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ARTICLE INFO ABSTRACT

Keywords:
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We introduce a semi-supervised multi-modal anomaly detection framework for efficient seizure prediction and
detection in pediatric patients suffering from focal epilepsy. Our approach combines temporal, spectral and
nonlinear features derived from two modalities: Electroencephalogram (EEG) recordings recorded in electrodes

Egg placed adjacent to the seizure loci and Electrocardiogram (ECG) recordings from which we derive Heart Rate
HRV Variability (HRV) parameters. We employ anomaly detection models, such as the Minimum Covariance Deter-
Epilepsy minant (MCD) estimator, Isolation Forest (IsF), One-Class Support Vector Machine (OCSVM), and Local Outlier

Factor (LOF), which were trained in a semi-supervised way to identify EEG / HRV anomalies during or prior to
seizure onset. Our method demonstrates robust performance in detecting segments of ictal activity, achieving
ROC-AUC scores of up to 95% using patient-specific thresholds and 91% using patient-in specific thresholds.
Additionally, our framework was able, in most cases, to anticipate seizures 16-23 s prior to seizure onset, with a
minimal duration of false warnings. These findings support the potential for developing a lightweight, wearable
EEG / ECG monitoring device optimized for pediatric patients.

1. Introduction

Epilepsy is a neurological disorder characterized by sudden disrup-
tions in normal brain activity, which manifest in seizures, affecting
approximately 50 million people worldwide [1 2]. Focal epilepsy, also
known as partial epilepsy, is a type of epilepsy characterized by bursts of
electrical activity that originate in a specific, localized neuronal net of
the brain [3]. The nature and symptoms of focal epilepsy can vary
widely depending on the specific neuronal net of the brain affected by
abnormal electrical activity [4], making it particularly difficult to di-
agnose and treat. Frontal lobe focal epilepsy, in particular, poses unique
diagnostic challenges due to its varied seizure symptoms, often mis-
interpreted as behavioral or psychiatric disorders [5], and its frequent
occurrence during sleep, which can be mistaken for sleep disorders [6].

These difficulties are exacerbated in cases involving pediatric pa-
tients. Focal seizures in children often present unique challenges in
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diagnosis and management. Its manifestations can be subtle and easy to
overlook or misinterpret, such as atypical behaviors or cognitive
changes [7]. Unlike adults, treatment methods for pediatric patients
with focal epilepsy are not well established and require careful moni-
toring. Treatment options may involve medication, diet changes and
possibly surgery, all adapted to actively developing brains [8].
Presurgical diagnosis of focal epilepsy poses a significant challenge,
necessitating accurate detection of seizures. The most well-established
and adopted modality towards this direction is the Electroencephalo-
gram (EEG), the analysis of which constitutes an intricate task
demanding both rigorous effort and specialized expertise [9,10]. In
response to this challenge, various machine learning approaches have
been developed for the automatic detection of seizure-related abnor-
malities in EEG [11]. Additionally Recent strides in medical and ma-
chine learning research have unveiled the potential of ECG derived
features like Heart Rate Variability (HRV) metrics as a valuable tool for

E-mail addresses: akarasmanoglou@tuc.gr (A. Karasmanoglou), ggian@ics.forth.gr (G. Giannakakis), vorgia.pedia@gmail.com (P. Vorgia), mantonakakis@tuc.gr

(M. Antonakakis), mzervakis@tuc.gr (M. Zervakis).

https://doi.org/10.1016/j.bspc.2024.107083

Received 26 June 2024; Received in revised form 1 October 2024; Accepted 14 October 2024

Available online 26 November 2024

1746-8094/© 2024 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


mailto:akarasmanoglou@tuc.gr
mailto:ggian@ics.forth.gr
mailto:vorgia.pedia@gmail.com
mailto:mantonakakis@tuc.gr
mailto:mzervakis@tuc.gr
www.sciencedirect.com/science/journal/17468094
https://www.elsevier.com/locate/bspc
https://doi.org/10.1016/j.bspc.2024.107083
https://doi.org/10.1016/j.bspc.2024.107083
http://crossmark.crossref.org/dialog/?doi=10.1016/j.bspc.2024.107083&domain=pdf

A. Karasmanoglou et al.

early detection of seizure-related anomalies [12].

A recent trend in automatic seizure detection research is the fusion of
EEG and ECG modalities for enhancing performance. Qaraqge et al. [13]
investigated different methods for fusing temporal and spectral EEG and
ECG features, using a Support Vector Machine (SVM) classifier. Their
study was conducted on seizure data from 10 patients, successfully
detecting all seizures with the amount of errors ranging from 1 to 7 false
alarms per hour. Mesbah et al. [14] conducted a study on classifying 13
neonatal patient seizures fusing multi-channel EEG and ECG features
from the time, frequency and time-frequency domains using a linear
classifier, outperforming similar unimodal classifiers and achieving
remarkable performance scores: 95.20 % sensitivity & 88.60 % speci-
ficity. Vandecasteele et al. [15] investigated behind-the-ear EEG and
ECG fusion developing a patient-specific SVM classifier which achieved
increased sensitivity of up to 92 %at the same false alarm rate compared
to a unimodal classifier in a database consisting of 42 patients. In a more
recent study, Sigsgaard et al [16] presented a random forest-based
multi-modal binary classifier for seizures, utilizing OR-rule fusion of
the EEG and ECG modalities, that was able to detect all seizures in 10 out
of 14 patients of the Siena dataset with an average delay of 19 s. As an
overall estimation of the current state of the art Westrhenen et al. [17]
conducted a review of 21 studies which revealed that multimodal ap-
proaches significantly outperform unimodal algorithms in reducing false
alarm rates.

Practical deployment of these methodologies, however, still faces
considerable challenges. Patient-specific deployment requires prior re-
cordings of seizures for model fitting, leading to enrollment difficulties
and strenuous recording sessions in which a sufficient number of sei-
zures needs to be recorded. This data collection may be particularly
strenuous in the case of pediatric patients. Patient-agnostic deployment
on the other hand relies on large datasets, demanding extensive and
ethically cleared data acquisition sessions. Patient agnostic deployment
may be ineffective overall, as many studies report contradictory or
inconclusive findings regarding their physical effects with results
seemingly varying depending on seizure type and localization / later-
alization [18,19,20,21,22,23]. Additional challenges include: the sub-
jective or erroneous labeling of ictal events [24,25], the inherent non-
stationary and non-linear properties of EEG and Heart rate dynamics
[26,27], as well as their patient-specificity [28,29].

In light of these advancements and the challenges they face, we
propose a semi-supervised, multi-modal anomaly detection framework
aimed at enhancing both seizure prediction and detection. The term
semi-supervised refers to the nature of the models, which requires only
data samples from the inlier class [30,31]. In both unsupervised and
semi-supervised anomaly detection, training may be conducted on un-
labeled data. We distinguish semi-supervised from unsupervised
anomaly detection, in that the former is trained on an inlier-exclusive
set, which constitutes in our view a form of supervision. In this
context our models are trained on only seizure-free EEG and ECG data
and can then detect deviations from this typical brain and cardiac ac-
tivity. Fig. 1 shows a diagram that helps distinguish between different
training schemes, including the proposed semi-supervised scheme. This
aspect addresses the data collection concerns we mentioned previously,
as model deployment is possible with no prior knowledge of EEG/HRV
ictal activity patterns and are easily trained on a small set of normal
EEG/ECG data. Furthermore, it allows us to train models tailored to each
patient’s specific EEG and Heart Rate dynamic. The models we propose
are inherently sensitive to novelty, allowing for the detection of a wide
set of potential abnormalities corresponding to different types of
epileptic conditions. In our pipeline we utilize a rich set of EEG and HRV
features, including non-linear features which can capture non-linear and
non-stationary properties of the signal. We investigate fusing these
features using various fusion techniques to enhance seizure prediction
and detection. Our approach utilizes a small set of sensor channels,
allowing for potential integration into portable and wearable devices for
remote monitoring [32,33].
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Fig. 1. Distinction between supervised, semi-supervised and unsupervised
anomaly detection in the context of seizure-related anomaly detection.

