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Abstract

Electrical status epilepticus during sleep (ESES) is a serious
condition that causes notable cognitive decline. It is characterized
by distinct spike and slow-wave patterns on electroencephalograms
(EEG). Clinical ESES diagnosis is extremely time-consuming and
labor-intensive as it demands clinicians to manually interpret and
count EEG screens. Existing automated diagnosis algorithms for
ESES have major flaws, like struggling to adapt to complex spike
and slow-wave patterns and not fully exploiting the rich multi-view
features of EEG. To overcome these issues, we propose a multi-
view feature selection framework integrating reinforcement
learning and attention mechanisms for automated ESES diagnosis.
A CLEAN reward mechanism is introduced to address complex
multi-objective feature selection challenges. Experiments on the
clinical data consisting of 36 epilepsy patients prove the proposed
method's remarkable spike and slow-wave identification ability and
high agreement with expert diagnoses. Our approach represents a
significant step toward developing automated bedside ESES clinical
diagnostic systems.

Keywords: Electrical status epilepticus during sleep (ESES);
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Introduction

Epilepsy is a chronic brain disorder characterized by
recurrent and transient episodes caused by abnormal neuronal
discharges in the brain (Kandar, Das, Ghosh, & Gupta, 2012).
Electrical status epilepticus during sleep (ESES) represents a
unique electroencephalograms (EEG) phenomenon during
the interictal phase in children with epilepsy, characterized
by continuous or near-continuous epileptiform discharges
during non-rapid eye movement (NREM) sleep, affecting
either one or both sides of the brain (Loddenkemper,
Fernandez, & Peters, 2011). ESES is associated with the
development of neurocognitive disorders (Smith & Hoeppner,
2003). It disrupts the local slow-wave activity at the epileptic
focus, affects brain metabolism, and leads to localized
plasticity impairments and neurological dysfunctions
(Horvath, Csernus, Lality, Kaminski, & Kamondi, 2020).

ESES is characterized by specific EEG patterns of
continuous spike and slow-waves, along with other complex
waveforms. Quantifying these EEG patterns is crucial for the
diagnosis of ESES. Clinically, the spike-wave index (SWI)
during the slow-wave sleep is recognized as a diagnostic
criterion for ESES. The SW1 is defined as the ratio of the total
duration of spike and slow-waves discharges to the NREM
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sleep time. A commonly accepted threshold for ESES
diagnosis is an SWI more than 50% (Kulkarni, Albert,
Klamer, Drees, & Twanow, 2023). Although the SWI
provides a clear and quantifiable guideline for diagnosing
ESES, the interpretation and calculation of spike and slow-
waves during sleep stages still require visual inspection by
medical experts, which remains a time-consuming and labor-
intensive task for clinicians. Furthermore, the interpretation
of spike and slow-waves and the final determination of ESES
are subject to variability and subjectivity among the experts.

