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1
22 Abstract. Tonic-clonic seizures (TCSs), which present a significant risk for sudden
33 unexpected death‘imepilepsy (SUDEP), require accurate detection to enable effective
34 long-term monitoring. » Previous studies have demonstrated the advantages of
35 multimodal seizure detection'systems in reliably detecting TCSs over extended periods.
36 However, the effectiveness of these data-driven systems depends heavily on the
37 availability of reliable training data. To address this need, we propose an innovative
38 data selection method designed to identify high-quality training samples. Our approach
39 evaluagtes samplé quality based on learning difficulty, classifying samples with lower
40 learning difficulty as higher quality. We then introduce a confidence-based method to
41 quantifysthe propoertion of high-quality samples within the dataset. Using this data
42 sele¢tion method, we develop a training pipeline that enhances the training process
ji offmultimodal seizure detection models. Experimental results show that our method
45 improves, the performance of a state-of-the-art TCS detection model by 11%.
46
47
48 .
49 1. Introduction
50
51 Tonic-clonic seizures (T'CSs), which pose a significant risk for sudden unexpected death
g g in ‘epilepsy (SUDEP), are the most severe seizure type and can be of either focal
54 or generalized onset [1]. Long-term seizure monitoring is crucial in improving the
55 outeomes and quality of life for patients suffering from TCSs, as uncontrolled TCSs
g? ¢an lead to various complications, including physical injuries, cognitive impairments,
58 and psychosocial dysfunctions [2].
59
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By systematically tracking the frequency, duration, and characteristics of TCSs,
seizure monitoring provides valuable insights into disease progression and freatment
efficacy [3, 4]. Although video-electroencephalogram (video-EEG) is“consideredythe
gold standard for seizure monitoring, its high cost and discomfort makesit impractical
for long-term use. In contrast, wearable electroencephalogram (EEG)rdevices offer a
more accessible and less intrusive alternative, making them more suitable for'eontinuous
long-term seizure monitoring [5, 6, 7).

Long-term seizure monitoring is empowered by automated  seizure detection
methods that can be integrated into wearable devices [8, (9, 10, Tl] While our
previous work has shown that (wearable) EEG is the primary, modality for automated
TCS detection, integrating multiple modalities such as electromyography (EMG) and
accelerometry (ACC) significantly enhances multimodal detection methods [12, 13, 9,
14]. Multimodal TCS detection systems capture the different semiological phases of
TCSs and leverage the strengths of each modality, deading to improved performance.

As most multimodal methods are data-driven, the availability of high quality data
directly influences the performance of multimodal seizure detection models. Ideally, all
modalities should be available, aligned, afid free of noise within every sample. However,
in practical applications, data quality frequently fails to meet ideal standards due to
multiple factors [15].

This discrepancy arises from severalichallenges, the first of which is the presence of
noisy labels in seizure monitoring datasets, attributed to inconsistencies and unreliability
in annotations [16].Medical €xperts may find it challenging to accurately annotate
seizures in non-standard modalities,used for long-term monitoring due to insufficient
training and knowledge. This/lack of comsistency and reliability may result in deviations
from ground-truth annotationss, Consequently, non-seizure signals and artifacts could
be incorrectly labeled as seizures,dntroducing label noise into the dataset.

Secondly, the signal qualityof the samples can be poor due to the artifacts and
interference that obséure.or mask seizure activity [8]. These corrupted samples introduce
noise into the dataset, whichiin turn increases both bias and variance in models trained
on them. This neise can mislead the model into prioritizing irrelevant features, thereby
reducing the model’siability to generalize to unseen data [17].

Finally, the' alignment of relevant information is not always consistent across
different medalities{ TCS patterns can shift across different modalities due to time
delays betweengensors. This misalignment makes it challenging to effectively leverage
complementary/information from different sources [18]. While well-aligned data enables
models to better identify correlations and dependencies, such misalignment of important
patterns can confuse models and decrease their performance.