Our models are trained and tested on pediatric patients with focal
epilepsies, localized around the frontal lobe. Our system is primarily
targeted for application on the pediatric population as it addresses key
challenges specific to it. Limited data availability is a major concern, as
collecting extensive EEG / ECG recordings in children is difficult due to
ethical constraints and their high activity levels [34]. Our semi-
supervised approach, requiring only normal data for training, effec-
tively combats this limitation. Additionally, pediatric patients exhibit
significant patient-specific variability in EEG and heart rate dynamics
due to ongoing neurological development [35,36], which our patient
specific framework is ideal for. Moreover, the need for minimally
invasive, lightweight and portable monitoring is critical in this de-
mographic [37]. Our system’s compatibility with portable and wearable
devices provides the potential for comfortable, long-term observation
without disrupting the daily activities of young patients. Specifically,
the dataset we utilize is limited to patients with frontal lobe epilepsy,
which allows us to investigate a specific type of lightweight electrode
configuration centered around the locus in which the seizures originate,
consistently across patients.

2. Materials and methods
2.1. Dataset

This study’s dataset included 7 pediatric participants (3 females)
with an average age of 8.0 + 4.4 years at the time of monitoring,
diagnosed with frontal lobe focal epilepsy. The recorded dataset
included 29 seizures in total.

All participants experienced movements during seizure. All patients
except 2 were taking medication at the time of the recording session. The
dataset contained annotations indicating the start/end of the seizures
performed by an expert pediatric neurologist. All participants provided
informed consent. The study was approved by the Ethics Committee of
Research of the Technical University of Crete (approval no. 56/08-12-
2022). A summary of the utilized dataset’s subjects is included in
Table 1.

2.2. Data Preperation

2.2.1. Pre-processing

EEG signals were digitized at a sampling frequency of 256 Hz, In-
dependent Component Analysis (ICA) was used to suppress artifacts and
noise related to the subject’s activity [38].

The ECG signal was sampled at a frequency of 256 Hz synchronously
to the EEG. Furthermore, it was detrended and subjected to bandpass
filtering to eliminate power line interference. A dynamic threshold
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Table 1
Study population demographics and seizure types.
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Patient Code Total seizures Recording minutes Age Sex* Epilepsy Under medication Movement during seizure
PAT 13 1 92 9 Female focal right frontal lobe yes yes

PAT 14 8 378 7 Female focal right frontal lobe. yes yes

PAT_ 15 1 90 13 Male focal fronto-polar lobe yes yes

PAT 24 13 362 10 Female focal left frontal lobe yes yes

PAT 27 4 442 13 Male focal right frontal lobe no yes

PAT 29 1 96 0 Male focal bifrontal lobe yes yes

PAT 35 1 98 4 Male focal no yes

Total seizures 29

* The term “sex” here refers to sex assigned at birth.

based on neighborhood envelope was implemented to diminish artifacts
[39].

After obtaining the preprocessed ECG signal, the R peaks —were
identified and the sequence of the RR —Intervals (RRI) were extracted.
Ectopic heartbeats are removed from the RR series as artifacts, for this
purpose, we employed the method detailed in [40], where a heartbeat is
classified as ectopic if it shows a percentage change of 40 % compared to
the average of the previous five heartbeats.

2.2.2. Data selection

An important consideration is identifying which segments of the
recordings should be included in the analysis. Research indicates that
the duration of the post-ictal phase can vary significantly depending on
the type of seizure, ranging from 10 to 30 min to as long as 5-6 h in some
instances [41,42]. In this study, post-ictal periods, which maintain HRV
statistical characteristics akin to the ictal phase, were excluded from the
analysis. Also, several seizure cases were omitted due to the brevity of
their interval to the previous seizure of the subject. Moreover, sleep
periods within interictal phases were also removed due to the influence
of sleep stage transitions and micro-arousals on HRV parameters. Other
segments excluded encompassed moments like removing the EEG
apparatus for bathroom breaks, lunch breaks, instances of significant
physical movement, and when participants (specifically children)
interfered with or removed the electrodes, identified via video re-
cordings. The baseline period was meticulously chosen as an interictal
phase, devoid of seizure activity, to ensure the analysis was conducted
on appropriate data segments. Consequently, the data ultimately
analyzed in this study adhered to these criteria to exclude unsuitable
segments, clearly delineating the pre-ictal, ictal, and postictal periods.
This selection procedure resulted in a dataset including a total of 29
focal seizures.

2.2.3. Preparation for feature extraction

In each one of the 29 cases we first isolated a 10-minute time-
segment of ECG and EEG before the seizure onset. Subsequently, the
data from seizure and pre-seizure intervals were separated and split into
training and test sets. The training set was comprised of strictly pre-ictal
data segments, whereas the test set contains both ictal and pre-ictal
segments for evaluation. If multiple seizures occur within a 10-minute
period, only the data from the seizure at the 10-minute mark is
included, while the data from the other seizures within that timeframe is
omitted. This means that length of the pre-ictal interval as well as the
size of the training data may vary across cases.

We utilized 19-channel scalp EEG recordings according to the in-
ternational 10-20 system. However, we investigated the possibility of a
smaller subset of channels, with 7 electrodes (Fp1, Fp2, F7, F3, Fz, F4,
F8) adjacent to the seizure locus to serve a more lightweight configu-
ration and to further increase the signal-to-noise ratio (SNR). The time
series data from each modality are interpolated for a range of time-
points, using a fixed step of one second. The timepoints at which we
interpolate both modalities are the same, ensuring alignment when
fusing them.

2.2.4. EEG feature extraction

The EEG signal was divided into overlapping segments of 2 s seg-
ments with a step of 1 s between successive segments for feature
extraction. We utilize multiple kinds of EEG features for efficient
epileptic seizure detection.

Hjorth parameters, including activity, mobility, and complexity
[40], are effective biomarkers in detecting seizures from EEG signals
[43]. In order to capture Gamma Band activity [44,45,46] we include
the percentage of the power in the signal’s PSD from a high frequency
band (30-120 Hz) as a feature. To deal with the inherent non-linearity
and non-stationarity of EEG dynamics nonlinear features such as
Decorrelation [47], Fractal Line Length (FLL) [48,49] and Lempel-Ziv
Complexity (LZC) are utilized, tailored for the purposes of seizure EEG
analysis and onset prediction [47,48,50,48].

2.2.5. HRYV feature extraction

HRYV features were extracted from the RR series using time segments
corresponding to 1 min of the interpolated RR series shifted by one
second. The HRV features were categorized into time, frequency and
non-linear measures, each one demonstrating specific characteristics of
cardiac activity [51]. In our pipeline we have selected a diverse set of
HRV features.

