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Long-term frequency band characteristics of a
stimulated stem cell-derived dopaminergic

neuronal culture
Ivar Thokle Hovden, NTNU, Øyvind Harding Gulbrandsen, NTNU

Abstract—A stable decrease in energy in the beta band (13-30 Hz), as well as a significant increase in energy at frequencies higher
than 120 Hz, has been observed from four measurements on a mixed dopaminergic neuronal culture in a microelectrode array (MEA)
over a five month period. The EEG band energies were calculated using both accumulation of frequency band powers from the Power
Spectral Density (PSD) on the raw signals, as well as from the time domain after filtering using Empirical Mode Decomposition (EMD).
As a supplement on the use of midbrain dopaminergic (mDA) neurons from induced pluripotent stem cells (iPSCs) in Parkinson’s
disease research, insight into the development of signal properties from a MEA with a cell mixture containing mDA neurons under
periodic stimulation could be interesting in the research for control signals in a closed-loop brain-machine interface.

Index Terms—beta band, gamma band, mDA, sNC, Stem Cells, Regeneration, Parkinson’s disease, Microelectrode array (MEA),
Empirical Mode Decomposition (EMD), Short-Time Fourier Transform (STFT), Power Spectral Density (PSD), NTNU Cyborg.
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1 INTRODUCTION

E XTRACTING characteristic information from extracellu-
lar electrophysiological recordings is an extensive re-

search field, with many different approaches. The com-
monly used approaches today are Electroencephalography
(EEG), Electrocorticography (ECoG) and various kinds of
Intracortical Neuron Recordings [2], the first of which is the
most common.

EEG and ECoG measured signals are simply called EEG
and ECoG signals, while Intracortical Neuron Recorded
signals are Local Field Potentials (LFP), Multi-Unit activity
(MUA) or Single-Unit activity (SUA) [2], [5]. EEG signals
are smoothed versions of the local field potential (LFP)
from electrodes placed onto the scull [3]. SUA signals are
obtained by high-pass filtering (f > 300 Hz) signals of a
single neuron. MUAs are obtained in the same way, but
the signals may come from multiple neurons. LFPs are
extracted by low-pass filtering (f < 300 Hz) of the neuron
activity recorded from electrodes. LFPs are analog signals
whereas SUA and MUA measure the spiking activity of
single neurons and can be reduced to discrete events in
time [6]. The signals analysed in this report most closely
resembles LFPs.

Depending on the methods, a varying degree of inva-
siveness is required to obtain signals. EEG is a non-invasive
method, while ECoG and Intracortical Neuron recordings
require implantation of macro- or microelectrode arrays
directly onto the brain etc., hence being invasive methods.
Microelectrode recordings such as MEA2100 [7], that is used
in this report, record LFP and extracellular action potentials
(EAP) from a population of neurons artificially grown in-
vitro [1], [4]. MEAs can also be used in-vivo [4] and is
generally an invasive approach.

It has been reported that non-invasive methods are less
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capable of revealing high frequencies [6]. Moreover, when
comparing ECoG to EEG, ECoG provides higher spatial
and temporal resolution as well as higher amplitudes and
lower vulnerability to artifacts [2]. Hence, it is reasonable
to assume that microelectrode recordings, having a similar
structure to macro- and microelectrode ECoG arrays, are
capable of recording higher quality and higher frequency
signals than EEG.

The most widespread terminology regarding frequency
bands from extracellular signals come from the use of
EEG signals, denoted in Table 1. However, alpha, beta
and gamma waves have been investigated from ECoG in
humans during voluntary motor action [2]. The terminology
has also been used in MEA recordings, such as the reports
of increased power in theta (4-11 Hz) and slow gamma
(30-55 Hz) bands in chronic stimulated hippocampal rat
neurons [9]. [10] detected spontaneous activity in the alpha
band and lower frequencies from a one year period of
stimulated, human induced pluripotent stem cell (hiPSC)-
derived cortical neurons. The terminology is reasonable to
use also for in-vitro MEA recordings, although increase in
signal power at higher frequencies than the gamma band
has been reported [9]. As mentioned in the abstract, power
calculations from our experiments also show a significant
increase in power at higher frequencies outside the EEG
bands.

