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Abstract
The past 10 years have seen a rapid development of neurophysiological technology,
which now enables researchers to detect neural activity from thousands of distinct
cells with very high resolution and frame rates. To analyse the large amounts of raw
data these devices produce, so-called spike-sorting algorithms have been designed;
algorithms which detect distinct events (spikes), localise them spatially, and sort them
according to the cell of their origin. To evaluate the correctness of these algorithms, a
ground-truth dataset needs to be obtained, which contains a well-validated recording
of an activity of a single cell in the proximity of the device.

Such ground-truth recording by Neto et al. [2016] has been used in this project to
validate a spike detection algorithm by Muthmann et al. [2015] and a spike sorting
algorithm by Hilgen et al. [2017]. Bayesian Optimisation was introduced as a means
to bypass human factor in parameter tuning of these algorithms. Using the optimal pa-
rameters, the detection algorithm performed a perfect detection. The sorting algorithm
has been validated, and although a sub-optimal performance was observed, the cause
of this imperfect performance was identified, validating the implementation even fur-
ther. These promising results present a strong case for using Bayesian Optimisation
as a standard framework to both bypass the human factor and validate correctness of
performance in the domain of spike sorting.



4

Acknowledgements

I would like to thank my parents, Eva and Tomáš, for their unceasing encouragement,
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Chapter 1

Introduction

The ability ’to film what is going on inside my head’ has traditionally been attributed to
the realm of science fiction cinematography (John Malkovich!). However, with the lat-
est advancements in the field of electrophysiology, this concept is gradually becoming
less fiction and increasingly more science! High-density micro-electrode array (MEA)
chips based on the CMOS technology, commonly found in high-end video cameras, are
the latest step in the rapid hardware evolution of electrophysiological probes. The pur-
pose of these devices is to record weak electric activity between the cells of the nervous
systems (i.e. record neurons extracellularly), either “in a Petri dish” using extracted tis-
sue preparations (in-vitro) or directly inside a living organism (in-vivo). With the latest
models of high-resolution MEA probes featuring 1000s of recording sites (also called
channels) and each channel sampling voltage with rates greater than 10kHz, the band-
width of these recordings easily exceeds orders of GigaBytes per minute. Because of
this, fast, scalable algorithms, which can extract meaningful information from these
large streams of raw data, a task dubbed ’spike sorting’, are needed.

Figure 1.1: The output of a spike sorting algorithm overlaid on a confocal image of
neural tissue (dark blue and green). The algorithm clusters and localises detected
events (colourful dots). Notice the correspondence of cluster centres to the cell bodies
(annotated with circles). Axes are in probe coordinates. [Figure by: Hilgen et al., 2017]
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8 Chapter 1. Introduction

Due to the microscopic dimensions of the recording sites (µm), short timespans of ob-
served events (10−1ms) and generally high volumes of data, the evaluation of spike
sorting algorithms in terms of correctness is a non-trivial task requiring insight into
the electrical activity of the neural tissue. This poses a paradox: How can we validate
tools which record neural activity if in order to do so, we need an insight into the very
neural activity we are recording? A so-called ground-truth paired recording has to be
obtained, which simultaneously records the activity of a single neural cell in the prox-
imity of the MEA using a different, well-validated technique. Paired recordings have
proven invaluable for validation of the previous generation of low-resolution electro-
physiological probes [e.g. Wehr et al., 1999, Harris et al., 2000], but in the 15 years
since the invention of MEA, the first and only paired ground-truth recording has been
produced only months before the start of this project [Neto et al., 2016] (discussed in
detail in Section 2.4). For the first time, it is therefore possible to validate spike sorting
algorithms for in-vivo MEA data automatically.

In light of this recent development, the objectives of this project are two-fold:

• First, to adapt a set of algorithms designed by Muthmann et al. [2015] and Hilgen
et al. [2017] so that they can be used with the paired data by Neto et al. [2016].

• Second, to design a framework for evaluating the correctness of spike-sorting
algorithms and then use it to validate the aforementioned algorithms using the
ground-truth paired recordings.

1.1 Work carried out in this project

The focus of Part 1 of the project was to adapt the existing algorithms to the ground-
truth data. The following contributions have been made last academic year:

• Created tools to reformat paired ground-truth datasets to industry standards, in-
creasing memory efficiency of subsequent data reads.

• Modified existing detection algorithms on a theoretical level and then imple-
mented the changes in the existing C++11 code.

• Attempted to validate the modified algorithms against the paired ground-truth
datasets.

The pipeline of the spike sorting toolkit was ready for validation, however, I could
not relate the ground-truth recording to the MEA probe data. Upon manual inspec-
tion, it transpired that some neural activity is simply not recorded by the MEA. I have
proposed a few hypotheses for this condition, but was not able to prove any of them
conclusively. In a particularly passionate moment of the Discussion chapter of my
last year’s report, I therefore exclaimed: ’Is it then even possible to achieve satisfac-
tory performance, where the algorithm would recall all (> 99.5%) [neural activity]?’
[Horváth, 2017]



1.1. Work carried out in this project 9

The focus of Part 2 of the project, carried out this year, was to find an answer to that
question. The original scope of the project was only concerned with implementing a
solution, where after choosing suitable parameters for the detection and sorting algo-
rithms, it could be shown that all ground-truth events are detected and sorted correctly.
This has been implemented successfully. However the success of this method relied
heavily on manual parameter tuning, and was hence reliant on the experience of the
researcher (and often a bit of luck). To mitigate the human factor, I have introduced the
idea of Bayesian Parameter Optimisation and integrated it with the algorithms. There-
fore, not only the correctness of the algorithms can now be determined objectively, also
the optimal configuration of parameters for that particular set of data can be obtained
automatically.