Common time-domain and frequency domain features are extracted
from the RR series, reflecting various physiological processes [52]. In
addition to these, a set of non-linear features are utilized to capture non-
linear and non-stationary properties of the RR series. The Poincare Plot,
a common nonlinear feature, assesses sympathetic-parasympathetic
nervous system activity [53]. Recurrence Quantification Analysis
(RQA) features examine recurrence patterns in RR data, capturing heart
rate dynamics [54] with a demonstrated potential in predicting seizure
onset [55]. Multifractal Detrended Fluctuation Analysis (MFDFA) [56
571, assesses multifractality in RR series patterns which may be useful in
detecting pathological conditions [58,59]. Additionally, series entropy
approximations like Sample entropy [60] and Attention entropy [61]
assess irregularity and complexity of RR series patterns.

The EEG and ECG features extracted in this study are summarized in

Table 2
EEG / HRV Features utilized in anomaly pipeline.

EEG

Hjorth parameters Activity, Mobility, Complexity

Spectral 30-120 Hz Frequency band power
Non-linear Fractal Line Length, Decorrelation, Lempel-Ziv Complexity
HRV

Time domain
Frequency domain

RMSSD, NN50, Average ANNI, SDSD, Triangular Index
Total Power, Relative VLF, Relative LF, Relative HF, VLF
peak, LF peak, HF peak, LF/HF

Non- Poincare SD1, SD2, Ellipse Area, SD1-SD2 Ratio
linear RQA Recurrence Rate, Diagonal Recurrence, Divergence,
Determinism, Laminarity, Determinism-Recurrence Ratio,
Trapping Time, Average Diagonal, Diagonal Entropy
MFDFA Mean, Max, Width, Peak, Asymmetry (AR), Delta,
Fluctuation (hFI), Increment (hCf)
Entropy Sample Entropy, Attention Entropy
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Table 2. In total our models leverage feature vectors of 36 dimensions
for the ECG modality and 49 dimensions (= 7 channels x 7 features) for
the EEG when using the frontal channel configuration, we describe.

2.2.6. Anomaly detection models

Anomaly detection involves identifying events that significantly
deviate from the expected or normal behavior within a dataset. It can be
defined mathematically as the task of identifying outlier data points that
belong to a feature space XCRY. The set X can be expressed as a union of
disjoint sets X = Xjjiers U Xoutierss, Where Xijiers is characterized by a
typical pattern whereas X, irs represents the subset of data that exhibits
uncommon or unexpected characteristics. In general, Xi;ers tends to be a
bounded set of clustered datapoints in the feature space, whereas X,yiiers
can span an infinite range. The goal of an anomaly detection model is to
distinguish anomalies from the majority of data points that conform to a
typical pattern. The model essentially serves as a score function
s : RV=[0, +o0) that quantifies how anomalous a datapoint is. For each
model we utilized, we provide a short summary of its mathematical
formulations.

The models we utilize in our pipeline are the Minimum Covariance
Determinant (MCD) [62], Isolation Forest (IsF) [63].

One-Class SVM (OCSVM) [64], and the Local Outlier Factor (LOF)
[65]. Details on these models are included in Appendix A.

2.2.7. Anomaly detection on fused EEG and ECG modalities

Multi-modal anomaly detection involves the synergy of data
collected from multiple sources or modes to detect anomalous patterns,
developing a robust system that leverages a richer set of information
from these modes. In this work, synchronized ECG and EEG recordings
comprise these modes. This is achieved through the fusion of features
extracted from each modality, which we will symbolize as xpgy € RN,
Xgrg € RV#6, The processes involved in such a multi-modal anomaly
detection pipeline are presented in Fig. 2.

Two primary fusion strategies are commonly employed: early (data-
level) feature fusion and late (decision-level) feature fusion [66]. Early
feature fusion, denoted as @41, integrates information from both mo-
dalities by concatenating and standardizing feature vectors derived from
each modality prior to model fitting. This joint feature vector can then
be used for fitting an anomaly detection model. Such a model can be
represented as:

\‘\H"H M Jm Wh \'M‘vll‘h\“

Raw ECG
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Dearty (XHrv, XgpG) = S(c(Xurv, Xzrs)), @

Where ¢ : RNav*No_,gNurv+Nize  denotes  the  concatenation-
standardization operation and s(.) is the scoring function of some
model trained on the multi-modal data. Late feature fusion, denoted as
®yqe, combines unimodal anomaly scores from each modality. In the late
fusion strategy, the anomaly scores obtained from each modality are
combined using various aggregation functions, such as minimum,
maximum, and summation:

O (Xpry, Xerg) = min{ @ury (Xirv), @rr (Xese) } 2
O (Xry, Xgec) = Max{ Purv(Xarv), Perc(Xeec) }, 3
DM (xypy, Xeeg) = Prrv(Xurv) + Prr (Xezc)- (C))

2.2.8. Warning generation

In this section, we outline our proposed methodology for generating
real time warnings using the trained models. Warning generation relies
on the precise setting of thresholds regarding sustained scores over a
series of successive feature segments. A visual representation of the
interplay between a score threshold and the duration for which the data
generates scores surpassing it is displayed in Fig. 3. Our analysis yields a
decision methodology for generating warnings that minimizes latency
and false positives.

We first define a score threshold s., which indicates considerable
anomaly detected in the data. Our datapoints are time-ordered feature
vectors which we will denote by x;, temporarily disregarding their
modality of origin. Consider a set of continuous segments of time during
which the anomaly score of data points is over the threshold:

Ax(se) = {t € [tx, tira] [s(xe) > s}, k=1, -, K. (5)

d(Ak) = tgy1 — k. (6)

We define a time threshold ¢, which signifies the minimum amount of
time that the anomaly score needs to stay above the threshold to
generate a warning. Accordingly, warnings are generated at time points:

T, = {tc +t)d(Ax) > t. }. @

There is a notion in which a warning can be false or true, in that it
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Fig. 2. A sketch of the Fused ECG/EEG anomaly detection pipeline. Features are extracted from segments of both modalities (EEG and ECG). Models are trained
separately on each modality when implementing early fusion or on both when implementing early fusion (®urv, PezG, Pearty» Piaze). The models then provide scores
(SHRV , SEEG Searly Slate) fOT €ach segment which are indicative of novel and potentially abnormal activity.
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Fig. 3. Example showcasing the warning generation procedure, using arbitrarily set score and time thresholds. The anomaly score assigned to each segment is
compared to the score threshold s.. If it exceeds this threshold for a duration longer than the time threshold t. then a warning is generated. In the illustrated example

two false warnings of duration AT\%) and AT‘%) are issued at times t{", t{

(3)

2, Finaly, at time t;” a correct warning is generated, prior to the seizure onset by ATy,

seconds. The two thresholds can be adjusted appropriately to minimize false warning duration and latency.

corresponds to a physically observable abnormality that is manifesting
or occurring at the time of warning, which in our instance is the seizure.
Consider the index set I = {1,2, .-, K}. We define two subsets of the
index set based on whether they index a false or true warning-producing
segment containing a segment of ictal activity:

Ir = {k € 1Ak NE = @,d(A) > t.}, ®

Iy = {k € I|Ax NE # @,d(Ax) > t.}, ©)

where E = [tyar, tuop) is the time segment in which the seizure event
occurs. According to this formulation, we can quantify the latency or
lead time of the warning as:

AT, (SC, tc) = I]giln{t,k S TW} + tc — bstart, (10)
T

indicating how many seconds after (latency) or before (lead time), in
case of negative sign, the seizure a related warning arrives. We may also
define the total duration of false warnings as:

ATpw(se, te) = > _d(A) — te, 11

i€lp

We encounter the problem of setting s, t, for each model and patient
case in order to jointly minimize them. This can be seen as a meta-
problem of score-based anomaly detection.