Brain signals are regarded as highly nonlinear and non-
stationary signals. In addition to summarize distinct classes
of brain signals that could be used in Brain-Computer Inter-
face (BCI) systems, [2] divides common feature extraction
methods into the following groups: Dimension reduction,
Space and Time-Frequency methods. Dimension reduction
methods, such as Principal Component Analysis (PCA),
are linear transformations of a data set into various less
dimensional data representations. The Space category refers
to Common Spatial Pattern (CSP), which is a method that
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Hz Band
[0.5, 4〉 delta
[4, 8〉 theta
[8, 13〉 alpha
[13, 30〉 beta
[30, 120〉 gamma

[0, 0.5〉 and [120,∞〉 unspecified

TABLE 1: The typical EEG frequency bands with an addi-
tional ”unspecified” band.

projects multichannel EEG signals into a subspace where
differences between classes are highlighted and similarities
are minimized. Lastly, the Time-Frequency group consists
of various filtering methods in the time or frequency do-
main, such as the Fast Fourier Transform (FFT), Short-Time
Fourier Transform (STFT) and Continous Wavelet Transform
(CWT). Power Spectral Density (PSD) is a scaling of the FFT
which shows the energy density, per unit frequency, of the
frequency components.

CWT requires the use of a specific mother wavelet
function, which can be compared to the window function
in the Short-Time Fourier Transform (STFT). In EEG set-
tings, various mother wavelets have proven good results
depending on the selected EEG band and other settings [2].
The Morlet Wavelet gives good frequency resolution when
analyzing gamma activity, whereas the bi-scale wavelet has
been successful detecting 1-4 Hz activity during imaginary
movement.

The main difference between CWT and STFT is roughly
that the window width is pre-set in STFT, whereas it varies
in CWT. A comparison of CWT and STFT for EEG signals
during epileptic seizure in [11] concludes that CWT gives
more accurate reconstruction of epileptic signals, especially
non-stationary signals, with respect to the EEG bands, than
STFT. However, STFT is more applicable in clinical settings
with less computational time. The emphasis of the quality
of using CWT on non-stationary signals is also explained in
[12].

FFT, CWT and STFT have artifacts in non-linear settings,
which finally concludes our introduction by suggesting Em-
pirical Mode Decompotision (EMD) as a feature extraction
on MEA signals. Hence, both non-linear and non-stationary
features could be extracted from the MEA signals. EMD
decomposes a signal into Intrinsic Mode Functions (IMFs),
as described with EEG signals in [19]. The Hilbert Trans-
form (HT) can then be used on IMFs for Time-Frequency
Analysis, known as the Hilbert-Huang Transform (HHT).

In order to increase the resolution of the IMFs, Ensemble
EMD (EEMD) can be utilized, which uses white noise to
better separate the IMFs. We have used IMFs from EMD
and EEMD together with energy calculations to do pre-
processing and reconstruction of EEG frequency band sig-
nals. We have successfully reconstructed signals in the beta
and gamma band. Since we measure a mixed culture with
human dopaminergic neurons that are related to Parkin-
son’s disease, the beta activity could perhaps be compared
to the sensory beta rhythms described in [2] that are related
to motor tasks in humans.
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Fig. 1: MEA2100. The physical in-vitro microelectrode array
is illustrated in the leftmost figure. It is a small device that
stores the cells inside a glass container and connects the neu-
rons to an electric circuit. The 60 electrodes are illustrated in
the rightmost figure. The larger mark on the left side is the
reference point, measuring a reference voltage.