The spike and slow-waves identification can significantly
enhance the efficiency of traditional ESES diagnosis,
providing substantial clinical value. In recent years,
researchers have made significant contributions to the
automation of ESES diagnosis. Nonclercq et al. (Nonclercq
et al., 2012) proposed an automatic spike detection algorithm
based on a time-dependent k-means approach. This algorithm
first clusters peak values and then uses the centroids of each
cluster as templates to detect various spike types. The
algorithm involves numerous threshold parameter settings at
different stages, such as correlation and feature thresholds
(e.g., rise-fall slopes and curvature), making it complex to
operate. The template design often leads to reduced
sensitivity due to the exclusion of atypical spikes. Zhou et al.
(Zhou et al., 2022) developed a hybrid expert system
integrating biogeography-based optimization with a
morphology-based expert model. This approach incorporates
personalized features and medical knowledge to mimic
clinicians' decision-making in ESES quantification. However,
the algorithm requires tuning multiple parameters, such as
population size, crossover rate, and mutation rate. If set
improperly, it can affect its performance. These automated
algorithms for detecting ESES activity primarily rely on
templates and morphological features, necessitating
substantial expert knowledge. ESES is characterized by
intense epileptic activity during slow-wave sleep, displaying
a distinctive pattern of continuous spike and slow-waves
discharges on EEG. The amplitude and duration of these
characteristic waves vary significantly between different
patients and even within the same patient over time.
Additionally, there are often interleaved and overlapping
spike and slow-waves (Topgu, Kilig, Tekin, Aydin, & Turanli,
2021; Wiwattanadittakul, Depositario-Cabacar, & Zelleke,
2020). Overall, existing methods struggle to adapt perfectly
to these complex and variable conditions.
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Although existing methods (Nonclercq et al., 2012; Zhou
et al., 2022) have achieved acceptable accuracy in ESES
diagnosis, they have not adequately addressed the following
challenges: 1) These methods do not fully utilize the rich and
multi-dimensional feature patterns inherent in EEG signals,
making it difficult to adapt perfectly to the complex and
variable nature of ESES. The features across different
dimensions  exhibit = complementary  characteristics.
Constructing multi-view features from time, frequency, time-
frequency, and nonlinear dynamics domains helps diagnostic
method more comprehensively identify distinguishable
characteristics of spike and slow-waves. 2) Not all of these
multi-view features carry important information relevant to
ESES diagnosis. Irrelevant and redundant features expand the
feature space, making pattern detection more difficult and
increasing the risk of overfitting. Feature selection is
typically considered as an NP-hard problem, involving a
search space with an exponential number of possible
solutions based on the number of features (Mostafa, Ewees,
Ghoniem, Abualigah, & Hashim, 2022; Zhang, Song, &
Gong, 2017). Therefore, it is crucial to effectively select
relevant features that significantly impact the performance of
ESES diagnosis.

To the best of our knowledge, this is the first attempt to
address the problem of estimating and selecting reliable brain
activity information for EEG-based disease diagnosis by
reinforcement learning framework. Overall, the main
contributions of this paper are summarized below.

1) The framework constructs multi-views features using
multi-domain from EEG signals within a unified framework.
This utilizes the joint information from different views to
achieve comprehensive information integration and
classification. The complementary nature of different views
provides rich brain activity information essential for ESES
diagnosis tasks.

2) The feature selection challenge is modeled as a multi-
agent coordination problem, with each feature corresponding
to a learning agent, enabling independent determination of
feature inclusion in the final subset. Agents decide feature
inclusion, guided by a CLEAN-enhanced global reward. And
an attention mechanism is integrated into the unified
framework to capture feature interdependencies, ultimately
improving the overall effectiveness of feature selection.

3) We conducted both the subject-dependent and subject-
independent assessment experiments. Results indicate that the
proposed method achieves superior performance compared to
other feature selection methods. Ablation studies were also
conducted to evaluate the impact of each component of the
proposed method on performance.

Methodology

Problem definitions and notations

In the clinical ESES diagnosis, the proportion of spike and
slow-waves in NREM sleep is usually described as SWI and
is often used as an important reference standard for ESES
diagnosis. We now detail the ESES diagnosis based on spike
and slow-wave recognition problem based on EEG data.

Given the sequence of EEG signals x={x;,***, x;}€ R¢*T,
where C and T of the matrix represent the number of channels
and timepoints, respectively. x; denotes the vector collected at
the point 7 in time. Each second of the EEG signal for each
patient was marked by an experienced professional physician.
Suppose that the location of the pointed spike and slow-wave
event in the marker segment is Y; € [labely, label;]. When
Y;==label, indicates that window i is spike and slow-waves,
Y;==label, indicates that window i is all non-spike and slow-
waves EEG signals.

The automated quantification of EEG patterns related to
ESES is achieved by spike and slow-waves and employing a
key quantification parameter SWI. Thus, the goal of our
proposed method is to automatically detect the number and
duration of spike and slow-waves discharge data segments,
and then calculate the SWI to ESES diagnosis. The SWI is
defined as the total duration of all spike and slow-waves
discharges divided by the total duration of the NREM phase
during sleep. SWI is constructed as follows

T .
Zizdo 1(if Y; == labely)
Tq

NXL
SWI = o 1)
where N denotes the number of spike and slow-waves
segments during NREM periods, L indicates the length of
each spike and slow-waves segment, and T4 represents the
duration of NREM periods. Fragments of signals classified as
spike and slow-waves (Y; == label; ) are summed and
counted for the entire NREM sleep period.

