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Abstract
Wearable electroencephalogram (EEG) devices offer promising solutions for 
continuous seizure monitoring in out-of-hospital settings. However, the adoption 
of medical-grade wearable devices remains limited by the power consumption 
demands of edge computing, where each active EEG channel contributes to energy 
expenditure through signal processing and feature extraction operations. Optimizing 
algorithms through feature reduction may extend battery life without compromising 
diagnostic reliability. This study evaluated a feature reduction strategy for a 100-tree 
AdaBoost ensemble model applied to binary seizure detection using the Bangalore 
EEG Epilepsy Dataset, comprising recordings from 60 subjects. A patient-aware 
data partitioning scheme (70/15/15 split) was implemented to ensure complete 
separation of patient identities across training, validation, and testing subsets. 
Feature importance scores were extracted from the trained ensemble to identify less 
discriminative EEG channels, and classification performance was compared between 
a baseline 16-channel configuration and a reduced 12-channel configuration 
following removal of the four least important channels. The baseline 16-channel 
model achieved 97.56% test accuracy, 97.29% sensitivity, 98.50% specificity, and 
a 2.71% seizure miss rate. Following the removal of channels x5, x9, x11, and x13, the 
reduced 12-channel model achieved 97.11% test accuracy, 96.71% sensitivity, 98.50% 
specificity, and a 3.29% seizure miss rate. The 25% reduction in active channels 
resulted in only a 0.45 percentage-point decrease in accuracy while yielding an 
estimated 33.33% theoretical extension in battery operating duration. Strategic 
channel reduction based on feature importance analysis can improve computational 
efficiency while maintaining comparable seizure detection performance. These 
findings support the development of energy-efficient, long-term ambulatory EEG 
monitoring devices that balance diagnostic reliability with extended operational 
duration.
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1. Introduction
Epilepsy is a chronic neurological condition characterized by recurrent unprovoked 
seizures, affecting approximately 50 million individuals worldwide, with 80% residing 
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in low- and middle-income countries.1,2 Seizures manifest 
heterogeneously, ranging from brief episodes of impaired 
awareness to loss of consciousness.3 Clinically, seizures 
are categorized as generalized onset (rapidly engaging 
bilateral brain networks) or focal onset (originating 
within one hemisphere), with focal seizures sometimes 
spreading bilaterally as secondarily generalized tonic-
clonic seizures.4,5

Electroencephalogram (EEG) testing remains a key 
diagnostic tool for epilepsy, with contemporary criteria 
permitting diagnosis when recurrence probability 
exceeds 60% following a single event.6 EEG also serves 
to characterize antiseizure medication efficacy.7 However, 
traditional hospital-based monitoring faces substantial 
limitations: standard 20–30-minute examinations 
frequently fail to capture interictal epileptiform activity, 
while extended video-EEG monitoring requires inpatient 
admission for periods typically limited to several days.6,8,9

Hospital-based facilities are often geographically 
inaccessible and restrict patients from daily activities, 
failing to capture real-world seizure triggers.10,11 Manual 
review of high-density recordings is time-consuming and 
susceptible to inter-observer variability.8,12 Furthermore, 
the psychological burden of tethered monitoring 
equipment reduces normal patient activity, creating 
diagnostic blind spots.

To address these limitations, wearable EEG devices 
have been developed to enable continuous monitoring 
in out-of-hospital settings.13,14 Despite advances in 
hardware sensor technology, medical-grade wearable 
adoption remains restricted by the power bottleneck of 
edge computing, where local data processing results in 
high energy consumption.15,16 Each active EEG channel 
imposes computational demands associated with 
memory allocation, signal processing, and real-time 
feature extraction17, leading to shortened battery life and 
increased thermal burden that negatively impact patient 
compliance.11,14

Various machine learning approaches have been applied 
to automated seizure detection in wearable contexts. 
Deep learning architectures, including convolutional 
neural networks and recurrent neural networks, have 
demonstrated high classification accuracy but require 
substantial computational resources incompatible with 
power-constrained devices.18 Support vector machines and 
random forests have been explored as lower-complexity 
alternatives, though performance often depends on 
extensive feature engineering.19 Ensemble methods such 
as Adaptive Boosting (AdaBoost) offer a balance between 

classification performance and computational efficiency 
by combining weak learners into robust classifiers.19,20 
However, many existing approaches utilize full electrode 
montages without systematic evaluation of channel 
reduction strategies to optimize power consumption.

A critical gap exists in the literature regarding the 
quantitative relationship between EEG channel reduction 
and seizure detection performance in the context of 
wearable device constraints. While spatial redundancy 
in scalp EEG recordings is well documented21,22, few 
studies have rigorously evaluated whether strategic 
channel elimination can meaningfully reduce energy 
consumption and potentially extend battery life without 
clinically significant degradation of diagnostic sensitivity. 
Addressing this gap requires systematic feature importance 
analysis to identify less informative channels and patient-
aware validation to ensure generalizability.

One potential solution involves optimizing algorithms 
through feature reduction to function within power-
constrained devices without sacrificing seizure detection 
performance.17,23 Reducing active electrodes decreases 
energy consumption for data acquisition and processing 
while extending operational duration.13 However, such 
modifications must be validated to ensure diagnostic 
capabilities are preserved.

The primary objective of this study is to evaluate 
a feature reduction strategy for a 100-tree AdaBoost 
ensemble model applied to seizure detection. Using the 
Bangalore EEG Epilepsy Dataset (BEED) comprising 
recordings from 60 subjects24, a standard 16-channel 
configuration is compared with a reduced 12-channel 
configuration to quantify the impact on detection accuracy 
and seizure miss rates.

Secondary objectives include: (i) identification of 
EEG channels with the lowest discriminative importance 
through feature importance analysis20; (ii) quantification 
of the tradeoff between classification performance and 
computational efficiency; and (iii) estimation of power 
consumption benefits achievable through channel 
reduction. Model generalizability is validated through 
patient-aware data partitioning ensuring complete 
separation of patient identities across training, validation, 
and testing subsets.

