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A B S T R A C T

Recent progress in recording techniques now allows researchers to record
from hundreds and even thousands of neurons simultaneously. New, scal-
able methods need to be developed to handle such large data sets. Ideally
these methods should not only analyse the multi-dimensional data, but also
provide results which could be interpreted by the brain.

One key problem in neuronal data analysis is to identify neuronal assem-
blies i. e. groups of neurons displaying coordinated neuronal activity. Cur-
rently available methods either search for assemblies whose neurons partici-
pate in repeated spike sequences or search for assemblies whose neurons dis-
play similar firing rate modulations. In this thesis, I present two approaches
to the search for neuronal assemblies.

I investigate whether a spiking neural network equipped with biologically
plausible synaptic learning rules can provide a biologically interpretable way
of finding repeating spike patterns in neuronal data. Due to the similarities
between spiking neural networks to how brains function, this might be very
close to how the brain itself detects such repeated activity.

Furthermore, I present neural topic modelling – a new data analysis method
for large neuronal data sets. Based on a machine learning method from text
mining, neural topic modelling is scalable and produces interpretable re-
sults. By including multiple features of neuronal spike trains and even other
data types such as local field potentials into the analysis, I can expand the
definition of neuronal assemblies to any type of neuronal activity features
which are co-modulated. The application of neural topic modelling to neu-
ronal recordings reveals interactions between features of neuronal activity
which have previously not been identified.

Since both approaches are biologically plausible, the results from both
methods can be used to generate hypotheses about how the brain processes
information and may reveal hitherto unknown information processing path-
ways.
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1
G E N E R A L I N T R O D U C T I O N

The core motivation of this thesis is to gain an understanding of what is
going on inside our brains. In particular, I am interested in understanding
how animals (including humans) are able to display such a vast amount of
behaviours and cognitive abilities and how their brains manage such incred-
ible complexities.

Before I get into the specifics of the research conducted for this thesis, I
want to zoom out and place this work into the context of neuroscientific
research to date.

1.1 (neuro)science – a brief (and exaggerated) history of an

ongoing process

Understanding the brain is like a very, very large puzzle, in which some
pieces are missing, many are redundant and the motive is so complex that it
is not always obvious whether a piece actually fits or not.

To the first people dissecting animals, the brain must have seemed like
any other tissue in the body - complex and layered, but ultimately silent.
It wouldn’t be until the eighteenth century until it was discovered that the
nervous system could elicit electrical signals.

So some researchers thought “Is it possible to record activity from a neu-
ron?”. To investigate, they stuck wires into the brain.

It must have been an exciting day when those researchers found out that
electrodes were able to record the electrical impulses sent out by neurons in
the brain (Renshaw et al., 1940). They not only could record these signals,
but also note down their timings to try to figure out their meaning. Sure
enough, they soon found that the activity of individual neurons reflected
part of the experience of the animal or one aspect of their outside world e. g.
moving objects in their field of view (Hubel and Wiesel, 1961). With this
piece of information, the first puzzle piece had been laid out. Hundreds of
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researchers turned their gaze towards the study of individual neurons to un-
derstand the brain and to uncover the intricate computations single neurons
are capable of. Everything pointed into the same direction: the neuron is the
information processing unit of the brain! It was clear that understanding
the behaviour of individual neurons would allow researchers to understand
the brain.

So they thought: “If only we could record more neurons!”. To investigate,
they came up with tetrodes and recorded from up to ten neurons at the same
time (Marg and Adams, 1967).

Fascinatingly, the timings of spikes from different neurons were some-
times coordinated at millisecond precision one after the other, like clockwork
(Abeles and Gerstein, 1988). This neuronal behaviour would often occur in
response to some event in the outside world. More puzzle pieces were be-
ing added one at a time. This was an exciting new direction: not individual
neurons, but multiple neurons involved in spike sequences are the infor-
mation processing unit of the brain! It was clear that understanding the
precise coordination of spikes would allow researchers to understand the
brain.

So they thought: “If only we could record more neurons!”. To investigate,
they came up with electrode arrays and recorded from 50-150 neurons at a
time (Jones et al., 1992).

Researchers found that those precise spike sequences could be much larger
than initially thought - sequences of up to 100 spikes were not uncommon
(Torre, Quaglio, Denker, Brochier, Riehle and Grün, 2016). At the same time,
neurons also responded to external stimulation with coordinated raising
and lowering of their firing rates. These findings of coordinated activity
of these groups of neurons replaced some of the older puzzle pieces, but
it was much less clear how the new pieces fit together in the bigger pic-
ture. Now there were multiple directions: not only neurons participating in
spike sequences, but also groups of neurons with similar firing rate mod-
ulations are the information processing unit of the brain! It was clear that
understanding the precise coordination of groups of neurons would allow
researchers to understand the brain.

So they thought: “If only we could record more neurons!”. To investigate,
they came up with even larger electrode arrays and recorded more than a
thousand neurons at the same time (Lopez et al., 2016).
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The findings reveal that neurons coordinate across brain regions and across
multiple locations (Juavinett et al., 2019). A lot of the activity of neuronal
spike trains that was previously dismissed as noise in the system was found
to have meaning (Insanally et al., 2018). And as before, even larger groups of
neurons showed coordinated activity and that previously ignored aspects of
the animal’s experience such as movement were also represented in neuronal
activity patterns. The idea that groups of neurons involved in coordinated
activity – neuronal assemblies – are the main information processing units
of the brain is currently a prominent hypothesis about how the brain works
(Yuste, 2015). 1

But as always, researchers are wondering what they could uncover if they
could only record from more neurons with the same millisecond precision...

Each improvement in recording technology will allow researchers a more
detailed and intricate insight into the inner workings of the brain. Until the
next progress in recording methods further increases the number of recorded
neurons, we have to slowly assemble the puzzle pieces with the information
we can find in the amount of data that we have.

Just as during every other time in neuroscience history, researchers are
coming up with more and more complex ways to detect coordinated activity
in the brain. The work presented in this thesis is one of them. This is my
piece of the puzzle – a small contribution to the overall picture. However,
who knows whether it will turn out to be an edge piece or one connecting
two larger already assembled sections.

1.2 introduction

Action potentials – their timing, their frequency and the context of their
emission – are the language of the brain. They represent the transfer of
information between individual neuron or between groups of neurons or
any combination thereof. Information can be conveyed via multiple channels
e. g. through the exact timing of individual spikes (Hahnloser et al., 2002),
through the number of spikes or the relative frequency of spikes (Zelden-

1 It is of course very likely that in a few years or decades – when we can record spikes from
whole brains – neuroscientists will proclaim that neuronal assemblies could have never been
the information processing units of the brain and that researchers believing in this theory had
been terribly naive and unimaginative. They will hold up [insert a larger and more complex
structure of the brain such as network dynamics here] and declare that they will not solve
the brain until they figured out [the structure mentioned before]. And on it goes, this process
of opinionated revelations called science.
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rust et al., 2018), through the frequency of spikes in a population of active
neurons (Panzeri et al., 2010), through synchrony between multiple neurons
(Roy and Alloway, 2001) or though larger spike sequences involving multi-
ple neurons (Prut et al., 1998). At the same time it is becoming clear that
groups of neurons – also called neuronal assemblies – may show emergent
behaviour which go well beyond the capabilities of single units (Yuste, 2015).

In line with the growing knowledge surrounding the activity of neurons,
the techniques with which to record from the brain are also steadily improv-
ing (Cunningham and Yu, 2014). Advances in electrode design and produc-
tion allow simultaneous recordings of hundreds or even thousands of neu-
rons in rodents (Lopez et al., 2016; Stringer et al., 2018). This would allow
researchers to look at the multitude of neuronal responses and how they
interact with each other across multiple brain regions. The bottleneck for
analysing neuronal data has now shifted to the data analysis methods used
to process these large recordings. Many previously developed methods for
neuronal data analysis are already unusable because they are not scalable to
larger data sets of more than 100 neurons (e. g. brute force methods used in
Abeles and Prut (1996)), since the number of possible interactions between
any subset of neurons increases exponentially (Prut et al., 1998; Quaglio
et al., 2017).

Neuronal assemblies are said to be a fundamental computational unit of
the brain (Sheng et al., 2019), which is the reason why many new methods
for the identification of neuronal assemblies are currently in development
(Mölter et al., 2018). Researchers agree that neuronal assemblies are groups
of neurons which display coordination in some aspect of their activity – any
combination of for example timed spikes, coordinated firing rates changes,
synchronised spikes, bursting, shared silences (Deolindo et al., 2018). How-
ever, this broad and inclusive definition is not mirrored in the methods for
the detection of neuronal assemblies, which search for assemblies in one of
two ways. One approach is to find repeated spike sequences in data sets
and declare all neurons participating in these spike patterns to be part of an
assembly (Abeles and Prut, 1996; Quaglio et al., 2017). The other approach
is to group neurons into an assembly which display the same modulations
of their firing rates (Lopes-dos Santos et al., 2011; van der Meij and Voytek,
2018).

Ideally, new methods for neuronal assembly detection should be flexible
enough to include more activity features than either firing rates or spike se-
quences. This would enable researchers to study interactions between activ-
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ity patterns in an unprecedented way. Additionally, they need to be scalable
to be usable for current data sets and potentially for future data sets which
will be even larger.

Recent developments in machine learning methods have been successfully
applied in other fields of research, including to biological data sets (Liu et al.,
2016). They often rely on complex mathematical frameworks and data trans-
formations, but promise scalability and unprecedented insights into large
data sets (Doshi-Velez and Kim, 2017). Machine learning is already being ap-
plied to large neuronal data sets for complex problems such as the detection
of neuronal assemblies or large spike sequences (Mackevicius et al., 2018;
van der Meij and Voytek, 2018). It seems unlikely that the brain actually
computes e. g. Fourier transforms or non-negative matrix multiplication to
extract meaning from spikes. While these methods achieve promising results
in terms of decoding abilities (Gerwinn, 2009; Musall et al., 2019; Stringer
et al., 2018), their goal is not to tell us how the brain itself could make sense
of the activity patterns.

If we want our data analysis models to potentially teach us about how the
brain processes neuronal signals, we need to select methods which search
for activity in a similar way to what the brain is capable of. In this thesis, I
attempt to detect neuronal assemblies in large neuronal data sets using brain-
inspired methods from machine learning to generate insights into how the
brain communicates. Additionally, in order to be usable for longer than only
a few years, these methods need to be highly scalable since the technology
around electrophysiological recordings is bound to evolve further.

In this thesis I introduce neural topic modelling – a new data analysis
method for neuronal recordings that might present a step towards tackling
these challenges. It is based on topic modelling, which is a scalable algorithm
used in text mining to find underlying topics (i. e. groups of words) in collec-
tions of documents. An analysis of all the articles in a newspaper, for exam-
ple, might find groups of words across all articles referring to certain themes
such as politics (words: Tories, government, failure), sports (words: national,
team, championships, equal pay) and technology (words: algorithm, bias,
data, discrimination). Neural topic modelling embraces the broad definition
of neuronal assemblies and extracts multiple features from neuronal data
(in contrast to extracting firing rate as the only feature): increases and de-
creases in firing rates, synchronous spiking and power in the local field po-
tential (LFP) signal. As a result, neural topic modelling identifies similar
neuronal assemblies which would have been found by other methods (if run
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separately), such as groups of neurons in the visual cortex which increase
their firing rates simultaneously or neurons in the hippocampus which show
a high amount of synchronous spiking. However, it additionally identifies
neuronal assemblies which could not have been found by existing methods:
for example a neuronal assembly which suggests that power in the subcorti-
cal local field potential of is related to decreases in firing rates in neurons in
the visual cortex.

Generally speaking, there is a wide range of features that could be ex-
tracted from neuronal recordings. In neural topic modelling, the selected
features are known to carry meaning in certain circumstances and could in
principle be detected by the brain itself. This makes neural topic modelling
a brain inspired and biologically interpretable data analysis method.

In this thesis, another scalable and biologically interpretable data analysis
method is applied to neuronal data: a spiking neural network with biolog-
ically plausible synaptic learning rules. This thesis presents the replication
of the neural network developed by Masquelier et al. (2008) and investigates
its usefulness for the detection of repeated spike sequences.

This section has provided an overview over the main themes of this thesis.
The next section outlines the specific contributions of this thesis.

1.3 contributions

This thesis makes the following main contributions:

• It introduces the design and implementation of neural topic modelling
– a new data analysis method for the detection of neuronal assem-
blies in large scale neural data sets. Other neuronal assembly meth-
ods look for assemblies by either identifying neurons participating in
the same spike sequences or by finding neurons whose firing rates
are modulated in the same way. Contrastingly, neural topic modelling
does not limit assemblies to either of these two activity patterns, but
includes firing rate modulations, synchronous spiking and even other
neuronal signals such as local field potentials into the analysis. This ap-
proach accounts for neurons using multiplexed coding (neurons adopt-
ing different encoding strategies for different stimuli), which is some-
thing no other method takes into account.

• It demonstrates the performance of neural topic modelling when
tested on artificial data for which the underlying assembly structure is
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known. The artificial data used is based on a previous publication com-
paring different assembly detection methodologies and neural topic
modelling, for the most part, surpasses the performance of the previ-
ously developed algorithms.

• It shows the application of neural topic modelling to large neuronal
data sets of more than 1600 neurons. It demonstrates that neural topic
modelling can recover similar neuronal assemblies as would have been
found with other methods as well as neuronal assemblies which can
only be found by taking into account multiplexed coding.

• It describes the use of a spiking neural network to identify repeating
spike sequences in large neuronal data sets. This includes making the
code open source and easy to use in Python, validating the method
on artificial data and exploring the use of different learning rules and
integration methods. It then also shows the results from applying this
method to biological data sets.

Figure 1.1: Thesis Roadmap.
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1.4 thesis roadmap

This thesis is organised in seven chapters and one appendix. A visualisation
of the connections between chapters in this thesis is shown in Figure 1.1.

• Chapter 2 outlines what is known about how the brain conveys in-
formation both on the level of individual neurons and of groups of
neurons (neuronal assemblies). It describes the currently available ap-
proaches to detecting neuronal assemblies (via spike sequences and co-
modulation of firing rates) and the challenges for methods approach-
ing this complex problem.

• Chapter 3 introduces neural topic modelling as a new data analysis
method and gives an overview over the steps involved. It also discusses
the choice of default parameters.

• Chapter 4 shows how neural topic modelling was tested using artifi-
cially created data and compares its assembly detection performance
to results from previously published methods. The influence of a va-
riety of parameters is investigated and discussed. Additionally, neural
topic modelling is put to the test using complex neuronal assembly
structures which would not easily be picked out by other methods.

• Chapter 5 demonstrates the application of neural topic modelling to
a large neuronal data set and discusses the neuronal assemblies that
were found. It shows some possible analyses and suggests directions
for future work.

• Chapter 6 describes the replication of a spiking neural network for
the detection of repeated spike sequences. The network is applied to a
large neuronal data set and its future applicability for neuronal assem-
bly detection is discussed.

• Finally, Chapter 7 summarises the findings outlined in this thesis. It
discusses the main contributions of the work presented, its limitations
and points to potential future directions.

• Appendix A contains a list of all peer-reviewed publications.

This chapter introduced the aim of identifying neuronal assemblies in
large-scale neuronal data analysis and outlined the contributions made in
this thesis towards this goal. The next chapter will detail relevant back-
ground knowledge on neuronal data analyses and review related works.



2
N E U R A L C O D E

Our brain activity determines our experience of the world and our reactions
to it. The brain receives information pouring in from our senses and pro-
cesses those inputs. Any reaction to those experiences – such as moving
towards or away from an object, focussing our eyes, emitting of sounds – are
also elicited by our brains. The key question in neuroscience is how the brain
goes from collecting information to complex behaviours such as movement,
communication, mating or problem solving.