Overall Framework

We construct a framework for ESES diagnosis based on
EEG, as shown in figure 1. Specifically, it includes two core
stages: the multi-view feature generation and embedding stage
and reinforcement learning combined with attention stage.

As a highly complex nonlinear signal, the EEG signal uses
the raw data as an input to the model, and the end result is
often unsatisfactory. The usual practice is to perform an
appropriate feature extraction of the raw data. In order to make
full use of the multi-domain nature of EEG signal features and
solve the problem of the lack of information of a single view,
we combine the time, frequency, time-frequency domain and
nonlinear dynamics to form multi-view features. Specifically,
the EEG signal was recorded and segmented into different
temporal segments. Multi-view features are extracted from the
segmented EEG signals to form feature maps under different
domain, and the extracted feature maps f,,are stitched together
and transformed to form multiple feature representation.

However, the multi-view representations {V{, V¥, ..., ;f}
have the problems of information redundancy and dimension
disaster, so we use the joint attention mechanism and
reinforcement learning for feature selection. Figure1(b) shows
the process of feature selecting. Combining environmental
information in reinforcement learning, agents make action
based on the current state S; and observation O;, and select
features for processing (selection or rejection). The agents
communicate, and their observations are integrated to obtain
shared observations Of. The state transfer is made through the
e-greedy policy, and the agent updates the state according to
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Figure 1: The framework of our proposed multi-view feature selection with reinforcement learning and attention.
(a) Multi-view feature generation and embedding stage. (b) Reinforcement-learning combined with attention stage.

the current O-value. The agent calculates the reward C; based
on the selected feature and the current state S;, and the reward
function G is used to evaluate the validity of the selection.
During feature selection, the attention mechanism is used to
weight the importance of different features, helping the agent
to better focus on key features. The agents combine the
calculated rewards and attention weights to select or reject
features and incrementally learn the attentive selection over
episodes. Based on the gained information, a decision is made
to either start the next round t + 1 of feature selection or make
a classification diagnosis.

Multi-view feature extraction

EEG signals, generated by synchronized neuronal activities
in the brain, are complex with diverse frequency components
and waveforms. This complexity makes raw signals hard to
interpret (Siuly, Li, & Zhang, 2016). Multi-view feature
extraction transforms them into representative and
discriminative feature vectors, enhancing classification
accuracy and aiding diagnostic model building.

Multi-view pattern recognition tasks effectively utilize the
independence of each view and the correlations among
different views during the learning process. This approach
often results in better modeling outcomes compared to models
based on single-view data. For EEG signals, there are multiple
distinct view representations available(C. Li, Bian, Zhao,
Wang, & Schuller, 2024).

Time domain features effectively characterize signal
temporal variations, though they do not easily reveal

frequency components (Guerrero-Mosquera, Malanda
Trigueros, Iriarte Franco, & Navia-Vazquez, 2010).
Frequency domain features reveal the frequency

characteristics and the amplitude of various frequency
components, suitable for signals with periodic variations.
Time-frequency domain features allow analysis of the
intrinsic non-stationary states of EEG signals. Nonlinear
dynamics features reflect the EEG signal's responses and
variations due to external disturbances or internal interactions
(Moulines & Verhelst, 1995). Consequently, this study
integrates features from aforementioned views to construct an
initial multi-view EEG feature set.

Feature extraction from time domain. EEG signals are a
type of signal analysis, commonly characterized using

statistical metrics. In this study, three types of time-domain
features are extracted, including zero-crossing rate (Schirmer
& Mporas, 2020), standard deviation (Pala, 2023) , and AR
spectral features(Jarchi, Rodgers, Tarassenko, & Clifton,
2018).

Feature extraction in frequency domain. Differential
entropy is a frequency-domain feature used to measure the
uncertainty or information content based on the rate of
change of the series or differential (Saravanan, Chandra,
Upadhye, & Gurugopinath, 2021). We extract differential
entropy features from five common EEG frequency bands: 9,
0, a,pB,y.

