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Abstract—Electrical activity of neuronal cells is thought to support brain function, being modified in disease compared to health
conditions. The tools for analyzing such data are diverse and need to be tuned for each particular application. We propose a wide
and diverse perspective characterization of induced epileptic activity in zebrafish field recordings. We have found that features
regarding amplitude, width, inter-event-intervals and autocorrelation profiles can be automatically extracted and used as markers
to differentiate between different genetic or pharmacologic conditions. The present study aims at developing a toolbox that aids the
understanding of the underlying mechanisms of epileptiform discharges.
Keywords— electrophysiology, epilepsy, signal processing, ictal, neural;

1.

INTRODUCTION

The human body still hides a great amount of
unanswered questions. Technology attacks these
questions by developing tools that can extract
information, process, analyze it and pour it into the
shape that the human expert can interpret.
Biologic electrical activity has been harvested as a
source of information about the processes involved
within the organism [4]. More specifically, brain
electrical activity has been highly informative about
mechanisms of cognition, attention, memory, as well as
neurological disease mechanisms like Epilepsy or
Parkinson’s disease. There are many tools and protocols
for the acquisition of electrical signals in the brain [12],
but the processing and analysis of this data is highly
tuned to the purpose of study and to the need of the
researcher.
In our study, we have developed a software
processing and analysis unit for brain electrical activity
during epileptic activity. The purpose of the unit is to
describe the recorded signal from diverse perspective
and in a relevant manner, so as to give the researcher all
the qualitative and quantitative information needed for
epileptic activity characterization.

2.

BACKGROUND
2.1. Electrophysiologic signals in the brain

Neural electrical signals are caused by charged ion
flux through channels in a semipermeable membrane,
as defined by the Goldman equation:

Where V is the resting potential across cell
is the permeability of potassium ions
membrane,
is the potassium
through the cellular membrane,
is the potassium
concentration outside the cell,
concentration inside the cell, and so on for Sodium (Na)
and chlorine (Cl) ions. These channels are gated by
various factors: voltage, neurotransmitters or
pharmaceutics. Therefore, biological activity of a
neuron or a group of neurons can be described via its
resulting electrical activity.
Field potentials are recorded from the extracellular
medium of the brain and are believed to contain a
combination of electric signals originating in
surrounding cells in a small volume of nervous tissue
[6]. The voltages measured from the extracellular media
are in the range of tens or millivolts, and have a
bandwidth of a few hundreds of hertz [2].
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Several
concepts
are
particular
to
electrophysiological field potentials:
Baseline activity is defined as the activity
occurring without any stimulus being applied, to which
the analysis is referenced to.
Events are snippets of the signal in which the
baseline is disrupted. The definition of an event is
customized to mechanism of interest.
Refractoriness is the decrease in event
occurrence probability following another event. This is
due to the biological nature of the signal, having a finite
amount of resources to elicit an event [10].
Oscillations are rhythmic, repetitive activities,
either in the form of continuous signal or discreet
periodic event occurrences [3]. Several oscillatory
frequencies are visible in neural field potentials,
ranging from delta (1.5 - 4 Hz) up to gamma (30 - 80
Hz) [8].
Bursts are activity patterns defined by rapid
successions of events followed by quiescent periods [5].
2.2. Epileptic activity
Epilepsy is a disorder of brain function
characterized by abnormal electrical activity in the
brain: synchronous, excessive discharge in large groups
of neurons [9]. It is estimated that about 65 million
people worldwide suffer from epilepsy [13], and about
10% of them do not respond to pharmacologic or
surgical treatments [11]. Understanding and
characterizing neural electrical activity in conditions of
epilepsy is an important step for the development of
novel treatment or management strategies.
Epileptic activity in field recordings appears as a
series of discharges, called ictal and inter-ictal events,
with amplitude and frequency varying with seizure
stage [9]. Ictal events are large amplitude (> 4 mV)
prolonged (>3s) negative deflections and are
accompanied by a period of post-ictal depression, when
electrical activity is temporarily suppressed. Inter-ictal
events are faster (< 3s) and smaller in amplitude [1].

Fig. 1. Example dataset and ilustration of trial structure: 55 minutes
baseline recording (blue bar) folowed by PTZ application (black
marker). The response to stimulus is divided into two segments of 55
minutes each: resp1 and resp.

3.2. Equipment and method
Data used in this study was acquired via a sharp
glass electrode of 2 μm diameter placed in the brain of
5-6 days old zebrafish. The signal was preamplified
(CV 2003BU, Mollecular Devices) and was sent to a
high precision amplifier (Axopatch 700B, Mollecular
Devices) and converted to digital data via an AD
converter (Digidata 1550, Mollecular Devices) and sent
to a software computer interface (pClamp 10,
Mollecular Devices).
3.3. Output signal parameters
The output data was sampled at 10 kHz with a 16
bit resolution and was exported into MATLAB
(Mathworks) for data processing and analysis.
4.

