performed all gestures of the Flemish Sign 

Language Alphabet, as well as explicit finger abduction 

movements. The eBTTR algorithm was employed as the 

decoding model [28]. The findings demonstrate that 

single finger abductions as well as complex hand 

gestures from the Sign Language Alphabet can be 

decoded from ECoG. The results indicate that finger 

abductions can be decoded with a similar level of 

precision as single finger flexions. This suggests that 

ECoG signals hold promise for predicting finger 

abduction trajectories, expanding the potential 

applications of BCIs for controlling hand prosthetics 

and exoskeletons and for promoting neurorehabilitation. 

 

MATERIALS AND METHODS 

 
Dataset and tasks 

The dataset originates from two patients undergoing 

treatment of refractory neuropathic facial pain with 

epidural electrocorticography (ECoG) grids placed on 

part of the somatosensory and motor cortex. Ethics 

approval for this study was granted by the Ethics 

Committee Research UZ/KU Leuven (EC Research). 

The first patient had an epidural ECoG grid implanted 

on the right hand-knob area, while the second patient 

had a grid placed on the left subcentral gyrus and Broca 

area, and one on the right hand-knob area (refer to Table 

1, and Figures 1-3). 

 

Table 1: Patient Information Leuven dataset 

 Subject 1 Subject 2 

Age 58 41 

Gender Female Female 

Handedness Right Right 

Region of pain Trigeminus neuralgia (left) Temporomandibular joint disorder, bilateral 

pain mostly in jaws. 

Number of grids 1 2 

Type of grid Inc Medtronic Inc Specify® 

SureScan® MRI 5-6-5 grid (in-

line spacing 4.5 mm, row spacing 

1.0 mm, electrode size 1.5 mm x 

4.0 mm) 

2X Medtronic Inc Specify® SureScan® 

MRI 5-6-5 grid, in-line spacing 4.5 mm, 

row spacing 1.0 mm, electrode size 1.5 mm 

x 4.0 mm 

Implanted hemisphere Right Left and right 

ECoG Grid location Medial frontoparietal, covering 

M1 and S1, face and lip area 

Left: Lateral frontoparietal, inferior parietal 

cortex and Broca (Brodmann inferior area 

44, inferior frontal gyrus pars opercularis 

left), Right: Medial frontoparietal, covering 

M1, S1 hand knob & PMDc 

Total number of included 

electrodes 

16 32 

Number of electrodes over M1 3 Left: 2, Right: 3 

Number of electrodes over S1 4 Left: 5, Right: 4 
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Figure 1: Visual representation of the ECoG grid 

placement on the right hand-knob area of subject 1. 

 

 
Figure 2: Visual representation of the ECoG grid 

placement on the left subcentral gyrus and Broca area of 

subject 2. 

 

 
Figure 3: Visual representation of the ECoG grid 

placement on the right hand-knob area of subject 2. 

 

Three tasks were performed (subject 2 participated 

in tasks 2 and 3 only). Task 1 involved single finger 

movements, in which case subject 1 received a cue to 

start flexing a specific finger with its trajectory 

measured using a 5DT 14 Ultra data glove (5DT Inc., 

Irvine, USA). On average, subject 1 was instructed to 

flex the prompted finger once for 1 to 2 seconds, 

followed by a rest period lasting 2 seconds. A total of 

150 trials were conducted in a single session lasting 600 

seconds, with 30 trials for each finger. In Task 2, both 

subjects were cued to replicate each of the 26 letters of 

the Flemish sign language alphabet, cued in randomized 

order using a hand avatar, with the finger trajectories 

being measured using the said data glove. Given the 

location of the experiment in Flanders (Belgium), the 

Flemish Sign Language alphabet was utilized. In Task 

3, the two subjects were cued again using a hand avatar, 

to perform a specific finger abduction pattern, i.e., 

spreading of two adjoining fingers as wide as possible, 

again with the finger trajectories being recorded using 

the same data glove. A total of 120 trials were 

conducted in a single session lasting 480 seconds, with 

30 trials for each abduction. On average, subjects were 

directed to perform the specified abduction (using an 

avatar) once for 1 to 2 seconds, followed by a rest 

period lasting 2 seconds. 

 

Processing 

Notch filters, centered at 50 and 100 Hz, were 

employed to eliminate power line noise. Subsequently, a 

visual inspection of the data was conducted to identify 

and eliminate faulty channels. A channel was flagged as 

problematic if it displayed an unstable or unchanging 

signal. Following this, Common Average Reference 

(CAR) re-referencing was applied by subtracting the 

average signal from all signals [32]. Finally, the ECoG 

signals were structured into a 4th-order ECoG tensor X  
∈ RSamples×Channels×Frequencies×Time. In this representation, 

Samples corresponds to the size of vector Y (recorded 

from the data glove), and Channels reflects the number 

of electrodes remaining after the removal of faulty 

channels. Frequencies encompasses 16 components, 

including 15 gamma band powers and the local motor 

potential (LMP). The gamma band powers were 

extracted in the 60 to 130 Hz range (high-frequency 

bands) using 10 Hz frequency bands with 5 Hz overlap, 

by bidirectional third-order Butterworth band-pass 

filters [33]. The LMP was determined by extracting 

amplitudes in the 0.1 to 1.5 Hz range. Time comprises 

10 instances derived from the most recent 1-second 

epoch, achieved by downsampling each of the 16 band-

pass filtered ECoG signals to 10 Hz. The preprocessing 

steps are as follows: 

- Normalize (i.e., z-score) data glove trajectories 

independently for each finger Y ∈ RSamples×Fingers. 