2 METHODOLOGY

2.1 Data collection
The seeding and preparation of the culture was based on
the paper ”How to make a midbrain dopaminergic neuron”
[1]. The culture was seeded on October 11 2016 into a
microelectrode array (MEA) with 60 electrode readouts as
seen in Fig. 1. The first 16 days were dedicated to developing
the culture. On November 11 2016 and November 16 2016,
dopamine was added to the culture in order to increase the
activity. In addition to this, regular weekly feeding keeps
the culture alive and active.

The signals that were measured are four electric raw
signals from electrode number 47 of the MEA, spread over a
five month period. The sampling rate was 10 kHz. Electrode
47 was selected to represent the entire culture in this report.

An overview of all available measurements of the culture
is given in Fig. 2. During measurements, the electrical sig-
nals at the electrodes of the MEA were read. The measure-
ments that are marked as ”s4 rec”(Stimulation Protocol 4) in
Fig. 2 also stimulate the culture during the measurements.
The stimulation is an electrical signal of ±500µV, each
phase lasting 100µs, that is applied on electrode 74 every
30 s of reading. It must be emphasized that the stimulation
did not occur during the two last seconds that were inves-
tigated on electrode 47 from the four measurements in this
report.

The original measurements were collected through a
program called ”MultiChannel Systems (MCS) Analyzer”.
The timeline of conducting each measurement is shown in
Fig. 2. The program stores the signal measured at every
electrode as seen in Fig. 3.

The last two seconds of the original five minute measure-
ments at electrode 47 in the MEA were then collected from
each of the four measurements. The reason for selecting only
two second signals from one electrode is simply because of
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Fig. 2: A timeline of all measurements of the culture. Each vertical line in the figure corresponds to one experiment with 60
measurements. The length of the lines is purely there for readability. The four chosen experiments are marked in orange.

Fig. 3: The measured signal at each electrode is collected
and visualized by the MCS Analyzer program. The last 2
seconds of the signal at electrode 47 of measurement #4 is
highlighted.

the computationally heavy EEMD, which will be described
later.

2.2 Preprocessing

To investigate the EEG bands of the four signals, they had to
be pre-processed. At first, the signals needed to be low-pass
filtered, in order to filter through the relevant frequencies.
The EEG bands consist of frequencies roughly at 0 - 200 Hz.
Since we know that MEA signals are highly non-linear and
non-stationary, we wanted to try out an alternative EMD-
energy approach to do low-pass filtering, instead of resem-

bling to traditional FIR low-pass filtering. The following
filtering was done on each of the signals:

1: Perform EMD in the signal, obain the IMFs
2: for each of the IMFs do
3: if less than 80 % of the IMF’s total energy is inside

f ∈ 〈4, 200] then
4: Subtract the IMF from the signal
5: end if
6: end for

In total, all IMFs with more or equal than 20% of their
energy outside f ∈ 〈4, 200] were discarded. In this way, we
have kept information in the theta, alpha, beta and gamma
bands, excluding the noisy delta band. The reason for not
including the delta band and below is because the measure-
ments seem to be very noisy in this range. This could be
related to drifts from calibration of the MEA2100 recording
device. To confirm that the resulting signals consisted of
frequencies in the correct range, the FFT of the signals
was performed as seen in Fig. 4. As is evident, the signal
now consists mostly of frequencies within 0 - 300 Hz, as
frequencies outside this range has negligible amplitude in
Fig. 4.

Because the frequencies of the signals were low com-
pared to the sampling rate, downsampling after applying
a FIR low-pass filter (decimation) was performed without
noticeable distortion of the signals. The signals were down-
sampled to a sampling frequency of 400 Hz, resulting in a
frequency range f ∈ 〈0, 200〉 depicted in Fig. 5, according
to the Nyquist-Shannon sampling theorem.
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Fig. 4: The FFT of the signal from #4 after removing its IMFs
of high and low frequencies

2.3 Making and plotting EEG band signals
Firstly, FFT was performed on the signals to see if valuable
information about the frequency bands could be extracted.
However, as seen in Fig. 5, reading information from the
figure is difficult, as signals contain too many frequency
components. To see if including the time aspect of the
signals could provide more valuable information, the STFT
of each signal was plotted, which can be seen in Fig. 6b,
Fig. 7b, Fig. 8b and Fig. 9b in the appendix. Sum of emitted
bursts from neurons for a short period of time are probably
seen in the plots. It was further investigated if the signals
could be further broken down into their components to see
how much energy was contained in each EEG band for all
of the signals.