SIGNAL PROCESSING

As mentioned before, useful electrophysiological
data lays within a 500 Hz bandwidth. The ictal and
interictal events in field recordings are in the range of
0.005 to 0.2 Hz. Therefore, a subsampling and filtering
stage was applied in order to remove high frequency
noise and to reduce processing time.
4.1. Subsampling
Antialiasing filter: 125 Hz Butterworth, 5th order
Subsampling: 250 Hz
4.2. Filtering

3.

DATA ACQUISITION

The electrophysiological data used in this study
was acquired from the zebrafish brain, a well-known
animal model of epilepsy [1].
3.1. Experimental design
Each dataset consists of one continuous recording,
starting with a baseline duration of 55 minutes. Then,
an epileptogenic drug was applied (PTZ). The stimulus
response was recorded for 110 minutes, and was
divided into two sections of 55 minutes (resp1 and
resp2), due to variability in the characteristics of the
activity (See Fig. 1).

DC subtraction: Averaging filter
Low pass filter: 0.5 Hz Butterworth, 5th order
High pass filter: 0.05 Hz Butterworth, 1st order
(High pass subtraction)

5.

FEATURE EXTRACTION

In order to characterize epileptic activity, we have
chosen to look both at the discrete event timing
(histograms, amplitude and inter-event interval
statistics) and at the continuous signal characteristics
(scaled and continuous signal autocorrelations).
Therefore, peaks representing ictal and inter-ictal
events were extracted and a series of features were
analyzed, both on all events and on different the
different defined conditions.
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5.1. Event extraction
Event extraction was done via local minima
detection. No maxima was considered as a peak as
negative peaks were of interest. The local minima that
were within 15 s of the trigger were considered artifacts
from drug delivery and were discarded from further
analysis. The origin of each peak was computed as the
maximum of a window of variable length before the
peak. The length of the window depended on the
absolute value of the signal at the peak time stamp:

Where
window length,
peak
value and
50 (determined empirically).
The amplitude of the peaks was computed as the
diﬀerence between the origin value and the value of the
signal at the peak timestamp. Peaks that had a negative
amplitude (the detected origin was higher in amplitude
then their peak) were discarded. An amplitude constrain
was applied in order to eliminate noise and therefore
select only valid events. For this, the amplitude
distributions for the baseline period were plotted and
the peaks that were located above the 0.95 quantile
were selected as valid events. The determination of the
value of the quantile was done empirically.
By visual inspection, several distinct types of
events are identiﬁed. In order to separate them
programmatically, an amplitude threshold was applied.
separating events into high and low amplitude events.
The threshold of this separation was dependent on the
maximum amplitude in the dataset:

Where

amplitude threshold
(determined empirically).

Fig. 2. Peristimulus time histogram of epileptic event. Red bar
represents PTZ application. A – all events; B – high amplitude events;
C – low amplitude events.

5.3. Amplitude Distributions
The amplitude distribution of the detected events
was computed (see Fig. 3. A): the number of events that
fall into a given amplitude range (amplitude bin). The
size of the amplitude bin is 50 µV.
In order to see the amplitude variation in time, the
average amplitude within each time bin was computed
(see Fig. 3. B). The time bin size for this analysis is
300s.

value,

5.2. Peristimulus time histogram
The peristimulus time histogram (PSTH) was
computed by counting the events that occur in a
particular time bin. The PSTH was computed taking
into consideration all the events (Fig. 2 A), but also on
each of the two event subsets: low amplitude (Fig. 2. B)
and high amplitude (Fig. 2 C).The time bin size for this
analysis is 300s.

Figure 3. Amplitude analysis: A - Amplitude distribution during the
three trial segments: baseline (green), resp1 (red) and resp2 (blue);
vertical bars represent the median of each condition. B – Average
amplitude versus time;

5.4. Event Width Distributions
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Fig. 4. Event width analysis: A – Event width distribution during the
three trial segments: baseline (green), resp1 (red) and resp2 (blue);
vertical bars represent the median of each condition. B – Average
width versus time; C – event amplitude versus respective width. A
linear fit (red line) has been applied and the slope and residual norm
was computed.

Figure 5. Inter-Event-Interval (IEI) analysis: A – IEI distribution
during the three trial segments: baseline (blue), resp1 (red) and resp2
(green); vertical bars represent the median of each condition. B –
Average IEI versus time; C – event amplitude versus respective IEI.
A linear fit (red line) has been applied and the slope and residual
norm was computed.

The width of each event was computed. Due to the
asymmetry of the spike, the full width half maximum of
each event was not a relevant measure. The full width
3/4 maximum was computed instead.
The width distribution of the detected events was
computed: the number of events that fall into a given
event width range (see Fig. 4. A). The size of the width
bin is 0.15 s.
The average event width within each time bin was
computed (see Fig. 4. B). The time bin size for this
analysis is 300s.
For each event, amplitude was plotted against its
width. A linear ﬁt was computed for each dataset (see
Fig. 4. C). The slope and the normalized residual norm
was computed: the lower the r value, the better the ﬁt.