To address this, we conducted a post-hoc investigation on setting the
optimal s, t. thresholds using our available data. Since our aim is to
minimize two objectives, and we deem the false positive duration to be
the hinge of our systems trustworthiness, we select this quantity as the
constraint, setting the levels of acceptable false positive duration a as
percentages of the total recording duration prior to the seizure, and
minimizing the latency within this constraint level:
minAT (s, t,) (12)

Sc.te

s.t Apr(Sc7 tc) < a'(tsz - to).

The process involves selecting a subsample of the pre-ictal data
points contained in a single case recording and using them to train a
model. The model is then evaluated on the entire case data. Anomaly
scores are derived and fed into an accumulator function (moving
average). Based on these scores, the optimal st pair is extracted
considering the warning latency and false positive duration that would
be produced if the system were deployed in real time. The procedure is
repeated 50 times for each percentage level. From these trials, we derive
the average latency, false positive duration, and optimal thresholds for
score and time.

2.2.9. Evaluation
To evaluate the detectors, we divide the dataset into two subsets: one
containing features of normal EEG/ECG data and the other with seizure

data. The evaluation process employs a 10-fold cross-validation scheme
on the normal data. The detector is trained on nine folds of inliers, and
the remaining fold is used for testing, along with the seizure data. Since
we assume no outliers in the training set, the thresholds for detection
cannot be determined during model training and must instead be set
post-hoc. We present two different analyses: case-specific optimal
thresholds and a global (case-in specific) optimal threshold analysis. For
the case-specific analysis, we set a threshold specific to the model
trained for each fold. In contrast, the global analysis determines an
optimal threshold across all cases for each model. The threshold in both
instances is selected to maximize the balance between sensitivity and
specificity, using Receiver-Operator Characteristic (ROC) Curves by
maximizing Youden’s Index [67], While these analyses are based on
ideal thresholds applied to the test set, they serve as a guide for setting
appropriate thresholds when the system is deployed in real-world
applications.

In both analyses we compute segment-level classification perfor-
mance metrics, specifically: Receiver-Operator Characteristic (ROC)
Area Under Curve (AUC), Accuracy, Sensitivity, Specificity. For the
latter three, the formulae for calculating them are:

Accuracy = __TP+IN \ (13)
TP + TN + FP + FN
TP
Sensitivity = ———— 14
ensitivity = =, 14
e TN
Specificity = NP (15)

where TP,FP, TN, FN correspond to the number of true positive, false
positive, true negative and false negative segment classifications at the
given threshold. The ROC curve results from plotting the true positive
rate (sensitivity) against the false positive rate (1 —Specificity) at various
threshold settings, and AUC corresponds to the area under it, which
indicates the classifier’s ability to distinguish between seizure and non-
seizure samples. Accuracy measures the overall correctness by the ratio
of correctly classified segments, Sensitivity measures the ability to
detect all seizure segments while Specificity measures the ability to
avoid false detections.

In the case specific analysis, we aggregate the performance metrics
across all folds, providing mean values for each one as well as the
average of the selected thresholds along with its Coefficient of Variation
(CoV) to demonstrate its tendency to vary across cases. In the global
analysis, we report the performance scores obtained using the optimal
threshold of the ROC curve resulting from the entire dataset.

Additionally, to test our model’s performance as an early warning
system, using the procedure we outlined for generating warnings, the
following evaluation is applied: We simulate a practical deployment
case by isolating a segment of pre-ictal activity (at least 1 min prior to
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seizure) and train a model on a sub-sample of features generated from
this segment. We then deploy the model by deriving anomaly scores that
we average across a continuous 30-sample window. Using these scores,
we then calculate the optimal score and time thresholds (s, andt,) in
terms of latency / lead time, using a fixed percentage of acceptable false
positive duration a. We tested levels of acceptable false positive duration
at 0 %, 2 %, 4 %, and 6 % of the total duration of the pre-ictal interval.
We repeated this process for 50 trials in each case, bootstrapping the
training set of the model deployed. For a case to be considered passable,
a feasible pair of (s.,t;) should be capable of generating a warning within
30 s of seizure onset in at least 45 (90 %) of these trials.

3. Results

We applied the above-mentioned methodology to our clinical dataset
using both modalities as well as on three different fusion schemes.

The MCD detector was parameterized using the estimated percent-
age of contamination samples, but it was instantiated with automatic
contamination level estimation.We set the LOF computation to 200
neighbor samples. The IsF ensemble was set to 200 tree classifiers. The
OCSVM detector was instantiated with a polynomial kernel of degree 2
and v = 0.1 setting an upper bound on the fraction of margin errors.

In our evaluation of the model’s capabilities, we focused on
analyzing the performance across different modality combinations,
including EEG and ECG data, while employing various fusion tech-
niques. The results, delineated in Tables 3 and 4, highlight the effec-
tiveness of these models using both case-optimal and global thresholds.
Additionally, the distribution of anomaly scores and ROC curves are
presented in Fig. 4a and 4b, respectively. Note that results which pertain
to the OCSVM model are included under the simplified abbreviation
“SVM”.

The patient-specific thresholds analysis showed that in the EEG
modality, the LOF and MCD model showed the best performance with
AUC of 92.85 % and 92.88 % and accuracies of 92.08 % and 91.88 %,
respectively. For the ECG modality performance was overall signifi-
cantly lower with the best performing model being the MCD model
which led with an AUC of 86.44 % and accuracy of 89.75 % followed by
the LOF with an AUC of 83.95 % and an accuracy of 88.37 %. The type of
fusion technique used enhanced detection performance. Early fusion
was significantly effective in enhancing detection capabilities for the
models, with the LOF and IsF models showing AUCs of 95.01 % and
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94.66 % respectively. Similarly, the sum fusion method also proved
beneficial, yielding AUCs of up to 94.92 % for the LOF model and
94.26 % for the IsF model. The max fusion technique also showed
promise, with the LOF model recording an AUC of 94.92 %. These fusion
techniques also displayed potential in improving accuracy, specificity,
and sensitivity. For instance, with early fusion, the IsF model exhibited
an accuracy of 93.98 %, a sensitivity of 92.48 %, and a specificity of
95.37 %. Other notable performance metrics are highlighted in the
table.

For global thresholds, performance metrics were significantly lower
across all models compared to patient-specific thresholds. In the EEG
modality, the MCD model demonstrated the most robust detection, with
an AUC of 87.99 % and an accuracy of 80.20 %. For the ECG modality,
the MCD model led again achieving an AUC of 84.59 % and an accuracy
of 76.39 %. The fusion methods’ potential was noticeable, as they
managed to improve performances more significantly compared to the
improvements achieved for patient-specific thresholds. Notably, MCD
and LOF achieved AUCs of 90.62 % and 91.13 %, and accuracies of
82.58 % and 82.36 % respectively when using sum fusion. Similarly, the
same models using the early fusion method attained AUCs of 90.83 %
and 89.30 %, and accuracies of 82.73 % and 82.36 %. These fusion
techniques also exhibited promise in improving other performance
metrics such as sensitivity and specificity. For instance, the MCD model
using min fusion achieved 87.01 % sensitivity — suffering however from
low specificity 69.81 %. This score is closely followed by the IsF model
using sum fusion with a sensitivity of 85.14 % and improved specificity
76.85 %.