In summary, the following contributions have been made this academic year:

• Performed a detailed analysis of the paired datasets by Neto et al. [2016] trying
to address the challenges of Part 1 of this project.

• Designed a theoretical framework for validation and parameter optimisation of
the spike sorting algorithms.

• Implemented multi-threaded evaluation methods for the detection algorithm in
Python & implemented the parameter optimisation framework using the scikit-
optimize Python library.

• Validated both the detection algorithm by Muthmann et al. [2015] and the sorting
algorithm by Hilgen et al. [2017].





Chapter 2

Background

2.1 The field of Electrophysiology

To thoroughly record the inner workings of the human brain has always been the holy
grail of electrophysiology. Since its inception, 150 years ago [Bernstein, 1868], elec-
trophysiology closely followed the evolution of microelectronics, always finding a use
for the latest, smallest circuitry. The 1950s saw the first attempts of an in-vivo record-
ing of an arbitrary neural brain cell using a single microelectrode [Dowben and Rose,
1953]. Then, the precision of recording increased dramatically when Sakmann and
Neher [1984] introduced their Nobel-prize winning patch clamp technique for record-
ing individual ionic channels of a cell in-vitro. Next came the tetrode, which combined
four electrodes approximately 30µm in diameter into one probe and was able to record
multiple cells extracellularly by detecting voltage in the space between the cells (i.e.
field potential in the synapse) [Recce, 1989]. Having been thoroughly validated [e.g.
Wehr et al., 1999, Henze et al., 2000], the tetrode has become the golden standard in
electrophysiology in the late 1990s and is being used in almost every neurophysiolog-
ical laboratory around the world to this day.

The invention of the microelectrode array (MEA), the latest step in this rapid hardware
evolution, has triggered an explosive growth in the number of recording sites. Using
the complementary metal-oxid semiconductor (CMOS) technology, commonly found
in high-end cameras, even the very first designs were able to record from hundreds of
sites simultaneously [Eversmann et al., 2003]. In-vitro, this number quickly grew to
thousands of electrodes at sampling rate 7kHz [Berdondini et al., 2005], and continues
to grow both in terms of the sampling rates: 18kHz on 4K active electrodes [Ruther
and Paul, 2015] and in terms of the numbers of electrodes: 60K multiplexed electrodes
at 10kHz [Dragas et al., 2017].

The in-vivo probes follow this development with the latest designs by the European
NeuroSeeker research group comprising of 1.4K electrodes with 7.5kHz sampling rate
[Raducanu et al., 2017], and the US counterpart, the NeuroPixel probe, with 1K elec-
trodes and a thinner diameter [Jun et al., 2017]. Although the CMOS technology has
shrunk the circuitry significantly, allowing in-vivo probes to include the amplification,
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12 Chapter 2. Background

digitisation, and multiplexing on the probe itself, it is still the case that one output con-
nection is required for each recording site. This poses a significant challenge for the
design of in-vivo probes which, contrary to their in-vitro counterparts, have to minimise
tissue damage of the surrounding cells, which constrains the dimensions and prohibits
the scaling of these devices (Figure 2.1). A potential solution to scaling of in-vivo
probes is currently under discussion. One approach, suggested by the NeuroSeeker
team in a preprint released less then a month before the submission of this project,
is to not record from every electrode, but dynamically multiplex which electrodes are
recorded from instead [Unpublished Dimitriadis et al., 2018].

Looking into the future, some claim the number of recorded cells will keep growing
exponentially for at least the next two decades [Stevenson and Kording, 2011], and
some are more cautious, e.g. Marblestone et al. [2013] who in their sobering review
remind of the limits of the elementary physics we are getting close to with the current
designs. However, both the optimists and the sceptics agree that the holy grail, to
thoroughly record the inner workings of the human brain, is not even in reach.

Figure 2.1: A detailed look at the in-vivo NeuroPixel probe. Right to left: The headstage
with a flex cable and a PC interface. The CMOS element containing circuits for ampli-
fication, digitisation and multiplexing. A high-level schema of the tip of the shank with
individual recording sites. Signal sampled at four neighbouring channels. A detailed ex-
amination of signal from a single channel showing three distinct spiking events. Images
of hardware components by Steinmetz et al. [2018]
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2.2 Spike sorting toolkits

Sampling from even modest MEA devices, e.g. ∼ 1K channels, with 12-bit resolution,
at ∼ 10kHz already results in bandwidths in orders of GigaBytes per minute. A number
which is only going to increase as the hardware improves. This creates a need for
highly scalable software that would be capable of handling and extracting meaningful
information from such volumes of data. The relevant information is encoded in a form
of sudden bursts (spikes) in voltage level (Figure 2.1) which correspond to a neuron
transmitting a signal. From the biological standpoint, it has been shown that each
neuron has a different voltage ’footprint’: its spikes have a distinct shape compared
to spikes produced by other neurons [Gold et al., 2006], and that sequences of these
spikes can be propagated through whole networks of neurons in the brain [Diesmann
et al., 1999]. The occurrence of these events is sparse: e.g. in the auditory cortex part
of the brain, Hromádka et al. [2008] have observed that the rate of relevant information
can be up to 1000 times smaller than the rate of recording.

The task is then to design a software, which will first detect the spike events and then
attribute each event to a specific cell in a process called sorting. Without going into
too much detail, the main approaches to spike sorting can be broadly categorised into
two groups:

• Template based. Where the algorithm first extracts [Prentice et al., 2011], or
learns [Pachitariu et al., 2016] templates of spike shapes and then scans the raw
data, detects events, and assigns them to a particular cell using some similarity
measures.