Using data with suboptimal quality during training can diminish model
performance by increasing bias and variance, reducing robustness, and leading to
unreliable predictions, ultimately hindering the model’s ability to generalize effectively
to new data. When datasets are created we can assume there is ample of good quality
data, and a fraction of lower quality data.
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To reduce the effect of low-quality data, our objective is to develop a nowvel data
selection method for our multimodal seizure detection method, the Multimaedal Input
Cyclic Transforme (MICT) proposed in [19], to ensure that ample high-quality datasand
a manageable fraction of lower-quality data are utilized during training.

It has been observed and demonstrated in numerous prior studies [20, 21] that'deep
neural networks exhibit a tendency to learn the easiest samples firstrand progressively
memorize more challenging ones. As a result, under consistent [fraining conditions,
e.g., using the same network architecture, low-quality data produeces, higher training
loss than high-quality data. This trend arises because noisy samples iﬁlerently deviate
from the underlying data distribution, making them more challengingfor the model to
learn effectively.Inspired by this "memorization effect” in the learning process, we find a
strong correlation between learning speed and data quality. Building on this insight, we
introduce a concept of ”learning difficulty” that quantifiessthe possibilities of a sample
being “low quality” or hard to learn from based onlits training loss. This metric helps
in identifying and potentially excluding low-quality samples from the training dataset.

Given the "learning difficulty” of each training samﬂe, we further automatically
select data for training based on confidentdearning, This method is specifically designed
for the MICT, aiming to select the optimal training data to train a robust and
comprehensive seizure detection model.

In this paper, we introduce @ model,to measure the learning difficulty of each
training sample. We then present a confidence-based method to quantify the proportion
of high-quality training samples.based on their associated learning confidence. Finally,
leveraging the defined learningsdifficulty and high-quality sample quantification, we
propose a learning pipeline that automatically selects the most reliable samples for
training. ~N

Experimental results showed¢he advantages of our training pipeline from various
perspectives:

(i) Advanced Data, Quality Selection: Our innovative method selects samples that
are noise-free, complete, and uncorrupted, and enhances data quality by evaluating
training loss to.ensure only the highest quality data is used for training.

(ii)) Optimal Data Utilization: To finely balance discarding low-quality data with
retainingessential information, our method employed a confidence-based method
that strategically assesses the prevalence of low-quality samples in our dataset.

The rest_of this paper is organized as follows: In Section 2, we introduce the
MICT, the'current state-of-the-art (SOTA) model for TCS detection, as a preliminary
foundation for this work. In Section 3, we propose a training pipeline designed
to automatically select reliable training samples for MICT. Section 4 presents the
evaluation metrics and experimental results assessing the performance of MICT's trained
by different pipeline. Finally, we conclude the paper with a discussion in Section 5.
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2. Related Work

Approaches to learning from low-quality or noisy data can be broadly divided,into
two categories: (1) Training sample selection: identifying high-quality, samples from
the noisy dataset for re-training; and (2) Designing robust model architectures or loss
functions: allowing for the direct training of noise-robust models on_the noisy dataset.

2.1. Training Sample Selection
~
To avoid negative effect of low-quality training samples, many. recent studies [22, 23,

24, 25, 26, 27, 28] have adopted sample selection that selects high-quality samples form
noisy training set.

Training sample selection is a well-founded and effective strategy; however, it is
prone to cumulative errors stemming from incorrect seleetions, particularly when the
training data contains many ambiguous classes. To ‘address this issue, recent approaches
often employ multiple deep neural networks (DNNs) that’ collaborate with each other
[29].  Alternatively, studies, such as O2U-Net, have implemented cyclical training
methods that adjust hyperparameters {mna cyclical{manner, transitioning between
overfitting and underfitting. This approach facilitates the identification of noisy samples
based on their normalized average training loss [23].

2.2. Robust Loss Function

Robust loss function is effective for reducing the negative impact of noisy labels by
adjusting the loss of all training examples before updating the DNN [30, 31, 32|. To
make the traditional optimization function (such as cross-entropy loss) more robust
to low-quality data, the/loss ungtion is commonly designed in three strategies: (a)
loss correction, which estimates the noise transition matrix to correct the forward or
backward loss [30, 33];(2) loss re-weighting, which assigns different importance to each
sample for a weighted,training approach [34]; (3) label refurbishment, which adjusts
the loss using a refined label derived from a convex combination of noisy and predicted
labels [35]. Asga result,/the update rule during training is adapted to minimize the
adverse effects oflabel neise.