These results suggest a need for patient-specific calibration upon
deployment. This need is further demonstrated by the variability in the
optimal threshold selection as can be seen by the Coefficient of Variation
(CoV) in Table 3. For instance, while the LOF detector is overall highly
effective, optimal threshold calibration may present difficulties in
practical deployment, as optimal thresholds differ widely, with
threshold CoV values of 18-62 % observed for multimodal detectors. On
the other hand, the IsF model presents highly stable thresholds, with
CoV not exceeding 10 % across multi-modal detectors.

For warning generation performance, we estimated average score
and time threshold s, t. derived by the process described in Section 2.E,
aiming to optimize latency-lead time with a minimum false positive
duration. In Fig. 5 we present a summary of these results, plotting the
latencies for early and late warnings (light blue / red coloured

Table 3
Evaluation performance (%) on ictal / pre-ictal segment determination — Case specific optimal thresholds.

Modality Model AUC Accuracy Sensitivity Specificity Avg. Threshold Threshold CoV

EEG IsF 92.48 91.60 89.13 93.92 0.55 10.94
LOF 92.85 92.08 90.46 93.07 1.69 35.78
MCD 92.88 91.88 89.85 93.83 6.57 27.03
SVM 91.26 90.58 87.11 94.60 9.45 8.36

ECG IsF 81.93 86.50 79.62 92.04 0.65 22.79
LOF 83.95 88.37 81.63 94.34 1.79 78.38
MCD 86.44 89.75 86.57 92.72 8.26 29.92
SVM 74.32 82.05 73.07 91.50 9.17 10.09

Fused Early IsF 94.66 93.98 92.48 95.37 0.56 9.14
LOF 95.01 94.36 92.68 96.07 1.79 41.88
MCD 92.97 93.18 92.46 94.36 8.67 35.81
SVM 92.10 91.83 88.99 96.51 10.68 6.64

Fused Late Sum IsF 94.26 94.10 92.23 94.85 0.56 9.59
LOF 94.92 94.08 92.52 95.63 1.7 44.65
MCD 93.73 93.92 92.45 95.29 7.3 24.16
SVM 92.09 91.49 87.80 96.18 9.16 6.82

Fused Late Min IsF 91.86 91.40 89.43 93.03 0.52 9.27
LOF 89.11 89.05 87.24 91.84 1.22 18.07
MCD 92.89 92.04 89.87 94.05 5.99 15.71
SVM 84.63 85.04 82.75 90.08 8.5 8.31

Fused Late Max IsF 92.08 93.36 88.81 97.05 0.62 7.33
LOF 94.36 93.86 92.51 95.26 2.21 61.86
MCD 90.70 92.54 90.23 94.99 8.81 29.53
SVM 84.63 85.04 82.75 90.08 8.5 8.31
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Table 4
Evaluation performance (%) on ictal / pre-ictal segment determination — Global Thresholds.

Modality Model AUC Accuracy Sensitivity Specificity Threshold

EEG IsF 80.65 74.75 59.66 89.54 0.49
LOF 87.98 79.50 76.70 82.25 1.14
MCD 87.99 80.20 77.81 82.55 5.09
SVM 77.91 74.67 57.21 91.77 9.05

ECG IsF 83.02 76.17 69.13 83.07 0.57
LOF 81.36 75.14 68.13 82.01 1.23
MCD 84.59 76.39 79.38 73.53 6.93
SVM 61.46 61.74 33.57 89.35 9.38

Fused Early IsF 88.18 78.98 82.21 75.81 0.49
LOF 89.62 81.61 79.26 83.91 1.16
MCD 90.26 82.63 85.67 79.66 7.02
SVM 74.76 73.94 57.78 89.77 10.28

Fused Late Sum IsF 89.58 81.00 85.14 76.95 0.5
LOF 91.13 82.73 81.42 84.01 1.2
MCD 90.62 82.36 79.66 85.00 6.5
SVM 76.42 73.60 55.81 91.04 8.95

Fused Late Min IsF 89.09 81.59 76.16 86.92 0.58
LOF 89.98 81.80 81.97 81.64 1.3
MCD 88.07 78.64 87.66 69.81 6.94
SVM 70.33 68.01 47.13 88.48 8.47

Fused Late Max IsF 80.34 74.76 60.40 88.83 0.49
LOF 86.93 80.11 77.76 82.41 1.07
MCD 88.68 80.82 76.37 85.18 5.12
SVM 70.33 68.01 47.13 88.48 8.47

correspondingly) across different models in the first row of the plot.
Overall, the combination of modalities led to increased early detection
capabilities. The fused modalities consistently led to faster warning
generation by 1-8 s. In some model instances, combining modalities
results in a reduction of the number of detection failures (1-2 cases for
most detectors) as well as an increase of the number of cases that could
be detected prior to seizure (up to 12 cases — MCD with Early Fusion).
Most notably, the multi-modal MCD detector using early fusion out-
performed all other detectors and it was able to successfully generate
early warnings on average 16-24 s prior to seizure in all cases with a
minimal false positive percentage. Finally, we note that in all cases there
was a distinct trade-off between the false positive duration and warning
timeliness. Generally, increasing the threshold of the acceptable false
positive percentage led to more timely warnings, as indicated by the
trend observed in Fig. 5.

4. Discussion

In our evaluation of the anomaly detection applied to the pediatric
focal epilepsy dataset, the performance variation across various anom-
aly detectors and fusion techniques was made evident. While the overall
detection performance metrics exhibited slight improvement when
considering modality fusion over the EEG modality alone, the true
benefit of exploiting the ECG was made clear when evaluating warning
generation timeliness. Modality fusion, particularly early fusion, yielded
notable improvement in early seizure detection. Most notably, the multi-
modal MCD produced early warnings in all cases.

We compare our performance results with three other related studies
in the literature by Greene et al. [68], Vandecasteele et al. [15] and
Mesbah et al. [14]. The comparison of different methods for seizure
prediction and detection is challenging due to varying configuration
factors in different experiments. These factors include different evalu-
ation metrics, the number of seizures and patients involved, the timing
of the prediction, and whether the models are trained patient-specific or
in-specific manner. These studies were selected for their approach and
performance measures utilized, which are similar to ours, although they
were conducted on different datasets. It is important to also note that the
work of Greene et al. and Mesbah et al. was conducted on data of
neonatal patients, a population that poses similar attributes with our
dataset. Our patient-specific system with case-optimized thresholds
achieved significantly higher scores than those reported in the two first

studies, and comparable results with those of Mesbah, all while our
models do not require labeled seizure samples to train. Utilizing unim-
odal EEG models we reached an AUC of 93 %, accuracy of 92 %,
sensitivity of 90 %, and specificity of 95 %, while with the unimodal ECG
models we attained scores of 86 % AUC, 90 % accuracy, 87 % sensitivity,
and 94 % specificity, all of which are higher than the best scores re-
ported by these studies. Finally, with modality fusion our scores of 93 %
AUC, 94 % accuracy, 93 % sensitivity, and 97 % specificity were again
notably higher, slightly surpassing Vandecasteele’s model in terms of
sensitivity with scores in the range 84 %-92 %, and also surpassing
Mesbah in terms of specificity but falling slightly behind in sensitivity,
with values 94 % and 95 % respectively. This comparison is showcased
in Table 5.

