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 41 
Abstract 42 

Video-electrocorticogram (VEEG) recordings are the gold-standard diagnostic tool for detecting 43 
and characterizing seizures in rodent models of seizure and epilepsy. Manual/visual scoring 44 
remains the prevailing strategy despite significant limitations. Alternatively, automated and semi-45 
automated analyses have been applied to either EEG or video features alone but integrating these 46 
disparate data forms presents a challenge that has not been sufficiently addressed. Here, we 47 
introduce an integrated machine learning pipeline that jointly leverages EEG and behavioral video 48 
data to enable scalable and objective event classification. Integrated video-EEG analysis was 49 
initially validated using a well-established pharmacologically induced seizure paradigm in male 50 
mice, where overt generalized motor seizures provide a clear benchmark. We then tested the 51 
pipeline on a genetic mouse model of developmental and epileptic encephalopathy (DEE) that 52 
displays a complex spike-wave discharge (SWD) seizure phenotype that poses significant 53 
challenges for traditional scoring methods. Machine learning-powered integrated analysis of 54 
video-EEG recordings outperformed unimodal EEG- or video-based approaches and performed 55 
favorably to experienced rodent EEG electrophysiologists while also uncovering distinct 56 
phenotypic relationships, including classes of atypical behavioral and typical non-behavioral SWD 57 
events. This framework provides a flexible tool for high-throughput, precise analysis of VEEG 58 
data, with potential to accelerate discovery in epilepsy and seizure research. Furthermore, this 59 
approach represents a generalizable strategy for the integration of diverse neurobehavioral time 60 
series data types.  61 

Keywords: Epilepsy, Seizure detection, Machine learning, Multimodal analysis, Video-EEG, Kainic acid, 62 
Spike-wave discharge 63 

 64 
Significance 65 

Seizure detection in animal models of epilepsy has relied heavily on manual analysis of video-EEG 66 
recordings, a process that is slow and subjective. We present a machine learning pipeline that integrates 67 
EEG and video data from mice to classify seizures with high accuracy. This work was validated across 68 
two models, first a pharmacologically induced generalized seizure model, and second, a spontaneous 69 
spike-wave discharge (SWD) model in genetic epilepsy. Our approach detected events missed by human 70 
reviewers and revealed previously uncharacterized SWD subtypes distinguished by their behavior. By 71 
combining open-source tools in a flexible framework, this work lowers the barrier to high-throughput, 72 
unbiased seizure phenotyping, and also offers a broadly applicable strategy for linking neural activity to 73 
behavior in neuroscience research. 74 
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 75 
Introduction 76 

Video-electrocorticogram (VEEG) recordings provide a powerful means for linking neural activity to 77 
behavior in animal models of seizure and epilepsy, but their analysis remains a persistent challenge 78 
(Svantesson, 2024). The detection and classification of seizures has been inextricably linked to the 79 
behavioral manifestations of these events since the earliest known descriptions of seizures in antiquity 80 
(Wilson JV, 1990) (Kaculini CM, 2021), extending to early direct measurements of synchronous brain 81 
activity in humans and the establishment of EEG signatures as a core diagnostic criteria for seizure in the 82 
early 20th century (Berger, 1929). The integration of EEG and behavioral features is the basis of the 83 
detailed and evolving system of seizure classification used in animals (Wang Y, 2022) and humans 84 
(Wirrell EC, 2022) to the present day. 85 

Seizures result from transient, hypersynchronous neuronal activity within brain networks, whereas 86 
epilepsy is defined as a chronic neurological disorder characterized by a persistent predisposition to 87 
generate recurrent unprovoked seizures (Fisher RS, 2014). These events can emerge from diverse 88 
neurophysiological mechanisms, including imbalance in excitatory and inhibitory signaling, inappropriate 89 
network connectivity, and alterations in synaptic plasticity (McCormick DA, 2001). This distinction 90 
underscores the importance of accurately detecting and classifying both ictal and interictal events, as well 91 
as their associated behavioral manifestations. 92 

Recently, automated methods have emerged for the detection of seizures, but to-date these approaches 93 
rely on the separate analysis of either EEG or video features alone (EEG alone: (Jing J, 2020) (Tveit J, 94 
2023) (Yan, 2025) (Kotloski, 2023) (Manzouri F, 2018) (Lucas, 2024) Video only: (Garção VM, 2023) (Li, 95 
2014) (Y. Yang, 2021) (Liu C, 2020)). EEG-based approaches are prone to misclassification of artifacts, 96 
such as those associated with movement, while video-based analyses are limited in temporal resolution 97 
and are not well suited to the detection of non-motor seizures, such as some classes of partial or spike-98 
and-wave (SWD) types, and interictal events. As a result, automated seizure detection is mostly used as 99 
an aid to visual inspection, intended to increase the speed and accuracy of seizure detection. Because 100 
EEG and behavior provide complementary information that is relevant to the detection and classification 101 
of seizures, an ideal analysis structure would integrate both modalities to improve accuracy, 102 
generalizability, and scalability. 103 

Here, we present an integrated machine learning pipeline that combines EEG and behavioral data for 104 
automated event detection in rodent VEEG. Our framework synchronizes spike detection in EEG with 105 
behavior classification using DeepLabCut and SimBA, enabling joint analysis across modalities (Mathis, 106 
2018) (Goodwin, 2024). We first validated the method using an established kainic acid–induced seizure 107 
paradigm that produces progressive large amplitude high frequency seizure events in the EEG and 108 
stereotyped seizure-related behaviors (Sabilallah M, 2016). We then applied the approach to detect 109 
spike-and-wave discharges (SWDs), hallmarks of absence epilepsy that are often difficult to distinguish 110 
from background or non-seizure events. In this setting, multimodal analysis not only improved detection 111 
accuracy compared to unimodal methods but also uncovered additional phenotypic relationships, 112 
including a distinction between SWD types characterized by typical spindle-form non-behavioral SWDs 113 
and atypical behavioral SWDs. 114 

Together, these findings demonstrate that multimodal video–EEG analysis can enhance precision and 115 
reliability in epilepsy research. While we focused here on kainic acid-induced seizures and spontaneous 116 
SWDs in a genetic model of epilepsy, this pipeline provides a generalizable framework that could be 117 
extended to other seizure types or behavioral-neural coupling problems, offering a scalable alternative to 118 
manual annotation. 119 

Materials and Methods 120 

EEG Surgery 121 
Male mice aged 3–5 weeks were prepared for electrode implantation under aseptic conditions as 122 
previously described. (Wang W, 2024) (Purcell RH, 2013)Animals received pre-operative analgesia, and 123 
their heads were shaved prior to surgery. Anesthesia was induced with 4% isoflurane, after which mice 124 
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were secured in a stereotaxic frame. The scalp was sterilized, and a midline incision was made to expose 125 
the skull. Four burr holes were drilled relative to bregma (AP –0.5 mm, ML +1.0 mm; AP –1.0 mm, ML –126 
1.7 mm). Additional burr holes were made over the olfactory bulb and cerebellum to serve as ground and 127 
reference, respectively. PFA-coated silver wires (AM-Systems, 786000) attached to a Mill-Max 128 
headmount (Digikey, 853-93-100-10-001000) were inserted under the skull and secured with stainless 129 
steel screws (McMaster-Carr, 91794A658). To record electromyogram (EMG) activity, the incision was 130 
extended to expose dorsal neck muscles, and the remaining electrode wires were directly inserted into 131 
the musculature. Dental cement (Parkell, S380) was applied to anchor electrodes and form a stable 132 
headcap. Postoperative analgesia was administered 24 hours later, and animals were monitored for three 133 
days. 134 

