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Epileptic Seizure Prediction Technology for Realizing Closed-Loop Epileptic Treatment
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Quality of life of epileptic patients may be improved if epileptic seizures are predicted before the onset because
they can be avoided injuries or accidents occurred by seizures. Heart rate variability (HRV) is a physiological
phenomenon that reflects autonomous nervous activities. Because excessive neuronal activities in the preictal
period of epilepsy affect the autonomic nervous systems and autonomic nervous function affects HRV, it is assumed
that a seizure can be predicted through monitoring HRV. We developed an epileptic seizure prediction algorithm by
integrating HRV analysis and an anomaly monitoring technique. The application result to clinical data, sensitivity
was 91%, and its false positive rate was about 0.7 times per hour. Also, our technology may contribute to realizing
a closed-loop epileptic treatment which can prevent seizure attack if a patient takes drugs shortly before seizure
onsets. In this article, we show the current development progress of the epileptic seizure prediction system and its
perspective.
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• RMSSD: RRI

• Total power: RRI

• NN50: RRI 50 msec

2.3
RRI

RRI

RRI

power spectrum density; PSD

RRI PSD

Fourier autto regression; AR

• LF: PSD 0.04Hz - 0.15Hz

• HF: PSD 0.15Hz - 0.4Hz

• LF/HF: LF HF
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3.1 MSPC
MSPC principal component analysis; PCA
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Algorithm 1 MSPC

1: i (i = 1, · · · , I)
RRI yi HRV X̃{i}

2: X̃{1}, · · · , X̃{I} X̃
3: X̃ X

4: X SVD ΣR VR

5: i T 2 Q T̄ 2{i} Q̄{i}

σtr r tr
T 2

T 2

MSPC T 2 Q

99% 95%

99% 95%

T 2 PCA

Q

MSPC HRV
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Algorithm 2

y[t] ∈ � t RRI τ
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Algorithm 2 HRV

1: τ [0] ←− 0 C[0] ←− N
2: while do

3: t RRI y[t]

4: HRV x̃[t]

5: x̃[t] x[t]

6: (5) (6) x[t] t T 2 Q

T 2[t] Q[t]

7: if ((T 2[t] > T̄ 2 ∨Q[t] > Q̄) ∧ (C[t− 1] = N ))

∨((T 2[t] ≤ T̄ 2∧Q[t] ≤ Q̄)∧ (C[t−1] = A)) then

8: τ [t] = τ [t− 1] + y[t].

9: else

10: τ [t] = 0.

11: end if

12: if τ [t] ≥ τ̄ then

13: C[t] = ¬ C[t− 1] and τ [t] = 0.

14: end if

15: t + 1 RRI y[t + 1]

16: end while
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