EEMD analysis was performed on all signals to split
them into IMFs with higher resolution than EMD, and the
energy of each IMF was again investigated by PSD. This is
seen in Fig. 6a, Fig. 7a, Fig. 8a and Fig. 9a in the appendix.
IMFs were then added together into the EEG frequency
band signals according to a similar minmum energy rule
as previously used in the EMD filtering. The EEMD-energy
method for reconstructing EEG band signals is summarized
below:

1: Initialize EEG band signals to zero-valued signals
2: Perform EEMD in the signal, resulting in IMFs
3: for each of the EEG bands in TABLE 1 do
4: for each of the IMFs do
5: if 70 % or more of the IMF’s total energy calcu-

lated by PSD is inside the EEG band then
6: Add IMF to EEG band signal
7: end if
8: end for
9: end for

This method resulted in some EEG band signals to be
empty. Most of the features extracted were in the beta and
gamma band.

The EEG band components of the signals as well as their
energy could then be analyzed, as presented in Fig. 6c, Fig.

Fig. 5: The FFT of the pre-processed signal from #4.

7c, Fig. 8c and Fig. 9c in the appendix.
PSD on each raw signal was calculated as seen in Fig.

10 in the appendix. The trend is a clear shift in energy in
frequencies towards higher frequencies. Most of the energy
in measurement #1 is found at low frequencies. Later, in
measurement #3 and #4, the dominant energy of the signals
are at higher frequencies.

The band energies calculated from PSD on the full raw
signals are visualized in Fig. 11 in the appendix. Finally, the
energy of the pre-processed signals calculated from the time
domain are plotted in Fig. 12 in the appendix. The plots
reveal trends in the energy of the frequency bands, most
notably a decline in the beta band energy over time, and a
peak in the gamma band energy at measurement #3.

3 DISCUSSION OF THE RESULTS

3.1 Analyzing the signals separately
By comparing Fig. 6b and Fig. 6c, we can see at what time
certain frequency band oscillations occurred in the signal
from measurement #1. It is evident that there is strong alpha
and beta activity during the first 200 samples (0.25 seconds).
The strong activity starting at around 400 samples (1 second)
is beta activity.

The signal from measurement #2 contains long periods
of activity in the alpha and beta bands, as is evident from
both Fig. 7b and Fig. 7a. However, Fig. 7c does not indicate
activity in the alpha band. This is because a high-energy
IMF was characterized right in between the alpha and
beta frequency band, and was therefore dropped by both
bands. This is a weakness of our method, which requires the
separated IMFs to fall mostly into one band. Nevertheless,
high beta activity was seen in Fig. 7c.

There was a lot of energy in the gamma band for the
signal from measurement #3. From Fig. 8b, high-energy
signals in the gamma band appear to show up frequently,
most notably at around 400 samples (1 second).

The STFT seen in Fig. 9b of the signal from measurement
#4 does not show as clear activity patterns as the other
signals. However, as seen in Fig. 9c there still seems to be
activity in both the beta band and gamma band.
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3.2 Energy analysis

From the sample energy plots, there are three dominant
features regarding energy in and outside the EEG frequency
bands.

1) Energy increase at f > 120 Hz: From Fig. 11a,
it is observed that the sample energy outside the
EEG bands have clearly increased over the four
experiments.

2) Energy decrease in the beta band, f ∈ [13, 30〉:
Discarding this trend in order to look on the other
bands by zooming in on the other bands, Fig. 11b
reveals dominant energy in the gamma and beta
bands. Similar to Fig. 11b, the reconstructed EEG
band signals also show a decrease in sample energy
in the beta band Fig. 12a, which is displayed more
clearly in the zoomed in version in Fig. 12b.