EEG Data Collection and Processing 135 
 136 
A telemetric transmitter (Pinnacle Technology, 8274-SE3), powered by a zinc air battery (Pinnacle 137 
Technology, 9033-AZ-PR48; discontinued and replaced by 9033-HCAZ-PR48), was used to capture EEG 138 
and EMG activity. The device was first wirelessly paired to a USB dongle (Pinnacle Technology, 8274-D) 139 
to activate data streaming. The transmitter was then securely attached to the Mill-Max headmount, 140 
establishing electrical contact with the implanted EEG and EMG leads. Each recording was made using a 141 
Pinnacle Technology Sirenia Acquisition Software system at 1028 Hz and consisted of three channels of 142 
continuous data. 143 
 144 
EEG signals were acquired from five heterozygous Grin2d-V664I mice, three wild-type littermates, and 145 
nine C57BL/6J wild-type mice that received kainic acid injections, yielding a total of 17 animals.  146 

EEG signals were band-pass filtered between 1–100 Hz to remove slow drifts and high-frequency noise, 147 
and notch-filtered at 60 Hz to eliminate mains interference. Artifacts exceeding 5 standard deviations from 148 
the mean amplitude were automatically rejected. Spectral features were calculated using a short-time 149 
Fourier transform (STFT) with 1-second Hanning windows, extracting power in frequency bands relevant 150 
to rodent SWDs (7–9 Hz). 151 

Spike detection employed a custom algorithm built on SciPy’s find_peaks function. Candidate spikes 152 
were identified as local maxima exceeding an amplitude threshold. To account for variability across 153 
animals and sessions, an adaptive thresholding procedure was implemented: the EEG signal was 154 
segmented into overlapping 10,000-sample windows, and spikes were retained if their amplitudes 155 
exceeded the local mean by a multiple of the standard deviation. Non-seizure epochs were defined as 156 
periods prior to the first electrographic event and interictal windows between discrete seizures or SWDs 157 
for both the kainic acid model and the Grin2d model. 158 

Application to kainic acid seizures. 159 
Kainic acid-induced seizures were characterized by large-amplitude, rhythmic bursts. These overt 160 
electrographic events served as a benchmark for validating the classification pipeline. Performance was 161 
assessed on a validation set of five entirely held-out animals.  162 

Application to spike-and-wave discharges. 163 
For absence seizures, spike-and-wave discharges (SWDs) were detected using a sliding-window 164 
frequency analysis. A putative SWD was defined as a period in which at least six spikes occurred within a 165 
6-second window; the window was extended until spike frequency dropped below this threshold. Events 166 
were further classified as short (<5 minutes) or long (≥5 minutes). This threshold was optimized through 167 
an unsupervised learning approach. The threshold of six spikes per six seconds was determined using a 168 
Gaussian mixture model to cluster spike frequencies, selecting the boundary between high-frequency 169 
(SWD) and low-frequency (background) clusters. This data-driven approach ensured robust, unbiased 170 
separation of SWDs from background activity.  171 

To further distinguish seizure-related versus non-seizure EEG events, a support vector machine (SVM) 172 
classifier was trained on manually annotated SWDs. The SVM optimization problem is defined as: 173 

Minimize 174 
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1

2
||𝐰||2 + 𝐶 ∑ ξᵢ𝑛

𝑖=1   175 

subject to: 176 
yᵢ (w · xᵢ + b) ≥ 1 – ξᵢ,  ξᵢ ≥ 0,   i = 1, …, n 177 

where xᵢ are EEG-derived feature vectors, yᵢ ∈ {–1, +1} are class labels (seizure vs. non-seizure), w is the 178 
weight vector, b the bias, and ξᵢ slack variables allowing soft-margin classification with penalty parameter 179 
C. The classifier’s decision function is given by: 180 

f(x) = sign(w · x + b). 181 

For both EEG- and behavior-based classifiers, input features were z-scored to normalize across animals. 182 
An RBF kernel was employed, and hyperparameters (C and γ) were optimized using 5-fold cross-183 
validation on a training subset. Classifier performance was evaluated on a held-out test set of 1 animal’s 184 
entire data plus additional randomized held-out samples from the remaining animals to comprise an 80-185 
20 train/test split, and sensitivity, specificity, and Cohen’s κ were computed per recording session to 186 
account for inter-animal variability. 187 

Features such as spike count, inter-spike interval, and spectral power were used as inputs to the 188 
classifier. The trained SVM enabled automated discrimination between true SWDs and false positives 189 
arising from background noise or artifacts. 190 

Metrics including spike counts, SWD counts and durations, and percent recording time in SWDs were 191 
extracted and averaged across channels. Group-level comparisons were performed using the Mann–192 
Whitney test. To facilitate validation, detected spikes and SWDs were visualized on raw traces, with 193 
events color-coded by duration. 194 

Behavioral Data Collection and Processing 195 
Behavioral recordings were acquired concurrently with EEG using two Microsoft Azure high-speed 196 
cameras positioned for both top-down and lateral views at 30 FPS, enabling comprehensive monitoring of 197 
motor activity. Animal movement was tracked with DeepLabCut, a deep learning–based pose estimation 198 
framework, using a custom-trained convolutional neural network to detect multiple landmarks (head, 199 
snout, body, tail) and generate fine-grained kinematic trajectories. 200 

A total of 975 frames were extracted from 12 videos spanning more than 144 hours of continuous 201 
recording. Frames were sampled across animals and behavioral states to capture variability in posture, 202 
movement, and lighting conditions. Training performance plateaued at approximately 200,000 iterations, 203 
as indicated by convergence of the training loss. Based on empirical evaluation across multiple training 204 
conditions, a model trained with 200,000 iterations, shuffle = 1, and batch size = 8 was selected for final 205 
analysis. This model achieved a training error of 3.46 pixels and a test error of 6.29 pixels after applying a 206 
likelihood threshold (p-cutoff) of 0.6 to exclude low-confidence detections. 207 

Raw tracking outputs were processed in SimBA to extract quantitative behavioral metrics, including 208 
velocity, angular displacement, and positional stability. A training set of manually annotated recordings 209 
was used to label seizure-related behaviors such as behavioral arrest, rearing, darting, and other subtle 210 
movements temporally associated with electrographic events. Feature selection was applied to reduce 211 
redundancy and enhance classifier interpretability.  212 