2.3. Robust Architecture

Varieus studies have introduced robust architectural modifications to model the noise
transition matrix in noisy datasets [36, 37]. These changes usually included two types:
(a) Design/ layer for noise adaptation, which is intended to mimic the label transition
behavior in learning a DNN [38, 39]; (b) Robust regularization, which is used to enhance
the generalization of DNNs by preventing overfitting [40, 41].

Notably, previous methods frequently rely on specific assumptions, such as
noise distribution, the design of specialized loss functions, or the introduction of
additional hyperparameters. These constraints can limit their adaptability and require
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Figure 1: The general structure of the multimodal input cyelic transformer.

manual intervention for optimization. In contrast, our prepesed approach is entirely
hyperparameter-free, circumventing the need for. sueh assumptions or custom loss
functions. This inherent flexibility ensures robustnesshofgproposed approach across a
wide range of datasets and applications, eliminating the necessity for manual tuning.

3. Preliminaries: Cyclic Transformer

3.1. Model Architecture

In this section, we briefly review the MICT,;a SOTA model for multimodal TC seizure
detection detailed in our previous publication [19]. As shown in Figure 1, the MICT has
an encoder-decoder-reconstructor architecture, designed to learn robust representations
of TC seizures. Additionallymitsalso includes a classifier for accurate input predictions.

Given a positional éncoded input sequence X° € Réea*dreat  the encoder G(-)
first processes the input modalities through transformer blocks to embed them into
intermediate representations, where d,., and dy.,; represent the length of input sequence
and the dimensionfof the features respectively.

5 = Ge (XS) (1)

Once the intermediate representation ¢ is obtained, the transformer decoder Gy(.)
projects 4#he intermédiate representation ¢ into the target modality sequence X7

XT = Gy() (2)

To learn a reliable and noise-robust intermediate representation via the translation
X5 tonX X we added a reconstructor F(-) to the architecture.

XS=F (XT> (3)

This additional reconstructor enables back-translation [42, 43, 44, 45] which acts
as an additional regularization for learning a robust intermediate representation. To
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make sure the learned intermediate representations focus on the useful information for
the final classification task, a classifier is integrated into the MICT’s architecture.

The classifier D(-) takes the intermediate representation £ as input and outputsthe
prediction Y:

~

Y =D() (4)

3.2. Learning Objective

The cyclic transformer is trained on the paired multimodal data and-labels.

The optimization objective includes two parts: reconstruetion loss between two
modalities and the final classification loss.

The first loss is the forward translation (mapping) doss L; which is defined as the
following expectation:

szzEQXﬂXJQXTD (5)

where [y denotes root mean square error, E(-)denotes the expectation calculation.
And the second loss is the cycle consistency loss whiich is defined as the following
expectation:
Lb:lEOXAXS“X%) (6)

where [ys denotes root means squareserror here.
Then, the classification loss is defined as the following expectation:

zngogﬁYD (7)

where [. denotes cross entropy here.
The full objective is then:

L=1L;+Ly+ L. 8)

4. Method

4.1. Dataset

The dataseti was collectedyas part of the SeizelT2 project [46]. The SeizelT2 project
adhered 40 the principles embodied in the Declaration of Helsinki and conformed to
pertinent locald{statutory requirements. Written informed consent was obtained from
all participants; or from their parent or legal guardian in the case of children under 16.
The Seizeld12 received approval from the ethical committee of UZ/KU Leuven, under
the reference number S63631. Furthermore, the SeizelT2 trial is registered under the
identifier NCT04284072 on clinicaltrials.gov.

During the project, participants’” BTE-EEG, EMG, ECG, and ACC signals were
recorded by two Sensor Dot (SD) devices [47]. The first SD, known as the EEG SD,
was positioned on the upper back of each participant to record BTE-EEG and ACC
signals. The second SD, the EMG SD, was placed on the left chest to record EMG and
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ECG signals. The BTE-EEG, EMG, and ECG were recorded with a sampling rate at
250 Hz, while ACC was recorded with a sampling rate at 25 Hz.