When it comes to the timeliness of seizure prediction, there is sig-
nificant variability in the findings of recent studies, primarily attributed
to the diverse methodologies employed for generating seizure warnings
[67]. Our work shows significant similarity in prediction performance
when compared to the study [39] in which a detection framework that
achieved an prediction time of 21.8 s was presented. Other EEG-based
approaches in the literature report comparable with our results, but
varying, with prediction times of 6-30 s for both animal and human
subjects [70,71,72,73].

As significant as the improvements our model introduces are, our
models still face challenges regarding variations in optimal patient-
specific threshold setting. Overall, careful threshold calibration may
be vital for accurate detection, as patient-specific thresholds out-
performed the global thresholds across all metrics. The trade-off be-
tween early or low latency detection and false warning generation is
prevalent in the simulations we run, and it’s up to clinical users to define
their preferred system performance (either high latency with low false
positive duration or high false positive duration with low latency).
Additionally, different models appear to perform better in different
configurations, with the exploitation of both modalities leading to
varying improvement across performance metrics, which underlines the
need for further customization upon deployment. These limitations
imply that in practical settings, case-specific customization is vital prior
to deployment of this framework.

A limitation of our study is the medium size dataset of 29 cases. It
should be noted however that studies using datasets with a small num-
ber of cases and patients are common in related literature [11].This is in
part due to the fact that our study focused only on pediatric patients,



A. Karasmanoglou et al.

Biomedical Signal Processing and Control 101 (2025) 107083

LOF SVM MCD IsF
T T T T
1 1 | 1
: : : :
[ 11.14 19.05 5.09 10.49
Hlp | 1
| 1
1 1 T 1
! 1 I 1
! 1 | 1
1 | i 1
V] 11.23 19.38 6.93
R
T T T 1
c | | | 1
2 | 1 I 1
alh i ]
2 11.16 110.28 7.02 0.49
2
=
o
w
E 1 1
Al 1 1
' ! 1 |
c ! 1
© 11.20 18.95 .50
2 |
=4
-]
5 " T
E [ T T T
S 1 1 1
. 1 I !
c | | 1
G | jroz 8.47 5.12 10.49
2 i
=1
L
- T T T T T T
3 ! : ;
= | | ]
c | | ]
8 8.47 6.94 1058
@
2
3
5 o - T
10! 102 50 75 10.0 125 15.0 175 5 10 15 20 25 0.4 0.5 0.6 0.7 0.8
Scores
[ Seizure  EEE Normal
@

1.0 10

0.8 0.8 1
0.6 0.6

0.4 1 0.4 4

True Positive Rate

0.2 1 0.2 1

10

0.8 1
0614
0.4

0.2

0.0 T T T T
00 02 04 06 08 10

0.0 T T T T
00 02 04 06 08 10

0.0 T T T T 0.0 T T T T
0.0 02 04 06 08 10 00 02 04 06 08 10

False Positive Rate

—— EEG — ECG Early Fusion -

Late fusion - Sum

(b)

----- Late fusion - Min Late fusion - Max

Fig. 4. Distribution histograms of anomaly scores originating from different models and different modalities / modality combinations (a) and their corresponding
ROC curves (b). In (a) the red histograms correspond to anomaly scores assigned to EEG/HRYV activity during seizure occurrence whereas blue histograms correspond
to scores assigned to datapoints originating from normal EEG/HRYV activity, the dashed lines indicate the Youden’s index optimal thresholds set for the total of the
dataset samples, with their value indicated on the right. In (b) the ROC curves obtained from each model for different thresholds are displayed with multiple modality
combinations plotted with different colors / line styles (see legend on the right). The AUCs of these ROC curves are mentioned in Table III

which introduces difficulties in sample collection. Additionally, our
dataset contains only frontal lobe focal epilepsy cases. This limitation,
however, allowed us to establish a consistent electrode configuration
across cases, centered near the focus, which is in line with our pursuit of
a framework ideal to a more lightweight wearable configuration.
Future research should investigate alternative or well-established
state-of-the-art model architectures and diverse modalities to poten-
tially achieve higher performance, complemented by an exhaustive
optimization of hyperparameters which may yield further performance
gains. Expanding the seizure detection pipeline beyond the EEG and
ECG modalities to incorporate diverse sources such as accelerometry
[74,75], electromyography [76], electrodermal response [77], near-

infrared spectroscopy [78], photoplethysmography [79], video [80]
etc. could provide comprehensive monitoring and detection of seizure-
related abnormal events. Furthermore, in this study, we focused on
predicting seizure onset using a small segment of EEG and ECG data,
only ten minutes prior to seizure, whereas other studies have demon-
strated potential for long-term predictability of seizures from EEG and
ECG. These potential needs to also be explored with our proposed
models, towards a fully functional early warning system.

5. Conclusion

Our study validates the effectiveness of our proposed semi-
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Fig. 5. Model deployment simulation trial results. Top plots visualize the average warning latency for each model across all cases, at different levels of accepted false
positive percentages (x-axis). Cases are grouped based on whether our system achieved generating for them an early warning prior to seizure onset (light blue) or a
late warning after the onset (light red). The stacked bar plots bellow similarly indicate the percentage (%) at which the models produced warnings prior (light blue)
or after (light red) seizure onset or failed to produce warnings (gray) given the specified FP tolerance level (%).

supervised ECG / EEG method for seizure detection and prediction uti-
lizing common anomaly detection models. The combination of these
modalities notably boosts our system’s early warning capabilities. It
furthermore demonstrates how patient specific anomaly detection
models can be easily established using normal EEG/ECG activity data
from individual patients. The balance between warning latency and false

warnings emerged as a crucial concern in warning threshold setting.
Given epilepsy’s variable nature, a flexible system that allows for
parameter adjustments is vital. As sensor technology advances, the
integration of EEG and ECG (HRV) monitoring into affordable wearables
holds significant promise, paving the way for improved quality of life
and personalized seizure management tools for pediatric individuals
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Table 5
Comparison of performances (%) of literature related to seizure anomaly detection.
EEG ECG Fusion
Publication System Type Dataset AUC Acc Sen Spe AUC Acc Sen Spe AUC Acc Sen Spe
Vandercasteele (2023) Patient Specific SeizelT1 - - 81 - - - 65 - - - 92 -
Supervised Epilepsiae Freiburg - - 82 - - - 74 - - - 90 -
Epilepsiae Paris - — 84 — — - 52 — - 84 -
Mesbah Patient Inspecific Royal Brisbane - — 81 87 - - 86 85 — - 95 94
(2012) Supervised
Greene(2007) Patient Inspecific Kings College 76 85 71 69 68 64 70 62 77 72 72 71
Supervised
Patient Specific - 85 - 62 - 69 60 69 - 86 76 89
Supervised
This study Patient Specific Heraklion 93 92 90 95 86 90 87 94 95 94 93 97
(Case optimized thresholds)
Semi-supervised
Patient Inspecific 88 80 80 92 84 85 80 90 90 83 87 92

(Global thresholds)
Semi-supervised
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Appendix A

We provide a more detailed description of its mathematical formulations for each anomaly detection model we utilized.