To validate behavioral classification, a subset of frames (n = 25 per behavior) was manually inspected 213 
and annotated by an experienced experimenter. SimBA predictions were compared to manual labels to 214 
assess agreement. Across behaviors, SimBA demonstrated strong agreement with manual annotations, 215 
with performance varying slightly by class: arrest (accuracy = 0.80, F1 = 0.83), head-movement (accuracy 216 
= 0.78, F1 = 0.74), locomotion (accuracy = 0.81, F1 = 0.80), and rearing (accuracy = 0.76, F1 = 0.75), 217 
indicating generally robust classification performance with some class-specific differences in precision 218 
and recall. 219 
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Behavioral metrics were normalized per animal to account for differences in overall activity. Feature 220 
selection was performed using recursive feature elimination (RFE) with the classification model to 221 
iteratively rank features according to their contribution to model performance and remove the least 222 
informative features. This process was repeated until the optimal reduced feature set was obtained, 223 
minimizing feature dimensionality while retaining the features that contributed most strongly to seizure 224 
classification. Feature selection was performed using the training data only, and the selected features 225 
were subsequently applied unchanged to the held-out test animals. RFE also reduced redundancy among 226 
correlated behavioral and kinematic measures, ensuring that classification was driven primarily by 227 
features with the greatest predictive value for seizure-associated behavior. 228 

Seizure-related versus non-seizure behaviors were then classified using a support vector machine (SVM), 229 
implemented with the same mathematical framework described above for EEG-based SWD detection. In 230 
this case, the feature vectors xᵢ consisted of behavioral metrics, and class labels yᵢ ∈ {–1, +1} indicated 231 
the presence or absence of seizure-associated behavior. Hyperparameters, including the penalty 232 
parameter C and kernel parameters, were optimized via grid search to maximize classification accuracy. 233 

Behavioral Classification and Feature Definitions 234 
Raw tracking outputs from DeepLabCut were processed in SimBA (Simple Behavioral Analysis) to 235 
automatically extract quantitative behavioral metrics and classify seizure-related behaviors. SimBA's 236 
machine learning algorithms identified the following behavioral states based on tracked body keypoint 237 
positions and velocities: 238 

Behavioral arrest was automatically detected as periods of complete motor immobility, characterized by 239 
minimal displacement of tracked body regions across consecutive frames (velocity threshold <2 cm/s for 240 
≥0.5 seconds). 241 

Head-related movements were classified into three categories based on head region kinematics: (1) head 242 
nodding: rhythmic vertical oscillations of the head detected through periodic velocity peaks in the dorsal-243 
ventral axis; (2) head rearing: sustained elevation of the head/snout region relative to the body centroid; 244 
and (3) head movement: non-rhythmic directional changes in head position. SimBA grouped these as a 245 
composite feature due to their frequent co-occurrence during seizures. 246 

Locomotor activity included (1) running: rapid, erratic whole-body movement detected through high 247 
velocity (>20 cm/s) combined with frequent directional changes throughout the entire cage; and (2) 248 
darting: rapid short-distance movements with sudden trajectory reversals. 249 

Rearing was detected as sustained elevation of the front limbs with the body in a vertical posture, 250 
automatically distinguished from head rearing by the spatial position of tracked forelimb keypoints relative 251 
to the ground plane. 252 

SimBA extracted these behaviors as probabilistic outputs for each frame, which were converted to binary 253 
state variables (behavior present/absent) based on a confidence threshold of >0.5 and used as input 254 
features for the seizure detection classifier. 255 

Multimodal Integration 256 
EEG-based and behavior-based classifications were temporally aligned to produce synchronized 257 
multimodal seizure detection. EEG and behavioral data were temporally synchronized using shared TDT 258 
system timestamps, correcting for the known 33 ms delay of the video acquisition system. Events were 259 
aligned to the nearest frame to ensure precise correspondence between electrographic and behavioral 260 
seizure markers. Performance was benchmarked against unimodal approaches using Cohen’s κ, 261 
sensitivity, and specificity. The combined method consistently outperformed EEG-only and behavior-only 262 
analyses, particularly in detecting subtle events. Notably, multimodal analysis uncovered distinct 263 
phenotypic subtypes, including behavioral versus non-behavioral SWDs, that were not reliably captured 264 
by unimodal methods. 265 
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Regarding temporal locking: EEG and behavioral features were temporally synchronized using shared 266 
timestamps, correcting for a 33 ms delay of the Azure camera acquisition system. Features were aligned 267 
to the nearest frame. Regarding temporal resolution: each classification instance was defined as a 1 to 6-268 
second window depending on continuity of the EEG signal centered on the detected spike event within 269 
which all EEG spectral and spike features were computed. Sequence or transitions between behavioral 270 
states were not explicitly modeled as features in the current implementation- behavioral states were 271 
treated as instantaneous binary variables within the classification window.  272 

Initial Classifier Training on Kainic Acid Data 273 
The multimodal seizure detection pipeline was initially developed and validated using kainic acid-induced 274 
seizures as a benchmark. Support vector machine (SVM) classifiers were trained on manually annotated 275 
seizure events from four 2-month-old wild-type mice on the C57BL/6J background (Jackson Laboratory) 276 
that received intraperitoneal kainic acid injections (20 mg/kg). Five separate models were trained: EEG 277 
only, behavior only, top camera only, side camera only, and a combined multimodal model integrating all 278 
features. 279 

For both EEG- and behavior-based classifiers, input features were z-scored to normalize across animals. 280 
All models were trained using an 80/20 initial train/test split. An RBF kernel was employed, and 281 
hyperparameters (C and γ) were optimized using 5-fold cross-validation on a training subset. Classifier 282 
performance was evaluated on a held-out test set using ROC curves, precision-recall curves, and metrics 283 
including accuracy, area under the curve (AUC), F1 score, precision, and recall. This initial training phase 284 
established baseline classifier performance on overt seizure phenotypes (Fig. 2).  285 

The behavior classifier used SimBA-derived behavioral state features (arrest, rearing, head movement, 286 
etc.) extracted from the combined top and side camera views as inputs to the SVM. The top-mounted 287 
camera classifier and side-mounted classifier used movement features extracted by DeepLabCut from 288 
the top-mounted and side-mounted cameras respectively, processed through SimBA independently for 289 
each view. These are therefore camera-perspective-specific behavioral feature sets, not raw frames. The 290 
combined multimodal classifier concatenated EEG features, SimBA behavioral state features, and 291 
movement features from both camera views into a single feature matrix (X = [X_Behavior | X_EEG]). 292 

Application to Spontaneous Seizures in Grin2d-V664I Animals 293 
The trained classifiers were then applied to spontaneous seizures in Grin2d-V664I mice to test 294 
generalizability to more subtle seizure phenotypes. Three male heterozygous Grin2d-V664I mice and 295 
three male wild-type littermates were monitored using the same telemetric EEG and dual-camera video 296 
setup. The kainic acid-trained classifiers were applied without retraining to detect spontaneous spike-297 
wave discharges (SWDs) and assess performance on this distinct seizure type.  298 