To this end, scientists have been keen to investigate the cells that relay
information in the brain: neurons. They communicate via sharp changes in
membrane voltage called action potentials or “spikes”. All sensory informa-
tion from skin, eyes, ears, noses is translated into action potentials, since this
is the main format the brain uses to encode information. Similarly, all com-
mands from the brain to muscles, eyes or internal organs are also encoded
as a succession of action potentials.
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Figure 2.1: Timeline of electrophysiological data set size. The number of single
units in 93 publications are shown against their publication date. Data and source
code are available on github under the CC-BY licence (Stevenson, 2015). Additional
information from (Hong and Lieber, 2019)
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Since the first time action potentials had been recorded, researchers have
tried to decode their meaning. This has been a slow process as the tools to
record from single neurons have only been around for about eighty years
(Renshaw et al., 1940). The investigation has been particularly difficult be-
cause the number of neurons from which it was possible to record had hov-
ered around a handful to maybe one hundred until a few years ago as visu-
alised in Figure 2.1. Advances in recording equipment and electrode design
now allows recording thousands of neurons over multiple hours and days
(Lopez et al., 2016; Stringer et al., 2018). While thousands of neurons are still
a small number compared to the 100 million neurons in the brain, they still
represent an immense leap in the field of neuroscience.

The current challenge is to find ways to analyse such vast amounts of
data and to find out how neural activity relates to environmental inputs and
behaviours. Traditionally, researchers have investigated the behaviour of sin-
gle neurons and found that they encode various signals such as sensory
information (Hubel and Wiesel, 1961), face recognition (Kreiman et al., 2000)
and motivational states (Allen et al., 2019). Furthermore, multiple neurons
may coordinate their firing in multi-neuronal spike sequences (Quaglio et al.,
2017). Recording larger numbers of neurons allows researchers to explore
groups of neurons, also called neuronal assemblies (Gerstein and Aertsen,
1985). Groups of neurons in networks may show emergent behaviour which
go way beyond the capabilities of single units (Yuste, 2015). The main diffi-
culty is that the current analysis tools were not developed with such large
numbers of neurons in mind and are therefore often not scalable or limited
in the reach of interactions they can measure e. g. are limited to pairwise
correlations of neuronal firing rates.

This thesis revolves around the question of finding new ways to analyse
large neural data sets and in particular how to identify neuronal assemblies
which may hold the key to understanding brain function (Yuste, 2015).

In this chapter, I will review the current knowledge on how single neurons
transfer information (see Section 2.1) and what encoding strategies they use
(see Section 2.2). I then discuss the role attributed to neuronal assemblies
in neuroscience in Section 2.3. I detail the two main ways of defining as-
semblies (spike sequences, see Section 2.3.2 and firing rate modulations in
Section 2.3.4) and how researchers detect them (spike sequences, see Sec-
tion 2.3.3 and firing rate modulations in Section 2.3.5). Section 2.4 then iden-
tifies limitations in the ways researchers define and look for neuronal assem-
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blies and describes how the work in this thesis will contribute to overcoming
those limitations.

2.1 single neurons

Decades of research have established that single neurons are the structural,
functional, perceptual and behavioural units of the brain. This section will
describe the evidence found and what this means for the field of neuro-
science.

Single neurons have been recognised as the physical units of the brain
since Cajal accurately observed at the end of the 19th century that neurons
were physically separated from each other via synapses (Gerstein et al., 1989;
Kandel Eric R., Schwartz James H., Jessell Thomas M., Siegelbaum Steven A.,
2013). These findings would spark a focus on single neurons as the building
blocks of the brain and inspire widespread analyses of neuronal wiring dia-
grams and neuronal cell compartments and their functions (Yuste, 2015).

The functional role of neurons would only start to be discovered a few
decades later when Renshaw et al. (1940) developed a method to record
single cell activity via tungsten electrodes. This technological development
made it possible to investigate the functional properties of neurons in prac-
tice. The idea that neurons are the functional units of the nervous system
– the so called “neural doctrine” – had been around for a while time be-
forehand. Sherrington proposed in 1906 that a scratch reflex is responsive
to a particular area of skin, in essence describing a neuron with a sensory
receptive field (Yuste, 2015).

Indeed, researchers soon found such clear examples of neurons increasing
or decreasing their firing rates (the number of spikes emitted per second)
in response to stimuli that were presented to the animal. Hubel and Wiesel
(1961) demonstrated that single neurons in the cat primary visual cortex
exhibited such receptive fields as proposed by Sherrington and responded
preferentially to edges and shapes of particular sizes and orientations. Re-
searchers started to describe neurons by their tuning curves, which indicated
response rates for a particular set of sensory stimuli e. g. lines or gratings
with different orientations (Hardcastle et al., 2017; Hubel and Wiesel, 1961).
In parallel to neurons in the visual system, neurons in the auditory cortex
also showed a preferential tuning for certain frequencies (Ehret, 1975; Hard-
castle et al., 2017; Merzenich et al., 1975), neurons in the sensory cortex were
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found to be sensitive towards particular stimulation in clearly defined areas
of the skin (Panzeri et al., 2010; Pruszynski and Zylberberg, 2019) and neu-
rons in the olfactory cortex responded only to a particular set of olfactory
cues (Wilson, 2013).

Receptive fields have not only been identified in the context of direct sen-
sory information, neurons in the hippocampus have been found to be sensi-
tive to a wide variety of behavioural parameters. Grid cells, place cells and
border cells in the medial enthorhinal cortex of rats increase their firing rates
in response to the animal’s location in space (Hafting et al., 2005; O’Keefe
and Dostrovsky, 1971; Solstad et al., 2008; Wilson and McNaughton, 1993).
Other cells encode the speed at which an animal is moving (Sargolini et al.,
2006) or the direction in which the head of an animal is facing (Kropff et al.,
2015). Of course one neuron is not enough to encode all the possible states
when it comes to spatial navigation or body position, but such cells are of-
ten embedded in a network. Individual neurons in such networks are tuned
towards different states e. g. head directions and taken together their re-
sponses cover the full 360 degrees of possible head orientations (Munn and
Giocomo, 2020). Similar networks have been identified in fruit flies (Green
et al., 2018; Kim et al., 2017). Such internal maps can come in the form of 1D
indicators (e. g. light intensity), 2D compasses (e. g. head direction) or 3D
representations of space (e. g. a network of grid cells) (Munn and Giocomo,
2020).

Researchers also found evidence that single neurons can act as perceptual
units. The mammalian visual system sends visual information through a
multitude of different cortical areas and their layers. At the end of this pro-
cessing streams, single cells have been identified in the inferior temporal cor-
tices of humans and monkeys which respond selectively to faces (Desimone
et al., 1984; Kreiman et al., 2000; Tanaka, 1996). Even though the myth of
the extremely specific so-called “grandmother” cells (neurons which would
respond exclusively to the face of a particular person e. g. one’s own grand-
mother) has been debunked (Lopes-dos Santos et al., 2011), neurons in the
higher visual system present an impressive degree of specificity e. g. to the
concept of one particular famous person (Quiroga et al., 2005).

Similarly, the activation of a small number of neurons can elicit or change
the behavioural pattern of an animal. In rats, whisker movements are con-
trolled by the spike trains of individual neurons (Brecht et al., 2004). This
suggests that some single neurons may indeed have a significant amount of
influence on an animal’s decision making and behaviour (Allen et al., 2019).
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As mentioned above, the first type of neuronal activity identified to carry
information about the animal’s environment were changes in firing rate.
Therefore firing rate modulations were the main focus of early neurosci-
entific research. However, it soon became clear that neurons also encode
information in other ways, namely through the timing of their spikes.

Temporal codes have been demonstrated in neurons across multiple sen-
sory cortices. The time between the presentation of a stimulus and the first
spike (latency) is highly informative in neurons conveying visual informa-
tion in the primary visual cortex (Butts et al., 2007; Gollisch and Meister,
2008) and in the thalamus (Reinagel and Reid, 2000). Unpredictable stimuli
are followed by millisecond precise spike timing in monkey cortical neurons
(Bair et al., 2002) and track stimulus fluctuations in rat neurons (Mainen and
Seinowski, 1995). The timing of spikes has been shown to encode informa-
tion about stimulus location and edge-orientation in in primary somatosen-
sory neurons (Mackevicius et al., 2012; Panzeri et al., 2001; Pruszynski and
Johansson, 2014) and about whisker stimulation in rats (Arabzadeh et al.,
2006). Even motor neurons show temporal coding strategies despite being
heavily firing rate-modulated (Pruszynski and Zylberberg, 2019). The first
spikes reaching muscles crucially affect contraction patterns (Srivastava et al.,
2017). Whisker movement in rats depend on the rhythmic activity of action
potentials of single neurons and the timing reveals movement direction and
amplitude (Brecht et al., 2004).

Researchers also analysed other aspects of spike trains of individual neu-
rons (Perkel et al., 1967). The distribution of inter-spike intervals (ISIs) and
count variability (Coefficient of Variation, Fano Factor) have been shown to
encode stimulus information (Buzsáki, 2004; Insanally et al., 2018; Nawrot,
2010; Reinagel and Reid, 2000).

Bursting – when a single neuron emits a rapid succession of action poten-
tials – is another way in which neurons can relay information. The advantage
of bursts is that they can interact very little with other timed responses and
thereby optimising information transmission (Naud and Sprekeler, 2018). In-
deed, bursts of spikes are common in hippocampal neurons (O’Keefe and
Dostrovsky, 1971) and have more recently been shown to drive singing in
songbirds (Buzsáki, 2010).

Statistical relationships between spike trains have been investigated in de-
tail, most commonly through cross-correlation based methods (Pastore et al.,
2018). A large number of methods attempt to characterise the distance be-
tween two spike trains to uncover how spikes of two neurons relate to each
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other (van der Meij and Voytek, 2018; Van Rossum, 2001; Victor and Purpura,
1996).

Researchers have traced back all these different aspects of neural spike
trains to environmental variables measured during the experiment1. Now
the question is whether each neuron adopts exactly one or multiple ways
of encoding information. While this can vary from neuron to neuron and
depends on neuron type (König et al., 1996) and context (Yamins et al., 2014;
Zylberberg and Strowbridge, 2017), we do see that neurons make use of mul-
tiple encoding strategies simultaneously (Pruszynski and Zylberberg, 2019).

2.2 multiplexed coding

A close look at neuronal activity reveals that neurons code for multiple vari-
ables at once (Hardcastle et al., 2017; Reinagel and Reid, 2000; Stringer et al.,
2018). This makes a lot of sense intuitively, since using different aspects of
the spike train to convey separate pieces of information increases the total
amount of information that can be transferred (Naud and Sprekeler, 2018;
Reinagel and Reid, 2000).

More specifically, neurons encode different information in their spike trains
on different temporal scales. This phenomenon is called multiplexing (Pruszyn-
ski and Zylberberg, 2019). For example, a neuron can simultaneously encode
one aspect of a sensory stimulus with its firing rate and another aspect
through timed spikes (Hardcastle et al., 2017; Harvey et al., 2013; Stringer
et al., 2018).

Neurons in monkey primary sensory cortex convey vibrational amplitude
with their firing rates and frequency with phase-locked timed spikes to the
population activity (Harvey et al., 2013). The same behaviour was demon-
strated in zebra fish olfactory bulbs (Friedrich et al., 2004) and sensory cells
of leeches (Pirschel and Kretzberg, 2016), indicating that multiplexing occurs
in neurons across species. Multiplexing increases when tasks get more com-
plex or when the animal has to encode information faster e. g. when a rat is
running at a higher speed (Hardcastle et al., 2017).

Interestingly, multiplexed coding has also been established in grid cells
in the postsubiculum and entorhinal cortex of rats – cells which have been

1 Of course it is entirely possible that these codes are used for conveying information about
the internal state of the animal, in which case these codes would still be used but we would
have no way of measuring or proving this. Just because we cannot prove that multiplexing
takes place does not mean that it is not.
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thought to be extremely rate code-driven (Hafting et al., 2005). While the
firing rates consistently encoded the location of the animal, the direction
of movement was encoded in temporal aspects of the spike trains (Munn
and Giocomo, 2020). Multiplexing in these higher order areas is thought to
contribute to the emergence of cognitive behaviours (Sheng et al., 2019). In
another fascinating discovery, Leutgeb et al. (2005) demonstrated that hip-
pocampal cells could remap part of their multiplexed coding strategy while
keeping the other maps stable: the neurons adapted their activity for a stim-
ulus cue without disturbing their current location mapping. This indicates
that neurons are able to transmit information about one feature in a reliable
way even while they are changing their tuning for others.

Traditionally, multiplexing has been thought to occur on very different
time scales – precisely timed spikes on the order of milliseconds and the
modulation of firing rates on the order of tens to hundreds of milliseconds.
Evidence is mounting that the multiple levels of multiplexed coding might
not need be on completely different orders of magnitude with respect to
time. Spike bursts exist on a similar time scale to timed spikes and have been
shown to encode complementary information (Naud and Sprekeler, 2018). In
addition, neurons can also take part in concerted activity with other neurons
– which will be addressed in the upcoming section – which also occurs on
the same very short time scale.

2.3 neuronal assemblies

As has been laid out in the previous section, single neurons display a large
repertoire of strategies to encode salient information in their spike trains.
At the same time, recording techniques have advanced and made it pos-
sible to record from multiple neurons at the same time – tens of neurons
at first (Prut et al., 1998), to a few hundred (Quaglio et al., 2017) until a few
years ago. Neuropixel electrodes made it possible to record spike trains from
thousands of neurons at the same time (Lopez et al., 2016). The spotlight of
neuroscience started to shift to the interactions between groups of neurons
(Smith et al., 2018). Co-active groups of neurons have been hypothesised by
Hebb and many after him to be the basic functional unit for information pro-
cessing in the brain (Buzsáki, 2010; Harris, 2005). With the advent of large
neural data sets, the search for groups of neurons with coordinated spiking
behaviour – neuronal assemblies – received a big boost.
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Neuronal assemblies are groups of neurons which share some characteris-
tic in the way they receive or send information or in their connections. With
a definition this broad it is no wonder that a large variety of neuronal phe-
nomena fall under the heading of neuronal assemblies. In the first part of
this section, I will describe the different types of assemblies which are com-
monly investigated (Section 2.3.1). I will then focus on two types of neural
assemblies – neurons taking part in spike sequences (Section 2.3.2) and neu-
rons with coordinated firing rates (Section 2.3.4). I will cover their relevance
for brain functioning and Sections 2.3.3 and 2.3.5 will provide an overview
over the methods that are used to detect them respectively.

2.3.1 Definitions of assemblies

Neuronal assemblies are groups of neurons which are linked together through
their input, the information they process or their output. Gerstein et al. (1989)
distinguish four main types of neuronal assemblies: motor pools, cortical
columns, Hebbian assemblies and correlation of firing.

Motor pools are groups of neurons with a common target (the muscle)
or output. One defining characteristic of motor pools is that the effect of
assembly activity will be larger than the sum of the effects of the individual
neurons.

Cortical columns are groups of neurons in close proximity to each other
with a common input (in the case of cortical columns: visual cortex). This
type of assembly is also referred to as functional assemblies since place cells
and grid cells also fall under this category but are not located in the cortex
(Roudi et al., 2015).

Motor pools and cortical columns are defined through their shared input
or output. They show a high level of co-activation in response to sensory
stimulation, but also in the absence of relevant input or output (Carrillo-
Reid et al., 2016)2. It should be noted that for these two types of assemblies,
no assumptions are made about the interactions or connections between the
neurons, only about the incoming or outgoing signals (Gerstein et al., 1989).