Feature extraction in time-frequency domain. In this
study, empirical mode decomposition (EMD) is employed as
the method for processing the time-frequency domain
(Huang, Su, Kareem, & Liao, 2016).

Feature Extraction in nonlinear dynamics. Numerous
studies (Brunton, Proctor, & Kutz, 2016; Deng, Tian, Chen,
& Harris, 2018; Y. Li, Tang, Jiao, & Zhou, 2024)
demonstrate that nonlinear features, such as the Hurst
exponent, Lyapunov exponent, approximate entropy, sample
entropy, and permutation entropy, perform well (Caesarendra
& Tjahjowidodo, 2017). We also utilize these nonlinear
dynamic features.

Reinforcement learning combined with attention

We formulate the multi-view feature selection problem in
ESES diagnosis as a Markov decision process based on
reinforcement learning. We propose that the agent learns
through trial-and-error interactions with its environment,
accepting or rejecting corresponding features to attain the
optimal feature set that maximizes cumulative rewards. The
proposed reinforcement learning framework optimizes the
extracted multi-view feature set, represented as Optimize(F) =
{Ftime . pfreq . ptime_freq .pnonliner\ The detailed descriptions
of the key components are provided below.

State and Observation. We define the environment based
on multi-view features subspace in this paper. Then, we
define N agents, with each agent corresponding to different
feature. In this paper, state S;E€S is defined as the specific
case of the environment at time z. State includes the selection
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of the current feature, which features are accepted or rejected.
This information helps the agent evaluate the effectiveness of
current feature selection strategies. At each time step #, each
agent i perceives an individual local observation og H(f ’1 yees
fL_1), fi 1€0 from its corresponding domain of the feature
set. f} is the state of the features that the current agent
concerns. Although observation and state are closely related,
they are not identical. The state is a complete description of
the environment, while observation is the partial perception
of the state. The agent needs to infer states by observation to
make the best decision.

Policy and action. Our study adopts an €-greedy policy
based on value functions for agent action selection to balance
exploration and exploitation. It balances exploitation, where
the agent picks the highest Q-value action for immediate
rewards, and exploration, randomly choosing an action with
probability € to find better strategies.

During the initialization phase, the agent has no knowledge
of the environment, so all actions appear equally viable. The
agent selects the action with the highest Q-value with a
probability of 1 — e and chooses a random action with
probability €. Over time, € is typically reduced gradually,
meaning the agent shifts from exploring more to exploiting
the known best strategies. This can be achieved by
implementing a decay strategy.

€ = max(€pin, Einit X decay_rateSteP) @)
where €,,;, is the minimum value of €, €, is the initial
value of €, decay_rate is the decay rate, and step represents
the current episode number. By adjusting €, the agent can
explore more strategies in the early stages of learning and
increasingly exploit the known best strategies in the later
stages.

Additionally, an agent's exploratory actions can modify
other agents' reward signals, even when they take greedy (i.e.,
optimal) actions. This noisy interference can disrupt the
current agent's learning. To mitigate it and aid self-behavior
identification, we use a CLEAN reward for better feature
selection coordination and learning.

The core idea of the CLEAN reward is to provide each
agent with a “CLEAN” individual reward signal. This signal
is defined as the difference between the global reward when
all agents take greedy actions and the global reward when the
current agent takes an exploratory action. The calculation
formula is as follows:

Ci=Gla—a;+c)—G(a) 3)
where C; is the CLEAN reward for agent i, G (a) is the global
reward when all agents take greedy actions, and a represents
the set of actions taken by all agents. And a;, c; are the
current actions taken by agent i and the possible exploratory
action.

The CLEAN reward C; is used to update the Q-value of
agent i for the exploratory action c;. The update formula is as
follows:

Q(ci+1) < Q(cy) + a(C; — Q(c) @)
where Q(c;) represents the Q-value of agent i for taking the
exploratory action c;. The term « is the learning rate, which

determines the extent to which new information affects the
Q-value.

In each episode, the process is repeated, enabling the agent
to learn and adjust strategies according to the CLEAN reward.
Agents can clearly identify features beneficial to
classification and make better feature selection decisions.