3) Energy peak in the gamma band f ∈ [30, 120〉 in
measurement #3: Both Fig. 11b and Fig. 12a show a
peak in the third measurement.

The energy decrease in the beta band is perhaps the
most interesting result when we try to connect established
theory about the EEG bands to the mixture of ”substantia
nigra pars compacta” (SNc, also known as the A9 group)
mDA neurons that we assume are most of the dopaminergic
neurons in the culture (other cells or neurons probably exist
in the culture too).

[13] reports that beta-oscillatory activity in the subtha-
lamic nucleus (STN) is dramatically increased in Parkin-
son’s disease (PD) and that it may interfere with move-
ment execution. From LFP, SUA and MUA microelectrode
recordings from functional surgery onto the STN of 14
Parkinson’s patients, they measured a significant positive
correlation between the incidence of oscillatory neurons and
the patients benefit from dopaminergic medications, and
that dopaminergic medications decrease beta activity.

[14] reports a reduction in low frequency activity f < 30
Hz from LFPs recorded with micro- and macroelectrode
arrays after neurosurgery and treatment with the dopamine
precursor levodopa on four PD patients. The dopamine
treatment resulted in a new peak at 70 Hz in the power
spectrum from STN and GPi (globus pallidus interna). The
author interpretes this results as a change in significant
energies from laying in the beta band to laying in the gamma
band.

[15] also reported beta band synchronized high fre-
quency oscillations (syncronized HFOs) (this time in 15−30
Hz) from LFP recordings from micro- and macroelectrode
arrays on STN on 14 PD patients. They also reported that,
to some degree, active movement suppressed synchronized
HFOs in the STN, and that dopamine medication reduced
HFO synchrony.

[16] recorded both EEG, Electromyography (EMG) and
LFP from macroelectrodes (STNME LFPs) on ten PD pa-
tients, revealing a presence of coherence between EEG and
STNME LFPs in both beta and gamma band.

[18] propose that the levels of beta oscillations provide
a measure of the likelihood that a new voluntary action will
need to be actuated, and that loss of dopamine as in PD
annuls this function.

Naturally, [13], [14], [15], [16] also try to relate their
results to movement. The author’s impression on beta ac-
tivity and movement, is that synchronized activity in the
beta bend suppresses cognitive movement abilities. Since
degeneration of mDA neurons are found to relate to PD
[1], it could be possible that these neurons are related to
suppressed synchronized activity (de-synchronization) (or
low power) in the beta band.

Our observations show a decrease in energy in the beta
band. If the number of mDA neurons were proven to have
grown in number over the experiments, the above references
could probably relate to this energy result.

We propose that the spike in gamma band energy at
measurement #3 could have one of or a combination of the
following reasons:

1) There might be no stimulation in measurement #1
and/or #4. File names and configuration files from
the MultiChannel Analyzer lab software indicates
stimulation, but no evidence of stimulation was
found when looking manually at the raw signals.
Additionally, there was no identification of stimula-
tion in the configuration file from the MCS Analyzer
for measurement #4. [9] reports that chronic bi-
phasic stimulation on hippocampal rat neurons in
a MEA culture increased oscillatory activity pri-
marily in the theta (4 − 11 Hz) and slow gamma
(30 − 55 Hz) bands. Perhaps there is a correlation
between stimulation and gamma activity. It also
seems that measurement #1 might have a similar
error, where no stimulation was used. [17] reports a
connection between light-driven activation of fast-
spiking interneurons and gamma activity from in-
vivo recordings on mice.

2) The frequency spectrum (PSD) continues to shift to
the right with respect to the percentage of its energy
in the gamma band. It could lead to less sample
energy in the gamma band, because increasingly
more of the total sample energy shifts to higher
frequencies than 120 Hz.