Among the participants, 27 participants had their TCSs recorded by both SDs,
while 16 participants had their TCSs only recorded by the EEG SD.

As every recording has been carefully reviewed by the neurologists; there will not
be miss-annotated seizures in the recordings.

Two datasets were created according to signal availability:

e Dataset A: Comprises 3233 hours of recordings from participants with TCSs
recorded by both SDs. Dataset A recorded 43 focal to bilateral TCSs (FBTCS) and
1 generalized TCS (GTCS), with an average TCS duration, of 124 seconds (range:
55-661 s)

e Dataset B: Comprises 1284 hours of recordingsfrom patticipants with TCSs
recorded only by the EEG SD. Dataset B recorded 19:EBTCS, with an average
TCS duration of 183 seconds (range: 44-570_s).

L
4.2. Model Training Pipeline Based on Data Selection

Let’s consider the training process of the multimodal MICT network. Suppose S =
{Z; = (X7, XT)Y;),1 < i < N} is the data setiwith N training samples, where Z;
denotes the i-th training sample. “The learning objective of a MICT is to optimize its
parameters 6 by minimizing the loss funetion L(6,5).

Assuming the loss function L(6,S) 18 twice-differentiable, MICT updates its
parameters at each iteration ¢ awith a learning rate 7,

0, = 00 EPIRICE )

{Z;}eS
As the quality of the data used for training has a significant effect on the learning
process, our objectivelis to build a robust training pipeline for the optimization of the
model’s parameters. The strategy is to select the high-quality samples from the noisy
training set toscreate.a new training set S, at each epoch. This ensures that the deep
neural network f(S; @) will only update its parameters 6 with the high-quality samples,

1
Or11 =0, —nV S > L0, Sy) (10)
h {Zi}esy

4.3. Learning Difficulty Modeling

As shown in Algorithm 1, the model training pipeline selects high-quality samples based
on their learning difficulties at each epoch. In this section, we will introduce our proposed
metrics that can be used to estimate the learning difficulty of each sample.
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Algorithm 1 Model Training Pipeline Based on Data Selection

1: Input: dataset S, network f(S;f), training epoch T

2: Initialize selected training set S, =10

3: Estimate the amount of high-quality samples |S;,| in each classhbased
on confident joint

4: Initialize a network f(0)

5: for 1 <i<7T do

6: if i =1 then

7 Train f(S;0) on S -
8: else

9: Train f(5;0) on S,

10: end if

11: for z; € S do

12: Dif fic; < Dif ficulty(f(z;0))

13: end for

14: Rank samples with their learning difficult§ Dif fic;

15: Select first |S,,| samples as‘high-quality set S, in each class
16: end for

Deep neural networks initially prioritize learning simpler and more informative
samples while gradually attempting to memorize more complex or noisy samples as
training continues [20]. This results in lower training loss for the easier samples [48].
Low-quality samples, which are more ¢hallenging for the model to learn, usually exhibit
higher training loss compared Q high-quality samples [20, 21].

Given the observation of dower loss associated with easier samples, we define the
learning difficulty of each sample by analyzing the different components of the training
loss.

The classification,losshindicates the difficulty in the classification task. Having a
high classification loss suggests the sample is out of the distribution for its labeled class.
Therefore, a sample . with high classification loss is potentially an outlier. The forward
translation loss indicates the difficulty in the forward translation task. Having a high
translation losssuggests that the multiple modalities are not well aligned or one or more
modalities have bad signal quality. The cycle consistency loss acts as a regularization
technique and therefore does not directly inflect the learning difficulty of a sample.

