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ABSTRACT
While end-to-end approach to multi-channel electroencephalogram
(EEG) learning has shown signi�cant promise, their applicability
is often constrained in resource-limited clinical scenarios. When
provided with a single-channel EEG, how can we effectively cap-
ture representative features that are robust to multi-channels and
scalable across varied clinical tasks, such as seizure prediction?
In this paper, we present SplitSEE, a structurally Splittable ar-
chitecture designed for e�ective epileptic disease prediction using
Single-channel EEGs. The key concept behind SplitSEE consists of
1) high-capacity temporal-frequency feature encoding, 2) a task-free
self-supervised learning framework without label supervision, and
3) a splittable architectural design evaluated in an advanced split fed-
erated deployment manner. SplitSEE has the following properties:
(a) E�ectiveness: it learns informative features solely from single-
channel EEG and has even outperformed baselines. (b) Robustness:
it shows the capacity to adapt across di�erent channels with low
performance variance. Superior performance is also achieved with
our real clinical dataset. (c) Scalability: Our experiments show that
with just one �ne-tuning epoch, SplitSEE achieves high and stable
performance using partial model layers. We develop a federated
learning version of SplitSEE with only one-layer federated deploy-
ment, showing its great potential in real-world clinical scenarios.
Moreover, an evaluation of our real clinical dataset also con�rms the
performance and potential of SplitSEE. The source code is available
at: https://anonymous.4open.science/r/SplitSEE/

CCS CONCEPTS
•Computingmethodologies!Machine learning approaches;
• Applied computing! Health care information systems.

KEYWORDS
EEG data, representation learning, self-supervised learning

1 INTRODUCTION

Epilepsy is a brain disorder characterized by the transient occur-
rence of unexpected seizures, resulting from excessive or hyper-
synchronous neuronal activity [10]. About 1.0 % of the world’s
population, 80 million people, are a�ected by this disease, and
about half of them experience severe seizures. They cannot predict

∗Also with Institute for Advanced Co-Creation Studies, Osaka University.

Data pre-processing
Independent feature extraction

Features alignment

Applications

SplitSEE

Phase 1. Self-supervised learning

Phase 2. Fine-tuning

Federated learning

Split learning Downstream Tasks Seizure prediction

Sleep stage
scoring

Single-channel
EEG Data

Figure 1: SplitSEE is a framework designed for single-channel
EEG, eliminating the need for multi-channel or multi-data
sources. It can learn task-free features and easily �ne-tune to
clinical tasks. More e�ectively, it can deploy on edge device
by split federated fashion.

when they will have a seizure, and unexpected changes in behavior,
loss of muscle control, and sudden blackouts can signi�cantly im-
pact their daily lives. Therefore, reliable seizure prediction systems
are becoming increasingly important. As a major brain monitoring
tool, an electroencephalogram (EEG) reveals the activities of mil-
lions of neurons in response to various body states or event stimuli
in real-time with millisecond precision [7, 20]. While end-to-end
approaches to multi-channel EEG learning have shown signi�cant
promise [4, 18], there are some limitations in practical uses.
- Applying conductive gel and managing the complex setup make
routine multi-channel data acquisition challenging.
- Continuous wear is impractical or patients to wear multi-channel
EEGs all day because it can disrupt natural conditions.
- Recent developments in portable monitoring devices have pro-
posed advancements using fewer sensors.

Given these challenges, single-channel EEG modeling has
become increasingly prominent. Consequently, our research focuses
on the following question: How can we develop an e�ective seizure
predictionmodel using only single-channel EEGs and how our model is
disruption-reduced, cost-e�ective, and portable monitoring-friendly?
However, single-channel EEG studies has the following challenges:
No spatial (multiple channels) information, and Transient
and temporally unpredictable features. Some studies are heuris-
tics that aim to develop general-purpose time series frameworks
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suitable for EEGs [9]. However, EEGs generally lack recognizable
patterns, e.g., trend and seasonality. The eventful features are tran-
sient and temporally unpredictable. For instance, a spontaneous
K-complex waveform often exhibits bursts within 0.5⇠1.5 seconds
[5]. Researchers utilize the spectrogram to simultaneously capture
temporal frequency features and their correlations [6, 7, 19]. But
the trade-o� between the time and frequency resolution is a long-
standing problem [14, 15].
Insu�cient labels. Existing deep methods rely heavily on a su-
pervised learning framework, necessitating vast amounts of high-
quality labeled data for model training [5, 12]. However, in a clinical
setting, procuring labels is time-consuming and infeasible [13, 16].
Furthermore, training on a limited amount of labeled data tends to
be task-speci�c, often with an over�tting issue and low generaliza-
tion capability [24].
Computational e�ciency and clinical/portable monitoring
scalability. Existing methods are typically designed is an end-to-
end fashion and require the deployment of a large model in a clinical
scenario [13, 18]. Facing newly collected data, de-novo model train-
ing is often needed. However, in real-world clinical settings, not
only are the computing resources of user devices limited, but also
those available in hospitals.