In summary, this study aims to identify an optimized 
channel configuration demonstrating a favorable balance 
between computational efficiency and diagnostic 
reliability, thereby supporting the development of long-
term ambulatory EEG monitoring devices.
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2. Materials and methods
2.1. Dataset description

In this study, we employed the BEED dataset, a publicly 
available collection of EEG recordings obtained from 60 
subjects. The dataset comprises EEG signals that have 
been segmented into 20-second epochs and categorized 
according to seizure status. Each subject contributed 100 
EEG segments, yielding a comprehensive dataset suitable 
for machine learning analysis. The original labeling scheme 
classified recordings into three distinct categories: healthy 
controls (labeled as 0), focal seizures (labeled as 1), and 
generalized seizures (labeled as 2). 

For the purposes of this binary classification task, 
the labeling structure was transformed such that healthy 
control recordings were designated as “No-Seizure,” 
while both focal and generalized seizure recordings were 
consolidated into a single “Yes-Seizure” category. This 
binarization approach reflects the clinical priority of 
distinguishing between the presence and absence of seizure 
activity, regardless of seizure subtype. The input feature 
space consisted of 16 EEG channels, denoted as x1–x16.

According to the BEED dataset documentation24, these 
channels correspond to different brain regions based on 
the international 10–20 electrode placement system, with 
coverage spanning frontal, temporal, parietal, occipital, 
and central regions. The EEG signals were recorded at a 
sampling rate of 256 Hz and segmented into 20-second 
epochs. While the dataset confirms adherence to the 10–20 
standard, explicit mappings between the generic channel 
identifiers (x1–x16) and standard electrode nomenclature 
(e.g., Fp1, F7, T3) are not provided, which limits precise 
neuroanatomical localization of individual channels.

The input features provided to the AdaBoost classifier 
consisted of the raw amplitude values from each of the 

16 EEG channels at each sampled time point within the 
20-second epochs. No additional feature extraction (e.g., 
spectral decomposition or statistical summarization) 
was performed; the classifier operated directly on the 
preprocessed EEG channel values as provided in the BEED 
dataset. The dataset preprocessing, including any filtering 
or artifact rejection, was performed by the original dataset 
authors prior to public release.

2.2. Computational framework overview

The algorithmic pipeline was implemented in MATLAB 
and consisted of five principal stages: (i) data preprocessing 
and label mapping, (ii) patient-aware data partitioning, 
(iii) class balancing through undersampling, (iv) ensemble 
model training using the AdaBoost algorithm, and (v) 
feature importance calculation for subsequent channel 
reduction. Figure 1 illustrates the complete computational 
workflow employed in this study.

2.3. Data preprocessing and label transformation

The raw dataset was imported from a comma-separated 
values file containing EEG recordings with their 
corresponding class labels. The preprocessing stage 
involved filtering the dataset to retain only those records 
with valid class labels, specifically those entries where the 
target variable y assumed values within the set {0,1,2}. This 
filtering operation excluded any corrupted or ambiguously 
labeled recordings from subsequent analysis.

Following the filtering operation, a label transformation 
procedure was applied to convert the multiclass 
classification problem into a binary classification task. Let 
yi denote the original label for the i-th observation. The 
transformed binary label iy  was computed according to 
the mapping function: 

Figure 1. Complete computational workflow for seizure detection using an AdaBoost ensemble model with feature importance-based channel reduction 
Abbreviations: BEED: Bangalore Electroencephalogram Epilepsy Dataset; CSV: Comma-separated values.
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"No-Seizure" if 0
"Yes-Seizure" if 1,2

i
i

i

y
y

y
=

=  ∈
 	 (1)

This transformation consolidated focal and generalized 
seizure events into a unified positive class, thereby framing 
the detection problem as a dichotomous discrimination 
between seizure presence and absence. The resulting 
categorical labels were stored as a new variable appended to 
the feature matrix, and the original numeric label column 
was subsequently removed to prevent label leakage during 
model training.

2.4. Patient-aware data partitioning

A critical consideration in developing generalizable 
machine learning models for clinical EEG applications is 
the prevention of information leakage between training 
and evaluation datasets. When multiple observations 
originate from the same subject, intra-patient similarities 
in EEG morphology can artificially inflate performance 
metrics if observations from the same individual are 
distributed across both training and testing partitions. To 
address this concern, a patient-aware data splitting strategy 
was implemented that ensured complete separation of 
subject identities across the training, validation, and 
testing subsets.

The partitioning algorithm operated at the patient level 
rather than the observation level. Given that each of the Np 
= 60 subjects contributed exactly Nr = 100 observations, a 
patient identification vector was constructed by replicating 
each patient index across its corresponding observations. 
Let { }1 2, , ,

pNP p p p= …  denote the set of unique patient 

identifiers. The random number generator was initialized 
with a fixed seed value of 42 to ensure reproducibility, 
and the patient identifiers were randomly permuted to 
eliminate any systematic ordering effects. 	

The permuted patient set was then partitioned 
according to a 70/15/15 allocation scheme. The number of 
patients assigned to each subset was determined as follows:

train 0.70 pN N= × 	 (2)

val 0.15 pN N= × 	 (3)

test train valpN N N N= − − 	 (4)

For the dataset comprising 60 subjects, this allocation 
resulted in 42 subjects for training, 9 subjects for validation, 
and 9 subjects for testing. All observations belonging to a 
given patient were assigned exclusively to one partition, 
thereby guaranteeing that no patient appeared in multiple 
subsets. Figure 2 provides a detailed illustration of the 
patient-aware splitting procedure.

The three-way partitioning strategy (training, 
validation, and testing) was selected over the two-
way splitting strategy (training and testing), which 
would have required additional validation procedures 
such as k-fold cross-validation, due to methodological 
considerations. Cross-validation is typically employed 
when limited data necessitates a two-way split, with the 
validation set serving dual purposes of hyperparameter 
tuning and final performance estimation. However, 
this approach may conflate model selection with model 

Figure 2. Patient-aware data splitting procedure demonstrating patient-level separation across training, validation, and testing partitions
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evaluation, potentially introducing optimistic bias into 
reported performance metrics. A dedicated three-way 
split maintains strict separation between the data used for 
training, hyperparameter selection (validation), and final 
unbiased evaluation (testing).