Based ‘on'the aforementioned analysis, we define the learning difficulty by its
classification loss and its forward translation loss:

Diffici = E <ZC(Y,Y)) v E (zXT(XT,XT)) (11)

Page 8 of 20
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4.4. Confidence-Based Quantification of High-Quality samples

Given the learning difficulty of each sample, we can rank the training samples. from
very likely to be high-quality to very likely to be low-quality. Consequently, we can
potentially improve the model’s performance by only including the high-quality samples
for model training. However, there is a trade-off between including too many samples
that may still contain low-quality data and including too few samples, whieh could
lead to the loss of valuable information. Therefore, an effective method is/required to
quantify the optimal number of samples to include for training: ~

Samples from minority classes usually have a higher learning difficulty compared
to those from majority classes. Thus, selecting the samples with the'smallest learning
difficulty will lead to a biased selection towards the majority class.

To avoid a biased sample selection, we introduce asclass-dependent sample selection
which selects the samples individually within each class. LetnS,.ss, denote the samples
of i-th class each class, we will select |S;,| samples. that with smaller learning difficulty
from Se,ss,, Wwhere |Ss,.| denotes the number of gelectedisamples in i-th class.

Considering that the noise distribution could be asymmetric across classes, a |Ss, |
is supposed to be estimated for each classy, The mumber of selected samples can be
estimated as the amount of training samples.that.could be confidently identified as high
quality in each class.

The confident joint matrix C' can,be used to estimated the |S;,|, where C' is an
m X m matrix and m represents the number of classes. Each element C; ; in C' denotes
the number of samples in Z thatwwere labeled as class ¢ but actually should belong to
another class j. Therefore, the diagenal elements of C' represents the number of clean
samples in each class.

The value of C; ; candbe es\tlmated using the following equation:

Cij =| Zf/:i,Y*:j | (12)

where ZY:i,Y*z ;18 theseb of samples that were labeled as class 7 but should actually
belong to class g

The Z?:i,Y*:j issestimated by running an internal cross-validation on the training
set S. Traditionallyy a sample is identified as belonging to a certain class when its
predicted. probability of belonging to that class exceeds a predefined per-class threshold
[49]. However,sin this study, which focuses on a binary classification scenario, each
sample iselassified exclusively as either one class or the other. In this context, no explicit
threshold is required. Instead, a sample is assigned to a class if its predicted probability
of belonging to that class is greater than its predicted probability of belonging to the
alternative class.

Giyen the confident joint C, the number of selected samples |Ss,| can be estimated
as corresponding diagonal element of the confident joint C'.

With the confident joint C', the confident matrix @); ;, which offer a deeper insight
of the distribution of data quality, can be estimated as,
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where m denotes the number of classes in the dataset, Z;—; denotes,the number
of samples labeled as class . The denominator normalizes the confidence matrix @); ;,
ensuring that the sum of all its elements satisfies E@'e[m} > ielm] Qij= 1 to guarantee
that the matrix represents a valid probability distribution, where thestotal sum of all
entries equals one.

5. Experiments and Results

5.1. Model Implementation

Two datasets were employed to evaluate the performance of the proposed approach.
Based on the availability of modalities, Dataset A was usédfor both training and testing,
while Dataset B was used solely for testing.

Firstly, a leave-one-participant-out cross-validation approach was conducted on
Dataset A. In each fold, data from one participant was set aside as the test set to
evaluate the model’s performance, while data from the remaining participants was
divided into a training set and a validation set. Importantly, each participant’s data
was used exclusively in eithetithe training or validation set. Additionally, Dataset B
served as an independent test set to.further evaluate the models trained on Dataset A.

The input signals were cut into 60-second segments and were then transformed into
time-frequency spectrogrameX & R%*f| where d denotes the time indices and f denotes
the frequency bins. The frequéncy range is from 3 Hz to 64 Hz for EEG and EMG, and
0 Hz to 12 Hz for ACC,

We used PyTorch to implement and train all the models [50]. The initial learning
rate was set to 5 x1075andithen decayed by 0.75 at each epoch. The 12 regulation rate
was set to 1 x 107*. The training process spanned 15 epochs, with the data presented
in batches of 32mEarly stopping [51], which selects the model with minimum validation
loss, was applieddin the training process.

5.2. Euvaluationaand Metrics

Term=based,, scoring metrics, which consider the overlap between ground-truth
annotations and algorithm-generated hypothesis annotations, were employed for the
evaluationd The true positives (TP), false negative (FN), and false positive (FP) were
then defined as

e TP represents the detected TCS. It signifies that a seizure was detected when there
were positive predictions within the duration of ground-truth annotation.

e N is an undetected TCS.