2 PROPOSED METHOD
To address above challenges, we propose SplitSEE, a Splittable
self-supervised learning framework tailored for Single-Channel
EEG representation, which has the following contributions:
Temporal frequency independent learningwith domain align-
ment. SplitSEE involves (i) two domain-speci�c feature learning
modules and (ii) cross-domain alignment. The domain-speci�c mod-
ules independently learn features of both time and frequency. (iii)
The multi-granularity learning for each module ensures the e�ec-
tive capture of local features and global semantic information.
Task-free self-supervised learning. The driving force behind
SplitSEE is self-supervised learning (SSL). SSL has recently drawn
attention to data representation by employing rich unlabeled data
and its scalability for downstream tasks [3, 6, 9, 17]. We propose a
three-step contrastive learning framework, which (i) facilitates two
independent feature learning modules, and (ii) further serve as the
objective of domain alignment, unifying the time and frequency
feature spaces for a given EEG observation.
Splittable neural architecture evaluated in one-layer-oriented
federated deployment manner. SplitSEE contains a "pre-training
to �ne-tuning" training strategy. Architecturally, the structure of
SplitSEE is splittable: only selected networks are employed for �ne-
tuning and serving downstream tasks, eliminating the need for
end-to-end model re-training. This design has potential as a clinical
distributed architecture. Hence, we provide a split federated learn-
ing [23] version of SplitSEE, wherein pre-training can be handled
on the server, with �ne-tuning executed locally.

3 EXPERIMENT AND RESULT
We evaluate SplitSEE on epileptic seizure prediction task involving
two public CHB-MIT [11], HUH [22], and our hospital dataset with
TS-TCC [9], TCN[1], MiniRocket [8], STSF [2], and WEASEL [21].

Figure 2: Experimental results.

E�ectiveness. Figure 2 (a) shows a uniform manifold approxima-
tion and projection (UMAP) visualization of the features extracted
by only self-supervised pre-training without any label supervision
in a 3D space. A clear boundary can be found in two datasets,
highlighting the high e�ectiveness of capturing an informative
representation from di�erent feature domains.
Robustness. Figure 2 (b) shows comparison results on the average
accuracy among channels and its variance. A smaller variance
implies that the accuracies are closely grouped around the mean.
In all databases, our method not only achieves the highest average
accuracy but also shows the least variance.
Scalability. Figure 2 (c) shows the result obtained with a split
federated version of SplitSEE. We randomly divide our hospital
dataset into three user groups, and conduct an experiment. During
the �ne-tuning phase, the single-layer linear classi�er achieved
high performance across all user groups within just a few steps of
training.

4 CONCLUSION
We propose SplitSEE, a structurally Splittable framework designed
for e�ective single-channel EEG representation learning. SplitSEE
learns informative features solely from single-channel EEG and
has even outperformed baselines on epileptic seizure prediction
task. Future directions include verifying the e�ectiveness of the
proposed method in more fundamental neurological problems.

2



233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

Epileptic Disease Predictive Model with Limited Clinical Data Resource

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

REFERENCES
[1] Shaojie Bai, J. Zico Kolter, and Vladlen Koltun. 2018. An Empirical Evalua-

tion of Generic Convolutional and Recurrent Networks for Sequence Modeling.
arXiv:1803.01271 [cs.LG]

[2] Nestor Cabello, Elham Naghizade, Jianzhong Qi, and Lars Kulik. 2020. Fast and
Accurate Time Series Classi�cation Through Supervised Interval Search. In 2020
IEEE International Conference on Data Mining (ICDM). 948–953.

[3] Donghong Cai, Junru Chen, Yang Yang, Teng Liu, and Yafeng Li. 2023. MBrain:
A Multi-Channel Self-Supervised Learning Framework for Brain Signals. In
Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining. 130–141.

[4] Junru Chen, Yang Yang, Tao Yu, Yingying Fan, Xiaolong Mo, and Carl Yang.
2022. BrainNet: Epileptic Wave Detection from SEEG with Hierarchical Graph
Di�usion Learning. In KDD’22. 2741–2751.

[5] Zheng Chen, Ziwei Yang, Lingwei Zhu, Wei Chen, Toshiyo Tamura, Naoaki
Ono, Md Altaf-Ul-Amin, Shigehiko Kanaya, and Ming Huang. 2023. Automated
Sleep Staging via Parallel Frequency-Cut Attention. IEEE Transactions on Neural
Systems and Rehabilitation Engineering (2023), 1974–1985.

[6] Zheng Chen, Lingwei Zhu, Haohui Jia, and Takashi Matsubara. 2023. A Two-View
EEG Representation for Brain Cognition by Composite Temporal-Spatial Contrastive
Learning. 334–342.