2.5. Class balancing through random 
undersampling

Class imbalance represents a significant challenge in 
seizure detection tasks, as non-seizure recordings typically 
outnumber seizure events in clinical datasets. Training 
machine learning models on imbalanced data can lead 
to biased classifiers that exhibit poor sensitivity toward 
the minority class. To mitigate this issue, a random 
undersampling strategy was applied to the training 
partition.

The undersampling procedure operated by first 
identifying the indices of observations belonging to each 
class within the training set. Let No { : "No-Seizure"}iI i y= =  
and Yes { : "Yes-Seizure"}iI i y= =  denote the index sets for the 
negative and positive classes, respectively. The cardinality 
of the minority class was determined as min Non I= , and an 
equivalent number of samples was randomly selected from 
the majority class:

sampled sampled
Yes Yes Yes min,  I I I n⊂ = 	 (5)

The balanced training set was then constructed by 
concatenating the complete minority class index set with 
the randomly sampled majority class indices, followed by 
a random permutation to shuffle the observation order. 
This balancing procedure ensured equal representation of 
both classes during model training, thereby preventing the 
classifier from developing a bias toward the more prevalent 
class.

Alternative class balancing strategies such as the 
Synthetic Minority Over-sampling Technique and cost-
sensitive learning through class weights were not evaluated 
in this study. This decision was deliberate rather than 
an oversight. The primary objective of the present study 
was to demonstrate that reducing the number of EEG 
input channels can preserve classification accuracy while 
decreasing theoretical power consumption requirements 
in wearable devices. Achieving this objective required 
maintaining a simple, interpretable algorithmic pipeline 
with minimal methodological confounds. Introducing 
multiple class balancing strategies would have complicated 
the attribution of any observed performance changes: it 
would become unclear whether differences between the 
16-channel and 12-channel configurations arose from 

the feature reduction itself or from interactions between 
the balancing method and the reduced feature space. By 
adopting random undersampling as a straightforward 
default approach, the experimental design focused on 
evaluating channel reduction as the sole manipulated 
variable, enabling direct interpretation of the efficiency-
accuracy tradeoff. Future work investigating optimal class 
balancing for seizure detection applications may compare 
multiple strategies, but such comparisons fall outside the 
scope of the present study.

2.6. AdaBoost ensemble model architecture

The classification model employed in this study was based 
on the AdaBoost algorithm, a powerful ensemble learning 
technique that combines multiple weak learners into a 
strong classifier through iterative reweighting of training 
samples. The AdaBoost methodology was selected for 
its computational efficiency, interpretability, and proven 
effectiveness in binary classification tasks involving 
biomedical signals.

2.6.1. Theoretical foundation of AdaBoost

The AdaBoost algorithm operates by sequentially training 
weak classifiers on weighted versions of the training data, 
where misclassified samples receive increased weights in 
subsequent iterations. Consider a training set ( ) 1{ x , }N

i i iy =  
where 16x i ∈  represents the input feature vector 
containing 16 EEG channels and { }1, 1iy ∈ − +  denotes 
the binary class label. The algorithm initializes uniform 
weights for all training samples:

( )1 1 ,  1, 2, ,iw i N
N

= = … 	 (6)

At each iteration 1,2, ,t T= … , where T denotes the 
total number of boosting iterations (corresponding to the 
number of weak learners), the algorithm performs the 
following steps. First, a weak classifier ( )xth  is trained 
on the weighted training data to minimize the weighted 
classification error:

	 (7)

where [ ]I ⋅  is the indicator function that returns 1 if the 
condition is true and 0 otherwise. The contribution 
coefficient tα  for the weak classifier is then computed 
based on its classification accuracy:

	 (8)
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This formulation assigns larger weights to more 
accurate classifiers while penalizing those with higher 
error rates. The sample weights are subsequently updated 
to emphasize misclassified instances:

( )
( ) ( )( )1 exp xt
i t i t it

i
t

w y h
w

Z
α+ ⋅ − ⋅ ⋅

= 	 (9)

where tZ  is a normalization factor ensuring that the 
weights sum to unity:

( ) ( )( )1
exp xN t

t i t i t ii
Z w y hα

=
= ⋅ − ⋅ ⋅∑ 	 (10)

The final ensemble classifier aggregates the predictions 
of all weak learners through a weighted voting scheme:

( ) ( )( )1
x sign xT

t tt
H hα

=
= ⋅∑ 	 (11)

Figure 3 presents a comprehensive visualization of the 
AdaBoost training procedure.

2.6.2. Model configuration and hyperparameters

The AdaBoost ensemble was configured with T = 100 weak 
learners (decision-tree classifiers), providing sufficient 
model complexity to capture the discriminative patterns 
in EEG signals while avoiding excessive computational 
burden. The selection of 100 estimators was based on 
preliminary model evaluation and is consistent with 

commonly used configurations in ensemble learning 
implementations. 

As demonstrated by the learning curves presented 
in Section 3, classification performance plateaued well 
before the 100th iteration, suggesting that this value 
provided adequate model capacity without unnecessary 
computational overhead. Each weak learner was 
implemented as a shallow decision tree with a maximum 
of five splits, constraining the complexity of individual 
classifiers to ensure that the ensemble learning proceeded 
gradually rather than achieving immediate saturation. The 
maximum depth of five splits was chosen to limit individual 
tree complexity and promote ensemble diversity, consistent 
with established recommendations for boosted decision 
tree ensembles in biomedical signal classification.

The learning rate parameter was set to 0.1η = , which 
modulates the contribution of each successive weak 
learner to the ensemble. A reduced learning rate promotes 
smoother convergence of the training process and helps 
prevent overfitting by limiting the influence of any single 
weak classifier. The modified coefficient calculation 
incorporating the learning rate is expressed as:

	 (12)

The feature matrix for training consisted of the 16 EEG 
channel values from the balanced training set, denoted 
as bal 16

trainX N ×∈ , where balN  represents the number 
of observations in the balanced training partition. The 
corresponding label vector trainY  contained the categorical 
seizure classifications for each observation.