Page 10 of 20
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5 e FP represents a continuous sequence of positive predictions that has nofeverlap
6 with the ground-truth annotation. In other words, it refers to samples avhere the
; algorithm incorrectly identifies a seizure when there is no corresponding TCS inthe
9 ground-truth annotation
1? Typically, we expect the seizure detection system to detect as many seizures as
12 possible while minimizing false positives. Therefore, sensitivity and FPR are used to
13 assess performance.
1: Sensitivity is defined as the ratio of TPs to the sum of TP§ and ENs:
16

TPs
17 Sensitivity = ————— 14
18 Y= TPs+ FNs (14)
19
20 FPR is defined as the number of FPs within a unit.of time:
21

FPs

22 FPR= —— " & (15)
23 Duration
24 .. ..
25 Additionally, precision and the Fl-score are also used’to evaluate performance.
26 Precision is defined as the ratio of TPs to the sum of TPs and FPs:
27

I'Ps
28 Precision = &=————— 16
29 TPs+FPs (16)
30
31 Fl-score is defined as a harmonic mean of sensitivity and precision:
32
33 Precision + Sensitivity

F1-score = 17

34 2:x Precision x Sensitivity (17)
35
36 To ensure a fair evaluatiQn of model performance, we opted not to compute
2373 sensitivity by averaging participant-specific sensitivities, as this approach could
39 introduce biases due to the/unequal distribution of seizures across patients. Instead,
40 we sum the TPs, FPs ;. and FNs across all folds to calculate the overall sensitivity. This
41 . .
4 dataset-level approaeh,providés a more accurate reflection of model performance across
43 the entire population without being affected by seizure distribution disparities among
44 patients.
45
46
47 5.8. Insights from Learning Difficulty
48
49 We illustrate the intermediate representations of the training data given by the MICT
50 by embedding them into a two-dimensional space using t-SNE [52]. As shown in Figure
g; 2, seizure samples and non-seizure samples are marked in different colors. The samples
53 withithe highest learning difficulty in the seizure class and non-seizure class are marked
54 in red and black, respectively.
gg Samples with high learning difficulty are found mostly outside the main distribution.
57 Many of them are located at the borders of the two classes. These samples are
58 challenging to classify, complicating the training of the seizure detection model and
59

potentially diminishing its generalization capabilities. Some of these samples are even
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Figure 2: Visualization of the intermediate representation distribution resulting from
the MICT. (a) The distribution of two-dimensional tSNE of the representations of the
input data given by the MICT. The green peints-and yellow points represent samples
with low learning difficulty (LD) ‘that aresselected for training. The red points and
black points represent samples with high, learning difficulty that are not selected for
training. (b) Distribution of learning difficulty for non-seizure samples. (c¢) Distribution
of learning difficulty for seizuressamples.

located within the main distrib;tion of the opposite class, which may confuse the model
during training and subsequeéntly reduce its performance.

We further visualized the distribution of the learning difficulty for training data.
As shown in Figure2y(b) and Figure 2 (c), most of the training samples, particularly
for the samples from the non-seizure class, have very low learning difficulty. Therefore,
most samples will remain and contribute to the model’s training when we remove the
samples with high learning difficulty.
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Z Table 1: Performance evaluation of the multimodal input cyclic transformer (MICT) trained by various

7 data selection methods

8 :

9 Metrics

10 Dataset A Dataset B

1; Model Sens FPR/24h PPV  Flscore | Sems FPR/24h PPV  Blescore

13 Original Training Set | 100.0% 0.4 43.6%  60.9% | 84.2% 0.6 34.8% €49.2%

14 LD + GMM 100.0% 0.4 46.9%  63.8% | 84.2% 0.9 2% o 37.6%

12 CL 100.0% 0.5 41.5% 58.7% 78.9% 0.4 38.5% 51.7%

17 LD + CL 100.0% 0.3  51.2% 67.7% | 84.2% 038 485% 61.5%

18 Abbreviations: Sens, sensitivity; FPR/24h, false positive rate per 24 hours; PPV, pesitive predictive value

;g (precision); LD, learning difficulty;GMM, Gaussian Mixture Model; CL, eonfident learning.