3) There could simply be little activity in the gamma
band region during the two second measurement
in the signal from measurement 4. As seen in Fig.
8b, measurement 3 has a lot of gamma activity
during a short period at around 1 second, whereas
measurement 4 might not have had a comparable
random activation in the gamma band.

4 CONCLUSION AND FURTHER WORK

With energy measurements from PSD of EMD and EEMD
IMF filtering, we have found indications that beta band
energies decreased in the culture over time. This could be
related to increased production of dopaminergic neuronal
cells in the culture over time, if this is the case of the
development of the culture.

Unlike the stable decrease in beta energy, varying
gamma energies was observed. This could be related to the
periodic stimulation, that seems to not be happening during
the first and last measurements.

STFT indicates that some spontaneous activity within
beta and gamma band occurred, and that such small burst
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events take major part of the respective band energies by
looking at their significant amplitudes. More burst events
would probably be detected if longer duration signals, and
more signals were analyzed. They can happen quite sponta-
neously.

Lastly, a significant energy increase outside the EEG
bands was observed. This indicates that the majority of
energies in electrophysiological extracellular MEA measure-
ments are not within the frequency constraints EEG bands.

Further research could be more thorough investigation
of the beta and gamma band energies over longer dura-
tions of time, and on multiple electrodes. Using the Morlet
Wavelet in CWT could possibly enhance gamma features
indicated in STFT. Another research topic is to further
investigate the cause of the increased power outside EEG
bands, and if they are related to activity within EEG bands.
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5 APPENDIX

(a) EEMD of the signal from measurement #1.

(b) STFT of the signal from measurement #1.
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(c) EEG bands from measurement #1. An IMF is said to belong to a band if 70 % or more of its energy belongs to the band. The
legend shows which IMFs were used to reconstruct the EEG band signals. The percentages of total energy of EEG band signals
falling within its band calculated using PSD, are also displayed.

Fig. 6
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(a) EEMD of the signal from measurement #2.

(b) STFT of the signal from measurement #2.
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(c) EEG bands from measurement #2. An IMF is said to belong to a band if 70 % or more of its energy belongs to the band. The
legend shows which IMFs were used to reconstruct the EEG band signals. The percentages of total energy of EEG band signals
falling within its band calculated using PSD, are also displayed.

Fig. 7
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(a) EEMD of the signal from measurement #3.

(b) STFT of the signal from measurement #3.
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(c) EEG bands from measurement #3. An IMF is said to belong to a band if 70 % or more of its energy belongs to the band. The
legend shows which IMFs were used to reconstruct the EEG band signals. The percentages of total energy of EEG band signals
falling within its band calculated using PSD, are also displayed.

Fig. 8
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(a) EEMD of the signal from measurement #4.

(b) STFT of the signal from measurement #4.
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(c) EEG bands from measurement #4. An IMF is said to belong to a band if 70 % or more of its energy belongs to the band.

Fig. 9
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(a) Measurement #1. (b) Measurement #2.

(c) Measurement #3. (d) Measurement #4.

Fig. 10: Power Spectral Density of the signal measured at electrode 47. A shift of energy from low frequencies in the first
measurements to higher frequencies in the last measurements can be seen.



EXAM IN TTK7 ADAPTIVE DATA ANALYSIS, MARTA MOLINAS. 16

(a) The energy in the EEG frequency bands in the raw signal.

(b) The frequency bands of delta to gamma (0 - 120 Hz) seen more clearly by zooming in.

Fig. 11: The energy of the EEG frequency bands of the raw signals are calculated by PSD. The trend of decreasing gamma
and beta intensity is seen.
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(a) The energy in the EEG frequency bands.

(b) The frequency bands of delta to gamma (0 - 120 Hz) seen more clearly by zooming in.

Fig. 12: The energy in the EEG frequency bands after EMD band-pass filtering, low-pass filtering and downsampling
(decimating), and then finnaly sorting EEMD IMFs into the various EEG frequency bands.
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