Hebbian assemblies are groups of neurons exhibiting significant co-activation
due to strong synaptic connectivity between neurons within the assembly

2 Sometimes these two types of assemblies are also referred to as neuronal ensembles (Carrillo-
Reid et al., 2016). Others call neurons recorded from the same tetrode neural ensembles
(Trouche et al., 2019), so the difference between assemblies and ensembles are not clearly
defined. In this thesis, I have chosen to only use the word “assemblies” to avoid confusion.
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(and weaker connections to neurons outside the assembly) (Buzsáki, 2010;
Roudi et al., 2015). This type of assembly is thought to be the result of re-
peated overlapping activation from common input sources after Hebbian
principles of synaptic associations (Gerstein et al., 1989). Indeed, stable neu-
ral assemblies can be induced by forcing neurons to spike together through
repeated optogenetic stimulation (Carrillo-Reid et al., 2016). Newly formed
assembly activity did not disrupt pre-existing assembly dynamics and even
displayed spontaneous assembly activity and pattern completion. The re-
sulting attractor dynamics of Hebbian assemblies which includes pattern
completion are believed to be a main contributor to complex behaviours and
a cornerstone of many cognitive functions (Roudi et al., 2015).

A group of neurons does not need to be synaptically connected (or the ex-
act connectivity does not need to be known) in order to be called a neuronal
assembly. Neuronal assemblies of the correlation of firing type have been
found to span prefrontal, visual, somatosensory and parietal areas during a
tactile task (Deolindo et al., 2018). Tasks and movements modulate nearly all
brain regions as multiple studies have demonstrated Deolindo et al. (2018);
Juavinett et al. (2019); Musall et al. (2019). This type of assembly exhibits co-
activations in their firing rates which are above chance (Roudi et al., 2015).
This similarity in behaviour does not necessarily depend on common input,
although it is often the reason for the coordinated behaviour (Gerstein et al.,
1989).

Hebbian assemblies and correlation of firing assemblies are characterised
by the interactions between the neurons in them (Gerstein et al., 1989). Both
of these types of assemblies do not require spatial proximity and have been
shown to be distributed across the brain (Harris, 2005).

Neuronal assemblies are a main feature of neuronal organisation in the
brain (Carrillo-Reid et al., 2016). In the hippocampus of mice, Hebbian as-
sembly activity is the default organisation (Dragoi, 2020), suggesting that as-
sembly activity comprises the basis of hippocampus information encoding
(Dragoi and Buzsáki, 2006). Their ubiquity in other parts of the brain em-
phasises their importance information processing (Carrillo-Reid et al., 2016;
Dragoi, 2020; Quaglio et al., 2017). In rodents, assemblies form in the first
postnatal weeks in the hippocampus of mice and demonstrate consistent of-
fline assembly activity by week three (Dragoi, 2020). New assemblies can be
formed at any time (Carrillo-Reid et al., 2016) and were observed to emerge
when rodents were allowed to explore their environment for a long time
(Wilson and McNaughton, 1993).
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The definition of neuronal assemblies (in particular the ones based on cor-
relation of firing) has been widened to encompass neurons which exhibit
any type of above-chance interaction (Deolindo et al., 2018; Dragoi, 2020).
Nevertheless, many researchers still base their search for neuronal assem-
blies on the co-modulation of firing rates (Deolindo et al., 2018; Lopes-dos
Santos et al., 2011, 2013).

In parallel, a lot of research has gone into the search for neuronal assem-
blies which consist of sets of neurons which take part in repeating spike
sequences (spatiotemporal spike patterns) (Prut et al., 1998; Quaglio et al.,
2017). The following section will describe neuronal assemblies which are
based on the neurons taking part in repeated spike sequences, their rele-
vance and the methods with which researchers are trying to find them.

2.3.2 Spike sequences

Coincident spiking between pairs of neurons has been shown to play a role
in cortical processing (Riehle et al., 1997; Roy and Alloway, 2001). Further-
more, Prut et al. (1998) discovered that cortical neurons (2-8 neurons) repeat-
edly exhibited precise firing sequences (with delays between spikes in the or-
der of hundreds of milliseconds) which were associated with the monkey’s
movement. The small number of neurons involved in the spatiotemporal
spike patterns is mostly caused by limitations in the recording techniques at
the time (six microelectrodes in total). Improvements in recording techniques
were accompanied by improvements in software for the identification of fine
temporal spike patterns, so today spike patterns involving more than one
hundred neurons can be identified (Quaglio et al., 2017).

Repeated spatiotemporal spike patterns have been suggested to enable
the neuronal networks to process and transfer information in a robust way
(Grün et al., 2008). Multiple network models have been proposed for the
readout of such spike patterns. The synfire chain model poses that syn-
chronous spikes elicited by one group of neurons may reach another group
of neurons simultaneously through identical delays (Abeles, 1982). The sec-
ond group of neurons acting as coincidence detectors may then elicit their
own synchronous spikes and thereby relay the information. A generalisa-
tion of this work, the synfire braid model, eliminated the need for identical
delays due to variability in spike timings and propagation delays (Bienen-
stock, 1995). Building on those ideas, Izhikevich (2006) suggested that a
randomly connected spiking neural network with spike timing dependent
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plasticity (STDP) synapses would be able to propagate spike sequences with
fixed delays reliably. These theoretical models underline the ability of the
brain to send and read such spatiotemporal spike patterns and give exper-
imental findings of such patterns a framework with which to tie them to
higher processes such as cognition and attention (Pauli et al., 2018).

Small and large spike sequences have been shown to carry relevant in-
formation. In the hippocampus of rodents, their occurrences and reliabil-
ity have been found to relate to learning and memory processes (Buzsáki,
2004; Sasaki, 2019). Indeed, plasticity in hippocampus neurons during mem-
ory consolidation is dominated by temporal coding and in particular spike
sequences, whereas frequency modulations are not very involved (Farooq
et al., 2019; Liu et al., 2019). The same is true for motor learning – spatiotem-
poral spike patterns emerge during motor learning and remain stable for
some time after the task (Sheng et al., 2019). Interestingly, the neurons in-
volved in the spike patterns do not have to be spatially close, and instead
can be quite spaced out within the brain structure (Sheng et al., 2019). Even
in cortical areas, spike sequences are highly relevant and can be used to pre-
dict the grasp type in a center-out reach task in monkeys, greatly surpassing
prediction performance for firing rate alone (Smith et al., 2018).

Dragoi (2020) shows that spatiotemporal patterns in the hippocampus are
important for memory and learning. In fact, coordinated spikes in cell as-
semblies during slow wave sleep can be traced back to patterns that were
present during the spatial navigation task the rats were completing pre-sleep
(Pastalkova et al., 2008; Wang et al., 2015). It is assumed that this repetition
of activity during sleep represents the animal processing and replaying the
task activity during sleep. Tellingly, when the replay of these assembly activ-
ity patterns were disrupted during sleep, the animal demonstrated a recall
deficit for the mazes (Gridchyn et al., 2020). This strongly indicates that spike
patterns in neuronal assemblies are a meaningful and important processing
unit in the hippocampus of rodents (Dragoi, 2020).

The larger the neuronal recordings become, the harder it becomes to find
all the precise temporal spike sequences present (Quaglio et al., 2017). The
number of potential spike patterns grows exponentially with the number of
neurons in the recording. Moreover, the larger the recordings have become,
the larger the identified spike patterns have been, suggesting that the pos-
sibility of very large spike sequences should be taken into account by these
methods.



36 neural code

While some methods have already been retired since they were not able to
cope with even one hundred neurons, others have been developed to meet
this challenge. The next section will give an overview over some of these
newer methods.

2.3.3 Detection of spike sequences

As spike sequences have been found to carry highly relevant task informa-
tion, the search for them has brought forward a large number of methods.
Some of the most recent ones will be described here, demonstrating the need
for powerful methods to approach this complex problem.

The first methods to detect repeated spike sequences in recorded spike
trains were brute force approaches such as template matching (Abeles and
Prut, 1996; Prut et al., 1998). With the growing number of neurons in neu-
ronal recordings, these methods became computationally too expensive to
run when analysing more than about 50 spike trains. The same is true for sev-
eral methodologies based on information geometry (Shimazaki et al., 2012),
pairwise correlations (Gansel and Singer, 2012) or even more complex an-
alytical methods such as Formal Concept Analysis (Yegenoglu et al., 2015).
Other approaches limited the information they sought after to keep compu-
tational resources manageable e. g. identifying synchronous spikes without
specifying the neurons from which the spike sequences originated (Grün
et al., 2008; Staude, 2010).

In contrast, a number of machine learning-based methods have been in-
troduced in recent years, which promise to be more scalable and therefore
more useful in this time of ever larger neuronal recordings.

One methodology currently in use is a method called synchronous pattern
detection and evaluation (SPADE) which extracts spike patterns which occur
at a high enough frequency to be of interest and tests their statistical signif-
icance (Quaglio et al., 2017). SPADE is based on frequency item set mining
and is an extension of earlier methods (Torre et al., 2013; Yegenoglu et al.,
2015). It improves on computational stability and adds statistical corrections.
Its usefulness has been demonstrated in recordings of up to 150 monkey
cortical neurons where SPADE identified spike patterns relevant to motor
behaviour and task variables (Torre, Quaglio, Denker, Brochier, Riehle and
Grün, 2016).
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Mackevicius et al. (2012) focus on the sparsity of neuronal spike data and
apply seqNMF, a dimensionality reduction method based on non-negative
matrix factorisation to extract sequences of neuronal events. Convolutional
non-negative matrix factorisation is routinely applied to audio recordings
of speech. They successfully identify spike sequences in hippocampal spike
data and demonstrate the possibilities for usage on even larger datasets.

The approach SPOTDisClust by Grossberger et al. (2018) combines the
computations of a measure of transport costs between spike trains with
clustering to arrive at repeated spike patterns. Both parts of this methods
have roots in machine learning – the algorithm to compute the transport
cost is based on optimal transport theory often used in Computer Vision.
The density-based clustering algorithm applied in SPOTDisClust is highly
popular in pattern recognition and image analysis. The authors tested their
method on a dataset of only 64 neurons but declare that it is scalable to a
much larger number of neurons.

The development towards computationally efficient spike pattern detec-
tion algorithms is in full bloom. There is no doubt that as machine learn-
ing methodologies improve, more and more methods from other computer
science-based fields will be applied to neural data. While this is the only way
we can deal with this issue of the exponentially growing problem of finding
spatiotemporal patterns, we should not forget that the brain also does this
task. The ubiquitous presence of spike sequences tells us that the brain is
creating and reading out this information seemingly effortlessly.

With that in mind, Masquelier et al. (2008) created a temporal pattern de-
tection methodology which attempts to recreate the way the brain might be
finding large spatiotemporal patterns. It is a well known fact that neurons
can function as coincidence detectors and this ability might be the readout
mechanism for spike sequences (König et al., 1996; Roy and Alloway, 2001).
Therefore, Masquelier et al. (2008) built a spiking neural network with a co-
incidence detecting neuron whose activity became specific to the presence of
a certain spike pattern. The authors report robustness to noise, good scala-
bility (circumvention of the explosion of possible pattern combinations) and
propose that this method can inform researchers about possible mechanisms
of how neurons in the brain might make use of these repeated events. In
Chapter 6, I investigate the robustness of this spiking neural network in de-
tail and assess the applicability for spatiotemporal pattern detection. The
idea of finding repeating spike sequences in a seemingly brain-like manner
is currently being explored further: in a similar spirit to the network men-
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tioned above, Montangie et al. (2020) developed a method to find neuronal
assemblies via triplets and STDP.

The participation in spike sequences is one way of identifying neuronal as-
semblies as was illustrated in this section. The next section will introduce the
search for assemblies which are based on correlated modulations in firing
rate.

2.3.4 Covariations in firing rates

Neuronal assemblies have been identified through the repeated spike se-
quences they take part in as explained in the previous section. The other
method of detecting neuronal assemblies is to find them through correla-
tions in their firing rate modulations. In this section, I will present evidence
for the relevance of such neuronal assemblies for brain function as well as
give an overview over some of the current methods for detecting them.

Multiple studies have linked the firing rate-related activity of groups of
neurons to animal behaviour (Dejean et al., 2016; Romano et al., 2015) while
other have shown that groups of neurons have superior classification power
compared to single neurons when it comes to decoding task variables (De-
olindo et al., 2018; Lopes-dos Santos et al., 2013; Russo and Durstewitz, 2017).
Firing rates of cortical and some subcortical areas are significantly modu-
lated by the task the animals are given (Deolindo et al., 2014), but also by
movements carried out during the completion of the task e. g. fidgeting
(Musall et al., 2019).

As mentioned in the previous section, spike patterns may emerge during
the learning of a task and then remain stable. Similarly, correlated firing rate
dynamics may emerge and disappear over the course of a task (Deolindo
et al., 2018) or stay stable over multiple days (Malvache et al., 2016). This em-
phasises their importance as possible functional units for information pro-
cessing for encoding and retrieving experiences (Malvache et al., 2016).

Neuronal assemblies consisting of neurons linked by their firing rate dy-
namics have been shown to increase input selection (Tsitoura et al., 2020)
and improve reliability of signal propagation (Buzsáki, 2010). They are also
able to carry rhythmic activity in areas such as the hippocampus (Buzsáki,
2010) and in the olfactory bulb (Tsitoura et al., 2020).
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2.3.5 Detection of covariations of firing rates

Neuronal assemblies have been found to carry highly relevant task infor-
mation and their detection is therefore a much worked on subject in neu-
roscience research. It is a highly complex problem due to the exponential
possibilities of combinations of neurons which could belong to an assembly.
Additional difficulties arise since neurons might be part of multiple assem-
blies, that neuronal activity includes more spikes than just assembly activity
and that assembly activity does not always predict neuronal spike trains
(Mölter et al., 2018).

The first methods developed for the identification of neuronal assemblies
were based on cross-correlations (Moore et al., 1966; Strangman, 1997). They
remain the core principle underlying a large number of methodologies today
although they have been significantly improved and extended.

Lopes-dos Santos et al. (2011) apply Principle Component Analysis (PCA)
on the binned and z-scored spike trains and assemblies are identified from
the resulting covariance matrix. An additional step involves an Independent
Component Analysis (ICA) on the principle components in order to distin-
guish significant assemblies from spurious correlations and to allow neu-
rons to be part of more than one assembly. The method gives one vector
per assembly, which indicates each neuron’s affinity to the assembly, which
are thresholded to create a finite set of neurons per assembly. In a follow-
up study, the authors improved the clustering step (Lopes-dos Santos et al.,
2013).

A similar PCA-based method has the same starting point as Lopes-dos
Santos et al. (2011), but swap the ICA clustering with a Promax oblique ro-
tation (Romano et al., 2015). The method includes adaptations for calcium
imaging (adds a pre-filtering of the calcium signals) and adds more statisti-
cal tests to distinguish significant assemblies from noise.

Instead of using PCA for the initial dimensionality reduction step on the
covariance matrix, Peyrache et al. (2010) apply ICA on the covariance matrix
(calculated from z-scored and binned spike trains) in their ICA-MP method.
Instead of the circular shifts, meaningful assemblies are estimated by apply-
ing the Marchenko-Pastur distribution (Peyrache et al., 2010). As an optimi-
sation, Mölter et al. (2018) selected assembly vectors based on a thresholding
with Kolmogorov-Smirnov.
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One other cross-correlation-based method to highlight is the work by (Pa-
store et al., 2018). As many others before them, they initially calculate cross-
correlation histograms, but they take into account excitatory and inhibitory
links in their recordings. The network topology of the data is estimated using
a graph theoretical approach.

One major limitation of PCA-based methods is their linearity and that
their performance deteriorates when assemblies overlap in time and space
(Strangman, 1997). While many methods try to overcome the latter limitation
(Lopes-dos Santos et al., 2011, 2013; Peyrache et al., 2010), the highly complex
and non-linear neuronal dynamics slightly question the suitability of PCA-
based models for the analysis of neuronal recordings (Deolindo et al., 2018).

Some researchers take a different approach and do not look at each spike
train separately, but take into account the activity of all the neurons in the
recording at the same time. Such methods estimate the state of the system at
selected points in time and are particularly useful for calcium imaging data,
since fine temporal resolution of spikes is not available (Mölter et al., 2018).