The inter-event-interval distribution of was
computed: the number of events that fall into a given
inter-event-interval range (IEI bin – see Fig. 5. A). The
corresponding IEI for each event was computed as the
period of time from the respective event to the
following one. The size of the IEI bin is 5 s. The
average IEI within each time bin was computed see
(Fig. 5 B). The time bin size for this analysis is 300s.
For each event, its amplitude was plotted against
its respective IEI Fig. 5. C). This analysis should reveal
whether IEI and amplitude for a given event are
correlated.

5.5. Inter Event Interval Distributions
The inter-event-interval is deﬁned as the time
between two consecutive events. When taken as an
average, it gives measure of event rate within the
respective time bin. When taken as an individual
characteristic of each event, it gives a measure of
refractoriness that the event induces in the behavior of
the network.

5.6. Autocorrelations
Autocorrelation analysis provides insight into
temporal and spectral properties of the signal.
-Scaled Autocorrelations
-The continuous signal for each condition in the
baseline and response period (resp1 and resp2) was
subsampled according to the parameters below. The
autocorrelation was computed, using the scaled
correlation method [7] in order to visualize particular
timescale features, eliminating lower frequency
behavior (see Figure 6 A).
-Autocorrelation window = 10 s
-Scale segment = 1 s
-Sub sampling frequency = 10 Hz
The length of the scale segment is chosen based
on the frequencies of interest. For example, a scale
segment of 1 s allows the identiﬁcation of the 2.5 s
period events (0.4 Hz).
-Autocorrelation Histograms
The timestamps of events extracted previously
were used as binary events. The resolution of the
timestamps was decreased so as to achieve data
subsampling.
Classical binary autocorrelations were computed
with the following parameters (see Figure 6 B):
-Autocorrelation window = 10 s
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-Sub sampling frequency = 10 Hz
-Scaled Autocorrelation Histograms
Scaling the autocorrelation histogram has the
same effect as in the scaled autocorrelation described
above: it allows analysis on particular frequency scales,
removing the lower frequency, higher power
fluctuations which would mask fast, low power features
(see Fig. 4. C).
-Autocorrelation window = 50 s
-Scale segment = 10 s
-Sub sampling frequency = 1.5 Hz

Regarding inter-event-intervals, the correlation
with amplitude is much smaller, but the effect of PTZ
on the average IEI is obvious: epileptic activity is
associated with smaller IEI, which decreases constantly
throughout the response periods.
Correlation
analysis
revealed
qualitative
information about the effect of PTZ on field
recordings:
The
scaled
autocorrelation (scale
segment of 1s) on the field signal exhibited
oscillatory components around 0.4 Hz in all
conditions. Frequency and continuity varied throughout
baseline and response periods: A strong refractory peak
(first negative alternation) in baseline and resp2
periods, and short duration oscillatory activity in
baseline and resp1. In resp2 however, we see a slight
decrease in frequency and a more durable oscillatory
behavior. Autocorrelation histograms computed on the
extracted events evidenced a wide refractory period (~
2 s), followed by a secondary peak and an oscillatory
modulation (~ 3 s). Scaled autocorrelation histograms
(scale segment of 1000s) show strong changes in
autocorrelation profile from one period to the other: In
the baseline, there is no noticeable oscillatory behavior.
Resp1 period shows an oscillatory modulation (1000 s).
However, resp2 period exhibits a slow bursting
oscillation (~3 cycles, 130 s) followed by a baseline,
indicating PTZ has an effect on oscillatory activity
during epileptic activity.
7.

Figure 6. Autocorrelation analysis: in baseline (blue), resp1 (red) and
resp2 (green); A – Scaled autocorrelation (scale segment = 1 s) on
field signal; B – Autocorrelation histograms on event timestamps; C –
Scaled autocorrelation histograms (scale segment = 10 s) on event
timestamps;

6.

DISCUSSION

The analyses presented reveals features in the
epileptic activity of field recordings in the zebrafish
brain: Peristimulus time histogram (Fig. 2) shows a
steep increase in event count after PTZ application. In
the first response period (resp1), high amplitude events
are more numerous, but in the last response period, high
amplitude events disappear and small amplitude ones
dominate. Therefore, there is a peak in epileptic
activity, around minute 45, after which the network is
saturated or exhausted and cannot sustain high
amplitude events.
The same effect is seen in the average amplitude
plot in Figure 3: around minute 30-40, there is a peak in
mean amplitude, representing the domination of high
amplitude events throughout that period.
When looking at the width of the events, it also
increases in the response periods with respect to
baseline. A weak positive correlation between
amplitude and event width is visible (Fig. 4 C).
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CONCLUSION

The performed analyses aim at characterizing
epileptic activity from a wide perspective. The
processing steps have been optimized so as to reveal a
multitude of features present in the acquired signal.
Ultimately, the processing unit can be used to discern
between different activity types: belonging to different
genetic conditions or susceptibilities to epileptic
discharges, as well as response to pharmacologic
factors. Having a method for quantitatively and
qualitatively describing epileptic activity aids to the
understanding of the underlying mechanisms of
epileptiform discharges and leads to a higher chance in
finding more potent drugs to alleviate symptoms.
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