Minimum Covariance Determinant (MCD) supposes that the inlier samples follow a multivariate Normal distribution localized about the mean p
and covariance matrix X: Xyjers ~ N(#, X). Given this assumption, the Elliptic Envelope models the Mahalanobis distance Dy, of each data point x from
the center pu as follows:

Dy(x) =/ (x —p)" =7 (x — p). (A1)
However, we found that a more numerically manageable score is possible if we set the score to the log of the robust distance:
s(x) = 1og{ (x—p)'= x—p) } . (A.2)

The algorithm estimates the parameters of an ellipse that best fits the inliers in the feature space. Given a dataset of n observations in feature space,
the MCD estimator seeks to find h observations h < n that minimize the determinant of the sample covariance matrix. Any data point outside this
ellipse is considered an anomaly.

The Isolation Forest (IsF) model leverages the concept of anomaly isolation through a sequence of vertical or horizontal ’splits’ generated by an
ensemble of decision trees. Intuitively, IsF isolates anomalies quickly because anomalies typically require fewer splits to be separated from the rest of
the data. Thus, the anomaly score s(x) of a data point x from a dataset of n points:

(A.3)

where E[h(x) ] is the average search path length of the data point x in the IsF and c(n) is the average search path length of an unsuccessful search. It
is evident from this formulation that the anomaly score takes values in the range (0, 1], with 0 indicating low likelihood of anomaly, corresponding to
longer average split paths and 1 indicating high likelihood of anomaly, corresponding to shorter average split paths.

SVM models generally aim to find a hyperplane that separates inliers from the origin in a high-dimensional space. In the One-Class instance of the
SVM model (OCSVM), we aim to estimate the minimum volume estimator of classes boundary, i.e., the decision function of a OCSMV is:

flx) = sign({w, $(x)) —p),

where w is a parameter vector ¢(x) : R"-R? is a feature mapping and p is a radius parameter that controls the volume of the classification
boundary bounding the inlier set. The choice of kernel function (e.g., linear, polynomial, radial basis function) determines the feature mapping ¢ : X—
V and affects the shape of the decision boundary. In order to score feature vectors, we utilize the following modification of the decision function derive

(A4

10



A. Karasmanoglou et al. Biomedical Signal Processing and Control 101 (2025) 107083

an anornaly score:
s(x) = R((W, (/)(X)) 4 )7 (A5)

where R(.) is a ramp function.

LOF (Local Outlier Factor) is a distance-based anomaly detection technique that evaluates the local density of data points, identifying outliers
residing in sparsely populated regions. LOF quantifies density by calculating the reachability distance between data points based on their k-nearest
neighbors. It distinguishes between inliers, which typically lie within densely populated regions ensuring a minimum distance bound. The Local
Reachability Density (LRD) metric quantifies the neighborhood’s density by averaging the reachability distances of a data point’s neighbors.
Reachability distance between two points x;, x; in feature space is defined as:

rdy (x;,x;) = max{d(x;, n(x;) ), d(x;, xj) }, (A.6)

where d(.) is the distance metric, usually Euclidian distance, and ny (xj) is the k-th nearest neighbor of the point x;. Based on this, the local
reachability distance is defined as:
-1

Ird(x;, k) = %Z}’;rd(xi, nx) | (A7)

The LOF itself is calculated as the average ratio between a point’s LRD and that of its k nearest neighbors:

Ik Ird(x k)

LOF(xhk) :E lelrd(nj(x,».,j),k)’

(A.8)
values less than one suggest increased density compared to neighbors, while values greater than one indicates lower local density, signifying outlier
behavior. LOF is used directly as the anomaly score:

s(x) = LOF(x, k) (A.9)

Appendix B

In the following, we include supplementary information regarding the capabilities of the warning generation methodology we proposed using the
different models we investigated in the study. Bellow we list the number of cases in which we were able to generate early warnings (prior to seizure),
late warnings (after seizure onset), grouped by modality / modality fusion methodology and acceptable false positive percentage — a (See sections 2.F,
2.G), we list the average score and time thresholds s, t, as indicators of how such a value could be set in deployment, as well as the average latency in
case of late warning, or lead-time in case of early warning ATy, and false warning duration ATry measured in seconds.

Modality Model Early warning Late warning Failed
a Sc t. ATy, ATpw # Cases Sc t; ATy ATpw # Cases
EEG IsF 0% 0.5 11.25 —18.85 0.0 11 0.5 2.75 7.58 0.0 16 2
2% 0.49 8.49 -15.77 4.36 16 0.5 1.68 7.22 4.62 12 1
4% 0.48 7.46 —17.42 9.47 18 0.49 0.45 6.23 7.76 10 1
6 % 0.47 7.34 -19.69 13.93 19 0.48 0.01 5.88 8.23 9 1
LOF 0% 1.21 3.55 —14.15 0.0 11 1.18 3.05 6.92 0.0 16 2
2% 1.2 5.49 —12.88 2.68 15 1.15 2.11 7.14 2.92 14 0
4% 1.13 6.34 —15.85 7.04 16 1.13 1.83 4.41 4.76 13 0
6 % 1.12 6.28 —17.39 10.44 17 1.13 1.43 3.4 6.46 12 0
MCD 0% 5.41 9.94 —10.98 0.0 17 5.95 8.15 10.66 0.0 10 2
2% 5.36 9.31 -13.9 5.1 20 5.88 8.26 7.7 6.58 8 1
4% 5.32 8.77 —-16.23 11.02 23 5.63 6.39 7.9 12.74 5 1
6 % 5.28 7.99 —18.09 16.0 24 5.59 6.08 7.2 18.29 4 1
SVM 0% 7.11 5.96 -14.14 0.0 14 7.54 1.99 5.77 0.0 13 2
2% 7.08 5.61 -16.22 3.49 17 7.42 2.73 6.8 3.42 11 1
4% 7.08 5.57 —17.58 7.59 20 7.37 1.83 7.4 4.75 9 0
6 % 7.05 6.3 —19.31 10.07 21 7.34 1.7 6.8 6.6 8 0
HRV IsF 0% 0.54 7.82 -22.47 0.0 19 0.55 13.17 15.5 0.0 8 2
2% 0.54 8.37 -22.25 4.26 23 0.54 11.35 11.7 5.98 6 0
4% 0.53 7.5 -23.38 8.59 25 0.54 12.11 9.31 9.94 4 0
6 % 0.53 6.92 —24.57 11.79 26 0.54 13.77 7.11 16.37 3 0
LOF 0% 1.13 5.66 -22.64 0.0 15 1.24 0.37 12.67 0.0 9 5
2% 1.19 5.25 -22.64 1.74 16 1.08 1.15 12.23 1.35 8 5
4% 1.17 6.15 -23.55 4.52 17 1.06 3.84 11.85 4.53 8 4
6 % 1.15 5.73 -22.08 9.15 20 1.05 4.37 9.11 5.79 6 3
MCD 0% 7.01 7.67 -17.67 0.0 21 7.66 10.24 7.51 0.0 5 3
2% 6.82 7.63 —19.45 4.37 23 7.79 9.26 8.72 5.15 5 1
4% 6.8 7.28 —19.98 8.42 25 6.75 13.45 5.91 14.81 3 1
6 % 6.69 7.1 —21.07 12.28 26 6.27 16.46 8.93 25.26 3 0
SVM 0% 7.5 4.65 —18.85 0.0 18 7.16 0.08 13.36 0.0 7 4
2% 7.47 4.88 —20.79 1.96 18 7.15 0.2 12.89 1.02 7 4
4% 7.46 4.89 —21.82 4.41 18 7.14 0.35 12.54 2.47 7 4