Reward. The reward function is a critical factor in an
agent's decision-making process. The reward function
defines the feedback an agent receives from the environment
after executing an action. This feedback is quantified to
evaluate whether the agent's action is good or bad. The design
of the reward function directly impacts the agent’s learning
process and the formation of its final strategy. The reward
function is defined based on the size of the feature subset and
classification performance as follows:

P, ifs<k

% if s>k ©
where k represents the maximum allowed number of features,
and s is the size of the current feature subset. If the feature
subset size s is less than or equal to the upper limit &, the
reward is given by the performance P. This means that if the
agent selects a feature subset that meets the size requirement
and maintains good classification performance, it receives a
positive reward, encouraging the agent to continue selecting

such subsets in the future. If s>k, the reward is %. If the size

s of the feature subset exceeds the upper limit &, the reward

Reward = {

obtained by the agent will decrease, specifically the %. This

design aims to impose a penalty to reduce the likelihood of
selecting overly large feature subsets, as such subsets can
lead to overfitting or decreased computational efficiency.
The reward function encourages the agent to find a balance
during feature selection, ensuring the subset maintains good
classification performance while keeping the number of
features under control. In this way, the agent learns over time
to select feature subsets that are most beneficial to the
diagnosis task while maintaining a moderate size.
Attention. In the attention-based module, firstly, the
parameter W, of the attention layer is initialized.
Subsequently, the inner product operation is carried out
between the attentional weights and the f features chosen by
reinforcement learning, expressed as a=<f, Wy >. The
softmax is then applied to these values, generating the
updated attention weights a*=softmax(a). After obtaining
the attention weights, we extract the updated feature vectors
in the following way. The new feature vector F is calculated
as a weighted sum of the original feature vectors, F =
2.j a; fj. Then, a fully connected layer is incorporated as a

classifier.
Materials and Experiments

Datasets Collection and Processing

Patients. Patients undergoing long-range video EEG were
collected. The EEG recordings were inspected by medical
experts. Ultimately, a total of 36 epilepsy patients were
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included in this study, consisting of 18 patients with ESES
and 18 patients without ESES.

Data collecting. For each patient, 19 EEG electrodes are
positioned according to the International 10-20 system, and
continuous scalp EEG signals are being recorded over a 24-
hour period using Nicolet EEG acquisition equipment. The
spike and slow-waves as well as the ESES status of all
patients in the experiment are annotated. The sleep stages are
annotated as wake, NREM, and REM periods. Spike and
slow-waves’ annotations include the start timestamp and
duration.

Experimental settings

We perform experiments as both subject-dependent and
subject-independent and follow the experimental scenario
setup provided in the previous work (Ko, Jeon, & Suk, 2020).

Subject-dependent (SD). The training set and the test set
are divided according to the 5-fold cross-validation method.
Each subject was divided into five mutually exclusive subsets
of similar sizes. The method is then trained on four subsets
and tested on the remaining subset.

Subject-independent (SI). The leave-one-out validation is
adopted. The EEG of the target subjects are used as the test
set, and the EEG of the remaining subjects are used as the
training set. This approach helps to provide robust estimates
of the generalization ability of our method.

Evaluation Criteria

SWI is the important criterion for the diagnosis of ESES. It
was defined as the proportion of the total duration of spike and
slow-waves to NREM duration. Thus, our method needs to
validate the effect of quantified spike and slow-waves and
then derive the diagnosis of patients with ESES.

The effective of spike and slow-waves identification.
To evaluate the performance of our proposed method for
spike and slow-waves identification, various evaluation
indicators are used in this study including accuracy (ACC),
true positive rate (TPR) and true negative rate (TNR).

Consistency of ESES diagnosis. The Kappa coefficient is
used to assess the degree of agreement between the ESES
diagnosis made by our proposed method and the physician's
ESES diagnosis. Kappa value cloud provide a quantitative
method to assess the consistency of diagnosis, helping to
determine whether the proposed method is reliable and
whether it can replace or assist manual diagnosis. The
meanings corresponding to the kappa value within the range
of 0-1 are as follows: 0~0.20: very low agreement (slight);
0.21~0.40: general agreement (fair); 0.41~0.60: moderate
agreement (moderate); 0.61~0.80: high agreement
(substantial); 0.81~1: almost complete agreement (almost
perfect).