Retraining on Combined Dataset for Genotype Classification 299 
To enable classification of genotype-specific seizure patterns, classifiers were retrained on a combined 300 
dataset incorporating both kainic acid-induced seizures and spontaneous SWDs from Grin2d mutant and 301 
wild-type mice. This expanded training set included data from all twelve animals (four kainic acid-treated 302 
C57BL/6J mice, five Grin2d-V664I mice, and three wild-type littermates). The retrained multimodal 303 
classifier was then evaluated on its ability to distinguish between four classes: wild-type SWDs, wild-type 304 
non-seizure activity, Grin2d mutant SWDs, and Grin2d mutant non-seizure activity. Multi-class 305 
classification performance was assessed using confusion matrices and density distributions of principal 306 
component scores (Fig. 5F-G). 307 

This two-stage training strategy allowed us to: (1) validate the pipeline on overt seizures with clear ground 308 
truth, (2) test generalizability to spontaneous seizures without retraining, and (3) demonstrate that 309 
retraining on diverse seizure phenotypes enables genotype-specific classification. 310 

Statistical Analysis 311 
All analyses were conducted in Python. Distribution normality was tested with the Shapiro–Wilk test. 312 
Nonparametric comparisons between groups were performed using the Mann–Whitney test, and 313 
repeated-measures comparisons were conducted with the Friedman test followed by Bonferroni-corrected 314 
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post hoc analyses. Statistical significance was set at p < 0.05. Statistical comparisons of classifier 315 
performance metrics (sensitivity, specificity, κ) across methods were corrected for multiple comparisons 316 
using the Holm–Bonferroni procedure. Group-level analyses accounted for repeated measures by 317 
averaging metrics across recordings per animal. 318 

This integrated EEG–behavior classification pipeline represents, to our knowledge, the first multimodal 319 
approach validated across both overt (kainic acid–induced GTCSs) and subtle (SWDs) seizure 320 
phenotypes. By leveraging machine learning–based behavioral tracking alongside EEG classification, the 321 
method provides an efficient and scalable framework for automated seizure detection, reducing 322 
dependence on manual annotation and enabling discovery of additional phenotypic relationships. 323 

Manual Annotation 324 
To validate automated detection, EEG recordings were also reviewed by multiple human experts with a 325 
combined >30 years of experience scoring rodent EEGs, as well as one epileptologist (specializes in 326 
clinical epilepsy) who validates the scores independently. The reviewers performed an initial scan of each 327 
recording based on the predefined SWD parameters, then adjusted detection thresholds such that false 328 
negatives did not exceed approximately 5% of events using the software Assyst. (Casillas-Espinosa, 329 
2019) This approach provided semi-statistical normalization across animals.  330 

However, we note that manual scoring inherently involves an element of subjectivity. Detection rates can 331 
vary depending on the reviewer’s chosen balance between sensitivity and effort, as thresholds may be 332 
set more or less stringently depending on the desired level of exhaustiveness. Consequently, while the 333 
comparison between manual and automated detections is informative, it should be interpreted with 334 
awareness of this flexibility in traditional human scoring approaches. While no ground truth in 335 
neurophysiology is absolute, this approach reflects the current gold standard in the field. 336 

For generalized tonic–clonic seizures, the same reviewers manually identified events based on 337 
electrographic signatures and corresponding video confirmation. These annotations served as an 338 
independent reference standard for evaluating automated classifications.   339 

 340 
Results 341 

Introduction to Multimodal Pipeline 342 
To develop an automated approach for seizure detection, we constructed an integrated pipeline 343 
combining telemetric EEG recording with dual-perspective video analysis. DeepLabCut was used to 344 
extract kinematic features from video data, while SimBA classified behavioral states. (Mathis, 2018) 345 
(Goodwin, 2024) These behavioral features were then combined with EEG-derived metrics and used to 346 
train support vector machine (SVM) classifiers for seizure detection (Fig. 1).  347 

Validation in Kainic Acid Model 348 
Wild-type C57BL/6J mice (n = 9) were injected intraperitoneally with kainic acid (20 mg/kg) as previously 349 
described and monitored using telemetric EEG (Pinnacle Technology) and dual video recordings from 350 
top- and side-mounted Microsoft Azure cameras (Fig. 2A) (Makinson, Tanaka, Lamar, Goldin, & Escayg, 351 
2014). After data collection, seizure state classifications were generated based on EEG traces, behavioral 352 
observations, and combined EEG/behavioral annotations. Five separate classification models were then 353 
trained: EEG only, behavior only, top-camera only, side-camera only, and a combined multimodal model 354 
integrating all modalities (Fig. 2B). 355 

The kainic acid seizure model exhibits generalized seizures which provide a clear benchmark for 356 
classification. To ensure generalizability, classifiers were initially trained on events from four mice and 357 
tested on five held-out mice. Even under this strict evaluation, the combined EEG–video model 358 
outperformed unimodal approaches, achieving the highest AUC and F1 scores. Notably, the performance 359 
advantage of multimodal integration was consistent for both within-animal and across-animal validation, 360 
indicating that the model captures shared seizure features while avoiding overfitting to individual animals. 361 

Across models, seizure detection performance varied substantially. Receiver operating characteristic 362 
(ROC) and precision–recall (PR) curves indicated that the combined multimodal classifier consistently 363 
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outperformed unimodal approaches, achieving the highest area under the curve (AUC) values and 364 
precision–recall balance (Fig. 2C). Classifier confidence distributions further highlighted that the 365 
combined model more effectively separated seizure from non-seizure states, with reduced overlap 366 
compared to EEG- or video-only models. The near-ceiling performance observed in the KA dataset likely 367 
reflects the high separability of overt seizure events from baseline activity rather than overfitting.  368 

To further assess the robustness of this performance to the composition of the training cohort, we 369 
performed a second validation analysis in which the classifier was retrained using data from seven mice 370 
and evaluated using an 80/20 train–test split, with two additional mice held out as an independent 371 
validation set. Thus, the animals used for independent validation were not included in either the training 372 
or test sets. Training and validation results are provided in Supplemental Figure 1. Performance following 373 
retraining was comparable to that observed in the original four-animal training paradigm, demonstrating 374 
that classifier performance was robust to changes in the training cohort and generalized across 375 
independently recorded animals (Supp. Fig. 1). Given the overt electrographic and behavioral 376 
manifestations of kainic-acid-induced seizures, these results further support the ability of the classifier to 377 
identify consistent features that distinguish seizure from non-seizure states. 378 

Feature importance analyses revealed that theta-band EEG power (5.5–7.5 Hz) and spike rate were 379 
among the most predictive electrophysiological features, while behavioral arrest, head nodding, and 380 
darting or running were the strongest behavioral indicators (Fig. 2E). Video-derived movement features 381 
from both top and side cameras contributed to classification but carried less weight relative to canonical 382 
seizure behaviors. 383 

Quantitative performance metrics confirmed the superiority of multimodal integration. The combined 384 
model achieved the highest accuracy, F1 score, precision, and recall compared to individual modality 385 
classifiers (Fig. 2D). Among unimodal classifiers, EEG-based detection generally outperformed single-386 
camera models, with behavior-based classification showing intermediate performance. Together, these 387 
results demonstrate that integrating electrophysiological and behavioral data yields more reliable and 388 
accurate seizure detection following kainic acid administration. 389 

