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Abstract: Functional near-infrared spectroscopy-based brain-computer interface (fNIRS-based BCI) has been receiv-
ing much attention. However, we are practically constrained to obtain a lot of fNIRS data by inherent hemodynamic
delay. For this reason, when employing machine learning techniques, a problem due to the high-dimensional feature
vector may be encountered, such as deteriorated classification accuracy. In this study, we employ an elastic net-based
feature selection which is one of the embedded methods and demonstrate the utility of which by analyzing the results.
Using the fNIRS dataset obtained from 18 participants for classifying brain activation induced by mental arithmetic
and idle state, we calculated classification accuracies after performing feature selection while changing the parameter
o (weight of lasso vs. ridge regularization). Grand averages of classification accuracy are 80.0 + 9.4%, 79.3 + 9.6%,
79.0 = 9.2%, 79.7 = 10.1%, 77.6 + 10.3%, 79.2 + 8.9%, and 80.0 + 7.8% for the various values of o = 0.001, 0.005,
0.01, 0.05, 0.1, 0.2, and 0.5, respectively, and are not statistically different from the grand average of classification
accuracy estimated with all features (80.1 = 9.5%). As a result, no difference in classification accuracy is revealed
for all considered parameter o values. Especially for o = 0.5, we are able to achieve the statistically same level of
classification accuracy with even 16.4% features of the total features. Since elastic net-based feature selection can
be easily applied to other cases without complicated initialization and parameter fine-tuning, we can be looking for-
ward to seeing that the elastic-based feature selection can be actively applied to fNIRS data.
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Table 1. Classification accuracies according to parameter o in elastic net (unit: %)

Participant n/a” 0.001 0.005 0.01 0.05 0.1 0.2 0.5
1 80.0 80.0 83.3 80.0 80.0 76.7 81.7 86.7
2 83.3 83.3 83.3 85.0 85.0 78.3 78.3 81.7
3 75.0 75.0 73.3 71.7 75.0 65.0 66.7 78.3
4 93.3 93.3 91.7 91.7 95.0 91.7 93.3 93.3
5 68.3 70.0 70.0 70.0 71.7 73.3 70.0 71.7
6 83.3 83.3 85.0 83.3 81.7 83.3 81.7 80.0
7 63.3 63.3 63.3 63.3 65.0 61.7 63.3 66.7
8 76.7 78.3 75.0 78.3 85.0 83.3 86.7 85.0
9 80.0 80.0 76.7 76.7 75.0 70.0 73.3 71.7
10 73.3 71.7 66.7 65.0 65.0 61.7 71.7 76.7
11 81.7 80.0 81.7 80.0 78.3 76.7 75.0 78.3
12 86.7 86.7 85.0 80.0 85.0 83.3 83.3 76.7
13 63.3 63.3 63.3 66.7 61.7 63.3 75.0 71.7
14 95.0 95.0 95.0 95.0 95.0 95.0 93.3 88.3
15 78.3 78.3 78.3 80.0 80.0 83.3 85.0 85.0
16 96.7 96.7 95.0 93.3 95.0 91.7 93.3 95.0
17 83.3 81.7 81.7 83.3 86.7 81.7 75.0 73.
18 80.0 80.0 78.3 78.3 75.0 76.7 78.3 80.0

Mean 80.1 80.0 79.3 79.0 79.7 77.6 79.2 80.0
Std 9.5 9.4 9.6 9.2 10.1 10.3 8.9 7.8

*Feature selection was not employed
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E 2. Elastic net 24+ ] wafo] uje} S4o] Aelsl B v]&@9): %)
Table 2. Average of feature selection ratio according to parameter o in elastic net(unit: %)

Participant n/a” 0.001 0.005 0.01 0.05 0.1 0.2 0.5
1 100 97.4 82.1 69.3 37.1 26.4 17.5 12.5
2 100 97.5 89.8 80.4 55.0 43.4 31.0 23.1
3 100 96.7 81.6 66.8 32.9 23.3 16.2 10.1
4 100 95.5 82.3 72.6 48.4 40.0 32.5 24.4
5 100 95.5 82.6 72.0 40.5 30.3 23.4 16.2
6 100 96.6 84.1 73.4 38.9 27.1 19.6 11.6
7 100 94.0 74.6 58.4 31.5 22.5 174 11.7
8 100 95.5 81.3 66.5 29.8 19.0 14.1 9.5
9 100 97.7 89.0 80.9 51.0 35.5 23.2 14.0
10 100 94.1 76.4 63.9 41.2 30.1 24.3 14.7
11 100 94.8 80.2 69.4 40.6 31.5 22.8 16.3
12 100 96.0 83.4 72.1 41.0 29.8 21.4 15.1
13 100 93.6 76.2 64.2 32.5 22.4 16.2 9.0
14 100 98.0 90.4 81.2 57.8 48.4 38.7 28.9
15 100 93.3 72.0 59.3 30.4 21.3 17.9 13.6
16 100 93.5 77.9 66.2 35.6 29.7 23.0 17.0
17 100 95.9 79.5 67.8 35.9 27.9 19.4 15.7
18 100 96.7 85.3 76.0 42.8 35.8 30.0 25.8

Mean 100 95.7 81.6 70.0 40.2 30.2 22.7 16.1
Std - 1.5 5.1 6.8 8.3 7.9 6.6 5.8

*Feature selection was not employed

E 3. A 54| o] the B 5ok xjolo] $oe Belaly] $15 Uelulx] Bk Auke
Table 3. One-way ANOVA result table to test the significance of difference in classification accuracy according to the number
of selected features

ss df Mean Square F Significance
Between groups .009 7 .001 .140 .995
Within groups 1.196 136 .009
Total 1.205 143
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Table 4. One-way ANOVA result table to test the significance of difference in classification accuracy according to the feature
selection method

ss df Mean Square F Significance
Between groups .085 3 .028 3.103 .032
Within groups .624 68 .009

Total .709 71
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feature selection method
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Table 5. Tukey HSD post-hoc analysis result table (with outlier results)

Multiple Comparisons

Posthoc (A) Method (B) Method Mean Difference (A-B) Significance
Elastic net 0.00 1.00
No Fs* SFS 0.07 0.16
mRMR 0.07 0.13
No FS? 0.00 1.00
Elastic net SFS 0.07 0.17
Tukey HSD mRMR 0.07 0.13
No FS? -0.07 0.16
SFS Elastic net -0.07 0.17
mRMR 0.00 1.00
No FS? -0.07 0.13
mRMR Elastic net -0.07 0.13
SFS 0.00 1.00

*No feature selection method was employed (i.e., all features were used)
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Table 6. Homogeneous subsets according to Duncan post-hoc analysis result(with outlier results)

Homogeneous Subsets

Feature selection

Number of participants

Subset for oo = 0.05

Subset 1 Subset 2
mRMR? 18 0.730
SFS? 18 0.733
Elastic net” 18 0.800
No FsP 18 0.801
Significance 0.91 0.98

abThe results are in homogeneous subsets
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