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Abstract — Electroencephalography (EEG) is a non-invasive method for measuring the brain’s electrical activity. Deep learning models,
such as deep convolutional neural networks, have shown great promise in analyzing motor imagery EEG signals for tasks such as motor
imagery classification. However, careful EEG channel selection is needed for optimal performance. Explainable artificial intelligence
(XAI) methods provide a way to interpret and understand the predictions of deep learning models. This paper proposes shapely additive
explanations (SHAP), an XAl method based on Shapley values for subject-independent motor imagery EEG channel selection. This study
uses a Deep ConvNet trained on a 62-channel motor imagery EEG dataset from Korea University. We also compare the performance of
the proposed SHAP-based channel selection method with other XAl-based channel selection methods. Our results show that the proposed
methodology obtained 84.07% (+ 11.84) classification accuracy with only 20 selected channels, similar to the baseline classification
accuracy (84.46% + 11.56) with all 62 channels. The comparison results show that SHAP-based EEG channel selection performs better
than other XAl-based EEG channel selections in terms of model accuracy and provides a more interpretable and direct way of selecting
the most important EEG channels. These results suggest that SHAP is a viable alternative for subject-independent motor imagery EEG
channel selection methods using deep learning models.
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1. Introduction

Brain-computer interfaces (BCIs) are an alternative way of translating human intentions into commands for controlling
external devices. This helps people with neurological impairments communicate more effectively with the external world
[1]. Motor imagery BCI (MI-BCI), which is the imagination of motor action without actual limb movement, has been used
widely for practical applications [2]. Deep learning models based on convolutional neural networks, such as Deep ConvNet,
has shown great promise in analyzing and classifying the motor imagery EEG signal [3]. It has been discovered that the most
informative channels for generating event-related de-synchronization (ERD) and event-related synchronization (ERS) differ
between subjects [4]. Thus, one challenge with subject-independent EEG-based deep learning models is carefully selecting
EEG channels to achieve optimum performance.

Most recently, explainable artificial intelligence (XAIl) methods are gaining popularity in the BCI field because they
help to increase trust and transparency in the decision-making process of a deep learning model. XAl methods can help
determine which EEG channels are most important for the model’s prediction. In the previous study, A. Nagarajan et al.
investigated layer-wise relevance propagation (LRP), an XAl method, for EEG channel selection in subject-independent MI-
EEG deep learning models. Identifying common subset of channels that produces optimal accuracy across all subjects is
mentioned as the limitation of the study [5]. To address the foregoing, this study proposes a novel shapely additive
explanation (SHAP), a different XAl method for subject-independent MI-EEG channel selection. Using the proposed
method, we have identified a common subset of channels and evaluated its performance across all subjects. We also perform
a comparative study between SHAP and LRP to investigate the effectiveness of these two XAl methods.
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2. Methodology

The MI dataset reported by M. Lee et al. is used for evaluating the proposed method [6]. This dataset contains the
EEG signal of 54 subjects while they performed two-class Ml tasks (left-hand and right-hand imagined movement). EEG
signals were recorded at a sampling rate of 1000 Hz using 62 Ag/AgCl electrodes. Each subject underwent two data recording
sessions on different days, with training and testing phases in each session. Each phase included 100 trials per class, for a
total of 400 trials. The experiment begins with a 3s rest period to prepare subjects for the MI task. The subject then performed
the corresponding M1 task for 4s while following the visual cue. After completing each task, the screen remained blank for
6s. For each trial, 4s MI tasks are segmented from continuous EEG signals and further down-sampled to 250 Hz. For the
baseline study, all 62 channels were used. We used the state-of-the-art Deep ConvNet model proposed by Schirrmeister et
al. as our baseline model [3]. The Deep ConvNet architecture is formed by four convolution max-pooling blocks and a fully
connected SoftMax classification layer. The first block, in particular, contains temporal and spatial filters for handling the
input EEG signals. For each convolutional max-pooling block, batch normalization and dropout are added.

2.1. Proposed Methodology: Shapely values-based EEG channel selection

Shapely Additive exPlanations (SHAP) is an XAl method that provides a way to explain the predictions made by deep
learning models. It is based on the concept of Shapely values from cooperative game theory. In the context of deep learning,
Shapely values can be used to determine the contribution of each feature to the prediction made by the model. To calculate
Shapely values for each feature, SHAP generates subsets of features, calculates the contribution of each feature for each
subset, and then computes the average contribution of each feature across all possible subsets. The resulting Shap values
represent the importance of each feature in the model prediction for a given instance. The formula for calculating the feature

importance of a feature i is given as follows [7]:
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Where, ¢; is the Shapely value for the feature i, N is the set of all features, S is the subset of features excluding the
feature i , v (S) is the model output when only features in subset S are used as model input, v (S U {i}) refers to the model’s
predicted output when feature i is added to the subset of feature S. We used the DeepExplainer function in SHAP python
library to calculate the Shapley values.

In our proposed methodology, we utilized SHAP for selecting subject-independent MI-EEG channels using Deep
ConvNet. The first step is training the baseline Deep ConvNet model using the training and validation dataset. The training
process involves adjusting the network weights to minimize the error between the predicted and the actual outputs. The
DeepExplainer in the SHAP library needs to be initialized with the trained model and a background dataset. The background
dataset is used to compute each EEG channel’s Shapely values. The DeepExplainer function returns the Shapley values for
each trial and both classes separately. Then, compute the mean Shapely values across all trails for both classes. Sort the mean
Shapley values in descending order and rank the channels. Then, select the top 20 channels with the highest Shapley values
and train the Deep ConvNet model again for motor imagery classification. Compare the classification accuracy of the trained
Deep ConvNet using the top 20 channels and the baseline model with all 62 MI-EEG channels. The block diagram for the
proposed method is shown in Fig.1.

