
1



2



3



These figures are typical RRI data under stress and non-stress.  The horizontal line is 
not time, but the number of beat and the vertical line is RRI.  You can easily see the 
difference of these data.  Non-stress RRI change greatly and periodically.  On the 
other hand, stress RRI data becomes rather flat.  Such a fluctuation is natural. 

Since the raw RRI data are not sampled at equal intervals, it is difficult to analyze 
them directly.  
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For example, they are application results of frequency analysis to the stress and non-
stress RRI data that I showed before.  The orange area denotes LF and the green area 
is HF.  There are great difference between them.   In stress data, in particular, HF 
becomes very small and LH/HF is much bigger than the non-stress one.

Of course, there are great individuality.  So it is difficult to diagnose by simple 
threshold of these indexes.  We have to consider the amount of change from usual.  
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RRI is much easier to measure than EEG because just detecting the highest peak of 
ECG.  Actually, RRI sensor can be very compact.  This is a wearable HRV sensor 
developed by Professor Yamakawa, Shizuoka University.  

This sensor consists of a sensor and a receiver. This is iPhone4, so the sensor is 
smaller than smart phone.   We put three electrodes around heart, and this sensor 
detect only the R wave and calculates its interval, and RRI data is sent to the receiver.   

Our final goal is to implement the HRV-based seizure prediction algorithm in such a 
wearable device.  Maybe, in the first implementation, the algorithm is realized as 
smartphone app or something like that.
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If patients can predict their seizure a few minutes or seconds prior to the seizure 
onset, their QoL may be improved because they can ensure the safety.

The goal of our research is to develop a wearable epileptic seizure production system 
that can be used in daily life.
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The ECG data of nineteen seizure episodes were collected from four patients. This 
table shows the patient attributes corresponding to each episode. In this work, 
patients were all male unintentionally.
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On the other hand, the HRV features were flat when there were no seizures.  
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I show you some HRV analysis results.   This episode is pre-ictal one, and there liens 
show the seizure onset.

Please look at this area.  LF suddenly changed prior to seizure onset like this.  And 
after seizure onset, all indexes changed greatly.  We can see seizure sign about three 
minute before.  
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Next, I show some monitoring results in preictal periods.

These graphs show the time series of the T square and Q statistics calculated from 
the seizure prediction model.  These horizontal red lines denote the control limits of the T
square and Q statistics. 

We can see both statistics exceeded the control limits about five minutes before 
seizure onset. These results indicate that the constructed seizure prediction model 
can detect the abnormality of HRV before seizure onset.
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On the other hand, these are monitoring results of the interictal episodes, and both 
statistics remained low although there are a few false-positives. 

These results clearly showed that the proposed seizure monitoring algorithm 
functions very well.
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We need a lot of daily living data for improving our algorithm.  From this summer, we 
will start to collect such data.

23



24



25



26



27



28



29



30



31



32



33



34



35



36



37



38



39



40



41



42