;; 5.4. Confidence Learning for the Quantification of High-Quality Samples

;i We quantified the number of high quality samples by estiinating the confident joint of
25 the dataset. The confident joint is estimated by gonfident learning, which counts the
26 number of training samples that have high confidence in their predictions [49]. This
;é approach helps in determining the optimal.number of high-quality training samples to
29 retain, thereby improving the model’s performance and robustness.

30 Furthermore, since the number. of training samples varies across each fold in
g; cross-validation, we also calculate the selection ratio to gain a better insight into the
33 consistency of the proportion efiselected samples. Since each row of (); ; represents the
34 data distribution for a specifigr€lassy the selection ratio for a certain class is obtained
;2 by dividing the diagonal element of that row by the sum of all elements in the same
37 row. For example, the confidence.matrix for the first fold during cross-validation on
22 Dataset A is 0.084 0.8 . Based on the first row of this matrix, the selection
40 0.012,40.896

41 ratio for the seizure class is calculated to be 91.3%. Since the results for Dataset
42 A were obtained fusing leave-one-patient-out cross-validation, the confidence matrices
22 vary across folds: \ To address this variability, we report the median and variance of
45 the selectiongratios. Specifically, the median selection ratio is 90.8%, with a variance
46 of 9.8 x 1072. These statistics demonstrate that the selection ratio remains consistent
2; across foldsy undersc¢oring the robustness of the approach.

49 Following the estimation confident joint, training samples can be selected by ranking
50 themabased. on their learning difficulty. This modular approach allows us to select high-
g; quality training samples while ensuring that low-quality samples are removed. This
53 approach ensures that only the most reliable samples are used for training, which can
>4 enhance the model’s overall performance and robustness.

gg To compare the effectiveness of different methods for quantifying high-quality
57 samples, we also applied a Gaussian Mixture Model (GMM) to estimate the number
gg of high learning difficulty samples in the dataset. The GMM first fits the learning

difficulty distribution of the training samples and then separates them into two clusters.



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-108422.R2

Select for Better Learning 14

The cluster with lower learning difficulty is identified as high-quality samples and used
for training.

To evaluate the effectiveness of using high-quality samples for model trainingy.we
conducted experiments to compare the performance of the MICT trained on theselected
training dataset to that trained on the original dataset.

Table 1 presents the performance of the MICT model trained om'various, datasets.
Experimental results show that the model trained on the original dataset achieved a
sensitivity of 100%, an FPR of 0.4 per 24 hours, and an F1-score of 60.9% on Dataset
A, and a sensitivity of 84.2%, an FPR of 0.6 per 24 hours, and an Fiscore of 49.2% on
Dataset B. In contrast, the MICT model trained on data selected using@ combination of
learning difficulty and confidence learning outperformed all othersmmodels. Specifically,
it achieved a sensitivity of 100%, an FPR of 0.3 per 24 houts, and an F1-score of 67.7%
on Dataset A, as well as a sensitivity of 84.2%, an FPRef 0.3 per 24 hours, and an
Fl-score of 61.5% on Dataset B.

While the aforementioned metrics are calculated from cumulative values of TPs,
FNs, and FPs across all patients in each datasets; we firther computed participant-
specific metrics for each participant to/perform a more granular statistical analysis.
This allowed us to calculate p-values for.both FPR and Fl-score. Specifically, the
p-values are 0.05 for FPR on Dataset A and 0.12 for FPR on Dataset B, while for
the Fl-score, the values are 0.16 for Dataset A and 0.10 for Dataset B. Although the
results for Dataset B are not statistically. significant, this is primarily due to the fact
that, for many individual participants, the model already achieved an FPR of 0 and an
Fl-score of 1. Consequently, the final statistical t-test did not reach significance due
to the relatively small number of subjeets who exhibited improvement. However, the
consistency of improvementraceoss subjects and the large benefit for certain subjects
reinforces the validity of our method.