One approach is frequency item set mining. This method first specifically
selects time windows in which there is a lot of co-activity between neu-
rons. Only from those time windows sets of neurons which are active to-
gether with a certain threshold frequency are derived (Picado Muiño et al.,
2013). The method has been successfully applied to electrophysiological
spike recordings to find sequential spike sequences (Quaglio et al., 2017;
Torre, Quaglio, Denker, Brochier, Riehle and Grün, 2016), but can also be
applied on calcium imaging data (Mölter et al., 2018). Surrogate data is used
to distinguish assemblies from noise.

Avitan et al. (2017) developed a method called spectral clustering for the
identification of neuronal assemblies. The first step involves searching for
time windows in which neurons synchronously increased their firing rates to
above double the standard deviation of a uniformly spiking model, and then
groups those neurons according to their co-activity. The groups of neurons
with such correlated firing rate modulations are fed into a graph to iden-
tify community structures. Neurons are assigned an affinity to assemblies,
which are thresholded to delineate sharply between neurons belonging to
an assembly and the ones that do not.

In the assembly detection method CORE, assembly detection is based on
binned time windows of the spike train and which neurons are active in each
(Miller et al., 2014). Only instances of time windows in which the neurons
were co-active reliably and to a high degree are included in the analysis. Sig-
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nificance of the found assemblies was determined by permuting the assem-
blies and selecting only assemblies surpassing the 95th percentile threshold.
Mölter et al. (2018) reported that co-activity patterns found were highly sim-
ilar and had to be additionally clustered. Again, the affinity of each neuron
was thresholded to achieve a binary mapping of which neurons are part of
and which neurons are not part of an assembly.

In similar manner to the spectral clustering and CORE, singular value
decomposition (SVD) is based on the co-activation patterns of neurons in
a binary matrix which holds the activity of the neurons per time window
(Carrillo-Reid et al., 2015). Only co-activation patterns which included a
large number of neurons and which occurred often were included in the
analysis. The relevance of each neuron to an assembly was assessed using a
term frequency-inverse document frequency algorithm. After removing re-
dundancies, the singular value decomposition is performed on this matrix
to identify the assemblies from the singular values above the chance level.

Instead of focussing only on time window in which some neurons exhib-
ited large firing rate increases, Diana et al. (2019) include all time windows
in which there was some at least some activity into their Bayesian infer-
ence algorithm. Their generative hierarchical model of synchronous activity
represents a clustering of neural activity with minimal assumptions about
the data (variable number of assemblies, various levels of assembly activ-
ity). Their inference algorithm also provides and estimate of the uncertainty
for each assembly. The main drawback is that while the authors claim that
Bayesian inference is suited for cases in which neurons belong to multiple as-
semblies, their performance drops significantly for that particular scenario.

Humphries (2017) approach the issue from a completely different angle
and use a network approach for the detection of neuronal assemblies. Their
main disadvantage is that they require each neuron to be part of an assembly,
which is unlikely to be the case in neuronal recordings (Deolindo et al., 2018).

The next section will identify the some of the limitations in these methods
that arise because of the assumptions underlying them and outline how this
thesis will contribute to the advancement of the field.

2.4 extension to current state-of-the-art

It is evident from the long (but in no way extensive) list of methods in the pre-
vious sections, that there are many ways to find neuronal assemblies either
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based on their participation in spike sequences or based on co-fluctuations
in neuronal firing rates. In this section I want to address certain assumptions
about neuronal assemblies made by all of the presented methods and how
the work of this thesis intends to challenge some of these assumptions.

2.4.1 Restriction to two types of neuronal activity

Currently, neuronal assemblies are searched for either through their partic-
ipation in spike sequences or their correlated firing patterns. Methods in
both groups have made a lot of progress in the last years. Spike patterns
have been extended from originally synchronous spikes to spike patterns
with latencies between the spikes (Quaglio et al., 2017). The search for neu-
rons with correlated firing rate dynamics has seen a number of approaches
which do not reduce whole spike trains to one covariance (Peyrache et al.,
2010), but which take into account dynamics on small time scales (Diana
et al., 2019). While some still clearly limit their assembly definition to fir-
ing rate increases (Carrillo-Reid et al., 2015; Deolindo et al., 2018; Miller
et al., 2014), other adopt a more flexible stance and also include firing rate
decreases (Pastore et al., 2018).

However, neurons may interact with each other as a neuronal assemblies
in more ways than just through those two behaviours (Buzsáki, 2010; Harris,
2005). As explained in Sections 2.1 and 2.2, neurons exhibit many different
encoding strategies at the same time (Reinagel and Reid, 2000; Yuste, 2015).
Lamentably, this treasure trove of neuroscientific knowledge is not utilised
in the search for neuronal assemblies.

In Chapter 3 of this thesis, I will present neural topic modelling, which is
able to extract multiple aspects of neuronal spike trains for the detection of
neuronal assemblies and how the neurons in each assemblies interact with
each other. Neural topic modelling is so generalisable that other data types
from the recording, e. g. local field potentials (LFPs) can also be included in
the analysis as demonstrated in Chapter 5.

2.4.2 Multi-memberships

Neuronal populations forming neuronal assemblies overlap substantially
and an individual neuron may be part of multiple assemblies (Allen et al.,
2019). Neurons have been found to participate in different assemblies encod-
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ing different motor behaviours (Sheng et al., 2019), reward choice (Pfarr et al.,
2018) or task cues (Carrillo-Reid et al., 2016). This applies to both assemblies
exhibiting spike sequences and firing rate co-modulations. While all modern
methods acknowledge that neurons may belong to multiple assemblies and
that this needs to be taken into account, they often struggle to allow such
multi-memberships in their models (Lopes-dos Santos et al., 2013). ‘other al-
gorithms exhibit a drop in performance as a direct result of the presence of
such neurons participating in multiple assemblies (Diana et al., 2019).

The more neurons are present in a recording, the higher the chances are
that overlapping assemblies are present (recording from multiple assemblies
in a recording of only a few neurons is quite unlikely). Therefore any new
method trying to identify neuronal assemblies should have neurons with
multi-memberships in assemblies as an assumption in its model.

Neural topic modelling, the assembly detection algorithm presented in
Chapter 3 has this assumption of multi-membership built in due to its ori-
gin in text mining. In a collection of documents, groups of words frequently
overlap (Blei, Ng and Jordan, 2003). In Chapter 4, I put this assumption to
the test and demonstrate the robustness and limits of neural topic modelling.
Indeed, neural topic modelling handles multi-memberships of neurons bet-
ter than other methods (as demonstrated in Section 4.3).

2.4.3 Limiting assemblies to a finite set of neurons

Neuronal assembly detection methods based on co-modulations of firing
rates aim to identify a finite set of neurons which are in the assembly while
all other neurons are not part of it. For the most part, this is a simplification
which makes it easy to obtain a clean and easy to visualise image of different
assemblies found in the model. However, this does not reflect the reality of
the results from these methods. Many approaches actually yield one vector
per assembly attributing a weight to each neuron as a measure of how tightly
that neuron is bound to that particular assembly. This distribution of weights
is then thresholded to obtain a binarised version of the vector. Common
thresholds are two standard deviations above the mean weight (Lopes-dos
Santos et al., 2013) or a data-driven threshold (Romano et al., 2015). At the
same time, in a review of six different assembly detection methods, Mölter
et al. (2018) report that automatic thresholding often did not give satisfactory
results and had to be done by hand.
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None of the papers asks the question whether thresholding is actually a
good idea. It has been suggested before that neuronal assemblies are not a set
of neurons which all uniformly belong to an assembly in the same way, but
that some neurons might participate in assembly activity more than others
(Buzsáki, 2010).

The assembly detection method developed during the course of this the-
sis, neural topic modelling, avoids taking such a harsh binarisation as de-
scribed in Chapter 3. The advantage of holding off thresholding is further
demonstrated in Chapter 4 where I show that complex hierarchies of neu-
rons within an assembly can be recovered from the data.

2.4.4 Scalability

The size of neuronal recordings is steadily increasing (Musall et al., 2019).
Scalability will be a large influence on whether a method can be used for
years to come or whether it will need to be rapidly replaced by other meth-
ods which are computationally more efficient.

In a very positive development, research groups are making their large
data sets publicly available (Allen Brain Observatory, 2019; Musall et al.,
2019; Stringer et al., 2018). Thanks to open science efforts, the analysis of
massive data sets is no longer the privilege of a few laboratories, but any
person may analyse those datasets given they have the right tools to their
disposal. Many papers have also made their code available and a large num-
ber of open source software tools have been released to analyse spike trains
and other electrophysiological brain signals: Elephant (Python) (Yegenoglu
et al., 2015), allensdk (Python) (Allen Brain Observatory, 2019), neo (Python)
(Zhang et al., 2017), Spyke Viewer (Python) (Pröpper and Obermayer, 2013)
SPIKY (Python) (Kreuz et al., 2015), Brainstorm (Matlab) (Tadel et al., 2011),
Chronux (Matlab) (Partha and Bokil, 2008) and FieldTrip (Matlab) (Oosten-
veld et al., 2011).

Chapter 3 outlines neural topic modelling, a new open-source method
for neuronal assembly detection, which is scalable to large datasets and has
great potential for optimisations.

In turn, Chapter 6 describes the replication of a spiking neural network
which proposed a computationally cheap way to identify spike sequences
specifically. This open source implementation in Python is a replication of
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a study for which the original code was written in Matlab and not publicly
available.

2.4.5 Biological interpretability

Most of the methods identifying neuronal assemblies by their firing rates
mentioned in this literature review do not have the explicit goal to arrive at
their conclusions in a biologically interpretable way. Given the complexity
of the problem – finding spike sequences or co-activations of variable size,
length and delay – this is not surprising. Nevertheless, it would be very
helpful to generate hypotheses about how the brain might achieve such an
impressive feat.

Neural topic modelling, as presented in Chapter 3, aims to extract simple,
biologically interpretable features from spike trains without dimensionality
reductions that make interpretation more difficult (e. g. the second principle
component of the covariance matrix). Not only that, but the detection of the
neuronal assemblies is done in a transparent and interpretable way through
a generative model.

The spiking neural network described in Chapter 6 presents an approach
which attempts to identify spike sequences in a spiking neural network us-
ing coincidence detection, which is an ability known to exist in neurons in
the brain (Roy and Alloway, 2001).

2.5 conclusion

Large recordings have already started to provide a large number of insights
we have never been able to access before (Musall et al., 2019; Stringer et al.,
2018). The search for organisational structures such as neuronal assemblies
needs to keep up with the improvements in the field of recording techniques.

This chapter has provided an overview over what kind of information sin-
gle neurons are able to encode and how they employ multiplexing to encode
multiple variables at once. It described the two main ways in which neural
assemblies are currently defined and searched for: through spike sequences
or correlations in spike rate time series. For each approach, popular methods
for the detection are delineated. Finally, I make suggestions for improving
the search for neural assemblies by widening what aspects of neural activity
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can be used for defining neural assemblies and by softening the hard split
between assembly neurons and non-assembly neurons.



3
N E U R A L T O P I C M O D E L L I N G – C O N C E P T A N D
I M P L E M E N TAT I O N

In this chapter, I describe neural topic modelling – a novel neural data anal-
ysis method developed during the course of this thesis. I will introduce a
more general definition of a neuronal assembly and show that a technique
from text mining, topic modelling, can be used for neuronal data analysis.

In its current implementation, neural topic modelling extracts four dif-
ferent types of neural activity events from electrophysiological recordings.
From the spike trains of the neurons, time windows with particularly high
and particularly low firing rates are identified (see Section 3.2.2.1) as well as
time windows in which pairs of neurons exhibited a higher-than-expected
number of synchronous spikes (see Section 3.2.2.2). From the local field po-
tential (LFP) signal, the time windows with the highest amount of power
in five different frequency bands are extracted for each brain region on
each electrode (see Section 3.2.2.3). Next, the probabilistic generative model
Latent Dirichlet Allocation (LDA) (see Section 3.2.3) is applied to the re-
sulting neuronal event-time window matrix to uncover hidden topics or
themes in the data i. e. groups of neuronal events which co-occur across
time windows. To increase the quality of the topics found, the results from
multiple random initialisations are pooled to filter out noise and to extri-
cate topics which are likely to represent neural correlational structures (see
Section 3.2.4).

3.1 inspiration

The concept of groups of neurons being physically or functionally organised
in neuronal assemblies is very old on the relative time scale of neuroscience
research (Hebb, 1949). Initially, limitations on the number of neurons per
recording made the search for such assemblies all but impossible. When
recording techniques improved and enabled the recording of larger numbers
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of neurons, the limitations shifted to the lack of methods with which to
detect assemblies as outlined in Section 2.3.1 of the previous chapter.

The larger data sets are forcing neuroscientists to look beyond their own
field to come up with ways to cope with these large amounts of data. There is
a desperate need for scalability. I therefore looked beyond the neuroscience
horizon and searched for suitable methods in fields which routinely deal
with such large amounts of data. Text mining is such an area where data
sets might include all the words in whole books, the entirety of Wikipedia
or the millions of tweets with the hashtag #blacklivesmatter or #womeninstem.
Researchers in other fields have treaded this path before me and applied
text mining tools – and in particular the topic model LDA – to genomic
data (Liu et al., 2016), medical records (Doshi-Velez and Kim, 2017; Hughes
et al., 2018) and fMRI signals (Koyejo et al., 2013). I therefore decided to take
advantage of the scalability and the interpretability of LDA and figure out
how to apply it to neural datasets.

LDA is best explained through an example of how it works on text data.
Let’s assume LDA is applied to a set of documents:

• Document 1: Blossom is the leader of the Powerpuff Girls, but Butter-
cup is my favourite.

• Document 2: To complete a PhD in computational neuroscience one
needs a powerful computer.

• Document 3: Powerpuff Girls airs every Monday at 9 am on CN.

• Document 4: To better deal with the high computational demand in the
Neural Reckoning research group, three new computers were bought
to act as servers.

• Document 5: The PhD students in the lab chose Blossom, Bubbles and
Buttercup as names for the new servers.

• Document 6: A PhD student from the Neural Reckoning lab gave a talk
on computational neuroscience at an all girls’ school.

In this example, LDA might find two topics – groups of words – that could
be labeled as “related to cartoons” and “related to computers” even though
LDA does not provide the label. Each topic is a probability distribution over
the words in the dataset, so the found topics might resemble the following:

• Topic 1: Powerpuff(0.23), Blossom(0.2), girl*(0.16), Buttercup(0.1), ...

• Topic 2: PhD(0.22), comp*(0.19), server(0.17), girl*(0.1), neur*(0.05), ...
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It is important to note that the word “girl*” is part of both topics since
it appears in both contexts (computers and cartoons). The topic model will
therefore assign the word “girl*” a relatively high weight in both topics.
Additionally, each document will be assigned a number of how much of
each topic seems to be represented in the document:

• Documents 1 and 3: 92% topic 1; 8% topic 2

• Documents 2 and 4: 1% topic 1; 99% topic 2

• Document 5: 60% topic 1; 40% topic 2

• Document 6: 11% topic 1; 89% topic 2

There are a number of ways the concepts from text mining (words, docu-
ments, topics) can be mapped to neural data. Table 3.1 juxtaposes the con-
cepts from text mining and how they will be used in this thesis for neural
data analysis. When applied to text data, topic modelling uses a vector of
how many times each word appears in each document as its input. Here
we generalise this to a document being a window in time and a “neural
word” being a feature of neural data such as an elevated firing rate in one
neuron, synchronous spikes in pairs of neurons or high power in the beta
frequency band in the LFP signal. The step of extracting such neural words
from neuronal recordings is referred to as “event filtering” throughout this
thesis.