• Threshold based. In this approach, the algorithm detects deviations from the
baseline signal values by (dynamically) setting a threshold value. Threshold
crossings are then identified as events [e.g. Muthmann et al., 2015, Rossant
et al., 2016, Chung et al., 2017]. The next step is to then cluster the events
based on their spatial and waveform properties, where each cluster corresponds
to a single cell. The variation between the methods comes in their approach
to clustering, where some use well-established algorithms [Hilgen et al., 2017,
Shoham et al., 2003], some invent their own [Quiroga et al., 2004, Chung et al.,
2017] and some generate templates from the clusters and perform additional
template based sorting [Yger et al., 2016]. Notably, Kim and Kim [2000] used
the results of clustering to train a supervised (artificial) neural network classifier
(radial basis function network) which could then sort spikes recorded by a single
electrode with above average accuracy.

The sorted events are then fed into the last stage of the pipeline, the visualisation
framework, which is then used by a neurobiologist in their research.
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2.3 Validation of spike sorting toolkits

When choosing between the spike sorting algorithms, it might be desirable to bench-
mark them in terms of speed or accuracy. However to prove the correctness of a spike
sorting algorithm, independently recorded data from the same area (i.e. ground-truth
data) needs to be paired with the recording; a surprisingly challenging task. Figure
2.1 serves as a reminder that even to obtain one in-vivo MEA recording, we already
have to operate on a microscopic scale, at high frequencies and with limited physical
accessibility. Nevertheless, it can still be surprising that in the 15 years since the in-
vention of MEA, the first and only paired ground-truth recording has been produced
only very recently [Neto et al., 2016] (discussed in detail in Section 2.4). For the first
time, it is therefore possible to validate spike sorting algorithms for in-vivo MEA data
automatically.

A note on ’automation’: The field of neurophysiology is in a peculiar state, where
years after the introduction of the first MEA, “most laboratories still rely on manual
intervention [for spike sorting]” [page 2. Chung et al., 2017], whether it is the exten-
sive manual parameter tuning, or the semi-automatic sorting algorithms, where human
intervention is part of the design of the sorting process (e.g. manually choosing which
clusters to merge). This practice is prevalent even after it transpired that human per-
formance in spike sorting is not consistent [Harris et al., 2000, Pedreira et al., 2012] or
varies significantly depending on the person [Rossant et al., 2016]. The need for hu-
man intervention in spike sorting is introduced due to the lack of ground-truth data, as
the accuracy of the algorithms cannot be properly benchmarked on real data, nor can
these algorithms be properly optimised. However, in order to validate spike sorting
algorithms using ground-truth data, it is essential to remove the human factor from the
procedure to ensure correctness and reproducibility.

In the absence of paired ground-truth recording, algorithms are being validated against
synthetic data. The data can be either derived analytically by modelling signal for
each channel (e.g. triangle waveform with Gaussian white noise [Biffi et al., 2010]),
by modelling the spiking activity of a whole network of neurons [Smith and Mtetwa,
2007], or by modelling individual cells in terms of their specific biological components
using the Neuron simulation software [Maccione et al., 2009] and even injecting an
intracellular recording into the modelled soma [Einevoll et al., 2012]. Alternatively, the
analytically generated data is merged with a recording of an empty probe [Muthmann
et al., 2015] or with the low-frequency fluctuations (LFP) of a recording, creating a
’hybrid dataset’, a term coined by Rossant et al. [2016].

Alternatively, a consensus-based approach to validation has been proposed which does
not require ground-truth data. First, the spike sorting algorithm is rerun multiple times
with slight alternations between the runs. The spikes which always get sorted into
the same cluster (consensus) are assumed to be sorted correctly and a probabilistic
distribution is generated for the rest. This is then repeated multiple times to either
validate the sorting algorithm itself by altering the data [Barnett et al., 2016] or to
optimise the sorting performance by altering the clustering parameters [Fournier et al.,
2016].
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Figure 2.2: The setup designed by Neto et al. [2016]. A. Raw signal from the MEA
probe with low-frequency fluctuations. B. The ground-truth pipette (grey) is recording
from a single cell in the proximity of the MEA probe (black) C. Band-passed raw signal
from the ground-truth electrode. [Figure 3B. by: Neto et al., 2016]

2.4 Data used in this project

To obtain the rare paired dataset, Neto et al. [2016] performed, with extreme precision,
a blind insertion of both the MEA probe and a ground-truth pipette using high-accuracy
mechanical manipulators (Figure 2.2 B). First, the MEA probe, a 128-channel early it-
eration of Neuroseeker [Pothof et al., 2015], is inserted into the hippocampus region of
a mouse’s brain. Each electrode on this probe is 20µm × 20µm wide and the electrodes
are arranged in a 4× 32 layout. Next, the pipette is inserted blindly towards a probe
until it reaches a nearby cell. It is then attached to the membrane of the cell using the
loose-patch technique. Although the scale of this operation is microscopic, Neto et al.
[2016] managed to position the pipette on average only 96µm away from the MEA
(n = 10,min = 29µm,max = 150µm).

Raw signal from the MEA probe was sampled at 30kHz with 16-bit resolution, band-
pass filtered in the frequency range 0.1−7500Hz (Figure 2.2 A). The same sampling
was used for the pipette, but the recording was filtered in the frequency range 300−
8000Hz (Figure 2.2C). The difference in the low-frequency band can be observed in
Figure 2.2, as the significant low-frequency fluctuations present in A. are not present
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in C.

The data was retrieved from the official repository (http://www.kampff-lab.org/validating-
electrodes/). It was then repackaged from the original cumbersome format into the
industry-standard HDF5 and fed into the spike detection and spike sorting algorithms
described in detail in Chapter 3.