3. Experiments

We use the leave-one-subject-out cross-validation (LOSO-CV) method to evaluate the subject-independent
classification. The model is trained with all data except the target subject. Based on the previous studies, data from all 53
subjects are split randomly into 85% training and 15% validation data, and the subject-independent model is trained. The
following hyperparameter values were used for each model training: The Adam optimizer is used to minimize the loss
function, the batch size is fixed as 16, and an early stopping strategy is used to avoid overfitting. As mentioned in the literature
[3], a two-stage training strategy for training the Deep ConvNet is followed; after two stages of training, the best model with
minimum validation loss is saved and evaluated on the test dataset, which is the last 100 trials (session 2 of Day 2) of the
target subject’s data. The proposed SHAP-based channel selection method uses the same data division and training process.
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Fig. 1: Block diagram for Shapley based MI-EEG channel selection method

Additionally, for the background data required for the DeepExplainer function,100 randomly selected trials from the training
dataset were used. All training process was carried out on an NVIDIA Tesla V100 GPU with 32 GB GPU of memory.

To better understand the efficacy of SHAP and LRP as MI-EEG channel selection methods, we compared the proposed
SHAP-based channel selection method with the LRP-based channel selection method proposed in [5],which uses the same
dataset and Deep ConvNet model.

4. Results and discussion

The average classification accuracy of the baseline subject-independent model and the proposed methodology using
LOSO-CV is shown in Table 1. It is observed that the baseline model has an average classification accuracy of 84.46% (+
11.39) across all 54 subject models, which is similar to those mentioned in the literature [8]. The average classification
accuracy using the top 20 MI-EEG channels selected by the proposed SHAP-based method is 84.07% (+ 11.84%), with p-
value = 0.616, indicating no significant difference between the performance of the baseline model with all 62 channels and
the proposed method with top 20 selected channels. This result shows that using only 20 channels selected by the proposed
SHAP-based channel selection method achieves comparable performance to the baseline model while also reducing the
baseline model’s complexity.

Table 1: Average classification accuracies (mean + standard deviation)

Baseline model accuracy SHAP-based channel selection method
(62 channels) (top 20 channels)
84.46% (£ 11.39%) 84.07% (+ 11.84%) ™

**P-value=0.616, indicating no significant difference in accuracy between the baseline and the SHAP-based channel-selection method

We also identified the common subset of channels, by selecting the most frequently selected channels across all 54
subject models. As a common subset of channels, 21 channels selected more than 20 times by the subject-independent models
are considered. The average classification accuracy for LOSO-CV, using the selected subset of channels is 84.37% (+ 11.85),
with p-value = 0.889, indicating no significant difference between the baseline accuracy. Thus, the proposed subject-
independent channel selection method, produces optimal accuracy with the selected subset of channels. For better
visualization, the frequency of the channels selected across all the models and the identified common subset of channels are
shown in Fig. 2(a) and 2(b), respectively. The Fig. 2(a) demonstrates that in addition to the channels selected from the motor
cortex region, our proposed method also selected channels from the frontal and the visual areas of the brain. These brain
regions also involve during M1 activity in addition to the motor cortex region.

We also compared the average classification accuracy for LOSO-CV using the top 20 channels selected by our
proposed method with the 20 motor channels mentioned in the literature [5][6]. The 20 motor channels are shown in Fig.
2(c). The average classification accuracy obtained using 20 motor channels is 81.72% (+ 12.61), which is ~ 2% less than our
proposed method’s performance. We also compared our proposed SHAP-based method with the performance of the LRP-
based MI-EEG channel selection method mentioned in [5]. The performance using the top-20 channels selected by LRP is

ICBES 126-3



e s 9000 g * o0
-' @cc00,
eo®esy o

‘e gee ©°
.,
(a) (b)

Fig. 2: In part (a), frequency of channels selected across all 54 subject models by the proposed method. In part (b), the topomap of the

common subset of channels. Part (c), visualizes 20 motor channels

is 83.19% (+11.60) which is lesser than the performance of the proposed method’s accuracy of 84.07%. Compared to the
literature, LRP requires a minimum of the top 24 channels to meet the baseline model accuracy. In contrast, our proposed
SHAP-based method is meeting the baseline accuracy with the top 20 channels itself. Thus, from the above results, SHAP is
preferred over LRP for MI-EEG channel selection.

5. Conclusion

One of the challenges with subject-independent EEG-based deep learning models is the careful selection of EEG channels
to achieve optimal performance. To overcome this issue, a novel Shapley value-based channel selection method is proposed.
The results show that, with only top-20 selected channels, the proposed method produces comparable accuracy to the baseline
model, which uses all 62 channels. There is still a scope for further improvement in the performance of the proposed method
after adaptation. The common subset of channels which produces optimal accuracy across all subject- independent models
are identified. The performance of the proposed method with the LRP-based channel selection method are compared. The
results show that the proposed method outperforms the LRP-based channel selection method in terms of classification
accuracy. Thus, SHAP can be more useful in the application of MI-EEG channel selection.
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