Figure 3. Flowchart illustrating the iterative training procedure of the AdaBoost algorithm, including weight initialization, weak learner training, coefficient 
calculation, weight updating, and final classifier combination
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2.7. Learning curve generation and model 
evaluation

To assess the training dynamics and generalization 
performance of the AdaBoost ensemble, learning curves 
were generated by computing the cumulative classification 
error at each boosting iteration. The cumulative error 
measure evaluates the ensemble performance using only 
the first t  weak learners, providing insight into how model 
accuracy evolves as additional classifiers are incorporated.

For the training set, the cumulative error at iteration t  
was computed as:

( ) ( ) ( )train

train 1
train

1 xNt t
i ii

E H y
N =

 = ≠ ∑  	 (13)

where ( ) ( )xtH  denotes the ensemble classifier using only 
the first t  weak learners. The corresponding training 
accuracy at iteration t  is given by:

( ) ( )
train train1t tA E= − 	 (14)

Similarly, the validation accuracy was computed at each 
iteration using the held-out validation partition:

( ) ( ) ( )val val val
val 1

val

11 Nt t
i ii

A H y
N =

 = − ≠ ∑ x 	 (15)

The divergence between training and validation curves 
provides diagnostic information regarding potential 
overfitting, with a widening gap indicating that the model 
is fitting training-specific patterns that do not generalize 
well to unseen data.

2.8. Confusion matrix analysis

Model performance was quantified through confusion 
matrix analysis applied to the training, validation, and 
testing partitions. For a binary classification problem, the 
confusion matrix tabulates the counts of true positives 
(TP), true negatives (TN), false positives (FP), and false 
negatives (FN). From these quantities, several performance 
metrics were derived.

The overall classification accuracy measures the 
proportion of correct predictions:

TP TNAccuracy
TP TN FP FN

+
=

+ + +
	 (16)

The sensitivity, also known as recall or TP rate, quantifies 
the model’s ability to correctly identify seizure events:

TPSensitivity
TP FN

=
+

	 (17)

The specificity measures the proportion of non-seizure 
events correctly classified:

TNSpecificity
TN FP

=
+

	 (18)

The seizure miss rate, a clinically relevant metric 
for wearable device applications, was computed as the 
complement of sensitivity:

FNMiss rate 1 sensitivity
TP FN

= − =
+

	 (19)

2.9. Feature importance extraction and channel 
reduction

A primary objective of this study was to identify 
opportunities for feature reduction that would decrease 
computational requirements while preserving seizure 
detection performance. The AdaBoost ensemble provides 
intrinsic feature importance scores based on the cumulative 
contribution of each input variable to the classification 
decisions across all weak learners.

For decision tree-based weak learners, the importance 
of feature j  is computed by aggregating the weighted 
impurity decrease across all nodes where feature j  is used 
for splitting:

	 (20)

where ( )j
t  denotes the set of nodes in weak learner t  

that split on feature j , nw  is the weighted proportion 
of samples reaching node n , and nG∆  represents the 
impurity decrease achieved by the split at node n . The 
impurity decrease for a binary split is calculated using the 
Gini criterion:

L R
n n L R

n n

N NG G G G
N N

∆ = − − 	 (21)

where nG , LG , and RG  denote the Gini impurity values at 
the parent node and left and right child nodes, respectively, 
and nN , LN , RN  represent the corresponding sample 
counts.

The Gini impurity for a node with class distribution p  
is defined as:
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2

1

1
K

k
k

G p
=

= −∑
	

(22)

where kp  represents the proportion of samples belonging 
to class k  at the node.

The feature importance scores were extracted from the 
trained AdaBoost model and sorted in descending order 
to identify the most influential EEG channels. Figure 4 
illustrates the feature ranking and reduction procedure. 

2.10. Comparative analysis framework

The experimental design incorporated a comparative 
analysis between the baseline 16-channel configuration 
and a reduced 12-channel configuration. The four channels 
exhibiting the lowest importance scores—specifically 
channels 5x , 9x , 11x , and 13x —were identified as 
candidates for removal based on the feature ranking 
obtained from the initial model training phase.

A second AdaBoost ensemble was trained using the 
reduced feature set, maintaining identical hyperparameter 
settings to ensure a fair comparison. The performance 
differential between the two configurations was quantified 
in terms of accuracy degradation, changes in seizure miss 
rate, and theoretical power consumption reduction. This 
comparative framework enabled the assessment of the 
tradeoff between computational efficiency and seizure 
detection performance, which is critical for deployment in 
resource-constrained wearable devices.

2.11. Power consumption estimation

The power consumption analysis was based on a theoretical 
simulation model that accounted for the relationship 
between active EEG channels and energy expenditure 
in wearable devices. The computational power required 

for processing EEG signals scales approximately linearly 
with the number of active channels, as each channel 
requires dedicated analog-to-digital conversion, signal 
conditioning, and feature extraction operations.

Let 16P  denote the baseline power consumption for 
the 16-channel configuration. The estimated power 
consumption for the reduced 12-channel configuration 
was modeled as:

12 16 16
12 0.75
16

P P P= ⋅ = ⋅ 	 (23)

The corresponding improvement in battery life, 
assuming constant battery capacity C , was estimated as:

12 16 16 16

16 11
12 3

C C C CT
P P P P

 ∆ = − = − = ⋅ 
 

	

(24)

This theoretical framework provided the basis for 
quantifying the potential operational benefits of feature 
reduction in terms of extended operational duration for 
ambulatory monitoring applications.

3. Results
3.1. Baseline 16-channel model configuration

The initial AdaBoost ensemble was trained using the 
complete set of 16 EEG input channels (x1–x16)  to 
establish baseline classification performance and to extract 
feature importance scores for subsequent dimensionality 
reduction analysis. This baseline configuration served as 
the reference point against which the reduced-channel 

Figure 4. Feature importance extraction and channel reduction workflow illustrating the identification and removal of low-importance electroencephalogram 
channels based on AdaBoost ensemble feature rankings
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model was compared.