2.5 Distance of probe from the ground-truth pipette as
a factor in recordings

At the end of Part 1 of this project, I had to present inconclusive results. The accuracy
of the spike detection algorithm was poor, and manual inspection of the raw data re-
vealed that some ground-truth spikes simply were not present in the MEA recording
[Figure 4.3F, Horváth, 2017]. The hypothesis I proposed was that the distance of the
MEA probe from the ground-truth electrode could be playing a role. The two datasets
used had similar probe-pipette distance of 77.8µm and 78µm. Could this play a role?
Could 78µm be too far away for the MEA to record significant signal extracellularly?

Some research suggests the answer is positive, with the maximum recording distance
found to be 50µm [Henze et al., 2000], 60µm [Somogyvari et al., 2012], and 50µm
in-vitro [Anastassiou et al., 2015], whereas others report recording from up to 100µm
[Henze and Buzsáki, 2007] and even 140µm [Du et al., 2011]. To factor out any in-
fluence of the probe-pipette distance on performance, the recording with the lowest
probe-pipette distance (29µm) was used in this year of the project.

http://www.kampff-lab.org/validating-electrodes/
http://www.kampff-lab.org/validating-electrodes/


Chapter 3

Methodology

3.1 Detection

To detect events from the raw voltage data, a thresholding algorithm with running
baseline designed by Muthmann et al. [2015] was used (the non-interpolated variant).
Frame-by-frame, this algorithm reads the voltage xt at the frame t, updates the variable
baseline values and then uses a threshold derived from the baseline values to determine
whether an event has happened at t (Figure 3.1). Only the event with the highest
amplitude from among neighbouring channels is kept. Lastly, the spatial coordinates
are calculated for that event. This procedure is applied to all channels recorded in a
frame, either in parallel or, as in this project, sequentially channel-by-channel.

Figure 3.1: Three stages of the detection algorithm. A. Variable baseline value b is
computed for every frame t B. An event is detected, when the voltage crosses a thresh-
old value derived from the baseline b. C. Every threshold crossing is checked against
strict criteria, to ensure biological plausibility of the detected events. Some candidates
are rejected. [Figure by: Muthmann et al., 2015]

The variable baseline b is updated dynamically, using the variability estimate v from
the previous frame. The variability estimate is itself updated depending on how much
the signal amplitude xt varies from the current variability estimate (Equation 3.1).

17



18 Chapter 3. Methodology

bt+1 =


bt +

vt
4 xt > bt + vt

bt − vt
2 xt < bt − vt

bt otherwise

vt+1 =


vt +1 xt ∈ [bt − vt ,bt −5vt)

vt −1 xt ∈ [bt ,bt − vt)

vt −1 xt ∈ [bt −6vt ,∞)

vt otherwise

(3.1)

After the baseline is updated, the threshold for event detection is set to bt −θvt , where
θ is a global parameter (Figure 3.1 B). An event is recorded at time t if the following
three criteria are fulfilled:

1. For the next τevent steps there was no larger minimum than the current value

∀t ′, t ′ ∈ (t, t + τevent) : xt ′ ≥ xt (3.2)

2. The spikes repolarises in the next τevent steps (Figure 3.1 C).

∃t ′, t ′ ∈ (t, t + τevent) : xt ′ > θbvt (3.3)

3. Sum of all baseline-subtracted voltages is larger than −θev indicating the event
is wider than τev −1 frames (Figure 3.1 C).

−θev <
t+τev

∑
t ′=t

xt ′ −bt ′ (3.4)

The last step of the detection phase is the localisation of a detected event. Acknowl-
edging the findings of Pettersen et al. [2008] that the electrical potential in the soma
decays approximately quadratically with distance, that is V ∼ 1

r2 where r denotes dis-
tance, Muthmann et al. designed a procedure which can localise events with precision
higher than the channel resolution. The exact spatial coordinates are calculated as a
barycentric average using amplitudes of the neighbouring channels.

The detection phase outputs a two dimensional array of values, where every row rep-
resents one event detected, and columns represent respective event’s timestamp, am-
plitude, its spatial location, the id of a channel on which it was detected, and its spike
shape.

3.2 Sorting

The aim of a spike sorting toolkit is not only to detect events in the stream of raw data
but to attribute these events to specific neural cells. At first glance, it might seem suffi-
cient to group events together based only on the spatial localisation, however, Prentice
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et al. [2011] present a strong case concluding that for spatial-only localisation on large
arrays (such as the MEAs discussed in this report) “there will inevitably be temporal
collisions of spikes from distinct units” [Text & Fig. 2A, p3. Prentice et al., 2011].
Similarly, it might seem sufficient to attribute events to cells purely on the basis of
the shape of the spike since, as stated in Section 2.1, it has been observed that distinct
neurons produce events with unique shapes. However, the authors of the algorithm
used in this project have observed that particularly for channels which record only
weaker signals from multiple remote cells, shape-only sorting often yields incorrect
results [Hilgen et al., 2017]. Under these constraints, spike sorting then becomes a
high-dimensional clustering problem taking both the spatial and waveform properties
of events into account.

The first step of the spike sorting algorithm designed by Hilgen et al. [2017] is to ex-
tract d most dominant waveform features, using principal-component analysis (PCA),
which reduces dimensionality of the data and therefore also computational complexity
of the clustering algorithm. These waveform features are then weighted by a parameter
α which gives the ability to prioritise waveform over spatial information (or vice-versa)
in the event representation.

