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Development of Epileptic Seizure Prediction Algorithm by Combining
Heart Rate Variability Analysis and Autoencorder
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Epileptic seizures should be predicted before their onsets to avoid injuries or accidents of patients.
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The RR

interval (RRI) fluctuation in an electrocardiogram (ECG), called heart rate variability (HRV), is a well-known
phenomenon which reflects the autonomic nervous function, and changes in HRV in preictal phase have been
reported. We developed an epileptic seizure prediction algorithm by combining HRV analysis and an anomaly

detection technique.

This work adopted autoencoder for anomaly detection. The application result to clinical

data collected from 66 patients with focal epilepsy showed that the average sensitivity was 75.3%, and the average
false positive rate was about 2.49 times per hour, which was worse than a previous report. However, the proposed

algorithm functioned well for almost all patients, and did not apply for specific a few patients.

The future work

will clarify in which types of patients the epileptic seizure prediction algorithm does not function.
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Loop TADAT TIZBWTIE, 77— LI & 2 F3g0ophikt
7% EDBBFENDOABIE LN NIZHFEL SR, 2070,
CHE S TADA T TEBITIZ, LD TADLARIED FHIKE
BUEL T BEDNDH 5,

Z ZTARWIZETIE, HRV fi#T & autoencoder (AE) & %]
Wiz, Fe TADARETMT VT XL ZRET 5, &
512, fiEkikThH 5 MSPC, One-class ¥ A —F RV ¥ —=

— Y (One-class support vector machine; OCSVM) & & %
Local outlier factor (LOF) 12 X 2F/EFHI 7L a) AL L,
FREE X B RF PR 2K T — % 2\ THIRT 5.

2. IDMAZEEDERMT
AfiTlE, HRV RIT [11]

2.1 RR &

R 2 BECG %K 11237, ECG IFIRV L 20
E—= 7O EN TV Y, RbEwE—27% RIEE T,
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SDNN: RRI DOiZEHEfF,

RMSSD: B9 %2 RRI D7D 3,

Total power: RRI D474,

NN50: & 2 RENICBEE T 2 RRI 728 50 msec %
iz %7 D%

2.3 REIREBEZIER

RRI 7—Z FFERRICHF SN nicsd, 20 F F KK
WA 2GR T2 2 L3 LV, 22T, A9 vkl
ZHWTRRI 7T—2 2L, FHEcT—5%2 ) 7Y v
74 %, AWEEGEEEEX, VY Y v Nk RRI T —
Z DT =AY b VEE (power spectrum density; PSD)
khRp2ZENTES, T, RRI ¥—#% ® PSD D5
\21%, Fourier 241 % 72131 Rt (autto regression; AR) €
FNUEHGEZENRTE S,

- -
- -

o LF: PSD OfEk4EE (0.04Hz - 0.15Hz) D87 —,
JEARETET) 2 ML T B EE NS,

e HF: PSD D fAsE% (0.15Hz - 0.4Hz) D37 —, Hl
RIEMEEF 2 KM L T2 L d3 s,

e LF/HF: LF & HF D, SIEREIGE) & /S IpENs

FDONS U RABET,

BE2E R 7 HRV BHT A B 54 > old, BB 2 5 fT
Y2, RRIT—2 %245 Ly 20MEHIT 52 L, BXO
ECG %> 7"V v ZJR¥# 200Hz BLEE T2 2 & 234
T3 [11]. R ARSI HHD 720, RRI
OFINICIZ 3 RA T 74 &2\, AR €T /LT PSD %5t
Bl WFMRIE3 e L.
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Algorithm 2 HRV IC X 2E=% 1) v/

1: 7[0] +— 0, C[0] +— N EFET 5,

2: while do

3. kv¥ kb t&HHRRI y[t]) ZEET 2.
HRV #51% z[t] #HHT 5.
z[t] 2L L, vk ] £ 95,
AE 2L, 3R (2) X D FEMEEAAE RE[t]) 2k9 5.
if (RE[t] > RE)A(Clt—1]=N))

V((RE[t] < RE) A (C[t — 1] = A)) then

8: T[t] = 7[t — 1] + y[t].

9: else
10: T[t] = 0.
11:  end if
12:  if 7[t] > 7 then
13: C[t]=—-C[t—1] and 7[t] = 0.
14:  end if
15: t+17%&HD RRI 7—7% y[t + 1] BHUF S 1% % TR

5.