3.2. Learning curve analysis for 16-channel 
configuration

The learning curves depicting the evolution of classification 
accuracy across boosting iterations for the baseline 
16-channel AdaBoost ensemble are presented in Figure 5. 
The training accuracy exhibited rapid initial improvement, 
beginning at approximately 97% at the first iteration and 
approaching 99.9% upon completion of the 100 boosting 
iterations. The convergence pattern indicates effective 
learning with minimal overfitting.

The validation accuracy curve demonstrated an 
increasing trend consistent with effective generalization, 
commencing at approximately 90% and reaching a plateau 
of approximately 99% after 60 iterations. The modest 
gap between training and validation curves indicates 
that the baseline model achieved strong generalization 
performance across all 16 input channels.

3.3. Classification performance of 16-channel model

The confusion matrices summarizing the classification 
outcomes for the training, validation, and testing partitions 
of the baseline 16-channel model are displayed in Figure 
6. Table 1 presents the quantitative performance metrics 
derived from these confusion matrices.

On the training partition, the baseline model achieved 
an overall accuracy of 99.96%, with 1,400 TP detections 
and 1,399 TN classifications. The sensitivity for seizure 
detection was 100%, with a corresponding seizure miss 
rate of 0% on the training data.

The validation partition yielded an accuracy of 99.11%, 
demonstrating robust generalization to unseen patient 
data. The sensitivity of 98.80% indicated that 494 out of 
500 seizure events were correctly detected, with only 6 
FN classifications. The specificity of 99.50% confirmed 
accurate identification of non-seizure episodes.

The testing partition achieved an accuracy of 97.56% 

Figure 5. Learning curves showing training and validation accuracy as a function of boosting iterations for the baseline 16-channel AdaBoost ensemble

Figure 6. Confusion matrices for the baseline 16-channel AdaBoost ensemble on (A) training, (B) validation, and (C) testing partitions
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with a sensitivity of 97.29% and a specificity of 98.50%. 
The confusion matrix revealed 681 TP detections out of 
700 actual seizure events. The seizure miss rate was 2.71%, 
representing 19 seizure episodes that were incorrectly 
classified as non-seizure events.

Table 1. Classification performance metrics for the baseline 
16-channel AdaBoost ensemble across training, validation, 
and testing partitions

Metric Training Validation Testing

True negatives 1,399 398 197

False positives 1 2 3

False negatives 0 6 19

True positives 1,400 494 681

Accuracy (%) 99.96 99.11 97.56

Sensitivity (%) 100.00 98.80 97.29

Specificity (%) 99.93 99.50 98.50

Seizure miss rate (%) 0.00 1.20 2.71

3.4. Feature importance distribution in baseline 
model

The feature importance scores extracted from the trained 
16-channel AdaBoost ensemble provided the basis for 

identifying candidates for channel reduction. To facilitate 
interpretability and maintain consistency with subsequent 
analyses, the raw importance scores were normalized by 
dividing each value by the maximum observed score, 
thereby scaling the most important feature to a value 
of unity. Figure 7 presents the normalized and ranked 
importance values for all 16 input features.

The analysis identified channel 16x  as the most 
influential model predictor, achieving a normalized 
importance score of 1.00, followed closely by channel 8x  
with a normalized score of 0.97 and channel 6x  with a 
normalized score of 0.56. These three channels collectively 
accounted for a substantial portion of the ensemble’s 
model-derived feature importance.

The complete ranking of the 16 channels in descending 
order of normalized importance was: 16x  (1.00), 8x  
(0.97), 6x  (0.56), 10x  (0.43), 14x  (0.35), 15x  (0.33), 3x  
(0.28), 4x  (0.26), 2x  (0.22), 12x  (0.22), 1x  (0.12), 7x  
(0.12), 9x  (0.04), 11x  (0.04), 5x  (0.03), and 13x  (0.01).

The four channels exhibiting the lowest normalized 
importance scores were identified as 9x  (0.04), 11x  (0.04), 

5x  (0.03), and 13x  (0.01). These channels collectively 
contributed less than 1.5% of the total feature importance 
and were therefore selected as candidates for removal in 
the subsequent dimensionality reduction analysis.

Figure 7. Normalized feature importance scores for the baseline 16-channel configuration, ranked in descending order. Values are scaled relative to the 
most important channel (x16 = 1.0). 
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3.5. Reduced 12-channel model configuration

Following the feature importance analysis conducted on 
the baseline 16-channel AdaBoost ensemble, the four EEG 
channels exhibiting the lowest model-derived importance 
scores were identified as 5x , 9x , 11x , and 13x . These 
channels were subsequently removed from the feature 
space, yielding a reduced configuration comprising 12 
input channels. A second AdaBoost ensemble was trained 
on this reduced feature set using identical hyperparameter 
settings to enable direct comparison with the baseline 
model.

3.6. Learning curve analysis for 12-channel 
configuration

The learning curves depicting the evolution of 
classification accuracy across boosting iterations for the 
reduced 12-channel AdaBoost ensemble are presented in 
Figure 8. The training accuracy exhibited a characteristic 
monotonic increase, beginning at approximately 94.5% at 
the first iteration and reaching 99.9% upon completion of 
the 100 boosting cycles. The convergence of the training 
and validation curves indicates stable model performance 
with limited evidence of overfitting.

The validation accuracy curve demonstrated similar 
increasing behavior, commencing at approximately 89% 
and reaching a plateau of approximately 99% after 60 
iterations. The gap between training and validation accuracy 
remained relatively modest throughout the training 
process, with a maximum divergence of approximately 
1 percentage-point observed in the later iterations. This 
convergence pattern indicates that the reduced model 

achieved strong generalization performance without 
exhibiting pronounced overfitting to the training data, 
despite the removal of four input channels.

3.7. Classification performance of 12-channel model

The confusion matrices summarizing the classification 
outcomes for the training, validation, and testing partitions 
of the reduced 12-channel model are shown in Figure 9. 
Table 2 presents the quantitative performance metrics 
derived from these confusion matrices.