Classifier Captures Seizure Progression and Behavioral Complexity 390 
To examine whether the classifier could distinguish seizure severity and behavioral features, we analyzed 391 
the temporal evolution of kainic acid-induced seizures in the original cohort of four mice used for the initial 392 
characterization of the KA model. Representative EEG traces demonstrated the characteristic evolution 393 
that generally follows from baseline activity through epileptiform discharges to lower frequency and 394 
amplitude “moderate seizures” that could include tonic-clonic behavior without a corresponding high 395 
amplitude electrographic seizure pattern, and ultimately to severe generalized tonic-clonic seizures 396 
(GTCS), characterized by both tonic-clonic behavior of all four limbs, loss of posture, and a prominent 397 
high amplitude electrographic discharge (Fig. 3A).  398 

Analysis of seizure progression across individual mice revealed the expected stereotyped temporal 399 
sequence, with latency to different seizure behaviors increasing with behavioral complexity (Fig. 3B). 400 
Classifier confidence also showed a monotonic increase with number of behavior events (Supp. Fig. 2). 401 
Simple behaviors such as head nodding and rearing emerged earliest (10–30 min post-injection), 402 
followed by tonic-clonic movements and terminal GTCS at later timepoints (40–60 min). This progression 403 
was accompanied by increasing behavioral complexity, quantified as the number of distinct behaviors 404 
expressed during each seizure event (Fig. 3C). 405 

To assess the reliability of automated detection, we directly compared machine learning classifications 406 
with human expert scoring as previously described (Wong JC, 2018) (Makinson, Tanaka, Lamar, Goldin, 407 
& Escayg, 2014). Of the total events analyzed, 29 were identified by both human and machine, 408 
demonstrating strong concordance (Fig. 3D). The machine learning approach detected 18 additional 409 
events (~37.5%) not initially scored by human observers, while a singular additional tonic-clonic seizure 410 
(~2.08%) was identified exclusively by a human expert (Fig. 3D). Visual inspection of representative 411 
traces confirmed that events detected by both methods displayed unambiguous seizure characteristics, 412 
while discordant events often represented brief or ambiguous discharges at the threshold of manual 413 
detection (Fig. 3E). These results validate that the automated pipeline reliably captures the severity 414 
spectrum and temporal dynamics of kainic acid-induced seizures. 415 
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Application to Spontaneous Seizures in a Grin2d –DEE Mouse Model 416 
Having validated the multimodal pipeline on overt kainic acid-induced seizures, we next tested its ability 417 
to detect spontaneous seizures in a Grin2d model of epilepsy- a more challenging problem given the 418 
subtle and variable nature of seizure events in this model. We used a conditional knock-in mouse model 419 
carrying the V664I missense mutation in the Grin2d gene, which encodes the GluN2D NMDA receptor 420 
subunit (Fig. 4A,B) (Teoh J, 2025). This mutation, located within the agonist-binding domain of the 421 
GluN2D subunit, has been identified in patients with developmental and epileptic encephalopathy and is 422 
associated with gain-of-function effects on NMDA receptor activity (Teoh J, 2025) (Camp CR, 2020). To 423 
introduce the V664I mutation broadly throughout the animal we crossed Sox2-Cre animals (The Jackson 424 
Laboratory) to heterozygous floxed Grin2d animals to generate Sox2-Cre/Grin2dV664I/+ mice and wild-type 425 
littermate controls (Sox2-Cre/Grin2d+/+). Consistent with previous reports examining this Grin2d variant 426 
(Teoh J, 2025), (Yam M, 2025), Sox2-Cre/Grin2dV664I/+ mice exhibited spontaneous seizures including 427 
frequent SWDs, providing a rigorous test of classifier generalizability. 428 

We next applied the classifier, trained on kainic acid-induced seizures, to spontaneous SWDs in Grin2d-429 
V664I mice without retraining. Performance remained high (AUC > 0.8 across animals), demonstrating 430 
robust generalization to subtle, spontaneous SWD events (Supp. Fig. 3). Retraining the classifier on a 431 
combined dataset (KA + Grin2d-V664I) further improved performance, particularly in distinguishing 432 
Grin2d-specific seizure types (Figure 4). Together, these results establish that multimodal EEG–video 433 
classification generalizes across both seizure types and genetic backgrounds. 434 

We retrained five separate SVM classifiers using EEG features, behavioral features, top-camera video, 435 
side-camera video, or combined multimodal data (Fig. 4C). ROC and precision–recall analyses again 436 
demonstrated that the combined model achieved superior performance compared to unimodal 437 
approaches (Fig. 4D).  438 

Examination of classifier confidence distributions revealed that the combined model produced more 439 
decisive classifications, with prediction scores clustering near 0 (non-seizure) and 1 (seizure) (Fig. 4D). 440 
Distance from the decision boundary further confirmed greater separation between seizure and non-441 
seizure states for the combined model relative to individual modalities. Notably, the combined model 442 
maintained high performance values in each category, including more subtle spontaneous SWDs, 443 
indicating robust generalization of the model for diverse seizure types (Fig. 4E). 444 

Analysis of feature importance identified the most discriminative variables for detecting spontaneous 445 
seizures in the Grin2d mutants (Fig. 4F). Consistent with the kainic acid experiments, EEG theta power 446 
(5.5–7.5 Hz) and spike rate were highly weighted in models incorporating electrophysiological data. 447 
Behavioral arrest and head rearing again emerged as critical behavioral indicators, while movement 448 
features from both camera angles contributed to video-based classification. The combined model 449 
effectively integrated complementary information across modalities, validating the generalizability of the 450 
multimodal approach to spontaneous seizure detection. 451 

Identification of Spike-Wave Discharge Subtypes 452 
Detailed analysis of the Grin2d-V664I seizure phenotype revealed heterogeneous spike-wave discharge 453 
(SWD) patterns that could be categorized into distinct electrographic subtypes. Representative EEG 454 
traces illustrated typical SWDs characterized by regular, spindleform, high-amplitude, spike-wave 455 
complexes, as well as atypical SWDs exhibiting irregular morphology, variable amplitude, and 456 
inconsistent frequency (Fig. 5A). Principal component analysis of SWD features demonstrated clear 457 
separation between typical SWDs, atypical SWDs, and non-seizure activity in multidimensional feature 458 
space (Fig. 5B, Supp. Fig. 4B), but not in interpretable feature space (Supp. Fig. 4A), indicating that these 459 
represent distinguishable electrographic entities. 460 