Figure 3.2: The trajectories of Mean Shift procedures (black lines) shown over a density
estimate plot of a sample dataset. Red dots denote the final cluster centres. [Figure by:
Comaniciu and Meer, 2002]

Lastly the events are clustered together using the MeanShift clustering algorithm [Co-
maniciu and Meer, 2002], which is based on Mean Shift: a mode-seeking procedure
that locates the maxima of a density function defined by the sampled data [Fukunaga
and Hostetler, 1975]. In the context of clustering, the algorithm iteratively moves the
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centre of a proposed cluster into a higher-density region, until convergence. First, mul-
tiple clusters are initialised arbitrarily, requiring only a single parameter, the bandwidth
of a kernel h, which describes the expected ’radius’ or ’width’ of a cluster. The num-
ber of initial clusters depends on the computational resource; one may even initialise
one cluster per spike event. Then, in every subsequent iteration, the cluster centre is
moved by the mean shift vector: a vector between the mean of all the points belonging
to the cluster and the current cluster centre (Figure 3.2). Clusters whose centres are
closer than the bandwidth h are merged together, and the one with the highest density
is chosen. The algorithm converges when mean shift vectors for every cluster are zero
in the given iteration.

The MeanShift clustering algorithm is particularly suitable for spike sorting:

1. Contrary to many other clustering methods, the number of clusters does not have
to be defined in advance. This is crucial, as in spike sorting the exact number of
cells is not know in advance.

2. There is only one parameter, the bandwidth, and even that can be estimated in
advance as it corresponds to ’physical’ width. This makes it suitable for use in a
spike sorting toolkit which aspires to be automatic and hence non-parametric.

3. The algorithm is parallelisable by design, where every Mean Shift procedure
can be run in one thread. Under the hood, the spike sorting toolkit by Hilgen
et al. [2017] uses an implementation of MeanShift clustering from the scikit-
learn library [Pedregosa et al., 2011], which is parallel out of the box.

Once the clustering algorithm converges, all events in a single cluster shall exhibit sim-
ilar waveform and will have occurred at a similar spatial location, which indicates their
common origin from one neuron. Clustered events are then fed into the visualisation
framework, which is where the scope of this project ends and neuroscience research
begins.

Symbol Default value Description

θ 17 Detection threshold

τevent 1ms Maximum depolarisation width

θb 0 Repolarisation threshold

α 0.3 Weight of the waveform component for clustering

h 3 Bandwidth of the MeanShift kernel

d 4 Number of PCs used to describe a spike shape

Table 3.1: Parameters of the spike sorting toolkit used in this project showing default
values, as proposed by Muthmann et al. [2015] and Hilgen et al. [2017].
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3.3 Bayesian Parameter Optimisation

3.3.1 Motivation

Any quantitative neuroscience research must be based on efficient and reproducible
procedures, where only little subjective ’tweaking’ and human intervention is required.
The need for automatic spike sorting procedures have been voiced for a long time
[Abeles and Goldstein, 1977], but reasonable fully automatic implementations have
been proposed only very recently, e.g. the MountainSort toolkit [Chung et al., 2017].

Although the implementation used in this project does still involve manual parameter
setting, the availability of the ground-truth parallel dataset changes the paradigm of
the task. Full automation may be achieved by automating the ’parameter tweaking’
part of the workflow, dubbed hyperparameter optimisation, a subject of significant
interest in the Machine Learning community. Instead of a semi-automatic evaluation
and a manual parameter setting performed by the researcher (Figure 3.3), an automatic
procedure may be used, where the evaluation step is performed automatically using the
ground-truth data and a new, more optimal parameter configuration is chosen by some
policy. In the context of this project, the task then becomes to optimise parameters in
Table 3.1 to maximise the detection and sorting performance.

Figure 3.3: Typical flow of adapting a sorting algorithm to a new set of data. The blue
rectangles represent parts often performed manually by the researcher, who follows an
arbitrary black-box policy to set the parameters.

The problem can be then reframed analytically: let the vector x denote a configuration
of parameters. We run the computationally expensive detection or sorting procedure,
evaluate it using ground-truth data (Figure 3.3) and then obtain a scalar value. Let this
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be denoted by a function f (x), which essentially maps the performance of the algo-
rithm (e.g. missed detections on a specific channel) over the input domain of algorithm
parameters. The goal then becomes to find the arg minimum of f . There are various
strategies to find this minimum. One could search the whole domain of input parame-
ters with coarse granularity, trying out every permutation (the so-called grid search), or
one could even search the input space randomly which, surprisingly, has been shown
to outperform the grid search when optimising hyperparameters for neural networks
[Bergstra and Bengio, 2012]. However, when choosing this strategy, it is important to
realise that every evaluation of f takes a significant amount of computation; hence one
can trade-off more elaborate optimisation algorithm if it leads to fewer evaluations of
f . In this project, a well-known probabilistic approach was taken.

3.3.2 Bayesian optimisation with Gaussian Processes

In essence, Bayesian Optimisation consists of two components:

1. A prior over functions, which describes our beliefs about f . This gives us an
analytical framework to reason about the behaviour of f , i.e. the behaviour of
the performance of the sorting algorithm given some parameters.

2. An acquisition function, which given the posterior, identifies the next point (i.e.
set of parameter values) to evaluate.

The following section outlines the optimisation strategy used in this project. For an in-
depth statistical description and evaluation of Bayesian Optimisation see e.g. [Brochu
et al., 2010].