16: end while

N Tk

Y.y 13 BHOBE OFMERNERIL 72 RRI 7 —
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%2 M\ T HRV #51E X1 28 L, 2oz I AGHEDT
AE %228 &4 %, HRV BEICIZMAASEDEET 270, %
NZNOBEFIHE L FRRAZRET 208035 %,
FAET AN, Algorithm 2 O FIHTHEMESINZ, I T
ylt] e RIFL VI TR I Nt HFHDO RRITH S, 7idh
Ty, CUE2MEDIREC = {N, A} THH, N, Alxzh
FREWEREEZET. Thbb, -N=ATHH, K71
2 LTI T OED R 7 DL LSS RE
DEHIRA RE #8538 L 2R, REC X AIEBRLA
WHDETE, ZNET—F 777 FWECG ITIRAT 3 &,
RE DSRESEHT27:0THD. etk HRV 77— & b
HEMSHNING L, BHIGEAMINS,

4. ERERT—%5 D&

R ERE R, BULRAREE, ENRE A - iR
WiEt v & —, KPRk, Haikymbe, SRER V8
B 2 TA»AIEIF ORI, REREMTA»A
BEDOFRIEMIINE L OFERIIH RRI 77— ZINE L 7.
¥, i, v STADPAT—FIR=AD5 LT =¥ %
IR L 72 [20]. ARER T — Z IR B X OMRbTIE, Bt BERM
BRI RB S I DR ICE W THREB S D KR L2
FCfio7, EFAMEE=Y Y vy AT 4 (HANGER
Neurofax EEG-1200) % fH\T, TAPABEDOIHIEE 74,
ECG, EEG F—# #it#k L7z, 6 DMmEIZT —L Fr—
DCTCEML 7, 7—F 7 77 MEAZ EHTICHE I 720X
MloF—% 2N L7 BT, EEG 7—% LRIEL T ICHES
WT, HRTADAYERERE 2 A FAERRIRZ % I
[ L7z, RICFEIERIATT 15 437 & F{Eldihts 5 2Dt 20
5D ECG 7—%%, SEFAAM ECG 7= £ LTUIH L
7o —7, BETFHT L) RAREED oI, FEERIRITIC
BRI N ECG F—% 20w 22 b H L FEMR ECG
FT—=F LT,

AN TADA B 66 44 (BN 45 4, &l 21 44, fElE
13-67 j%%) X b &t 270 K 07— ¥ ZINEL, 44 4D

AUC =0.92
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[% 3: ROC curve for all patients

HED»S 85 [MDFMETERI N, WESI N ECC T—7F
XD RFEZEMHEL TRRI 2515, X512 HRV #6552 ko 72,
# 78 WEH 3 D FAERI I T — 5 #2257 =2 L LT, AE %
7R PRIZERAT, ST 6EE L, N 8—
NTA—=%1F p=0.0033, A=0.0022, 6=097 L7,
Mk, HEICB ) 2EE BBz NN, v AT 4 v 7
TUEA NI, MBI E L 7.

COFER, EBEY CRRIEIE 75.3%, HEGTEEEIE I 2.49
[Bl/hTH Y, ZORMITIITIHY E L THHET LT3 [9).
FEDSER S NI 44 LD BE BT BZEEWNHE (receiver
operating characteristic; ROC) Hiifit& AUC (area under the
curve) %X 3R, MElIIEKIE (%] TH 525, HBEPERES
M (%], 7b b PHRNRIFHEICH L CHE7 7 — 20353 L
TR O#EEE R L Tw 3,

L L, FEEICIZEEIC X T, FIETFMDREINT 2008
HigoTwd, M4 ICHEITRIN U HDBET LD
AUCOGHEF LD, ZORED 4 4DEFHEDH S 3T 4
HAUC 23 0.9 LLETH D RAETFHIBHNTH 553, 74D
FATBOTRERFHTIE RN b0 %, M5, 6 ICFE
TR EE A LA TRVEE B O, FEIETHEEE
Y. K EBRDTEERIH, BT BRI B 2 FH
ERTH D, BRI IRA, HEERIERnRE2R L v
3. M6»obhrd ke, BE B TRE L OEBENTEE
LCWw5, St CRWIFIE P AIERE 23R L 7Bl &
LT, TSV T BEERT — % O BEEDS, JEfl% 5
CGEIRL T 14 4475, FIETPHIDINEZ BE 03
HEDTF=HILEEFN TR LDEEBbNS,

SRIDOMFFFER LD, % DTADABZE TS
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PEOBECTEFEEFTANIHENTIE R, 2D X ) BEENT
A IFNETFRIS AT L% T2 L, BIFORMKLIZK>T
HECPBEIRIC OB T, W7 7 — LR T L LELL
IEBLUCLED, F7, Closed-Loop TADAT TIZEWT
&, 7 7 — 202 & BRSNS £ D EENDO A NE
NADFH & b i\, LEeh>T, SHRIZMIENENR,
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Y4 TDOEETHIIRIETFHDERTH 20, ERT—2 D
A7 5T TAPAFENE E HRV QMK S & iEHT 2
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5: Seizure prediction result of Patient A
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