Table 3.1: Translation of concepts from text mining to neural data analysis

text mining neural data description

document neural document time window of recording
word neural word feature of the spike train such as

“neuron A has a high firing rate”
topic neural topic neuronal assembly in which neurons interact

with some part of their activity

This event filtering for the creation of the neural words opens up a lot of
possibilities. Any feature of a spike train can become a neural word in this
way: firing rate modulations, bursting, timed spikes with other neurons and
even abstract concepts such as inter-spike interval (ISI) variability. Moreover,
other kinds of data can also be converted into such a format, e. g. aspects of
the LFP signal.
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As a consequence of the flexibility of neural topic modelling, the method
is not strictly bound to the current definitions of neuronal assemblies as ei-
ther a group of neurons who participate in repeated spike sequences (Prut
et al., 1998; Quaglio et al., 2017) or as a group of neurons who exhibit co-
modulations of their firing rates (Avitan et al., 2017; Lopes-dos Santos et al.,
2011; Mölter et al., 2018). Researchers acknowledge that neuronal assem-
blies should be defined in a broader sense to include neuronal assemblies
in which neurons interact through other means, but the assembly detection
methods are slow to adapt to this (Dragoi, 2020). Why neuronal assemblies
have traditionally been defined in these two particular ways and why cur-
rent detection methods are limited to them is outlined in Section 2.3.1 of
Chapter 2.

Topic modelling results in a number of topics, which are probability dis-
tributions over the words in the input matrix. In other words, each topic as-
cribes each word a weight for how important that word is for this particular
topic. For neural data, this means that every neural topic includes a weight
mapped to each activity pattern extracted from the data. These neural topics
can be used to gather ideas about assemblies in the data.

In this chapter, I will outline the steps involved in neural topic modelling.
Section 3.2.2 describes how the neural data is divided into time bins and
goes into detail about how certain activity patterns are extracted from the
binned spike trains. The subsequent topic modelling and clustering of the
results are mapped out in Sections 3.2.3, 3.2.4 and 3.2.5. Finally, I will discuss
some of the advantages and disadvantages of the components of neural topic
modelling and mention which shortcomings of current methods it addresses
and the challenges it faces in Section 3.3.

3.2 pipeline

Neural topic modelling aims to identify neural assemblies in large-scale neu-
ral datasets. These neuronal assemblies can include the neurons whose firing
rates are correlated (as many assemblies which have been identified before),
but can also extract multiple spike train features to broaden the idea of how
activity from different neurons relates to each other.

Neural topic modelling involves multiple steps: dividing the recording
into time bins, event filtering to generate an input matrix, running multiple
initialisations of fitting the input data using a generative model and clus-
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tering the results. Each of the steps will be described in more detail in the
following sections.

Figure 3.1: Neural topic modelling pipeline. Visualisation of the steps involved in
neural topic modelling: the event filtering of the neural data, the topic modelling,
the clustering of the found topics, and the interpretations of the clusters. LFP = local
field potential; LDA = Latent Dirichlet Allocation
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3.2.1 Neural documents: time windows

To translate neural data into a format that can be used in topic modelling,
the recording time needs to be divided into time windows (which are equiv-
alent to different documents in text mining). These time windows then form
the basis on which spike features are calculated e. g. spike count per spike
window (see Section 3.2.2.1), number of coinciding spikes between pairs of
neurons (see Section 3.2.2.2) or power in the alpha frequency band in the
LFP signal (see Section 3.2.2.3). The time windows can be aligned to the
start of a stimulus block, but do not have to be. Time windows are chosen to
be of the same length throughout so as to guarantee comparability between
different time bins across the whole recording.

The length of the time window can be set depending on the nature of the
data. The length needs to represent a good balance between capturing fast
changing activity and allowing spike train features to unfold in the time bin
while allowing activity features to be slightly delayed relative to each other
(Ozden et al., 2008). Spike train features such as firing rate modulations and
sequential spiking usually occurs on shorter timescales (tens of milliseconds)
favouring shorter time bins (Butts et al., 2007; Dragoi, 2020), while other data
types such as LFP prefer longer time windows since they include slower
dynamics.

In the following section I will describe how different spike train features
were derived for each time window for each neuron.

3.2.2 Neural words: event filtering

As many studies have demonstrated, neurons encode different internal or ex-
ternal variables with different aspects of their spike trains. This is not limited
to primary sensory neurons, but also applies to neurons in higher processing
areas in which multiple inputs – motor activity, behavioural or motivational
states – need to be processed at the same time. There is a lot of evidence that
neurons encode different variables using different encoding strategies, a phe-
nomenon called multiplexing (Hardcastle et al., 2017; Stringer et al., 2018).
For a more detailed description of the literature on multiplexing, please refer
to Section 2.2.

Extracting these different types of events from the same spike train makes
it possible to study their interactions in neural activity with neural topic
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modelling. This section will describe the event filtering – which in the con-
text of neural topic modelling represents the creation of neural words – for
three different types of spike train features: a particularly high or particu-
larly low firing rate (see Section 3.2.2.1) and coincidental spiking (see Sec-
tion 3.2.2.2). Since neural words do not have to be based on the spike train
themselves, but can also be extracted from different types of neural signals, I
present the power in different frequency bands in the LFP signal as a fourth
example for a neural word (see Section 3.2.2.3).

3.2.2.1 High or low firing rate

Modulations of their firing rate is an important way in which neurons con-
vey information (Allen et al., 2019; Harris, 2005; Hubel and Wiesel, 1961).
This is the reason why most assembly detection algorithms are based on the
firing rates of neurons or the pairwise correlations thereof. Neurons display
preferences for some stimuli, which they express with a high firing rate, or
significantly lower their firing rate for other stimuli they are not attuned to.
Therefore I am aiming to extract time windows in which neurons exhibited
a particularly high or a particularly low firing rate compared to the spike
counts in the other time windows. This should filter out time windows with
high information content while ignoring the rest.

The simplest way to estimate the firing rate of a neuron in a time bin is to
count the spikes which occurred in that time bin. Other assembly detection
methods also start out with this step (Lopes-dos Santos et al., 2011, 2013).

To create the neural word of “high firing rate” (this will be called sc+ in
Chapter 5, short for “spike count +”), I first calculate the number of spikes
in each window for each neuron. Then I have to set a threshold to determine
during which time windows each neuron had a “high firing rate”. Only
windows with a spike count higher than this threshold will be recorded as
having a high firing rate. These thresholds are based on percentiles, which
can be adjusted as a parameter. During the course of this thesis, I use a
percentile threshold of 75th percentile for the high firing rate neural word
i. e. I only registered the event “neuron 1 high firing rate” if the spike count
is higher than in 75% of all time windows of neuron 1. Similarly, I decided
on a 25th percentile for the low firing rate neural words i. e. I only registered
the event “neuron 1 low firing rate” if the spike count is lower than in 75% of
all time windows. Registering an event in this context means placing a 1 into
the row of that word and column of that time window in the neural word-
document matrix. To be clear, I did not include 25% of all time windows of
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Figure 3.2: Neural word creation from spike data. The time of the recording is di-
vided into time bins (neural documents) – in this example the windows are 100 ms
long. In the first step, certain aspects of these spike trains are calculated per time
bin e. g. the spike count per time window per neuron or the number of synchronous
spikes between each pair of neurons per time window. Finally, a thresholding step
is applied, so that whenever an event (e. g. the spike count) happened above a
threshold (e. g. spike count was above 2 spikes, where 2 spikes represent the 75th
percentile threshold), then a 1 was recorded for that neural word in those docu-
ments. The example neural words used here were: high firing rate (pink), low firing
rate (purple) and coincidental spikes (yellow). n0 = neuron 0, n1 = neuron 1, FR =
firing rate, csp = coincidental spiking

each unit in the analysis. Rather, only events that occur at most in 25% of
time windows are included. Therefore no events would be recorded from
perfectly tonically firing neurons.

This threshold selection has two effects: it ensures that I only capture the
firing rates at either end of the spectrum and it creates a hard upper bound
by restricting the number of 1’s to a maximum of 1/4 of all documents. The
former makes sure that each neuron is judged relative to its own activity.
The latter reduces the noise in the system by only taking into account neural
words which are likely to convey information. In text data, noise reduction
is highly important and so-called stop words – words that are not specific
to a theme e. g. word such as “to”, “be”, “or”, “not”, “two”, “but” – are
routinely excluded from analysis.
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3.2.2.2 Coincidental spiking

Another feature of neural spike trains known to convey information in the
brain are coincidental spikes between two or more neurons. As an example,
motor neurons encode information through spike synchrony which is not
recoverable by their firing rates only (Cohen and Newsome, 2008; Perez-
Orive et al., 2004; Riehle et al., 1997). Even short spike sequences involving 2

– 8 spikes carry task-relevant information (Prut et al., 1998). The non-trivial
search for synchronous spikes between more than a few neurons has brought
forward a number of different methods (Mackevicius et al., 2018; Masquelier
et al., 2008; Quaglio et al., 2017; Torre, Canova, Denker, Gerstein, Helias
and Grün, 2016). For neural topic modelling I restrict myself to coincidental
spikes between pairs of neurons as the simplest multi-neuron neural word.

It is up to the user how strict or how lenient she1 wants to define co-
incidence in this context. She needs to provide the neural topic modelling
algorithm with a time window (in the order of milliseconds) representing
the longest time between two spikes which count as coincident. Addition-
ally the user determines a percentile threshold similar to the high / low
firing rate neural word described in the previous section. The percentile cal-
culation works slightly different here, since the number of coincident spikes
in a certain time window is not compared to the rest of the time windows
as in the previous section, but is compared to the expected number of co-
incident spikes, had all the spikes in the time window occurred at random.
This served the purpose of only recording an event when the number of co-
incidences surpasses the e. g. 75th percentile of expected coincidences when
these spikes occur at random times. The expected number of coincidences
is pre-calculated by going through the possible pairs of numbers of spikes
in a time window (0 to 100 for each neuron) and placing those numbers of
spikes into a 100 ms time window uniformly. This process is repeated 10000

times and the 75th percentile is saved for later comparison in a lookup table.

For the sake of neural topic modelling, the algorithm goes through the
two spike trains of a pair of neurons and counts the number of coincidences

1 In this thesis, I have decided to use “she” when referring to individuals instead of “he” or
“they”. While “they” is an attempt to be more gender-neutral and has many merits as a
singular pronoun, its use can lead to ambiguities. The use of “she” is not gender-neutral,
but when contemplating that the also non-gender-neutral pronoun “he” has been in use
for centuries and is still currently the norm, the explicit use of “she” may serve as a tiny
attempt to create some balance. If the use of “she” highlights the unfamiliarity of seeing the
female pronoun being used in this way and a feeling that this pronoun does not represent
all individuals, then this might lead the reader to contemplate sexism in the use of language
– a goal as important as neural data analysis.
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within each 100 ms time window. This number is then compared to the
expected number of coincidences based on the pre-calculated coincidence
count threshold described above. For example the expected number of co-
incidental spikes at the 75th percentile when one neuron spikes once and
the other neuron spikes three times is zero. If the spike from neuron 0 did
indeed happen within 4 ms of one of the spikes in neuron 1, then this time
window is given a 1 in the row of this neural word and the column of that
particular time window in the neural word-document matrix.

3.2.2.3 LFP power spectral density

The feature from the LFP signal I selected to use as a neural word is the
power spectral density in different frequency bands for different brain re-
gions.

In the data set used in this thesis, LFP signals are available from every
4th Neuropixel electrode (Allen Brain Observatory, 2019). Each electrode
therefore yields about 90 LFP time courses. LFP time courses of channels
not inside the brain are discarded. The remaining time courses exhibit high
correlations with each other when the channels were located in the same
brain structure. To avoid highly correlated neural words from the LFP signal,
I calculated an average time course per brain region on the electrode. These
regions may be given by the data (e. g. the Allen Institute data includes the
substructure in which a channel is located such as CA1 or dentate gyrus for
neurons in the hippocampus) or can be set by the user by segmenting the
time courses by hand. The goal is to achieve time courses per region which
are as de-correlated as possible to not introduce artificial correlations into
the topic model.

In the next step, the power spectral density of different frequency bands is
extracted for each time window by calculating a spectrogram. More specifi-
cally, a Fourier Transformation is applied to the LFP signal in different time
windows which correspond to the time bins used to extract the spike train
features described in the previous two sections. The time window size of
100 ms used for the spike train feature extraction is relatively small for an
LFP signal analysis. The standard procedure in a situation such as this is to
calculate the Fourier Transformation on overlapping time windows (Worrell
et al., 2012). Therefore, I decided to extend the time window (of 100 ms) by
100 ms before and 100 ms after and calculate the Fourier Transformation on
that 300 ms window which is centred on the 100 ms time window of interest.
To simplify the calculation of the power spectral density, I resampled the
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Figure 3.3: Neural word creation from LFP data. The time of the recording is di-
vided into time bins (neural documents) – in this example of 100 ms length. A
Fourier Transform is applied to time windows of 300 ms length, each of which is
centred on the 100 ms neural documents (light blue stripes). From the resulting spec-
trogram, the power spectral densities in five frequency bands is averaged (shown
here are only three: delta (pink), alpha (yellow) and beta (yellow)). Finally, a thresh-
olding step is applied, so that whenever the power spectral density in a certain time
window was above the 85th percentile threshold of that frequency band, then a 1

was recorded for that neural word in those documents (filled circle in the frequency
band time courses in pink, purple and yellow). As an example, the LFP signal from
CA1 in the hippocampus is shown and example time courses for the power in the
different frequency bands are shown. HP = high power

LFP signal from 1250 data points per second to 2500 data points per second
before the calculation of the Fourier Transformation.

Applying a Fourier Transformation on the LFP signal gives a spectrogram
– an indication of the power spectral density per frequency in the original sig-
nal. Traditionally in LFP signal analysis, power is averaged over certain the
frequency bands: delta (3-6 Hz), alpha (6-13 Hz), beta (13-30 Hz), high beta
(30-40 Hz) and gamma (40-70 Hz)2. This separation into frequency bands
here is very crude because of the low frequency resolution of the spectro-
gram, so the frequency bands should only be taken as concepts, not at their
exact values. The cutoff at 70 Hz was chosen here because extracting higher

2 The choice of boundaries for frequency bands can be a hot topic for debates. The values
chosen here should be seen as guidelines and not as absolute values, since the frequency
resolution is not high enough to make distinctions e. g. between 8-14 Hz and 8-15 Hz for the
alpha frequency band.
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frequencies is unreliable due to the resampling mentioned above and unin-
teresting since very high frequency bands in the LFP signal contain mostly
spikes, which have already been processed in the spike trains. In this case,
the frequency resolution of the spectrogram was 3.33 Hz. The power spectral
density per frequency bands was therefore extracted from the average time
courses in each frequency band.

This analysis results in a relatively continuous signal per region per fre-
quency band with one value per 100 ms time window. To determine in which
time windows the neural word of high power spectral density occurred, neu-
ral topic modelling again relies on a percentile given by the user. I decided on
the threshold being all values above the 85th percentile power spectral den-
sity per frequency band time courses. Time windows with a value higher
than this threshold are marked as having that neural word occurring and
receive a 1 instead of a 0 in the input matrix.

3.2.2.4 Combining neural word types

One neuron can give rise to multiple neural words i. e. high firing rate and
low firing rate and coincidental spiking with all other neurons. Therefore the
resulting neural word-document matrix that is the input for the topic mod-
elling will most likely be larger than the number of neurons in the dataset.
The rows of the matrix each represent one neural activity pattern with 0’s in
the documents (time windows) in which this pattern did not occur and 1’s
in the documents in which it did.

To slim down this input matrix and to reduce runtime of the algorithm, it
is advisable to throw out neural words which occur less than 0.5% of all time
windows. If a large number of neural words remain, it is possible to restrict
the input to the top 5000 or 10000 neural words which occur with the highest
frequencies. Since I had restricted the number of coincidental spiking words
as mentioned above, I did not need to apply such a global restriction on the
number of words to include.

3.2.3 Topic model

Topic modelling was originally developed to discover latent variables in
large bodies of texts – uncovering the themes which underlie the data. Ex-
amples of texts that have been used for topic modelling are diverse: the
entire history of articles in the New York Times, all Wikipedia articles (Hoff-
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man et al., 2013) or twitter posts about flu to model health trends (Paul and
Dredze, 2014). Topic models infer topics present in the data in an unsuper-
vised way without the need of specifying them in advance.