Result and Discussion

Quantitative evaluation

We present the quantitative results under the experimental
setting of SD and SI evaluation in table 1-6. And table 1-6 also
give the paired-sample t-test of our method and other

modules or methods. Overall, our method outperformed the
other comparison methods. The effectiveness of the key
modules is explored and demonstrated through ablation study.
Below, we discuss the relevant results in more detail.

Performance evaluation and ablation study. For the SD
experiment, in terms of spike and slow-waves identification,
our method obtains ACC of 94.84%, TPR of 94.31%, and
TNR of 93.74%, respectively. On Consistency of ESES
diagnosis, the kappa score of our proposed method up to 0.93,
reaching the degree of almost perfect. For the SI experiment,
in terms of spike and slow-waves identification, our method
achieves ACC of 89.38%, TPR of 89.93%, and TNR of
89.61%. The average kappa is 0.87 in the consistency of
ESES diagnosis, reaching almost complete agreement.

We conduct an ablation study to validate the effectiveness
of each module in our proposed method. Our method is built
upon multi-view features selection with attention-based
reinforcement learning. The results of the ablation study
show that the application of reinforcement learning
contributed the most to the improvement of the diagnostic
performance. The multi-view features, attention mechanism
also have positive effects. Combining these parts
simultaneously can maximize the effect of ESES diagnosis,
as shown in table 1-6.

Table 1: Results on spike and slow-waves identification
under the subject-dependent

Method TPR(%) TNR(%) ACC(%)

time feature 84.14(17.27)**  92.89(10.71)~ 87.76(13.41)**
frequency feature 90.39(9.69)* 94.93(7.79)~  91.21(9.28)*
time-frequency 83.29(17.24)**  87.82(15.21)* 82.57(13.96)**
nonlinear feature  84.67(13.40)**  93.39(9.08)~  87.25(11.26)*
All feature concate  88.47(14.34)* 95.33(7.59)~  90.13(13.47)*
w/o RL 89.11(13.02)* 90.46(3.56)*  90.94(10.89)*

w/o attention 90.21(10.12)* 91.56(8.38)~  92.07(9.30)~

Proposed (Ours) 94.31(11.42) 93.74(4.69) 94.84(7.38)

w/o indicates the removal of specific module
paired-sample t-test, ~p> 0.05, *p < 0.05, **p < 0.01

Table 2: Results on spike and slow-waves identification
under the subject-independent

Method TPR(%) TNR (%) ACC (%)
time feature 51.92(50.04)**  72.10(28.70)** 58.71(27.55)**
frequency feature 82.41(36.67)* 90.14(12.11)~  81.11(19.81)*

67.10(31.30)**
70.73(29.90)**
82.52(35.48)**

86.48(8.56)%*

81.43(24.71)%* 69.12(13.97)**
86.50(15.43)*  75.86(17.99)**
88.41(17.34)~  83.09(16.89)**
87.30(7.89)*  86.42(10.20)*
84.83(9.75)* 88.45(8.61)*  87.16(15.08)~
89.93(10.45) 89.61(9.21)  89.38(12.15)
w/o indicates the removal of specific module
paired-sample t-test, ~p> 0.05, *p < 0.05, **p < 0.01

time-frequency

nonlinear feature

All feature concate
w/o RL

w/o attention

Proposed (Ours)

Table 3: Results on consistency of ESES diagnosis under
the subject-dependent
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Method Kappa Consistency
time feature 0.83(0.18)** almost perfect
frequency feature 0.89(0.15)* almost perfect

time-f
tme-irequency 0.78(0.20)** substantial

feature
0.78(0.20)**

nonlinear feature substantial

All feature concate 0.86(0.12)* almost perfect
w/o RL 0.89(0.13)* almost perfect

w/o attention 0.91(0.14)~ almost perfect
Proposed (Ours) 0.93(0.15) almost perfect

paired-sample t-test, ~p> 0.05, *P < 0.05, **p <0.01

Table 4: Results on consistency of ESES diagnosis under
the subject-independent

Method Kappa Consistency
time feature 0.11(0.24)** slight
frequency feature 0.72(0.22)* substantial