- Apply epoch selection for each channel using the 

past second for band-pass filtering, followed by a 

downsampling to 10 Hz. This process yields the 

frequency and time dimensions for each sample and 

channel. 

- Normalize (i.e., z-score) the tensor according to the 

channel and frequency bands of the training set, with 

the same parameters applied to the test set. 

- Merge the channel matrices into X  ∈ 
RSamples×Channels×Frequencies×Time. 

The resulting preprocessed data is then utilized in 

extended Block Term Tensor Regression (eBTTR), a 

regression model specifically designed to accommodate 

the multilinear nature of human intracranial recordings 
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(see [28] for a complete description of the decoder). The 

model relies on recursive Tucker decomposition 

combined with automatic component extraction [27, 

28]. A 5-fold cross-validation approach was used to 

determine the optimal number of Tucker blocks. For 

each of the three tasks, a separate eBTTR model is 

trained. This also allows for cross-testing, i.e. use an 

eBTTR model trained on task 1 (single finger) to decode 

task 2 (joint finger). 

Model performance is expressed in terms of the 

Pearson correlation coefficient between the data glove 

recorded finger trajectories and the predicted ones. The 

test dataset was partitioned into five non-overlapping 

blocks. For assessing the significance of differences in 

average accuracies across various fingers and subjects, 

we employed the Wilcoxon signed-rank test (two-tailed) 

[34]; a result with a p-value smaller than 0.05 was 

considered significant. 

 

 

RESULTS AND DISCUSSION 

 

Per-task analysis 

Table 2 summarizes the finger flexion results of 

Task 1 and 2. Note that Task 1 was performed by 

subject 1 only. Task 2 considers all gestures of the sign 

language alphabet, thus going beyond the selection of 4 

gestures of the Utrecht experiment [35]. 

For Task 1, Subject 1 shows higher correlation 

coefficients for the thumb, index and ring fingers 

compared to the other fingers. For task 2, both subjects 

exhibit varying correlation coefficients across different 

fingers, with mostly higher coefficients for Subject 2. 

 

Table 2: Pearson correlation coefficients of cued single 

finger movement and finger gesture trajectories. 
Methods Thumb Index Middle Ring Pinky 

Single Finger subj.1 0.31±.05 0.45±.07 0.12±.04 0.23±.02 0.16±.01 

Finger gesture subj.1 0.42±.05 0.32±.07 0.38±.04 0.23±.02 0.12±.01 

Finger gesture subj.2 0.32±.05 0.46±.07 0.49±.04 0.32±.02 0.33±.01 

 

Table 3 summarizes the finger abduction results of 

Task 3. The results reveal distinctive correlation 

patterns for specific finger pairs, with Subject 2 

exhibiting overall stronger correlations, especially for 

the Middle-Ring and Ring-Pinky pairs. Comparing the 

Task 2 (finger gestures), the same fingers flexed 

individually also yield stronger correlations. It seems, 

thus, that finger flexions and finger abductions yield 

similar decoding accuracies. The exception is the 

Thumb as it features the lowest abduction decoding 

accuracy for both subjects but a good flexion decoding 

performance during finger gesture movements. We 

expect that this is due to the difficulty to accurately 

gauge Thumb abductions vs. flexions with the data 

glove (the abduction of the listed fingers pairs is 

measured by dedicated sensors unlike the thumb). 

 

 

 

Table 3: Pearson correlation coefficients of cued finger 

abduction movement 
Subject Thumb-Index Index-Middle Middle-Ring Ring-Pinky 

Subj. 1 0.14±.05 0.32±.07 0.28±.04 0.22±.01 

Subj. 2 0.04±.05 0.36±.08 0.37±.04 0.37±.01 

 

Cross-task analysis 

Since subject 1 performed both Task 1 and 2, a 

cross-task analysis was performed. Hereby, an eBTTR 

model was trained on the data of Task 1 and tested on 

Task 2 and vice-versa. The results are summarized in 

Table 4. The performance of the model trained on single 

finger movements is significantly lower compared to the 

performance of the model trained on joint finger 

movements (see Table 2). 

 

Table 4: Pearson correlation coefficients of cued single 

finger movement and finger gesture trajectories (for 

Subject 1) 
Methods Thumb Index Middle Ring Pinky 

Train T1/Test T2 0.22±.06 0.12±.02 0.21±.05 0.08±.02 0.09±.02 

Train T2/Test T1 0.28±.03 0.27±.04 0.07±.01 0.21±.02 0.15±.01 

 
CONCLUSION 

 

We presented a comprehensive investigation into the 

prediction of finger abduction trajectories from high-

density ECoG data. The study demonstrates the 

feasibility of decoding finger abductions using the 

eBTTR algorithm and shows a decoding performance 

that is comparable to finger flexion except for the 

thumb, possibly due to technical aspects of the used 

data glove. These findings could contribute to the 

development of hand prosthetics and exoskeletons and 

to hand neurorehabilitation. 
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