3.3.2.1 Gaussian Process Prior

A Gaussian process (GP) is a collection of random variables such that every subset of
those variables has a multivariate normal distribution. We can use GPs to approximate
functions if we discretise their input space, which is the case if we allow certain gran-
ularity of our parameter values (e.g. the float datatype with IEEE precision [Kahan,
1996]). GPs are also a good fit for a prior, as joint Gaussians can be marginalised to
then obtain the posterior. In the context of the parameter optimisation, given previous
evaluations fprev one can compute posterior for point xnew which will be a normal dis-
tribution defined by its mean and variance. We then not only get the expected value
for xnew but also a measure of uncertainty of our model (the variance). Formally, given
that we observed fprev for some points xprev, we can reason about the behaviour of f
on previously unseen x∗ in a bayesian way:

p( f∗ | xprev,x∗, fprev) (3.5)

Since we are using GP to describe f , we know f∗ and fprev are jointly Gaussian:(
fprev
f∗

)
∼ N

((
µprev
µ∗

)
,

(
Kprev K∗
KT
∗ K∗∗

))
(3.6)
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where K is a positive definite covariance (or kernel) function, which defines a method
to compare similarity of points in the input space. The Matérn kernel [Matérn, 1986]
was used in this project, since it has been shown to yield more complex functions
(and therefore better approximations) in neural-net hyperparameter optimisation set-
ting [Snoek et al., 2012]. For an exhaustive overview of the inner workings of Gaussian
processes see the definitive book on GP by Rasmussen [2004].

3.3.2.2 Expected Improvement

Given evaluations fprev we can now compute the posterior for any xnew. To choose the
best xnew we need the second component of the Bayesian Optimisation method, the
acquisition function. For this project, the expected improvement function was chosen
[Mockus et al., 1978], as it addresses the Exploration-Exploitation dilemma nicely,
and has been shown to perform well in wide variety of optimisation domains [Wagner
et al., 2010]. The expected improvement is defined as follows:

EI(x) = E [max{0, f (xnew)− f (xbest)] (3.7)

To see the Exploration-Exploitation dynamics, Mockus et al. [1978] evaluate Equation
3.7 analytically under the GP model:

EI(x) =

{
(µnew − fbest)Φ(Z)+σnewφ(Z) σnew > 0
0 σnew = 0

(3.8)

Z =
µnew − fbest

σnew

where φ and Φ denote the PDF and CDF of the multivariate standard normal distri-
bution respectively. From this we can see that EI is high when a) the expected value
of a new candidate µnew is significantly higher then the previous best evaluation, or b)
when the uncertainty (i.e. variance) around the point xnew is high, which corresponds
to exploitation and exploration respectively.

The complete Bayesian Optimisation procedure is therefore as follows:

1. Evaluate f for some random initialisations to obtain fprev.

2. Use all previous observations to update the posterior under the GP model.

3. Find the optimal xnew where xnew = argmax EI(x).

4. Compute f (xnew) and repeat steps 2.− 4. until a stopping criterion is reached.

This procedure has been implemented using the scikit-optimize library [Scikit-
optimize, 2016].
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3.4 Parameter optimisation automatisation

The following section describes the design of the automatised parameter optimisation
of the algorithms by Muthmann et al. [2015] and Hilgen et al. [2017]. These methods
were run on servers hosted by a remote cloud service provider, on machines with 32
CPUs and 60 GB of RAM. In principal, these methods can be run locally, but would
take several days of wall clock time to complete.

3.4.1 Detection

The first two steps of the feedback loop in Figure 3.3 were implemented using Bayesian
Optimisation as described above. For evaluation, a method was created, which takes
the ground-truth spike train, the spike train detected at a certain channel, and its neigh-
bours, and counts how many ground-truth events were detected on the probe (true pos-
itives) and how many were missed (false negatives) for that particular channel and its
neighbours. Since this task is embarrassingly parallel, the implementation can spawn
new threads until it saturates either CPU or RAM. To calculate f (x), it takes the false
negatives count on the most pronounced channel in that recording (usually the channel
closest to the ground-truth pipette):

chpron =arg max(T P[ch]) ∀ch
f (x) =FN[chpron]−θ (3.9)

Regularisation is necessary to avoid a naı̈ve solution, where the threshold is set ex-
tremely low, detecting every noisy deviation as a spike, hence minimising false neg-
atives; a problem usually solved by including false positives in the ’cost’ function.
This regularisation elegantly solves the lack of false positives (since multiple neurons
can be detected on a single channel, definition of false positive is impossible, given
ground-truth from only a single neuron), a problem identified in the first year of this
project [Chapter 4, p19. Horváth, 2017].

3.4.2 Sorting

To evaluate the sorting performance, we count how many of the ground-truth spikes
get sorted into one cluster (true positives), and how many spikes in that cluster are
not found in the ground-truth spiketrain (false positives). Note that in the ideal case,
every cluster corresponds to the activity of one cell only. Hence all ground-truth spikes
should get assigned to one exclusive cluster. We then calculate the function value:

f (x) =−(1+β
2)

p∗ r
pβ2 + r

(3.10)

which corresponds to the Fβ score, where p is precision and r is recall defined as
p = T P

n in cluster and r = T P
n ground truth . The value β = 1 was used.
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Results

The spike detection and sorting algorithms were validated using the 2015 09 03 Cell.9.
0 paired recording from the dataset series published by Neto et al. [2016]. Since this
10 minute recording is obtained from a cell particularly close to the MEA probe, the
signal amplitudes on the MEA are exceptionally high (Table 4.1). The timestamps
of the ground-truth events were extracted from the juxtacellular recording using the
detection algorithm outlined in Section 3.1.

To confirm that all ground-truth spikes originate from the same cell, a simple shape
analysis was performed using the Principal Component Analysis. PCA is an orthog-
onal linear transformation, which projects multi-dimensional data into a new space,
such that the first dimension of this space (the first principal component) describes the
greatest variance in the data. Given a set of spike shapes, each represented as a multi-
dimensional vector of raw voltage values, we can therefore quantify similarity of their
shapes. Figure 4.1 shows, how inadequate values of the detection threshold θ resulted
in detection of spikes with different shape, possibly from a different cell. Therefore, a
stricter detection threshold (θ = 15) has been chosen and the ground-truth channel was
manually inspected to guarantee correctness.