Better performanee “i8_ achieved when the confidence learning is wused for
quantification comparedito GMM. This suggests that the confidence learning maintains
a more effective balanee by minimizing confusing samples while preserving the valuable
information needed for robust model training.

5.5. Ablation Study:(Confidence Learning as An Independent Data Selection Method

The confidence learning can also be directly used for training samples selection [49].
This method involves selecting samples where the model has high confidence in its
predietionsinGiven the training set S, a sample is selected if its predicted label matches
its observed label.

The _performance of the seizure detection model trained on the samples selected
by confident learning is listed in Table 1. Clearly, directly selecting training samples
using confident learning does not improve the model’s performance. This suggests that
learning difficulty is a better metric for measuring the possibility of a training sample
being noisy.
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23 Figure 3: Visualization of Signals from a training sample characterized by high learning
24 difficulty. (a) The EEG signals from the high learning,difficulty sample with the first
;2 channel experiencing corruption between 5 seconds and 12 seconds, and the second
57 channel experiencing corruption between 20, secondsrfand 31 seconds. (b) The EMG
28 signals from the high learning difficulty sample with corruption between 2 second and
;g 5 second. (c¢) The ACC signals fromythe high learning difficulty sample.
31
32 . . .
33 6. Discussion and Conclusion
34
35 In this paper, we proposed a data selection method designed for our multimodal seizure
:? detection model called Multimedal Input Cyclic Transformer (MICT). Our method has
38 shown its ability to enhance the quality of biomedical data, which often faces challenges
39 related to reliability due to‘high/variability, low completeness, and unavoidable noise
2? and artifacts. The proposed method improves the training data quality through two
42 key steps: 1) Utilizing,learing difficulty for data-quality characterization, effectively
43 ranking the training data from low quality to high quality, and 2) Employing a
22' confidence-based-method for data selection to estimate how many training samples
46 should be included in the selected training dataset.
47 Through these steps, our method not only addresses the challenges of characterizing
22 data quality but also optimizes the trade-off between removing samples that confuse
50 the model and retaining useful information that enhances training effectiveness. We
51 validated the effectiveness of this approach on two real-world seizure monitoring
g; datasets, applying the proposed data selection method to the SOTA MICT model.
54 This ledito significant improvements in seizure detection performance on both datasets.
55 The proposed method automatically enhances the quality of training data, which
g? is critical for the robustness of wearable seizure detection models. Such models often
58 encounter unreliable data, so improving data quality is vital for their trustworthiness.
59 Manual review of seizure monitoring data demands clinical expertise and is time-
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consuming; therefore, automated data selection methods that improve data reliability
are indispensable for effective seizure detection.

As shown in Figure 2, a visualization of learning difficulty distribution reveals
that samples with high learning difficulty often lie outside the main datadistribution or
within the distribution of the opposite class, suggesting that low-qualityisamples include
both outliers and potentially mis-annotated data. This supports the yalue of the learning
difficulty metric in identifying label noise and data bias. Figure 3 illustrates a seizure
sample with high learning difficulty, where EEG and EMG signalssshow significant
corruption. Such visualizations demonstrate our method’s dffectiveness in detecting
low-quality data, preventing the MICT model from being‘influenced/by poor-quality
training samples and improving overall model accuracy and robustness.

Additionally, our data selection method operates independently of hyperparame-
ters, such as the threshold commonly required to separateslow-and high-quality data.
Unlike other approaches that necessitate dataset-specific hyperparameters adjustments
[53, 54|, our method uses a confidence-based méthod to,automatically determine the
quantity of high-quality data. This adaptability ensures that our approach remains ro-
bust across various datasets and applicatiens, eliminating the need for manual tuning
and streamlining the data selection process for, better efficiency and accuracy.

In conclusion, we introduced a new data selection method for identifying reliable
training data for the MICT model. “Weypresented the learning difficulty metric to
quantify training data quality and employed a confidence-based method to estimate
the optimal size of the traiming set. Experimental results demonstrate that our
method yields substantial improvements in the performance of SOTA TCS seizure
detection models, underscoring its potential to advance the reliability and effectiveness
of biomedical data applicationss,
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