[7] Zheng Chen, Lingwei Zhu, Ziwei Yang, and Renyuan Zhang. 2022. Multi-Tier
Platform for Cognizing Massive Electroencephalogram. In IJCAI-22. 2464–2470.

[8] Angus Dempster, Daniel F. Schmidt, and Geo�rey I. Webb. 2021. MiniRocket: A
Very Fast (Almost) Deterministic Transform for Time Series Classi�cation. In
Proceedings of the 27th ACM SIGKDD Conference on Knowledge Discovery & Data
Mining (KDD ’21). 248–257.

[9] Emadeldeen Eldele, Mohamed Ragab, Zhenghua Chen, Min Wu, Chee Keong
Kwoh, Xiaoli Li, and Cuntai Guan. 2021. Time-Series Representation Learning via
Temporal and Contextual Contrasting. In Proceedings of the Thirtieth International
Joint Conference on Arti�cial Intelligence, IJCAI-21. 2352–2359.

[10] Robert S Fisher, Walter Van Emde Boas, Warren Blume, Christian Elger, Pierre
Genton, Phillip Lee, and Jerome Engel Jr. 2005. Epileptic seizures and epilepsy:
de�nitions proposed by the International League Against Epilepsy (ILAE) and
the International Bureau for Epilepsy (IBE). Epilepsia (2005), 470–472.

[11] John Guttag. 2010. CHB-MIT Scalp EEG Database (version 1.0.0). https:
//doi.org/10.13026/C2K01R

[12] Amir Hussein, Marc Djandji, Reem A. Mahmoud, Mohamad Dhaybi, and Hazem
Hajj. 2020. Augmenting DL with Adversarial Training for Robust Prediction of
Epilepsy Seizures. ACM Trans. Comput. Healthcare (2020).

[13] Ziyu Jia, Youfang Lin, JingWang, Kaixin Yang, Tianhang Liu, and Xinwang Zhang.
2021. MMCNN: A Multi-branch Multi-scale Convolutional Neural Network for
Motor Imagery Classi�cation. In ECML-PKDD. 736–751.

[14] P.J. Loughlin, J.W. Pitton, and L.E. Atlas. 1992. Proper time-frequency energy
distributions and the Heisenberg uncertainty principle. In [1992] Proceedings of
the IEEE-SP International Symposium on Time-Frequency and Time-Scale Analysis.
151–154.

[15] Wen-kai Lu and Qiang Zhang. 2009. Deconvolutive Short-Time Fourier Trans-
form Spectrogram. IEEE Signal Processing Letters (2009), 576–579.

[16] Dhamir N. Mannai and Khaled Bugrara. 1993. Enhancing Inter-Operability and
Data Sharing in Medical Information Systems. SIGMOD Rec. (1993), 495–498.

[17] Mostafa Neo Mohsenvand, Mohammad Rasool Izadi, and Pattie Maes. 2020.
Contrastive Representation Learning for Electroencephalogram Classi�cation.
In Proceedings of the Machine Learning for Health NeurIPS Workshop. 238–253.

[18] David O. Nahmias and Kimberly L. Kontson. 2020. Easy Perturbation EEG Algo-
rithm for Spectral Importance (EasyPEASI): A Simple Method to Identify Impor-
tant Spectral Features of EEG in Deep Learning Models. In KDD ’20. 2398–2406.

[19] Huy Phan, Kaare Mikkelsen, Oliver Y. Chén, Philipp Koch, Alfred Mertins, and
Maarten De Vos. 2022. SleepTransformer: Automatic Sleep Staging With In-
terpretability and Uncertainty Quanti�cation. IEEE Transactions on Biomedical
Engineering (2022), 2456–2467.

[20] David Sabbagh, Pierre Ablin, Gael Varoquaux, Alexandre Gramfort, and Denis A.
Engemann. 2019. Manifold-regression to predict from MEG/EEG brain signals
without source modeling. In Advances in Neural Information Processing Systems.
1–10.

[21] Patrick Schäfer and Ulf Leser. 2017. Fast and Accurate Time Series Classi�cation
with WEASEL. In Proceedings of the 2017 ACM on Conference on Information and
Knowledge Management. 637–646.

[22] Nathan J Stevenson, Karoliina Tapani, Leena Lauronen, and Sampsa Vanhatalo.
2019. A dataset of neonatal EEG recordings with seizure annotations. Scienti�c
data (2019), 1–8.

[23] Chandra Thapa, Pathum Chamikara Mahawaga Arachchige, Seyit Camtepe, and
Lichao Sun. 2022. SplitFed: When Federated Learning Meets Split Learning.
Proceedings of the AAAI Conference on Arti�cial Intelligence (2022), 8485–8493.

[24] Gerald Woo, Chenghao Liu, Doyen Sahoo, Akshat Kumar, and Steven Hoi. 2022.
CoST: Contrastive Learning of Disentangled Seasonal-Trend Representations for
Time Series Forecasting. In International Conference on Learning Representations.

3