2015 09 03 Cell.9.0

593.2s Duration of recording

29µm MEA-Pipette distance

419µV Average peak-to-peak amplitude on the
MEA channel closest to the pipette

27,1 Coordinates of the most pronounced channel
(row, column)

Table 4.1: Properties of the paired recording used for validation.
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Figure 4.1: The shapes of ground-truth spikes projected into PC space, detected using
two different thresholds θ. The shape of these PC clusters can be described by another
eigenvalue decomposition of their covariance, eigenvectors of which are shown in red.

4.1 Validation of spike detection

To validate the spike detection algorithm the Bayesian Parameter Optimisation proce-
dure was run for 50 iterations, out of which the first 30 were initialised with random
parameters. As defined in Subsection 3.4.1, the procedure was minimising the number
of missed detections, where 0 missed events on the observed channel is considered a
perfect detection. Coincidently, already the first iteration selected such parameters that
the detection missed less events than the value of the threshold θ, hence yielding neg-
ative values of f (x). After the 41st iteration, the procedure converged to the optimal
parameter settings: θ = 196,θb = 17,τevent = 27.

To understand the relationship between the individual parameters, and therefore to un-
derstand how the Bayesian Optimisation procedure found the optimum, the parameter
space was examined in detail (Figure 4.3). Interestingly, the repolarisation threshold
θb was found to have only a small variance in partial dependence, suggesting that
this parameter impacts the overall detection performance only slightly. The partial
dependence of detection threshold is almost linear along the whole domain, which is
consistent with the fact that we use it as a regulariser and hence every change to this
parameter has a small impact on the overall function value. The most interesting of
the three however is the τevent space. This parameter is used to discard events, which
have not depolarised in τevent seconds. The optimisation procedure was therefore able
to discover that events in hippocampus take at least 12 frames (= 0.4ms) to depolarise,
a value corresponding to the findings of biological research.

Using these parameters, the algorithm has performed a perfect detection on the most
pronounced channel (Figure 4.2), and near-perfect detection on neighbouring channels.
Conversely, the far side of the MEA detected only a handful, if any, of these events,
proving that the parameters were strict enough to only detect relevant events.
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Figure 4.2: Missed detections (FNs) of the ground-truth events on MEA probe’s chan-
nels. The most pronounced channel is marked pink. Axes are in probe coordinates.

Figure 4.3: Exploration of the detection parameter space (θ,θb,τevent ). Line-plots on
the diagonal show the impact of the values of the respective parameter on f (x) in a
form of partial dependence plots, a standard measure proposed by Friedman [2001].
The lower triangle then visualises a space defined by pairs of these parameters. Ev-
ery combination evaluated by the optimisation procedure (black point) and the optimal
values found (red) are shown. Figure generated using the scikit-optimize library.
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Figure 4.4: The convergence plot of the Bayesian Optimisation procedure over 150
iterations, minimising the negated F1 score. First 70 iterations are initialised at random.

4.2 Validation of spike sorting

The spikes detected using the optimal parameters were then used to validate the sort-
ing algorithm. The Bayesian Parameter Optimisation procedure was run for 150 iter-
ations, with 70 random initialisations, trying to maximise (or minimise the negation
of) the F1 score (see Subsection 3.4.2), where the perfect sorting (F1 = 1.0) would
group all ground-truth spikes into one exclusive cluster containing no other spikes.
The random initialisations managed to discover two configurations which increased
the performance significantly (Figure 4.4). Afterwards, the procedure improved the
performance only slightly and, surprisingly, converged to a sub-optimal configuration,
with the parameter values: α = 0.0845,h = 0.2810,d = 8. The most surprising is the
α parameter, since such low value effectively means the sorting will not take the shape
properties of the spikes into account, and only sort based upon location.

Detailed examination of the neighbourhood around the most pronounced channel re-
vealed the cause of this sub-optimal performance (Figure 4.5).

Figure 4.5: The neighbourhood of the most pronounced channel with all spikes detected
(green), of which the spikes corresponding to the ground-truth (red), of which clustered
correctly (blue). In yellow, False Positives are shown, which were assigned into the
same cluster, however don’t correspond to any ground truth spike. Both axes show the
probe coordinates.
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Figure 4.6: An overview of various clustering configurations attempted during the opti-
misation procedure. The colours are sampled arbitrarily for every configuration, hence
no correspondence in between configurations can be assumed. Axes are in probe co-
ordinates.

The localisation step, which is performed at the end of the detection phase, has mis-
placed ∼ 10% of the ground truth spikes away from the most-pronounced channel
(Figure 4.5 Red). Given this constraint, the optimisation procedure has converged on
such parameters that only cluster spikes detected on the central channel, which con-
tains the majority of the ground-truth spikes. To achieve such localised clustering, the
procedure had to choose an extremely low value of the parameter α.

This prioritisation of spatial features can be also seen in the parameter configurations
of the intermediate iterations of the optimisation procedure (Figure 4.6). In iteration
120, the priority is placed on clustering by shape (observe the teal cluster), which
only yields an F1 score of 0.478. On the contrary, the iteration 70, where the wide
bandwidth parameter causes spikes to be clustered into big patches based on location,
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Figure 4.7: Detail view of the cluster containing the most ground-truth spikes (16) A.
The 5 nearest clusters are shown in coordinate space i.e. as they are localised on the
MEA probe, with any other spikes filtered out. B. Peak-aligned shapes of all spikes in
the cluster are shown (grey), compared to the mean shape (magenta).

yields significantly higher score of F1 = 0.775.