time-frequency
feature 0.56(0.27)** moderate
nonlinear feature 0.44(0.29)** moderate
All feature concate 0.70(0.24)** substantial
w/o RL 0.72(0.19)* substantial
w/o attention 0.82(0.17)* almost perfect
Proposed (Ours) 0.87(0.22) almost perfect

paired-sample t-test, ~p> 0.05, *P < 0.05, **p < 0.01

Comparisons with other feature selection methods. For
feature selection, we compare the performance of our
proposed method against three types of typical competing
feature selection methods in EEG research. No-feature
selection is used as a baseline method. Minimal redundancy
maximal-relevance (mRMR) based on Filtering algorithm,
recursive feature elimination (RFE) based on the Wrappers
algorithm, and Embedded-based lasso regression are used for
comparison.

To effectively test the validity of the feature selection
method, we set that all steps are the same, and the only
difference is in the steps of feature selection. Table 5-6
summarize the results of several feature selection methods in
the experimental setting of SD and SI evaluation. The first
obvious observation is that using all features does not use any
feature selection method with the worst performance,

indicating the catastrophic nature of the dimensional problem.

And our proposed feature selection method is able to select
better and more differentiated features, which can achieve
better performance.

Table 5: Performance of our method and other feature
selection methods under the subject-dependent

Method ACC (%) Kappa Consistency
Baseline 90.13(13.47)* 0.86(0.12)** almost perfect
Filtering-mRMR ~ 91.21(14.32)~ 0.88(0.15)* almost perfect
Wrapper-RFE 90.33(10.52)* 0.87(0.13)*  almost perfect
Embedded-lasso ~ 92.49(14.45)~ 0.87(0.18)* almost perfect
Proposed (Ours) 94.84(7.38) 0.93(0.15)  almost perfect

paired-sample t-test, ~p> 0.05, *P <0.05, **P<0.01

Table 6: Performance of our proposed method and other
feature selection methods under the subject-independent

Method ACC (%) Kappa Consistency
Baseline 83.09(16.89)** 0.70(0.24)**  substantial
Filtering-mRMR  84.96(12.86)** 0.73(0.18)**  substantial
Wrapper-RFE 84.38(13.71)* 0.76(0.26)* substantial
Embedded-lasso  85.21(16.23)* 0.71(0.16)**  substantial

Proposed (Ours)  89.38(12.15) 0.87(0.22)
paired-sample t-test, ~p> 0.05, *P <0.05, **P <0.01

almost perfect

Qualitative analysis

By analyzing the optimized selected features, the rationale
and rationality of the proposed method can be understood.
We visualize the activation representations of the optimized
selected features on the brain topography map. Figure 2(a)
and (b) show the brain activation status of the non-spike and
slow-waves and spike and slow-waves in patients with ESES,
respectively. Darker colors indicate higher weights assigned
to the corresponding electrodes.

(®)
Figure 2: (a) The brain activation status of the non-spike and slow-
waves. (b) The brain activation status of the spike and slow-waves.

Obviously, it will be deeper around T3, C3, T5 and C4,
which suggests the temporal and occipital region where
abnormal discharges occur in patients with ESES. This is
consistent with the clinical EEG findings of BECT patients
with ESES (Panayiotopoulos, Michael, Sanders, Valeta, &
Koutroumanidis, 2008). This finding also implies that the
diagnostic approach we propose is explainable.

Conclusion

This paper introduces a novel multi-view feature selection
method with reinforcement learning and attention for
automated ESES diagnosis. The features of EEG signals are
first generated from different views, and then multi-view
features are selected by combining reinforcement learning
and attention mechanisms. The feature representation can be
effectively optimized, further enhancing the versatility of the
method to achieve better ESES diagnosis across epilepsy
patients. The experimental results indicate that the proposed
method demonstrates good diagnostic capabilities for
different patients as well as for the same patient at different
times, showing a high level of consistency with physician
diagnoses. Overall, the proposed method can help establish
an accurate and efficient automated diagnosis system for
patients with ESES, potentially enabling early treatment for
patients.
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