Probabilistic generative models – to which topic models belong – approx-
imate lower dimensional representations of the given data (here: topics) by
simulating the process of generating the data from the hidden variables. The
following section will go into more details about this process and how hid-
den variables are inferred.

Because of their simplicity and the interpretability of the results, topic
models have become very popular outside the field of text mining. For ex-
ample, in Computer Vision topic models are used to find useful features
of images (Luo and Maunsell, 2015). Other fields of research such as biol-
ogy and medicine have caught on to the usefulness of this familiy of mod-
els. Topic models are used for the analysis of gene expression data (Caldas
et al., 2009), DNA sequencing (Chen et al., 2010, 2012), protein sequences
(Pan et al., 2010) and protein interactions (Rogers et al., 2005). Patterns in
much higher level health data have also been discovered using topic models
e. g. predictions of responsiveness to anti-depressants (Hughes et al., 2018)
and behavioural markers in patient monitoring (White, 2017). Moreover, re-
searchers have converted time series data such as Magnetic Resonance Imag-
ing (Castellani et al., 2010; Koyejo et al., 2013) and electroencephalography
(Lara et al., 2014) into forms which can be analysed with topic models.

Latent Dirichlet Allocation

LDA is an example of a topic model and a probabilistic generative model
(Blei, Ng and Jordan, 2003). It was developed as an improvement of proba-
bilistic latent semantic analysis (Hofmann, 2001), which in turn was an im-
provement of the (non-probabilistic) latent semantic indexing (Deerwester
et al., 1990). Its goal is the discovery of latent topics in a dataset of text docu-
ments in an unsupervised manner and is therefore particularly effective for
large datasets of discrete data (Blei, Ng and Jordan, 2003). Probably the most
commonly used topic modelling algorithm is Latent Dirichlet Allocation de-
veloped by Blei, Ng and Jordan (2003), which is also the one used in neural
topic modelling.

LDA receives a “bag of words” as input – a matrix with the counts of
each word in each individual document. Neither the order of the words nor
the order of the documents are taken into account. LDA assumes that there
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exist hidden variables which explain the observed frequencies of words in
the documents. It further assumes that multiple topics are present in each
document and that the words in a document reflect this. The goal of LDA
is to estimate the topics which give rise to the observed words in the docu-
ments by assuming that each topic is a probability distribution over words.
It also estimates which topics are present in each document. LDA therefore
infers two variables: the topic representation of each document (θ) and the
distribution over words in each topic (β). The notation for LDA was chosen
to match the original publication (Blei, Ng and Jordan, 2003) and all subse-
quent publications by the same author. For a table of the variables included
in LDA see Table 3.2.

α θd
ηβkzd,n wd,n

D
N K

documents
words topics

observed
estimated

Figure 3.4: LDA graphical model. LDA aims to generate the given data through
a generative process based on hidden (white nodes) and observed (grey nodes)
variables. See Table 3.2 for a description of all parameters in this figure. Boxes
indicate repeated processes and the letter in the right corner of each box gives the
number of repetitions. Arrows signify dependencies.

Since LDA is a generative model, it infers these variables through a gener-
ative process – it tries to re-create the data from the estimated hidden vari-
ables and adjusts the hidden variables in order to maximise the (marginal)
log likelihood of the data. The probabilistic graphical model of LDA is
shown in Figure 3.4 and visualises the generative process. Importantly it
visualises the dependencies of the variables, which are the key assumptions
at the basis of LDA.

The generative process can also be described in words:

• Pick the number of words N to be in the document according to a
Poisson process ξ

• Choose a topic mixture to be present in the document according to a
Dirichlet distribution θ over a set of K topics (the number of topics K
is fixed)

• For each word in the document do the following:

– Choose a topic k according to the multinomial distribution (θ)
from the last step
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– Choose a word w from this topic according to the topic’s multino-
mial probability β

The priors for the distribution over topics in each document and for the
distribution over words for each topic are assumed to be Dirichlet distribu-
tions which depend on the parameters α and η respectively. In LDA, both
α and η are initialised as small values (i. e. as 1/K) which leads to sparse
probability distributions of θ and β. In other words, the model initially as-
sumes that only a few topics are present in each document and only a few
words dominate each topic. It is worth noting though that the Dirichlet dis-
tribution will never assign a probability of 0 even though it may come close
(Blei, 2012).

Table 3.2: Description of parameters for LDA.

parameter description

α Dirichlet prior for θ
θ per document topic distribution
z document-specific topic
w topic-specific word
β per topic word distribution
η Dirichlet prior for β
K number of topics to be found
N number of words in the data
D number of documents in the data

In order to be able to estimate the hidden variables through a generative
process, a joint probability distribution over the observed and the hidden
variables is formulated.

p(β1:K, θ1:D, z1:D,w1:D) =
K∏
i=1

p(βi)

D∏
d=1

p(θd)(

N∏
n=1

p(zd,n|θd)p(wd,n|βi, zd,n))

(3.1)

This joint distribution is used to calculate the conditional distribution (pos-
terior distribution) of the hidden variables given the observed variables (Blei,
2012).

p(β1:K, θ1:D, z1:D|w1:D) =
p(β1:K, θ1:D, z1:D,w1:D)

p(w1:D)
(3.2)
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The conditional probability given in equation 3.2 cannot be computed and
needs to be estimated since the denominator represents the summed joint
distribution over all possible hidden topic structures – a number much too
large to compute (Blei, 2012). Multiple approximation methods have been
developed to estimate the denominator and with that estimating the poste-
rior distribution. For neural topic modelling, I chose to stick with the deter-
ministic Variational Bayes (VB) approach which poses the estimation as an
optimisation problem: VB finds the best estimator from a set of parameters
(Blei, Ng and Jordan, 2003; Hoffman et al., 2010; Jordan et al., 1999; Wain-
wright and Jordan, 2008). Other estimation algorithms include sampling-
based methods such as Gibbs sampling (Steyvers and Griffiths, 2007). While
there is much debate about which inference algorithm should be used for the
estimation, there is evidence that the results do not differ much (Asuncion
et al., 2009). The topic modelling LDA algorithm used for neural topic mod-
elling is the implementation in the Python Scikit learn package (Pedregosa
et al., 2011), in which the VB algorithm is already embedded.

Regardless of which inference algorithm is used, LDA gives two distribu-
tions: the distribution over topics in each document (θ) and the distribution
over words in each topic (β). The generative process by which it arrives at
these distributions is transparent and comprehensive. Another point which
makes topic modelling stand out is the assumption that each document is
a mixture of different topics, which is the case for many real datasets (Liu
et al., 2016). For these reasons, topic modelling is valued for its potentially
interpretable results – especially in contrast to other “black-box”-y machine
learning techniques.

3.2.4 Clustering

Since the exact results of LDA depend on the randomness introduced during
training and inference (Blei, Ng and Jordan, 2003), two runs of LDA may lead
to two sets of topics which have a number of topics in common but where
several topics are only found by either run. Additionally, the more overlap
there exists between the assemblies, the less likely it is that one run finds the
optimal solution. To circumvent these issues, I decided to run LDA on the
same input multiple times (20) with different random seeds. There will be
some topics which appear in each of the 20 runs, while others come up in
half of the runs and others arise maybe once or twice. I assume that the topics
which appear more often in different runs are more likely to be based on an
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underlying correlational structure of the neural words. The number of times
a topic appeared can provide an idea of the robustness of the cluster. The
performance of neural topic modelling for identifying assemblies increased
significantly compared to the best result from a single run.

To demonstrate this, neural topic modelling was applied to an artificial
dataset which included five known assemblies. As a measure of perfor-
mance, I assessed the similarity between the assemblies found and the ground
truth assemblies using a Jaccard similarity (the intersect of two sets divided
by their union). A performance of 1 indicates that all neurons were assigned
to their correct assemblies and a performance of 0 indicates that the found
assemblies did not resemble the ground truth assemblies at all. Figure 3.5
shows the performance of neural topic modelling as a function of how many
words are in the artificial dataset. The “selected” (i. e. clustered and thresh-
olded) performance is always above the best single result. The best result
from any single result is included in all figures in Chapter 4 as grey lines.
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Figure 3.5: Performance improvement through cluster selection. Running LDA
multiple times and then selecting the clusters which appear most consistently (“se-
lected”, green) improves performance in comparison to selecting the best perfor-
mance of the runs (“best single result”, grey).

Pooling the results from runs with different random seeds has the addi-
tional advantage of making the choice of number of topics to find (k) less
important. The number of topics k is a main parameter in topic modelling
and its choice is debated (Blei, 2012). Choosing k so that it is smaller than the
number of ground truth assemblies in the data will by definition not lead
to the discovery of all the assemblies present. Choosing k so that it is much
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larger than the number of ground truth assemblies in the data will lead to
the identification of many topics likely to represent noise.

The number of topics to be found is not known in unsupervised learn-
ing settings, and is certainly not available for neuronal data sets. Running
neural topic modelling multiple times and only including clusters which ap-
peared consistently results in a good performance (identifying all ground
truth assemblies in the data) as long as k is similar to the correct number of
assemblies as can be seen in Figure 3.6. The number of topics to be found
does not necessarily have to be greater than the number of assemblies (i. e.
20 topics are still reliably identified at k = 15) in the data since robust topics
will be found consistently enough in multiple runs with different random
seeds. There seems to be no direct downside to k being even four times
larger than the real number of assemblies since performance with k = 20 is
consistently high.

Figure 3.6: Influence of k on detecting ground truth assemblies. The influence of
the number of topics to be found (k) on assembly detection performance. Perfor-
mance was measured by the Jaccard similarity between the found and the ground
truth assemblies (for details see Section 4.2.2). Lines represent mean for different k
and shaded regions indicate standard deviation from 20 repetitions.

The topics found during each of the runs will not be the exactly the same
and also not in the same order as in the other runs. To obtain which topics
showed up consistently in each run, I cluster the topics in each result using
an hierarchical clustering algorithm, which has several advantages. Firstly
the most similar topics will be clustered together first, which means that the
more similar the topics are (which they should be if they represent an assem-
bly with a strong correlational structure), these clusters will be formed early
in the clustering process. Secondly, there is no need to set the exact number
of clusters to be found as in e. g. K-means clustering algorithms. Instead,
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hierarchical clustering can produce a variable number of clusters because it
takes a maximum distance as a parameter for when to stop clustering.

The choice of what maximum distance to define is up to the user and
could also be done by hand. For neural topic modelling I automatically cal-
culate a maximum distance threshold based on the distribution of all the
pairwise Kullback-Leibler (KL) divergences between all topics found and
set the threshold at the 33rd percentile of all the pairwise divergences. This
seems to work well and result in some clusters which include around 20

topics (the number of runs) and more clusters with only a few topic in them.
The larger clusters represent topics which have appeared consistently and
clusters with few topics most likely represent noise.

a b

Figure 3.7: Cluster selection filters out noise. LDA is applied to the same artificial
input data 20 times and the resulting topics are clustered. (a) When the input con-
tains five assemblies, then the selection of clusters will disregard all clusters apart
from the five assemblies which were present. (b) If no correlational structure is in-
jected into the data, then no clusters pass the threshold of appearing at least 10 time
(half of the number of runs) and all clusters are flagged as noise.

To select the clusters which most likely represent assemblies, I throw away
clusters which include fewer than 10 topics (half the number of runs) and
more than 30 topics (more than 1.5 times the number of runs). Only these
clusters are entered into further analyses (e. .g. green clusters in Figure 3.7
(a)). This approach works very well on the artificial data the algorithm was
tested on, especially considering that this is an automatic threshold which
does not require any human intervention.

A good test of the usefulness of the clustering steps is to see what happens
when this pipeline is applied to input with no correlational structure at all
and the neural words appear in randomly chosen documents. One single re-
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sult may come up with likely candidates of topics according to the random
correlations in the data. Since the correlations are quite weak, different runs
of applying LDA to the same randomly generated input is more likely to
come up with a different set of topics every time. Therefore the clustering
step should yield smaller clusters than when there is a strong correlational
structure in the data (visualised in Figure 3.7 (b)). Ideally, the cluster selec-
tion process described in the last paragraph (disregarding all clusters that
appear in less than half of the runs) will exclude all topics if the input is
indeed random and only shows very weak correlations.

Indeed, this is what I see when random input is used. Sometimes a cluster
with 10-15 topics in it will appear even when the input is random, flagging
that cluster as an “interesting” cluster to analyse further even though the
input was only noise. While this is not ideal, I will not apply stricter selection
criteria since neural topic modelling is meant as an exploratory tool, so I
would rather overestimate the number of “interesting” clusters in the data
than underestimate it.

3.2.5 Thresholding

As in other algorithms for neural assembly detection, neural topic modelling
results in distribution of weights across neural words (in other cases these
would be neurons). To define an assembly, one needs to divide the distri-
bution into two: neural words that are part of the assembly and the others
which are not. Determining this threshold is not straightforward and very
often is done by hand (Mölter et al., 2018).

For the artificial data created for testing and validating neural topic mod-
elling (see Chapter 4), there existed a “correct” answer because the data was
created in such a way where some neural words were part of the ground
truth assembly and others were not. Therefore in this case, I wanted a clear
threshold to validate how accurate neural topic modelling recovered the
ground truth assemblies.

A popular choice of threshold among other methods is using two standard
deviations above the mean as a cutoff value (Mölter et al., 2018). I found that
a slightly different threshold gave more flexibility and worked better for
neural topic modelling: defining the threshold as the midway point between
the median value and the highest recorded weight.
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Figure 3.8: Choice of threshold for assembly assignment. To validate the perfor-
mance of neural topic modelling, each assembly has to be assigned a number of
neural words in order to compare these to the ground truth. The assignment of
neural words to an assembly is done by selecting a weight threshold and assign-
ing all neural words with weights above that threshold to the assembly. Here, two
different thresholds are compared: “mean+2*standard deviation” (light blue) and
“median+0.5*(max-median)“ (dark blue), labelled as “threshold” in the legend. To
put the values into perspective, the median (yellow) and the mean (red) are also
shown. (a) The weight histogram for a small assembly (20 out of 400 neural words).
(b) The weight histogram for a large assembly (80 out of 400 neural words). (c) The
weight histogram for a large assembly (80 out of 400 neural words) when neural
words are noisy (active outside of the assembly activity). (d) The weight histogram
for an assembly which was not given in the ground truth, but instead groups neural
words which are active when no assembly is active.

In some cases, both thresholds would give a satisfactory result, particu-
larly when many small assemblies were present as seen in Figure 3.8 (a).
However, for artificial datasets with different parameters, the mean+2std
threshold is too restrictive as the resulting weights vector is a very skewed
probability distribution towards zero. Selecting a threshold of twice the stan-
dard deviation would exclude a lot of neural words with high weights as can
be seen in Figure 3.8 (b). In cases where there is no clear minimum in the
weights histogram as in Figure 3.8 (c), neither threshold does a particularly
impressive job. Neural topic modelling sometimes also reliably identifies as-
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semblies which are related to the time windows when no assembly is active.
The weight distribution of one such assembly is not as skewed and shown
in Figure 3.8 (d). Note that in this case any thresholding would be rather
meaningless.

For testing the algorithm, having a clear threshold is necessary to compare
the found assemblies to the ground truth assemblies. On the contrary, for
neural data, implementing such a hard threshold may be too simplistic and
ignores the hierarchy of weights which is given by the topic model.

Therefore for neural recordings, instead of a hard threshold based on a
weight value, I include all neural words in an assembly whose weights sum
to at least 75% of the total weight.

3.3 discussion

Neural topic modelling was developed to address the challenges the neuro-
science community faces when it comes to analysing large neural recordings.
It makes use of topic modelling – a scalable machine learning algorithm de-
veloped for use on extremely large text corpora – to identify neural assem-
blies. The analysis pipeline of neural topic modelling includes three parts:
the translation of neural data into a text-equivalent format, the topic model
and the clustering and assessment of the found topics.