Table 2. Classification performance metrics for the reduced 
12-channel AdaBoost ensemble across training, validation, 
and testing partitions

Metric Training Validation Testing

True negatives 1,398 398 197

False positives 2 2 3

False negatives 0 7 23

True positives 1,400 493 677

Accuracy (%) 99.93 99.00 97.11

Sensitivity (%) 100.00 98.60 96.71

Specificity (%) 99.86 99.50 98.50

Seizure miss rate (%) 0.00 1.40 3.29

On the training partition, the reduced model achieved 
an overall accuracy of 99.93%, with 1,400 TP detections 
and 1,398 TN classifications. The sensitivity for seizure 
detection was 100%, indicating that the model correctly 
identified all seizure events within the balanced training 

Figure 8. Learning curves showing training and validation accuracy as a function of boosting iterations for the reduced 12-channel AdaBoost ensemble
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set. The corresponding seizure miss rate of 0% on the 
training data reflects the ensemble’s complete capture of 
positive class instances during the learning phase.

The validation partition yielded an accuracy of 99.00%, 
demonstrating the model’s robust ability to generalize to 
unseen patient data. The sensitivity of 98.60% indicated 
that 493 out of 500 seizure events were correctly detected, 
with only 7 FN classifications. The specificity of 99.50% 
confirmed accurate identification of non-seizure episodes, 
with merely 2 FP predictions out of 400 negative cases.

The testing partition, which served as the final 
independent evaluation, achieved an accuracy of 97.11% 
with a sensitivity of 96.71% and specificity of 98.50%. The 
confusion matrix revealed 677  TP detections out of 700 
actual seizure events, alongside 197 TN classifications out 
of 200 non-seizure observations. The seizure miss rate 
was 3.29%, representing 23 seizure episodes that were 
incorrectly classified as non-seizure events. This metric is 
of particular clinical significance for wearable monitoring 

applications, as missed seizure detections could result in 
delayed intervention.

3.8. Feature importance distribution in reduced 
model

The feature importance scores extracted from the trained 
12-channel AdaBoost ensemble revealed the relative 
redistribution of model-derived feature contributions 
following the removal of the four least important 
predictors. To facilitate interpretability and cross-feature 
comparison, the raw importance scores were normalized 
by dividing each value by the maximum observed score, 
thereby scaling the most important feature to a value of 
unity. Figure 10 presents the normalized and ranked 
importance values for all 12 retained input features.

The analysis identified channel x8 as the most influential 
model predictor within the reduced feature set, achieving a 
normalized importance score of 1.00, followed by channel 
x16 with a normalized score of 0.94 and channel x6 with a 
normalized score of 0.61. These three channels collectively 

Figure 9. Confusion matrices for the reduced 12-channel AdaBoost ensemble on (A) training, (B) validation, and (C) testing partitions

Figure 10. Normalized feature importance scores for the reduced 12-channel configuration, ranked in descending order. Values are scaled relative to the 
most important channel (x8 = 1.0). 
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accounted for a substantial portion of the ensemble’s 
model-derived feature importance, with x8 and x6 together 
representing the dominant predictors due to their markedly 
higher importance relative to the remaining features.

The complete ranking of the 12 retained channels in 
descending order of normalized importance was: x8 (1.00), 
x16 (0.94), x6 (0.61), x10 (0.49), x3 (0.36), x15 (0.31), x14 (0.29), x4 
(0.27), x12 (0.24), x2 (0.24), x7 (0.17), and x1 (0.15). Channels 
x7 and x1 exhibited the lowest normalized importance scores 
among the retained features, contributing approximately 
17% and 15% of the discriminative power of the most 
important channel, respectively. Despite their relatively 
lower contributions, these channels were retained as 
they exceeded the importance thresholds of the removed 
channels (x5, x9, x11, and x13).

3.9. Performance summary and power efficiency 
implications

The reduced 12-channel AdaBoost ensemble demonstrated 
competitive classification performance while utilizing 
25% fewer EEG channels compared with the baseline 
configuration. Table 3 summarizes the key performance 
indicators and estimated efficiency gains.

Table 3. Summary of performance and efficiency metrics for 
the 12-channel model 

Parameter Value

Number of features 12

Number of boosting iterations 100

Test accuracy (%) 97.11

Test sensitivity (%) 96.71

Test specificity (%) 98.50

Seizure miss rate (%) 3.29

Feature reduction (%) 25.00

Estimated power reduction (%) 25.00

Estimated battery life extension (%) 33.33

According to the power consumption model defined in 
Equation 23, the 25% reduction in active EEG channels 
corresponds to an estimated 25% decrease in channel-
dependent power consumption. Applying Equation 
24, this channel reduction yields a theoretical 33.33% 
extension in battery operational duration for wearable 
monitoring devices, assuming constant battery capacity 
and linear scaling of channel-related power consumption 
with channel count.

3.10. Comparative analysis of baseline and reduced 
configurations

To quantify the performance–efficiency tradeoff associated 
with channel reduction, a comprehensive comparative 
analysis was conducted between the baseline 16-channel 
and reduced 12-channel AdaBoost ensembles. Table 4 
presents a side-by-side comparison of the key performance 
metrics across both configurations. 

Table 4. Comparative performance analysis between the 
baseline 16-channel and reduced 12-channel AdaBoost 
ensembles

Metric 16-channel 12-channel Difference

Training partition

Accuracy (%) 99.96 99.93 −0.03

Sensitivity (%) 100.00 100.00 0.00

Specificity (%) 99.93 99.86 −0.07

Seizure miss rate (%) 0.00 0.00 0.00

Validation partition

Accuracy (%) 99.11 99.00 −0.11

Sensitivity (%) 98.80 98.60 −0.20

Specificity (%) 99.50 99.50 0.00

Seizure miss rate (%) 1.20 1.40 +0.20

Testing partition

Accuracy (%) 97.56 97.11 −0.45

Sensitivity (%) 97.29 96.71 −0.58

Specificity (%) 98.50 98.50 0.00

Seizure miss rate (%) 2.71 3.29 +0.58

To determine whether the observed performance 
differences between the baseline and reduced 
configurations were statistically significant, 95% Wilson 
score confidence intervals were computed for each metric, 
and two-proportion z-tests were conducted to compare the 
models. Table 5 presents the statistical comparison for the 
testing partition.