Quantitative comparison between wild-type and Grin2d-V664I mice revealed significant differences in 461 
seizure burden. Mutant animals exhibited a significantly higher rate of SWDs per minute compared to 462 
wild-type littermates (Fig. 5C, left; p < 0.01). SWD duration showed a trend toward longer events in V664I 463 
mice, though this did not reach statistical significance (Fig. 5C, middle; p = 0.097). The fundamental 464 
frequency of SWDs did not differ between genotypes (Fig. 5C, right; n.s.). 465 
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Next, we sought to determine whether SWDs in Grin2D-V664I animals themselves represented a 466 
homogeneous seizure type or comprised distinct subtypes. Further examination of SWD heterogeneity 467 
through PCA revealed three clusters corresponding to non-seizure activity that we refer to as typical 468 
SWDs and atypical SWDs (Fig. 5D, left). These clusters occupied separable regions of feature space, 469 
confirming their distinct electrographic profiles. Representative EEG traces from each cluster illustrated 470 
the behavioral correlates of these subtypes (Fig. 5D, right). Typical SWDs were predominantly associated 471 
with behavioral arrest, consistent with absence-like seizures (Movie 1). By contrast, atypical SWDs 472 
occurred during active behavioral states including rearing, head movement, and running or darting, and 473 
notably did not interrupt ongoing behavior or trigger behavioral arrest (Movie 2). Importantly, the detected 474 
atypical SWDs were not explained by differences in head movement: WT and Grin2D-V664I mice 475 
exhibited comparable levels of head movement despite the markedly higher proportion of SWD-like 476 
events in the mutants (Supp. Fig. 5). A similar qualitative distinction between SWD-like events with and 477 
without behavioral arrest was previously noted by the authors in Teoh et al. (Teoh J, 2025). The present 478 
approach builds on these observations by providing a systematic and data-driven characterization of 479 
SWD heterogeneity, enabling a more precise delineation of seizure subtypes.  480 

Quantification of these behavioral associations confirmed that typical SWDs were significantly more 481 
frequent than atypical discharges and showed a significantly stronger association with behavioral arrest 482 
compared to periods of behavioral activity (Fig. 5E; p < 0.0001). This distinction between behavioral and 483 
non-behavioral SWDs is an example of phenotypic classification enabled by the multimodal approach. 484 

To assess the sensitivity and specificity of automated detection, we directly compared machine learning 485 
classifications with human expert scoring of SWD events. Comparison revealed substantial concordance, 486 
with 2,189 events identified by both methods (Fig. 5F). Notably, the machine learning approach detected 487 
an additional 687 events (~23.23% of total events) not initially scored by human observers suggesting 488 
enhanced sensitivity for brief or subtle discharges. Conversely, 81 events were identified exclusively by 489 
the human expert (~2.74% of total events), likely representing edge cases where contextual judgment 490 
informed manual scoring. Indeed, agreement between human and machine detection decreases as 491 
events approach the non-seizure cluster in PCA space (Fig. 5G). 492 

PCA visualization of the classified events demonstrated that human-only, machine-only, and concordantly 493 
identified events occupied overlapping regions of feature space, with concordant detections forming a 494 
distinct, tight cluster (Fig. 5G). This spatial organization suggests that while human and machine 495 
approaches show strong overall agreement, they exhibit differences in detection thresholds and feature 496 
weighting. Machine-detected events that were missed by human scoring occupied similar feature space 497 
to concordant events, supporting their validity as true SWDs rather than false positives. Together, these 498 
results demonstrate that the multimodal pipeline achieves high sensitivity for detecting spontaneous 499 
SWDs while maintaining strong agreement with expert manual scoring, and importantly, uncovers 500 
phenotypic diversity (behavioral vs. non-behavioral SWDs) that would be difficult to identify reliably and 501 
quantify through traditional manual scoring approaches alone. 502 

Discussion 503 

We present an integrated machine learning pipeline that combines EEG and video data for automated 504 
seizure detection in rodent models. By validating this approach across two distinct seizure paradigms 505 
(kainic acid-induced seizures and complex spontaneous spike-wave seizures in a Grin2d-V664I mouse 506 
model) we demonstrate that multimodal integration consistently outperforms unimodal approaches and 507 
reveals phenotypic diversity that would be difficult to capture and quantify through traditional manual 508 
scoring methods. 509 

The superior performance of the combined EEG-video classifier reflects the complementary nature of 510 
these input modalities. EEG provides high temporal resolution and direct measurement of neural 511 
synchrony, enabling detection of seizure events that do not have obvious behavioral correlates. 512 
Conversely, video-derived behavioral features offer critical contextual information that can disambiguate 513 
movement artifacts from true seizure activity and identify motor manifestations that may not be detectable 514 
using EEG or EMG. This complementarity was evident in both seizure models: in the kainic acid 515 
paradigm, the combined model achieved more decisive classification boundaries and better separated 516 
ambiguous events near the detection threshold, while in the Grin2d model, multimodal integration 517 
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enabled detection of 687 additional SWD events beyond human expert scoring while maintaining high 518 
concordance with manual annotations. 519 

Importantly, our validation strategy, which consisted of training on overt kainic acid seizures and then 520 
testing generalization to spontaneous SWDs, demonstrated robustness across seizure types that differ 521 
substantially in their electrographic signatures, behavioral manifestations, and temporal dynamics. The 522 
consistency of feature importance patterns across models (theta power, spike rate, and specific behavior) 523 
suggests that the classifier captures biologically relevant seizure features rather than model-specific 524 
artifacts. Generalizability is critical for practical application, as it indicates the pipeline can be adapted to 525 
diverse seizure models without extensive retraining. 526 

Defining SWDs subclasses 527 
SWDs are seizure events that typically appear in mice as brief 5-8 Hz high amplitude events in the EEG. 528 
SWDs have been identified in numerous rodent models carrying single gene defects, as well as some 529 
inbred rodent lines (Letts VA, 2014). However, SWDs have also been observed in out-bred populations of 530 
rodents (Polack, 2006), and their resemblance to natural brain states such as sleep spindles has called 531 
into question the pathogenic nature of SWDs in rodents (Kozák G, 2020), (Beenhakker MP, 2009). 532 
Adding to this controversy, there is a long-standing appreciation that there exists developmentally-533 
regulated changes in SWD occurrence and features and highly variable impact of these events on 534 
cognition and motor behaviors (Pearce PS, 2014). 535 

The neurophysiological basis of SWDs is a topic of debate as elegant studies have demonstrated a 536 
central role of the thalamocortical loop in SWD generation (Crunelli V, 2011) (Paz JT, 2011) (Makinson 537 
CD, 2017). While SWD events have been detected within cortical circuits that are disconnected from the 538 
thalamocortical loop and following lesioning of the somatosensory thalamus (Steriade M, 1993). The most 539 
parsimonious explanation for these findings is that SWD events may be generated and regulated by 540 
distinct cortical and subcortical oscillators. Particularly in the case of genetic absence epilepsy involving 541 
widely expressed genes, such as Grin2d, impairments in multiple SWD circuits may generate multiple 542 
SWD types. 543 

A key finding of this study is the detection of distinct SWD subtypes that can be defined, in part, by 544 
behavioral phenotypes. Traditional approaches to SWD analysis focus primarily on interpretable 545 
electrographic features such as frequency, amplitude, and duration, treating behavioral manifestations as 546 
secondary. Our multimodal analysis revealed that SWDs reliably cluster into at least two distinct 547 
categories: typical SWDs strongly associated with behavioral arrest, resembling typical absence seizures, 548 
and atypical SWDs that occur during active behaviors without interrupting ongoing motor activity. 549 