(continued on next page)
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(continued)
Modality Model Early warning Late warning Failed
a Sc t. AT, ATrw # Cases Sc t. AT ATrw # Cases

6 % 7.4 4.57 —-21.2 6.16 19 7.24 1.93 11.63 7.81 6 4

Early Fused IsF 0% 0.51 8.57 —-19.46 0.0 18 0.53 7.38 9.09 0.0 9 2

2% 0.5 8.86 -21.17 4.49 21 0.51 7.6 7.92 4.86 7 1

4% 0.5 8.88 —21.54 8.77 24 0.51 6.99 5.13 6.89 4 1

6 % 0.49 9.9 -22.85 12.31 25 0.52 3.14 3.79 4.65 3 1

LOF 0 % 1.15 7.03 —21.47 0.0 13 1.15 3.91 4.38 0.0 14 2

2% 1.12 7.88 -19.11 4.04 19 1.13 3.3 2.65 1.98 9 1

4 % 1.1 7.56 —19.87 7.9 21 1.15 2.84 2.4 3.18 8 0

6 % 1.09 7.85 —21.85 12.25 22 1.15 0.89 1.95 2.33 7 0

MCD 0 % 7.14 7.58 —15.46 0.0 29 0 0

2% 6.95 6.47 —19.38 5.41 29 0 0

4% 6.78 5.89 -22.05 10.41 29 0 0

6 % 6.67 5.75 -23.66 14.43 29 0 0

SVM 0% 8.64 6.9 —18.94 0.0 20 8.62 1.84 7.17 0.0 7 2

2% 8.59 6.57 —20.69 3.0 21 8.77 3.66 8.89 3.14 8 0

4% 8.64 5.8 —20.32 6.02 23 8.63 4.95 6.41 5.44 6 0

6 % 8.6 5.89 —19.78 7.87 25 8.85 5.73 4.05 11.89 4 0
Modality Model Early warning Late warning Failed

a Sc t. ATy ATrw # Cases Sc t. ATy, ATrw # Cases

Late Fused Sum IsF 0 % 0.5 11.56 —18.38 0.0 22 0.52 7.75 6.2 0.0 6 1

2% 0.5 9.91 —20.55 4.83 25 0.51 9.99 5.94 4.95 3 1

4 % 0.5 8.76 -23.37 8.79 25 0.51 10.16 2.84 9.89 3 1

6 % 0.49 8.88 -23.57 12.42 27 0.5 13.34 4.47 18.06 2 0

LOF 0% 1.17 6.0 —20.48 0.0 16 1.09 2.96 5.12 0.0 10 3

2% 1.15 7.85 —-20.9 3.31 18 1.08 3.64 1.69 2.4 9 2

4% 1.13 8.3 —20.84 8.27 21 1.05 0.25 1.36 0.99 7 1

6 % 1.12 7.57 -22.25 11.58 21 1.05 0.11 1.09 1.53 7 1

MCD 0 % 6.08 7.48 —16.0 0.0 23 6.53 8.45 8.47 0.0 2 4

2% 5.93 7.37 —19.32 4.45 23 6.37 12.99 10.41 6.58 4 2

4% 5.87 7.38 —19.93 8.72 25 6.37 16.07 8.94 15.59 4 0

6 % 5.87 7.58 —19.75 13.64 28 5.81 16.7 11.28 26.36 1 0

SVM 0 % 7.28 7.5 —19.43 0.0 19 7.3 1.41 9.29 0.0 7 3

2% 7.29 7.09 —21.06 2.82 20 7.31 1.66 8.58 2.67 7 2

4% 7.28 6.78 -22.41 5.03 20 7.36 4.28 6.06 7.43 8 1

6 % 7.25 6.68 -22.2 6.87 21 7.42 2.53 4.26 11.38 7 1

Late Fused Min IsF 0 % 0.48 8.76 —16.36 0.0 15 0.48 3.64 7.36 0.0 12 2

2% 0.47 6.85 —-16.61 4.5 19 0.48 2.44 8.15 4.4 9 1

4% 0.47 5.12 —19.88 8.44 19 0.47 2.1 6.32 8.37 9 1

6 % 0.46 6.43 —21.15 12.51 21 0.47 0.12 5.69 10.78 7 1

LOF 0 % 1.03 4.88 —15.24 0.0 16 1.03 4.25 5.86 0.0 8 5

2% 1.03 7.27 —18.96 3.78 19 1.02 0.54 6.32 3.06 6 4

4 % 1.03 6.93 —21.19 6.89 19 1.02 0.86 5.54 5.29 6 4

6 % 1.02 7.68 —20.99 9.67 20 1.01 4.83 9.64 9.4 7 2

MCD 0% 5.08 9.78 —14.06 0.0 22 5.2 14.35 3.47 0.0 5 2

2% 5.01 9.07 —-16.14 5.79 27 0 2

4% 4.96 7.59 -19.49 11.12 27 5.66 14.31 12.71 17.61 2 0

6 % 4.96 7.5 —20.74 16.29 29 0 0

SVM 0 % 6.78 5.98 —20.29 0.0 13 6.84 3.24 8.15 0.0 14 2

2% 6.82 6.78 —21.52 3.01 15 6.75 2.38 5.98 2.94 12 2

4% 6.82 6.96 —20.07 6.42 18 6.75 2.1 5.2 4.52 10 1

6 % 6.81 7.12 —21.92 9.11 19 6.69 2.36 4.45 6.59 9 1

Late Fused Max IsF 0 % 0.55 8.24 —-21.4 0.0 20 0.56 12.71 6.96 0.0 8 1

2% 0.54 8.02 —21.34 4.51 25 0.55 13.66 4.83 6.16 4 0

4% 0.54 7.16 -22.46 8.94 27 0.57 9.68 2.62 7.12 2 0

6 % 0.54 6.82 -23.17 12.13 28 0.55 14.2 0.85 9.19 1 0

LOF 0 % 1.3 5.83 —20.27 0.0 16 1.18 2.86 4.82 0.0 10 3

2% 1.26 7.54 -19.76 3.58 19 1.1 3.9 1.61 2.29 9 1

4 % 1.21 7.95 —21.98 8.02 20 1.09 2.78 1.01 3.04 8 1

6 % 1.19 7.43 —21.29 11.25 22 1.07 0.16 1.02 1.25 6 1

MCD 0 % 7.21 6.56 -17.12 0.0 20 8.0 13.98 6.89 0.0 5 4

2% 6.99 7.34 —18.74 4.4 22 8.09 12.24 7.6 5.86 5 2

4 % 7.0 7.63 —19.01 8.75 25 6.89 13.88 5.32 14.19 3 1

6 % 6.89 7.28 -20.17 12.81 26 6.65 17.02 12.96 22.96 3 0

SVM 0 % 6.75 5.25 -22.34 0.0 12 6.89 3.49 8.13 0.0 15 2

2% 6.82 6.36 —21.84 2.97 15 6.77 2.29 6.62 2.97 12 2

4 % 6.84 6.92 —21.27 6.06 17 6.75 2.55 4.99 5.33 11 1

6 % 6.82 6.88 —21.61 8.7 19 6.71 2.2 4.55 6.62 9 1
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