The comparative analysis revealed that the removal 
of four low-importance channels ( 5x , 9x , 11x , and 

13x ) resulted in minimal degradation of classification 
performance. On the testing partition, which represents 
the most rigorous assessment of generalization capability, 
the reduced model exhibited an accuracy decrease of only 
0.45 percentage points (from 97.56% to 97.11%) relative to 
the baseline configuration. This modest reduction suggests 
that the eliminated channels contributed limited additional 
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information to the model’s classification performance. 

Statistical analysis confirmed that the observed 
performance differences were not statistically significant. 
The two-proportion z-test for accuracy yielded z = 0.585 
(p = 0.558), and the test for sensitivity yielded z = 0.627 
(p = 0.531). The 95% confidence interval for the accuracy 
difference was −1.04% to +1.93%, and for the sensitivity 
difference was −1.22% to +2.36%. Both intervals include 
zero, indicating that the observed decreases of 0.45% in 
accuracy and 0.57% in sensitivity were not statistically 
distinguishable from random variation at the α = 0.05 
significance level. These findings support the conclusion 
that the 12-channel configuration achieved comparable 
classification performance to the baseline 16-channel 
model.

The sensitivity metric, which quantifies the model’s 
ability to correctly identify seizure events, decreased by 
0.58 percentage points on the testing set (from 97.29% 
to 96.71%). In absolute terms, this corresponded to an 

increase of four missed seizure detections, rising from 
19 FNs in the baseline model to 23 FNs in the reduced 
model out of 700 total seizure events. Notably, specificity 
remained unchanged at 98.50% across both configurations, 
indicating that channel reduction did not adversely affect 
the model’s capacity to correctly classify non-seizure 
episodes.

The seizure miss rate, a clinically relevant metric for 
ambulatory monitoring applications, increased from 
2.71% to 3.29% following channel reduction. While this 
0.58 percentage-point increase warrants consideration 
in clinical deployment decisions, it must be weighed 
against the substantial efficiency gains achieved through 
dimensionality reduction. 

Figure 11 provides a visual comparison of the key 
performance metrics between the two configurations. The 
minimal height differences between paired bars indicate 
comparable classification performance following channel 
reduction.

Table 5. Statistical comparison of classification performance between the baseline 16-channel and the reduced 12-channel models 
on the testing partition

Metric 16-Channel (95% CI) 12-Channel (95% CI) z-value p-value

Accuracy (%) 97.56 (96.33–98.38) 97.11 (95.80–98.02) 0.585 0.558

Sensitivity (%) 97.29 (95.80–98.26) 96.71 (95.12–97.80) 0.627 0.531

Specificity (%) 98.50 (95.68–99.49) 98.50 (95.68–99.49) 0.000 1.000

Notes: CI was computed using the Wilson score method. z-values and p-values were obtained from two-proportion z-tests.  
Abbreviation: CI: Confidence interval.

Figure 11. Comparative bar chart illustrating classification performance metrics for the baseline 16-channel and reduced 12-channel AdaBoost ensembles

https://doi.org/10.36922/GTM026220022


Global Translational MedicineGlobal Translational Medicine Energy-efficient ambulatory seizure detection

Volume X Issue X (2026)	 15� doi: 10.36922/GTM026220022

From an efficiency perspective, the 25% reduction in 
active EEG channels translates directly to proportional 
decreases in analog-to-digital conversion operations, 
signal conditioning requirements, and feature extraction 
computations. According to the linear power consumption 
model, the reduced configuration is expected to consume 
approximately 75% of the power required by the baseline 
system. The corresponding 33.33% extension in theoretical 
battery life represents a potentially important improvement 
for wearable seizure detection devices intended for 
extended ambulatory monitoring periods.

The tradeoff analysis can be formalized by defining 
an efficiency-adjusted performance metric that balances 
classification accuracy against computational cost. Let η  
denote the efficiency gain ratio (equal to 16 /12 1.333=  
for the present comparison) and Aδ  represent the fractional 
accuracy loss. The efficiency-adjusted score S  is computed 
as:

reduced

baseline

97.11 1.333 1.327
97.56

AS
A

η= × = × =

	

(25)

A score exceeding unity indicates that the relative 
efficiency gain is greater than the relative reduction in 
accuracy, suggesting that the channel reduction represents 
a favorable tradeoff. The computed value of 1.327S =  
confirms that the reduced 12-channel configuration 
provides a higher efficiency-to-performance ratio when 
both accuracy and computational efficiency are jointly 
considered.

In summary, the comparative analysis demonstrates 
that removing the four least important EEG channels 
resulted in a modest 0.45% decrease in test accuracy 
while achieving a 25% reduction in input channel 
dimensionality and an estimated 33.33% improvement 
in battery longevity. These findings support the viability 
of the reduced 12-channel configuration for resource-
constrained wearable applications where extended 
operational duration is prioritized alongside acceptable 
classification performance.

4. Discussion
This study evaluated an optimized AdaBoost ensemble 
model for classifying epileptic and non-epileptic EEG 
signals using a reduced 12-channel configuration. By 
leveraging the inherent redundancy of multichannel 
EEG recordings, the model achieved a 33.33% theoretical 
increase in battery life with only a 0.45% accuracy 
reduction (p = 0.558), suggesting its potential suitability 

for long-term ambulatory monitoring.

4.1. Neurophysiological basis for channel reduction

Scalp EEG recordings exhibit substantial spatial 
correlation, as neighboring electrodes capture overlapping 
electrical activity.21,22 Many automated systems underutilize 
these inter-channel relationships, focusing on individual 
electrodes rather than the topological structure of brain 
activity.22 The present findings indicate that channel-level 
redundancy may be sufficient to permit reduction from 
16 to 12 channels (removing x5, x9, x11, and x13) while 
maintaining stable classification performance, with the 
seizure miss rate increasing by only 0.58 percentage points.

Internal feature importance scores indicated that 
retained channels aligned with clinically relevant EEG 
markers.25,26 Delta (<4 Hz) and theta (4–8 Hz) bands 
are established indicators of ictal activity in focal and 
generalized epilepsy27,28, reflecting the transition from 
chaotic interictal states to hypersynchronous ictal 
activity.28,29 Although our feature importance reflects 
channel-level rather than frequency-level contributions, 
the high accuracy suggests retained channels captured 
sufficient discriminative spectral information. Future 
frequency-domain explainability analyses may clarify 
specific signal characteristics driving classification.