We speculate that behavioral SWDs, which arrest ongoing activity, represent more severe disruptions of 550 
cortical rhythm-generating circuits and may correlate with the cognitive impairments documented in 551 
patients with absence epilepsy and some rodent models (Buzsáki, 2006), (Blumenfeld, 2005). Previous 552 
reports of SWDs generated from isolated cortex appear to resemble more closely the behavioral seizures 553 
we report in Grin2d-V664I animals (McCafferty C, 2018) (Kandel A, 1997) (Meeren HK, 2002). Notably, 554 
behavioral SWDs tend to be treatment resistant and are a hallmark of Lennox–Gastaut syndrome in 555 
humans, suggesting that these events reflect a particularly pathological form of network dysfunction 556 
(Arzimanoglou, 2009) (Polavarapu, 2024).  557 

Multimodal analysis commentary 558 
The automated pipeline offers several advantages over traditional manual scoring. First, it eliminates 559 
inter-rater variability, which is particularly problematic for ambiguous events such as brief SWDs or low-560 
amplitude epileptiform discharges. Second, it enables high-throughput analysis of long-duration 561 
recordings, facilitating longitudinal studies and large-scale phenotyping efforts that would be prohibitively 562 
time-consuming with manual approaches. Third, automated analysis can detect subtle events that human 563 
observers may miss, potentially increasing sensitivity for rare or brief seizures. Indeed, prior work using 564 
hybrid wearable/EEG systems has shown strong sensitivity (~0.91) versus the video-EEG gold standard, 565 
albeit with non-negligible false positive rate (Naganur V, 2022). 566 

However, several limitations of the study should be acknowledged. One limitation is that the current 567 
implementation focuses on binary seizure/non-seizure classification within predefined categories (e.g., 568 
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SWDs). While we successfully identified subtypes within the SWD category post hoc using unsupervised 569 
clustering, the pipeline does not automatically discover novel seizure types without human guidance. 570 
Incorporating unsupervised or weakly supervised learning methods could enable true discovery-driven 571 
phenotyping, where the algorithm identifies electrographic-behavioral patterns without predefined labels. 572 

The relatively small sample size (n=9 KA, n=5 Grin2d-V664I, n=3 WT) we recorded from represent a 573 
practical limitation imposed by the labor-intensive nature of VEEG experiments and the need to limit the 574 
use of animals to the smallest number required to train each model. Our cross-validation strategy, 575 
including held-out animal testing, and the strong concordance with human expert scoring suggest that the 576 
findings are robust with the number of animals included in the study. Moreover, the sample sizes are 577 
comparable to or larger than many published rodent EEG studies, and the discovery of distinct SWD 578 
subtypes with clear statistical separation argues against these being spurious findings. (Sanchez-579 
Pernaute, 2022) 580 

Reproducibility/accessibility/simplicity 581 
A key design principle of this pipeline was accessibility and reproducibility. We deliberately chose 582 
established, open-source tools (DeepLabCut and SimBA) rather than de novo developed algorithms, 583 
ensuring that other laboratories can implement and adapt the approach without specialized expertise or 584 
resources (Nath T, 2019). The use of support vector machines, while potentially less sophisticated than 585 
deep learning approaches, offers several important advantages: SVMs are interpretable (enabling feature 586 
importance analysis), require relatively modest training data, perform well in high-dimensional feature 587 
spaces, and are computationally efficient (Saeidi M, 2021). Our results demonstrate that carefully 588 
engineered features with a classical machine learning approach can match or exceed the performance of 589 
end-to-end deep learning when training data are limited (Saeidi M, 2021). 590 

The dual-camera setup provides complementary perspectives that improve behavioral classification, 591 
though our results indicate that a single top-mounted camera captures most of the relevant information for 592 
seizure detection. This suggests that laboratories with simple recording setups can still implement 593 
multimodal analysis.  594 

Temporal synchronization between EEG and video is critical for accurate multimodal integration. We 595 
addressed the 33 ms delay inherent to the Azure camera system through timestamp alignment, but 596 
researchers using different hardware should carefully characterize and correct for system-specific 597 
latencies. Poor synchronization could lead to misalignment of electrographic and behavioral features, 598 
degrading classifier performance. 599 

Broader Implications and Future Directions 600 
While we focused on seizure detection, the framework is broadly applicable to many problems requiring 601 
integration of neural and behavioral data. Examples include studies of movement disorders, sleep 602 
architecture, social behaviors, or decision-making tasks where linking neural activity to behavioral output 603 
is scientifically central. We propose that a productive future application of this approach may be for the 604 
tracking of state transition dynamics. The pipeline could also be extended to include the simultaneous 605 
analysis of multiple interacting animals, additional data modalities such as local field potentials, single-unit 606 
recordings, or even non-neurological physiological measures (heart rate, respiration), potentially revealing 607 
even richer structure in body/brain-behavior relationships.  608 

Conclusion 609 
Integrating video behavioral analysis with electrophysiology through machine learning provides a useful 610 
framework for automated seizure detection and phenotyping. This approach not only matches or exceeds 611 
human expert performance but also can effectively reveal hidden phenotypic diversity. By demonstrating 612 
robust performance across fundamentally different seizure models and providing a reproducible, 613 
accessible implementation, this work establishes multimodal integration as a practical tool for epilepsy 614 
research. More broadly, it illustrates how thoughtful combination of complementary data modalities with 615 
interpretable machine learning can enhance both the efficiency and scientific depth of neurobehavioral 616 
analysis. 617 

The discovery of SWD subtypes with distinct behavioral correlates underscores the value of moving 618 
beyond unimodal analyses. Future progress in understanding seizure mechanisms, developing 619 
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therapeutic interventions, and identifying biomarkers will likely require similar integrative approaches that 620 
capture the full complexity of brain-behavior relationships. The framework presented here provides a 621 
foundation for such efforts, offering a scalable, reproducible, and scientifically generative approach to 622 
analyzing the rich multimodal data generated by modern neuroscience experiments. 623 
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Figure Legends:  741 

Figure 1. Integrated pipeline for multimodal seizure detection combining EEG and video analysis. 742 
Schematic overview of the automated seizure detection workflow. Mice are monitored simultaneously 743 
using telemetric EEG (left) and dual-perspective video recording from top and side views (center). 744 
DeepLabCut is used to track seven body keypoints (snout, left ear, right ear, mid body, tail base, tail mid, 745 
tail tip) from video data. Tracked keypoints are input into SimBA for automated detection of behavioral 746 
states (Behavior A, Behavior B, etc.). In parallel, EEG traces undergo automated feature extraction to 747 
identify electrographic characteristics. Behavioral features (X_Behavior) and EEG features (X_EEG) are 748 
concatenated into a combined feature matrix (X = [X_Behavior | X_EEG]). Support vector machine (SVM) 749 
classifiers are trained on these features to generate seizure state classifications. The pipeline involves 750 
iterative refinement: initial classifier outputs inform refined EEG feature definitions and behavior/EEG 751 
state classifications, which are used to retrain classifiers for improved performance. Final outputs include 752 
EEG-based features, behavior-based features, and integrated EEG/behavior seizure state classifications. 753 