In its current state, neural topic modelling extracts four different “neural
words” which are different types of neural activity. From the spike trains of
the neurons, time windows with particularly high and particularly low fir-
ing rates are identified (see Section 3.2.2.1) as well as time windows in which
pairs of neurons exhibited a higher-than-expected number of synchronous
spikes (see Section 3.2.2.2). From the LFP signal, the time windows with the
highest amount of power in five different frequency ranges are extracted for
each brain region on each electrode (see Section 3.2.2.3). Next, the proba-
bilistic generative model LDA is applied to the resulting neural word-time
window matrix to uncover hidden topics or themes in the data i. e. groups
of neural words which co-occur across time windows. To increase the qual-
ity of the topics found, the results from multiple random initialisations are
pooled to filter out noise and to extricate topics which are likely to represent
neural correlational structures.

Neural topic modelling addresses a number of open issues in the assembly
detection field. However, as every other method, it also has its drawbacks.
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Both limitations and strengths of neural topic modelling will be discussed
in this section.

In text data, LDA works best with strong correlational structures i. e. when
words are specific to topics instead of appearing in all topics at the same
probability. The same approach should be taken for neural words – they
should be chosen so that the neural words accurately mirror the specificity
of neurons. Therefore the neural words in neural topic modelling are chosen
so that they only include time windows with unusual or extreme activity
(e. g. occurrences of very high firing rates) and disregarding all instances
in which that particular neural word was only average (e. g. occurrences of
average firing rate). This means that neural activity is thresholded and with
it information is potentially lost. This is not unique to neural topic mod-
elling, as other neural assembly detection algorithm include some kind of
thresholding step (Diana et al., 2019; Mölter et al., 2018). This cutoff seems
to work well enough to discover assemblies despite not carrying all the in-
formation. The key to also including some of this information might be in
the improvement of the translation of spike counts into neural words, which
will be discussed in the following section (5.6).

Using a percentile as a cutoff value and binarising the activity to 0’s (spike
pattern not present) and 1’s (spike pattern present) is an attempt to nor-
malise the activity between neurons which by default have very different
activity characteristics such as firing rate. Other methods achieve this by us-
ing the z-score of the estimated firing rate (Lopes-dos Santos et al., 2011,
2013; Mölter et al., 2018; Panzeri et al., 2010; Stringer et al., 2018). For neural
topic modelling, I not only wanted to create a balance between neurons, but
also ensure that the word counts are comparable to each other, which is why
I chose the percentile cutoff. Nevertheless, neurons with low firing rates will
often not give rise to as many neural words as neurons with high firing rates
because they cannot lower their firing rate below 0 spikes per window or be-
cause some spike statistics cannot be calculated for them (if for example a
Coefficient of Variation or an ISI distribution is used as a neural word).

LDA was developed for text data and therefore makes certain assumptions
about the data, in particular that the documents are independent. This is the
main problem with using topic models on non-text data, since the samples
in very few biological or other datasets are truly independent, including
neural data. One could argue though that also documents in text data are
not truly independent and that independence is a necessary simplification
for the model. Researchers have successfully applied LDA to time series
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data regardless (Koyejo et al., 2013; Lara et al., 2014). Additionally, variants
of LDA have been developed which soften this requirement for document
independence and to take into account the order of the documents (Blei
et al., 2010; Liu et al., 2016). For the first version of neural topic modelling,
I decided to stick with the basic version of LDA which was also readily
available as open source software. However, picking a variant of LDA better
suited to time course data might give more precise results.

LDA is a successful model for finding groups of related words in large
text data. So as a topic model, LDA will find clusters which resemble clus-
ters found in text data. Due to the different nature of neural data, this may
not be the ideal case, since neural assemblies may come in all shapes and
sizes, which might not overlap with the structure of text topics. For example,
the topics in text often include a a large number of words which are related
to them, but neural assemblies might be comprised of a small number of
neurons. As will be discussed in the following Chapter (Section 4.4), detec-
tion rates drop when assemblies are smaller than 5% of the total number of
neural words. This might limit the usefulness of a topic model in finding
neural assemblies which are very small. However, the sparse Dirichlet prior
and the clustering step in the pipeline make it more likely also for small
assemblies to be identified.

Due to the limitations mentioned above, neural topic modelling is un-
likely to find all possible neuronal assemblies in the data – just as any other
assembly detection method out there. The performance of neural topic mod-
elling when it comes to identifying assemblies from artificial test data sets is
comparable to other methods (for details, see Section 4.3 in Chapter 4). At
the same time, neural topic modelling is able to discover additional assem-
bly structures to the currently available methods. Expanding the features of
neuronal activity to multiple aspects of the spike train can generate a com-
pletely different set of assemblies which other methods would not be able to
find.

While topic modelling might not be the solution to all of the challenges
currently discussed in neural assembly detection, it does take steps towards
addressing some of them.

Currently, there exist multiple methods for identifying neural assemblies,
which have brought forward interesting results and assemblies whose activ-
ity related to experimental variables (Mölter et al., 2018). Many of them start
with estimating the time course of the firing rate of each unit and the corre-
lation between all pairs of units (Mölter et al., 2018; Panzeri et al., 2010). The
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resulting connectivity matrix forms the basis of all further data explorations
(Stringer et al., 2018). Others directly apply dimensionality reduction tech-
niques on the estimated firing rate time courses of the neurons (Cunningham
and Yu, 2014; Lopes-dos Santos et al., 2011). A completely different approach
is taken by methods focussing on defining assemblies as neurons involved
in repeated sequential spike patterns (Mackevicius et al., 2018; Masquelier
et al., 2008; Prut et al., 1998; Quaglio et al., 2017; Torre, Canova, Denker,
Gerstein, Helias and Grün, 2016).

What both approaches completely leave out is that neurons might do both
at the same time. The fact that neurons multiplex i. e. code for different ex-
perimental variables with different aspects of their activity is well known
(Hardcastle et al., 2017; Huk and Hart, 2019; van der Meij and Voytek, 2018),
but this knowledge is not included into the methods for searching for neural
assemblies. Neural topic modelling aims to allow for multiplexing in neu-
rons by extracting different aspects of the spike trains and other neural data
separately. This allows for the combined analysis of multiple spike train or
LFP features – something that has not been tried yet in the search for neural
assemblies.

Moreover, neural topic modelling also takes into account that one neuron
or one feature of a neural spike train might participate in multiple assem-
blies. While some methods allow for this (Carrillo-Reid et al., 2015, 2016),
sometimes the detection performance degrades when neurons are part of
multiple assemblies (Diana et al., 2019). Other methods assign each neu-
ron at most one assembly (Lopes-dos Santos et al., 2013), especially the ones
based on PCA since principle components are by definition orthogonal. Neu-
ral topic modelling assumes overlapping assemblies from the start, due to
it being developed for text data. Words in any language can be used in dif-
ferent contexts. The word “score” for example can come up in a variety of
topics such as “sports”, “sheet music” and “exams”. Indeed, the firing rate
of neurons have been shown to play a role in multiple assemblies (Carrillo-
Reid et al., 2015). Neural topic modelling might be able to uncover not only
how the firing rates of neurons relate to each other in assemblies, but also
how firing rates relate to other features of neural activity (e. g. synchronous
spiking, ISI variability, bursts and any other spike train feature). Therefore,
neural topic modelling might be able to detect assembly structures and find
interactions between spike patterns which other methods would not be able
to find.
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All methods apply a hard threshold in the final steps of the search for as-
semblies to clearly define which neurons belong to an assembly and which
ones do not (Lopes-dos Santos et al., 2013; Mölter et al., 2018; Peyrache et al.,
2010; Romano et al., 2015). For neural topic modelling, I want to challenge
this binary definition of an assembly where firstly a neuron is either in or
out of the assembly and secondly where all neurons within it are equally im-
portant. The shape of the probability distribution over neural words given in
the topics might hold interesting information (see section 4.6). It intuitively
makes sense that some neurons are more faithful to the overall activity of an
assembly (Buzsáki, 2010), and it might be interesting to see what is driving
this discrepancy.

The choice of LDA – a text analysis tool – for neural data has another
interesting implication. A topic model assumed that in each document there
are multiple topics present. This characteristic of LDA is the main reason
why topic modelling has been popular for biological and medical datasets
since this assumption often holds true in data from those fields (Liu et al.,
2016). This assumption fits very neatly with neural data since at any point
in time in every part of the brain, neurons integrate and process multiple
inputs. In this regard, topic models are suitable models to use for the analysis
of neural data.

Another aspect which makes topic models a convenient tool for neural
data is their scalability, which is a huge challenge with the ever-growing data
sets that are now being recorded (Allen Brain Observatory, 2019; Stringer
et al., 2018). Already we see analysis methods being retired since they are
not scalable to such large numbers of neurons e. g. the brute-force approach
to identify repeated spike sequences by Abeles and Prut (1996). The num-
ber of possible assemblies grows exponentially with the number of neurons
recorded (Blei, 2012). New methods for detecting neuronal groups need to
recognise this fact and provide a better scaling factor. There exist highly opti-
mised inference algorithms – the bottleneck in terms of computational time
– which allow the analysis of millions of documents or even real-time LDA
and are available as open-source software (Blei, 2012). While my implemen-
tation is not one of those highly optimised ones, there is no reason why they
can’t be utilised for neural data. This would ensure that neural topic mod-
elling stays relevant despite the impressive growth of neural recordings.

Interpretability is also a big goal for the data analysis of neural data. Many
complex mathematical models provide interesting low-dimensional repre-
sentations of large neural data sets, but the question remains how the brain
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could arrive at such a representation and whether it can actually make use
of that information. Nevertheless, dimensionality reduction techniques have
been applied with great success to neuronal data (for a review see Cun-
ningham and Yu (2014)) and enabled researchers to identify neural mecha-
nisms for sensory input selectivity (Mante et al., 2013), odour discrimination
(Mazor and Laurent, 2005), and premotor responses (Kaufman et al., 2014).
Popular amongst these methods are Principle Component Analysis (PCA)
and its derivatives such as demixed PCA (Kobak et al., 2016), Gaussian-
Process Factor Analysis (Yu et al., 2009), and sequential non-negative matrix
factorisation (Mackevicius et al., 2018). Current methods which search for
neural assemblies also rely heavily on complex data transformations such as
PCA in combination with a Promax oblique rotation (Romano et al., 2015),
singular value decomposition (Carrillo-Reid et al., 2016) or spectral graph
clustering (Avitan et al., 2017). The lower dimensional representations from
these highly sophisticated methods are difficult to interpret biologically and
unlikely to be the way in which the brain processes this information.

In neural topic modelling, I tried to develop a method which does not
rely on complex transformations of the data. On the contrary, neural topic
modelling is based on searching the data for unlikely events (e. g. exception-
ally high firing rates or a exceptionally high number of coincident spikes
in a pair of neurons) and then grouping these activity patterns by their co-
occurrences. When the events chosen are activity patterns which could be
found by neurons themselves, the interpretation of the groups of activity
patterns is spectacularly easy and at the same time the groupings are the
same that could be detected in exactly the same way by the brain. It can
therefore serve not only as a neural assembly detection tool, but it also of-
fers a representation of the data with reduced dimensionality. Even though
topic modelling does not give a topic a label or a biological interpretation,
the biological interpretability of the neural words in each topic make is much
easier to relate the results from topic modelling back to biological variables
(Liu et al., 2016). In addition, the insights gained from neural topic modelling
might be used to generate new hypotheses about how the brain processes
information from what we learn about the interactions between different
neural activity patterns.
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3.4 conclusion

Neuronal assemblies are coordinated groups of neurons, which exhibit simi-
lar activity over time. There is much evidence for the existence and relevance
of these assemblies, suggesting that much of neural activity is organised into
these assemblies and that they hold the key to understanding brain function
(Yuste, 2015). Finding assemblies in large-scale neural data is difficult and
the focus of much ongoing research.

Neural topic modelling aims to identify neural assemblies in a more in-
clusive fashion than previous methods and to address some of the gaps in
current analysis methods. It extracts multiple neural activity features from
one spike trains and thereby takes into account that neurons multiplex. This
aspect sets neural topic modelling apart from all other assembly detection
algorithms which purely focus on the firing rate of neurons. The base as-
sumption that during each time window multiple neural topics are active
and contribute to the neural words in the document make it a suitable model
for neural activity, since neurons also process multiple inputs at one point
in time. As an additional innovation for neural data analysis, neural topic
modelling gives the option of including LFP signals in the analysis.

Its scalability and interpretability makes neural topic modelling a promis-
ing method for the exploration of large neural datasets and for generating
hypotheses for how neuronal activity patterns interact with each other.



4
N E U R A L T O P I C M O D E L L I N G – VA L I D AT I O N

This chapter describes how neural topic modelling was tested and validated
and compared against existing methods.

Identifying neuronal assemblies in large brain recordings is a difficult
problem in neural data analysis because there are no data sets for which the
ground truth about neuronal assemblies is known. Additionally, the larger
the number of neurons per recording becomes, the more important it is to
have scalable and reliable assembly identification algorithms.

The work shown in this chapter demonstrates that neural topic modelling
is a suitable algorithm for the detection of neuronal assemblies and its per-
formance is equal to or surpasses currently available algorithms (see Sec-
tion 4.3). I demonstrate this by applying neural topic modelling on artificially
created data for which the true underlying correlational structure is known
(see Section 4.2). Moreover, I show that neural topic modelling can recover
assemblies with non-linear correlations, which are also not detectable with
other methods (see Section 4.5). Finally, neural topic modelling also allows
for a more detailed and careful analysis of neuronal assemblies by assessing
how aligned a neural word is to an assembly instead of reducing this to a
binary choice of “part of the assembly” or “not part of the assembly” (see
Section 4.6).

4.1 intention

In order to confirm the ability of neural topic modelling to identify corre-
lated neural activity of assemblies in brain recordings, I tested the algorithm
in a variety of ways.

The previous chapter described how different activity patterns are ex-
tracted from neural spike trains to (see Section 3.2.2). Importantly, I showed
how to allow for the possibility of a multiplexed neural code in the recorded
neurons by extracting multiple features of neural activity (activity patterns
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such as high or low firing rates) per spike train. To identify only the time
windows in which the activity pattern was the most pronounced, I only use
a certain percentage of the time windows in which that spike pattern has
been detected e. g. if the activity pattern is “high firing rate”, I only record
a “high firing rate” event for the time windows in which the firing rate is
higher than in 75% of all other time windows. This acts as a filter to make it
more likely that only significant events are included in the analysis. This fil-
tering is done for each activity pattern separately. The analyses presented in
this chapter are based on the event filtered time series of the activity patterns
and not the original spike trains.

Since neural topic modelling is based on a method developed for text data,
the input data it was developed for are documents and the words appearing
in each document. In the context of neural recordings, a document is actu-
ally a time window and a word corresponds to whether a certain neuronal
activity pattern was present during this time window. In this chapter I will
refer to time windows rather than documents, but to neural words rather
than neurons or activity patterns, since a neural word might be anything
– an actual spike pattern or a spike train characteristic such as inter-spike
interval variability or even something like the power of a frequency band in
the local field potential (LFP) signal.

As a first step, in Section 4.3 I compare the results from neural topic mod-
elling to the assembly detection algorithm of Bayesian inference (Diana et al.,
2019), which itself was compared favourably to a few other state-of-the-art
assembly identification methods. The artificial data used here (and its nota-
tion) was modelled on the artificial data used in the original publication of
Bayesian inference to ensure comparability. The performance of neural topic
modelling is evaluated for a variable number of assemblies, for the amount
of noise activity (asynchrony), and the number of neural words in the data
set.

To further investigate the limits of neural topic modelling, in Section 4.4 I
also vary some additional parameters to see for which assembly structures
neural topic modelling is successful and which are more difficult to identify.
To this end, I vary the activity of the assembly, add additional neural words
which do not adhere to any assembly activity (noise), and I investigate how
large assemblies need to be in order to be found by the algorithm.