4.2. Sources of classification errors

The slight increase in classification errors likely reflects two 
factors. First, high-frequency, low-amplitude fast activity 
characteristic of focal seizure onset30,31 may become harder 
to distinguish from background noise with reduced 
spatial density.32 Second, secondary generalized seizures 
originating focally before spreading rapidly4,5,33 may be 
affected by spatial gaps in coverage. The BEED dataset 
adheres to the 10–20 system across frontal, temporal, 
parietal, occipital, and central regions24, though explicit 
electrode-to-label mappings are unavailable. Channel 
removal necessarily reduces spatial sampling density in 
certain regions34, potentially reducing sensitivity to seizure 
activity originating from areas represented by the removed 
channels.

Clinical acceptability of the observed 3.29% miss 
rate depends on intended use. For screening in low-risk 
populations, rates below 5% may be acceptable, whereas 
high-risk patients (e.g., those with sudden unexpected 
death in epilepsy risk) require stricter thresholds. This rate 
falls within ranges for ambulatory devices intended for 
seizure diary augmentation rather than critical alerting. 
Deployment decisions should weigh sensitivity against 
usability according to patient-specific risk profiles and 
intended clinical applications.
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4.3. Clinical and hardware implications

The 33% theoretical battery life improvement enables 
multi-day monitoring beyond the “24-h barrier,” 
addressing a primary bottleneck for patient compliance 
in ambulatory settings.14,16,35 Channel count is among 
the strongest drivers of energy consumption in seizure 
detection devices; reduced maintenance frequency and 
device downtime further enhance clinical utility.17,35 
The simplified computational requirements make this 
AdaBoost ensemble potentially compatible with ultra-low-
power architectures17,36, enabling local processing without 
power-intensive continuous data streaming.18

We deliberately avoided direct performance 
comparisons with other published models because 
reported metrics cannot be reliably compared without 
documented convergence analysis confirming proper 
training dynamics. The learning curves in Figures 5 and 
8 demonstrate stable convergence for our models. More 
fundamentally, demonstrating classifier superiority was 
not our objective; the central contribution is establishing 
channel reduction as a potential strategy for extending 
battery life without meaningful performance degradation. 
The statistically validated comparison between 16-channel 
and 12-channel configurations under identical conditions 
supports attribution of the observed performance changes 
primarily to channel reduction.

4.4. Methodological considerations

Generalizability was enhanced through patient-aware 
validation using a 70/15/15 split with complete patient 
separation between partitions, thereby reducing the risk of 
data leakage, which is a frequent pitfall where intra-patient 
similarities artificially inflate accuracy.37,38 This “patient-
independent” approach represents a rigorous evaluation 
strategy for clinical “cold start” scenarios.39 AdaBoost’s 
focus on hard-to-classify instances during training19 likely 
contributed to the robust 97.11% accuracy.

The convergence of training and validation curves 
(gap ≈ 1 percentage point, stable throughout boosting 
iterations; Figures 5 and 8) indicates consistent learning 
behavior with limited evidence of overfitting, providing 
internal evidence of generalizability despite the absence of 
external validation on independent datasets.

4.5. Limitations and future directions

Several limitations warrant consideration. First, the BEED 
dataset does not provide explicit mappings between 
channel identifiers (x1–x16) and standard electrode names, 
thereby limiting precise neuroanatomical interpretation of 
channel removal effects. Second, power longevity benefits 
assume linear scaling with channel count; actual energy 

savings in wearable implementations depend on additional 
hardware-specific factors, including wireless transmission 
overhead, onboard memory operations, and processor 
architecture, in addition to temperature fluctuations.14–16 
Third, because feature importance rankings were derived 
from a single dataset, these rankings may not generalize 
to recordings obtained with different acquisition systems, 
electrode configurations, or patient populations; external 
validation across heterogeneous datasets is necessary 
to confirm the robustness of the proposed channel 
reduction strategy. Although external validation remains 
desirable, convergence analyses combined with patient-
aware partitioning provide supportive evidence of model 
generalization within the evaluated dataset.

Future studies should validate the approach across 
demographically heterogeneous populations (pediatric, 
elderly)40, test robustness in high-noise environments41, 
and integrate the model into real-time clinical 
workflows connecting wearable devices with neurologist 
dashboards.42,43 Despite limitations, the AdaBoost model’s 
accuracy, generalizability, and power efficiency highlight 
its potential as a foundation for future ambulatory 
monitoring tools.44

5. Conclusion
This study demonstrates that the development of 
computationally efficient, ambulatory EEG systems 
does not necessarily require a compromise in diagnostic 
performance. By leveraging an optimized AdaBoost 
ensemble model and a strategic feature reduction approach, 
the input dimensionality was reduced from 16 channels 
to 12 channels. This modification led to a theoretically 
estimated 33% improvement in battery life, based on a 
linear power consumption model rather than experimental 
hardware measurements, while incurring only a 0.45% 
decrease in overall testing accuracy. These results suggest 
that the spatial redundancy in scalp EEG recordings can be 
effectively exploited to mitigate computational and energy 
constraints associated with medical-grade edge computing 
devices.

Furthermore, the robustness of these findings is 
supported by the patient-aware validation framework, 
which confirms that the observed performance was 
not attributable to patient-level data leakage within the 
evaluated dataset. While removal of four EEG channels 
may introduce minor localized spatial gaps, the model 
maintained high sensitivity (96.71%) and specificity 
(98.50%), supporting the feasibility of channel reduction 
for future long-term, out-of-hospital epilepsy management. 
By extending the theoretical operational window of these 
devices beyond the 24-h barrier, this research provides a 
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potential framework for improving the energy efficiency of 
autonomous seizure detection systems. This approach may 
contribute toward the development of practical ambulatory 
monitoring solutions that enhance patient compliance and 
provide clinicians with continuous, real-world data from 
their patients.
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