Figure 2. Multimodal seizure detection outperforms unimodal approaches in kainic acid-induced 754 
seizures. (A) Experimental design. Wild-type mice received intraperitoneal kainic acid injection (20 755 
mg/kg) to induce acute seizures and were monitored using telemetric EEG and dual video cameras. 756 
Seizure state classifications were independently generated from EEG traces, behavioral observations, 757 
and combined EEG/behavioral annotations for classifier training. (B) Five separate SVM classifiers were 758 
trained and compared: EEG only, behavior only, top camera only, side camera only, and a combined 759 
multimodal model integrating all features. (C) Classifier performance comparisons. Left: Receiver 760 
operating characteristic (ROC) curves plotting true positive rate versus false positive rate, with the 761 
combined model achieving the highest area under the curve. Right: Precision-recall (PR) curves 762 
demonstrating maintained precision across recall thresholds, with superior performance of the multimodal 763 
classifier. Classifier confidence distributions showing prediction score frequencies for seizure versus non-764 
seizure states. The combined model produces more decisive classifications with reduced overlap 765 
between classes. (D) Quantitative performance metrics for each classifier. Confusion matrix shows 766 
accuracy, F1 score, precision, and recall. (E) Feature importance analysis across SVM classifiers. Y axis 767 
represents the relative weight (W) of each feature in classification decisions. Theta-band EEG power 768 
(5.5–7.5 Hz) and spike rate are the most discriminative electrophysiological features. Behavioral arrest, 769 
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head nodding, and wild running are the strongest behavioral predictors. Movement features from top and 770 
side cameras contribute to video-based models.  771 

Figure 3. Automated detection captures seizure progression and behavioral complexity. (A) 772 
Representative EEG traces of WT mice’s baseline activity, epileptiform discharges, moderate seizures, 773 
and severe generalized tonic-clonic seizures (GTCS) following kainic acid injection. Scale bars: 500 μV, 1 774 
s (top three traces), 10 s (bottom trace). (B) Latency to onset of different seizure behaviors across four 775 
representative mice. Behaviors progress from simple (head nodding, rearing) to complex (tonic-clonic, 776 
terminal GTCS) manifestations. (C) Principal component analysis of seizure events demonstrating 777 
clustering by severity. PC1-PC3 effectively separate baseline, epileptiform activity, moderate seizures, 778 
and GTCS. Black dots denote lethal seizure. Relationship between seizure severity and behavioral 779 
complexity is quantified as number of distinct behaviors observed per event and shown via size. (E) 780 
Comparison of seizure event identification between human expert scoring and machine learning 781 
classification. Venn diagram shows 29 events detected by both methods, 18 by machine learning 782 
approach only, and 1 by human only. (E) Principal component analysis of seizure events detected by 783 
machine learning approach only, human only, and both, as well as some baseline examples. Right: 784 
Representative EEG traces illustrate examples of events classified by machine only. Scale bars: 500 μV, 785 
250 ms or 2 s as indicated.  786 

Figure 4. Multimodal seizure detection generalizes to spontaneous seizures in Grin2d mutant 787 
mice. (A) GluN2D receptor structure showing the V664I mutation location in the ligand-binding domain 788 
(ABD: agonist-binding domain; ATD: amino-terminal domain; CTD: C-terminal domain; M1-M4: 789 
transmembrane domains) (B): Top: Schematic of the Grin2d "knockout first" conditional knock-in model. 790 
Bottom: Experimental setup showing simultaneous telemetric EEG recording with dual-perspective video 791 
monitoring (top and side views) applied to Grin2d mutant mice. (C) Classification framework comparing 792 
five SVM models: EEG only, behavior only, top camera only, side camera only, and combined multimodal 793 
approach. (D) Classifier performance metrics. Left: ROC curves showing true positive rate versus false 794 
positive rate. Middle: Precision-recall curves. Right: Distribution of prediction scores (classifier 795 
confidence) for seizure versus non-seizure states. The combined model shows superior performance 796 
across all metrics. Classifier confidence distributions measured as absolute distance from decision 797 
boundary. The combined model achieves greater separation between seizure and non-seizure 798 
predictions. (E) Quantitative performance metrics for each classifier. Confusion matrix shows accuracy, 799 
F1 score, precision, and recall. The combined multimodal model consistently achieves the highest 800 
performance across all metrics, demonstrating the advantage of integrating electrophysiological and 801 
behavioral data for SWD detection. (F) Feature importance weights (W) across SVM classifiers. Y axis 802 
indicates relative contribution of each feature to classification decisions. EEG features (theta power, spike 803 
rate), behavioral features (arrest, rearing, wild running), and movement metrics from both camera 804 
perspectives contribute differentially across models, with the combined model integrating the most 805 
informative features from each modality. 806 

Figure 5. Automated detection and classification of spike-wave discharge subtypes in Grin2d 807 
mutant mice. (A) Representative EEG traces showing typical SWDs (regular, high-amplitude spike-wave 808 
complexes) and atypical SWDs (irregular morphology and frequency) in Grin2d-V664I mice. Scale bars: 809 
500 μV, 1 s. (B) Principal component analysis demonstrating separation between typical SWDs, atypical 810 
SWDs, and non-seizure activity in multidimensional feature space. (C) Quantitative comparison of SWD 811 
characteristics between wild-type (WT) and Grin2d-V664I (V664) mice. Box-and-whisker plots show SWD 812 
frequency (left; events per minute, **p < 0.01), SWD duration (middle; p = 0.097, n.s.), and fundamental 813 
frequency (right; n.s.). (D) Left: PCA visualization of events classified as not-seizure (blue), typical SWDs 814 
(red), and atypical seizures that didn’t fit the classic SWD (purple). Right: Representative EEG traces from 815 
each cluster showing SWD events with different behavioral states (rearing, head movement, darting, 816 
behavioral arrest). Scale bars: 500 μV, 1 s. (E) Quantification of typical versus atypical SWD frequency 817 
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and association with behavioral arrest. Typical SWDs are significantly more frequent and more strongly 818 
associated with behavioral arrest (****p < 0.0001). (F) Comparison of SWD identification between human 819 
expert scoring and machine learning classification. Venn diagram shows 2,189 events identified by both 820 
methods and 687 additional events detected by machine learning alone and 81 events detected by only 821 
the expert human. (G) PCA visualization of events classified by human only (blue), machine only (red), 822 
both methods (green), or not seizure (gray), demonstrating a distinct cluster of concordant events.   823 

 824 

Movie 1. Video-EEG recording of a typical SWD event in a Grin2d mutant animal 825 

Representative movie showing concurrent video and telemetric EEG recording of a typical SWD event in 826 
a Grin2d mutant animal. The EEG record is shown on the left, with simultaneous video recordings of 827 
mouse behavior from the side-mounted camera (bottom) and top-mounted camera (right). A SWD that 828 
occurs during a period of behavioral arrest is highlighted in red. 829 

 830 

Movie 2. Video-EEG recording of an atypical behavioral SWD event in a Grin2d mutant animal 831 
Representative movie showing concurrent video and telemetric EEG recording of an atypical SWD event 832 
in a Grin2d mutant animal. The EEG record is shown on the left, with simultaneous video recordings of 833 
mouse behavior from the side-mounted camera (bottom) and top-mounted camera (right). A SWD that is 834 
accompanied by a behavioral manifestation is highlighted in red. 835 

 836 
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