Despite the mis-localised spikes and the resulting unusual parameter configuration
chosen by the optimisation procedure, the sorting algorithm has yielded a very plausi-
ble result. The clusters in the neighbourhood are well separated (Figure 4.7A) and the
spikes in the cluster containing the most ground-truth spikes have a very pronounced
shape (Figure 4.7B). Finally, both the amplitude and voltage of the mean shape of the
spikes in the ground-truth cluster correspond to the findings presented by Neto et al.
[2016].
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Discussion

Over the two years, the goals of this project have been accomplished successfully. The
spike sorting toolkit has been analysed and adapted to be able to process the format
of the novel paired recording datasets by Neto et al. [2016]. The performance of the
detection and sorting algorithms has been analysed in depth and their correctness has
been validated. What is more, an automated framework has been devised, such that any
paired recording can be now used not only for validation of these algorithms but also
for a fully-automatic parameter optimisation. This framework is implemented as a sin-
gle, easy-to-use Python class, which is compatible with the latest iteration of the detec-
tion and sorting algorithms. The implementation takes three inputs: a path to a dataset
with raw MEA data, a path to the ground-truth spiketrain file (effectively a list of
timestamps) and a dictionary of parameter domains to be optimised over. The optimal
parameter configurations for both detection and sorting are then returned. Therefore,
the research community using these algorithms can now both easily obtain a guarantee
of correctness of their electrophysiological results, and save considerable amounts of
time by not having to perform tedious manual parameter search.

Validation of spike detection
A perfect detection has been achieved on the MEA data, with a surprisingly high
threshold. It is therefore reasonable to assume that the detection algorithm could
achieve similar correctness even for data with significantly lower amplitudes (e.g.
recorded cells which are further away). Three out of five parameters of the detec-
tion algorithm were optimised. Inspecting the partial dependence of each, it has been
observed that the θb parameter does not influence the detection performance signif-
icantly. This shows that the Bayesian Optimisation framework implemented in this
project can also be used to gain invaluable insight into the design of spike detection
algorithms, namely it can untangle the often complex interaction between individual
parameters.

Localisation error revealed
During the evaluation of the sorting algorithm, a bug in the intermediate localisation
step was discovered, where after detection, the spikes are incorrectly assigned to mul-
tiple locations. Although this obstructed any conclusive validation of the sorting per-
formance, in a sense, it fulfils the validation objective of this project even more than
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a perfect performance. Due to the high volumes of data involved in spike sorting,
such accidental implementation mistakes are very difficult to spot without ground-truth
data, especially since manual inspections (e.g. Figure 4.7) would show very plausible
results. Bayesian Optimisation framework can therefore be used not only to evaluate
performance, but also to aid development of spike sorting toolkits.

Validation of spike sorting
Apropos plausible results, even given such constraint as misplaced spikes (or in the
future maybe an extremely noisy dataset), the optimisation framework was still able
to find such parameters which included ∼ 77% of the ground-truth spikes. It should
be noted that these were very unusual parameters, which would very likely be never
chosen by a human. Although the correctness of spike sorting algorithm could not
be validated conclusively, the detailed inspection of its various modes of performance
(Figure 4.6) shows that the algorithm is capable of prioritising either spatial or wave-
form properties of spikes, or balancing both.

Automation via Bayesian Optimisation
Lastly, this project has shown that Bayesian Optimisation is suitable for optimising
spike sorting algorithms. Although the implementation of this project focused specif-
ically on algorithms by Muthmann et al. [2015], Hilgen et al. [2017], the theoretical
framework could be applied to any spike sorting algorithm to not only validate its
performance but to transform it into a fully automated spike sorting toolkit.

5.1 Future work in the field

Automation of existing spike sorting toolkits (e.g. using Bayesian Optimisation) and
the emergence of new automated toolkits in the near future will enable independent
benchmarks to be constructed. Benchmarks, which will evaluate and compare the
performance and correctness in plethora of situations, and will eventually lead to thor-
ough validation of every spike sorting toolkit. However, in order to construct such
benchmarks, many more paired ground-truth datasets have to be recorded. It is en-
couraging to see recent development in this area: only two weeks before the submis-
sion of this project, Yger et al. [2018] published a set of 20 paired recordings, using
a near-identical setup to Neto et al. [2016] but with a MEA probe with twice as many
recording channels.

To lay solid foundations for fully understanding how the human brain works, the cur-
rent undesirable state where “most laboratories still rely on manual intervention”
[page 2. Chung et al., 2017] needs to be resolved. Automated validation procedures
are a step in that direction. A step in the direction of reliable and reproducible neuro-
physiological research.
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expected-improvement criteria for model-based multi-objective optimization. In In-
ternational Conference on Parallel Problem Solving from Nature, pages 718–727.
Springer, 2010.

Michael Wehr, John S Pezaris, and Maneesh Sahani. Simultaneous paired intracellular
and tetrode recordings for evaluating the performance of spike sorting algorithms.
Neurocomputing, 26:1061–1068, 1999.

Pierre Yger, Giulia LB Spampinato, Elric Esposito, Baptiste Lefebvre, Stephane Deny,
Christophe Gardella, Marcel Stimberg, Florian Jetter, Guenther Zeck, Serge Picaud,
et al. Fast and accurate spike sorting in vitro and in vivo for up to thousands of
electrodes. bioRxiv, page 067843, 2016.

Pierre Yger, Giulia LB Spampinato, Elric Esposito, Baptiste Lefebvre, Stéphane Deny,
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