Then I go a step further and in Section 4.5 investigate non-linear corre-
lated assemblies which would not be easily picked up on by other traditional
assembly detection algorithms. I investigate the case when a group of neu-
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ral words shows coordinated activity with multiple other groups of neural
words, creating neural words which are part of multiple different assemblies.
Smith et al. (2018) showed that interactions between neuronal assemblies are
task-specific and accounting for these different assembly activations for dif-
ferent tasks increased their encoding (predicting spikes) and decoding (pre-
dicting task type) performance significantly. It seems logical that neurons
are part of multiple different assemblies in the brain, e. g. depending on the
external stimuli arriving or the current behaviour.

Table 4.1: Description of parameters for artificial data generation.

parameter description

assembly parameters
# words number of words belonging to at least 1 assembly
# docs number of documents (time windows)
# assemblies number of assemblies
% active percentage of time windows in which assemblies are active
% multi-membership percentage of words belonging to multiple assemblies

neural word parameters
synchrony probability of a word occurring when assembly is active
asynchrony probability of a word occurring when assembly is inactive
max # memberships maximum number of assemblies one word belongs to

noise parameters
# noise words number of words with random activity (Poisson)
% active percentage of time windows in which the noise words are active

input parameters
min # words/doc minimum number of events per time window for inclusion

Note that for brevity reasons the “neural” from the expression neural words was
dropped

As the last step, in Section 4.6 I propose that the way researchers have tra-
ditionally thought about neural assemblies is too simplistic – the view that
an assembly membership is a binary mapping and a neuron is either within
or outside of an assembly. Instead, I propose that assemblies are likely made
up of neurons with very different characteristics and some of them might ad-
here more to the assembly activity than others. This means that the bound-
ary of assembly membership is more fluid than previously thought and that
investigating how much each neuron is bound to an assembly can give re-
searchers more and potentially interesting information. Looking at the shape
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of an assembly (how much different neurons in the assembly adhere to its
activity) will probably give us a more realistic picture of what is going on
inside the brain than trying to draw sharp lines delineating which neurons
belong to an assemblies and which ones do not.

In the next section, I will detail the artificial data used in this chapter, how
it was created and which parameter ranges were investigated.

4.2 artificial data

Neural topic modelling as a neural assembly detection method was evalu-
ated using artificial data sets for which the underlying assembly structure
was known. The form of the artificially generated data was based on the
artificial input used to test the algorithm by (Diana et al., 2019).

4.2.1 Input generation

The default artificial input includes 400 neural words divided equally into 5

assemblies (80 neural words per assembly), which can be active or not active
over 1000 time windows. The process of the input generation is described in
a procedural way in the box below:

1. For each ground truth assembly (# assemblies)
determine in which documents it is active according to % active.

2. Initialise the document-word matrix (size: # documents, # words)

3. For each neural word
assign it to a number of assemblies according to max # memberships

a) For each document

i. if one of the assemblies it is part of is active,
record a 1 in the document-word matrix at a probability of
synchrony

ii. else (no assembly it is part of is active),
record a 1 in the document-word matrix at a probability of
asynchrony

Since neurons are able to multiplex, they can take part in multiple assem-
blies. To reflect that some neural words in a data set might be part of more
than one assembly, one fifth of all neural words were allowed to belong to
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two or three assemblies. A neural word which belongs to two assemblies will
then have a high probability of also being active (synchrony of 0.5) when ei-
ther of the assemblies it is part of is active. This resulted in 10% of neural
words belonging to two assemblies and an additional 10% of neural words
belonging to three assemblies (synchrony of 0.5 was kept the same for each
assembly). No additional asynchronous activity was added to these neural
words belonging to multiple assemblies. Assemblies were allowed to be ac-
tive during the same time windows.

In an input created with the default parameters, each neural word is active
in accordance with its assemblies 25 times and active 95 times when its
assemblies are not active. An overview of the parameters used to create the
artificial data can be found in Table 4.1 and an example for an input matrix
with default settings (as stated in Table 4.2) can be seen in Figure 4.1.

Some parameters for the creation of the artificial input were varied to test
the robustness of the assembly detection across different parameter ranges.
As in Diana et al. (2019), I created artificial inputs of different sizes (varying
number of words), with different number of ground truth assemblies and
with asynchrony levels (how much individual neural words are active out-
side of assembly activity). The parameter ranges used in the different figures
can be found in Table 4.2.

For further investigations of the robustness of neural topic modelling, I
also modified the assignment of neural words to assemblies in the input
- creating overlapping assemblies or gradients of assembly memberships
(neural words could participate in assemblies to varying degrees). Details
are available in each section.

This section delineated the parameters used for generating the artificial in-
put to neural topic modelling. In the next section, I describe how I measured
the success of neural topic modelling and why I chose to add a different
metric to the one used in Diana et al. (2019).

4.2.2 Measuring performance

The performance of an assembly detection algorithm on artificial data can
be assessed in multiple different ways. One could assess whether the correct
number of assemblies was found (Mölter et al., 2018). Then the quality of
the assemblies found could be investigated i. e. how closely the found as-
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semblies resemble the ground truth assemblies (Diana et al., 2019; Mölter
et al., 2018; See et al., 2018).

In the case of neural topic modelling, I chose to focus more on the quality
of the assemblies identified. Since neural topic modelling is a tool to find pre-
viously unknown relationships in neural data, it seems more important that
the ground truth assemblies are recovered than whether “only” the ground
truth assemblies are identified. Neural topic modelling is more likely to not
detect all “correct” assemblies than to identify a non-ground truth assem-
bly. So the over-estimation of assemblies by neural topic modelling does not
come at the cost of the assembly quality. Moreover, some assemblies identi-
fied by neural topic modelling which are not part of the ground truth set of
assemblies turned out to represent some interesting information: a group of
neural words which were active in time windows when none of the ground
truth assemblies were active. This kind of finding is potentially interesting
to researchers, so I did not want to exclude such assemblies on principle.

Measuring the quality of the found assemblies is similar to comparing the
results of two clusterings. However, the main comparison metrics available
for clustering rely on the fact that groups or assemblies are exclusive, i. e.

Table 4.2: Parameters for artificial data generation.

Default value Variation range Figure

assembly parameters
# words 400 200-1000 4.5
# docs 1000

# assemblies 5 5-20 4.4
% active 0.05 0.025-0.3 4.6
% multi-membership 0.2

neural word parameters
synchrony 0.5
asynchrony 0.1 0.02-0.3 4.3
max # memberships 3 1-3 4.8

noise parameters
# noise words 0 0-2400 4.7
% active 0 0.125 4.7

input parameters
min # words/doc 13
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Figure 4.1: Input matrix with default settings. Each neural word’s activity is visu-
alised as one row in which activity (1) is denoted by a black square and inactivity
(0) is denoted by a white square. (a) When the input matrix is sorted by assemblies
(A-E, boundaries denoted by a green line), the concerted assembly activity becomes
visible. In each assembly, the neural words which belong to multiple assemblies are
sorted to the top and their slightly higher activity levels can be made out. (b) The
assembly activity disappears when the rows of the matrix are shuffled randomly.

that there exist no items which are part of more than one group, making
them unhelpful in this case (Goldberg et al., 2010).

To measure the quality of the found assemblies, I employed two measures:
a correlation and a Jaccard score. Firstly, because this was the measure of
success used by Diana et al. (2019), I calculated a correlation between the
ground truth pairwise assignment matrix I(orig)ij and the resulting pairwise

assignment matrix from the Bayesian inference I(τ)ij for an assignment map
i → τ(i) for neurons i = 1, ...,N. The correlation score gives one score for
each result, making it a simple and easy to compute measure.

ρτ =
1

N(N−1)
2

∑
i<j

I
(τ)
ij I

(orig)
ij (4.1)

The assignment matrix I(orig)ij has a value of 1 if a pair of neurons i and
j are within one assembly and -1 if they are not. While still representing the
general assembly structure, this measure is not sufficiently sensitive to catch
possible mis-assignments and particularly useless when the data includes a
lot of non-assembly neurons. For example, when no assemblies are identi-
fied, the found correlation matrix is a matrix with only -1’s, but still gives
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a performance of 0.86 for 5 assemblies and 0.90 for 20 assemblies. The high
number of entries and in particular the high number of -1’s in the ground
truth assignment matrix masks wrong assignments quite well. The correla-
tion score should therefore be accompanied by another score or the number
of detected assemblies. Another potential problem is that the authors expand
this definition to the case when neurons are part of multiple assemblies by
setting Iij to one when two neurons have at least one assembly in common.
This makes the correlation matrix very imprecise when it comes to overlap-
ping assemblies. It does however give some indication of whether assemblies
were found which are not part of the ground truth assemblies, which would
cause a drop in the correlation score.

Additionally, I measure the quality of the identified assemblies by using a
Jaccard similarity, which is the size of the intersection of two arrays divided
by the union of two arrays, between all true assemblies and clusters from
neural topic modelling.

J(A,B) =
|A∩B|
|A∪B|

(4.2)

For each ground truth assembly GT I calculate the Jaccard score to all
found assemblies Found and assign the highest score. To obtain one number
per result, I calculate the mean of the highest Jaccard scores for each ground
truth assembly which were above a value of 0.5 to only include pairs of as-
semblies which have a high similarity. Since the ground truth assemblies do
not overlap much, this will rule out counting one found assembly towards
two or more ground truth assemblies.

score =
1

#GT

#GT∑
i=1

max
j=1

#FoundJ(GTi, Foundj) (4.3)

It is possible to go back and investigate the performance on each ground
truth assembly, giving a more detailed insight of how well each true as-
sembly was identified. When no assemblies are found, the Jaccard score is 0,
providing a better understanding of the closeness between the found and the
ground truth assemblies than the correlation without having to also verify
the number of found assemblies. The Jaccard score allows for overlapping
assemblies and weights all assemblies equally regardless of their size. While
I do argue that the Jaccard score is a more suitable measure of performance
for assembly detection, it also has its drawbacks as any performance mea-
suring metric. It does not take into account found assemblies which are not
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related to the ground truth assemblies. As expressed above, such assemblies
might hold value in their own right - there might be correlations in the ar-
tificial data which I did not purposefully put in there. Neurons A and B
may be active in the same time windows by chance even though they are
not in the same ground truth assembly. I would not want to penalise a re-
sult where neurons A and B where put into a separate assembly in addition
to the ground truth assemblies that were recovered. Therefore I am using
a score which is a strong indicator of whether all ground truth assemblies
were identified while allowing for the possibility of additionally identified
assemblies.

Mölter et al. (2018) also use a variant of the Jaccard score in their “Best
Match” distance, but at the same time the authors put great importance on
the number of found assemblies being correct. Therefore I am not using their
metric, but report the simple averaged Jaccard score which conveys the same
information in a less restrictive way.

In practice, the two measurements gave very similar scores for runs where
the correct number of assemblies was found, but only the Jaccard score in-
dicated when less or no assemblies were identified. In turn, a drop in the
correlation score but not in the Jaccard score indicates the presence of ad-
ditionally detected topics, which might not be directly related to the groud
truth assemblies. Because both scores can provide information and to ensure
maximal comparability to Diana et al. (2019) both scores were calculated and
will be shown in the upcoming results.

The performance scores shown in the upcoming sections are based on the
multiple runs of each parameter combination and subsequent clustering of
the results as described in Section 3.2.3. As a baseline, I added the perfor-
mance from the best individual runs from the repetitions.

In Section 4.6, I need to measure the similarity between the shape of two
vectors. To this end, I calculated the cosine distance d, which describes the
similarity of two vectors u and v by calculating the cosine of the angle be-
tween them.

dcos = 1−
u · v

||u||||v||
(4.4)

This has the advantage that the scale of the vectors does not matter, and
it instead becomes a measure of how closely the two vectors (which are
ordered in exactly the same way) resemble each other. A value close to 0

means perfect match and a value closer to 1 indicates a distinct shape.
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This section laid out how the results from neural topic modelling will be
assessed. The upcoming section will provide details on the run parameters
used.

4.2.3 Run parameters

As explored in the previous chapter, neural topic modelling needs to receive
two key parameters: the number of topics to be found k and the number
of iterations. I showed in Section 3.2.3 that the performance of neural topic
modelling remains stable as long as k is chosen to be sufficiently large such
as 10 for a ground truth of 5 assemblies. For most runs k was therefore set
to 10, except for the runs where the number of assemblies was varied, for
which I set k to 25.

For each parameter combination, 10 different input matrices were gener-
ated which differed in their (randomly-generated) assembly timings. Each
of these input matrices were run through neural topic modelling 20 times
with a different random seed for the LDA algorithm every time. The reason
for the repeated runs with different random seeds is to select topics which
appear consistently, thereby being more likely to represent strong correla-
tional structure in the data. For more details about this choice please refer to
Section 3.2.4.

The number of iterations parameter controls how often the inference algo-
rithm traverses through the data. In general, the higher the number of itera-
tions that higher the likelihood is that the algorithm has converged to a local
minimum. To determine a satisfactory choice for the number of iterations, I
ran neural topic modelling on 10 individual input matrices an increased the
number of iterations from 10 to 1000 as can be seen in Figure 4.2.

After about 100 iterations the performance of the topic model saturates
and does not improve further with more iterations as shown in Figure 4.2
(b). The result at 100 iterations is not much different to the result at 1000

iterations in terms of Kullback-Leibler (KL) distance and the performance
does not improve further in terms of the Jaccard score and the correlation to
the true assembly memberships. Even though performance does not increase
much after even 10 iterations, the KL distance to the result at 1000 iterations
only flattens out at 100. Similarly, the performance of the result does not
improve after 50 iterations and instead wobbles around a score of about 0.8
both with the Jaccard score and the correlation score (correlation between
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Figure 4.2: Topic model performance depends on number of iterations. (a) The
distance to the result obtained with 1000 iterations decreases steeply until about
100 iterations, when the decrease in distance seems to plateau. (b) The number of
iterations has an effect on the similarity of the result to the ground truth assemblies
as measured by Jaccard score (Jac) and correlation (corr). Shaded areas represent
the standard deviation of the results from 10 runs with different artificial inputs.
KL = Kullback-Leibler

the ground truth and the result from neural topic modelling, which will be
discussed in the upcoming section) as seen in Figure 4.2. So 100 iterations
seems to be a good choice for the artificial data and allows for a little bit of
leeway for less clear-cut assembly structures.

The upcoming section will present the results from various test data sets
and investigate the strengths and limitations of neural topic modelling.

4.3 comparison to diana et al . , 2019

In this section, I test the assembly detection capability of neural topic mod-
elling and juxtapose them with the performances of four algorithms reported
in Diana et al. (2019): Bayesian inference (the author’s own contribution),
spectral clustering, PCA+varimax and K-Means (previously suggested meth-
ods). The algorithms are judged on artificial data with the same specifica-
tions, varying the same parameters and using the same and an additional
performance metric.

Diana et al. (2019) show that their method, Bayesian inference, is equal to
or slightly better that two other assembly identification algorithms they im-
plemented – PCA+varimax and spectral clustering – and drastically better
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than K-Means alone. In a different publication, Mölter et al. (2018) compare
multiple assembly detection algorithms and find that spectral clustering and
two other methods very similar to PCA-varimax perform best of the ones
they tested. Therefore by demonstrating that neural topic modelling per-
forms better than Bayesian inference, I reason that neural topic modelling
will also be comparable or more successful than the other PCA-based meth-
ods, since I am testing neural topic modelling on equivalent artificial data.

To test their neuronal assembly detection algorithm, Diana et al. (2019)
vary three key parameters of their input data: asynchrony, number of assem-
blies, number of neural words (in the original publication they use “number
of neurons” because in their method each neuron only gives rise to one ac-
tivity pattern). They measure their performance using a correlation of the
pairwise assembly memberships as described in the previous section. Their
result of in-or-out assembly memberships is based on the assumption that
each neural word is either part or not part of an assembly.

The first parameter which was varied was the asynchrony of the neural
words: the probability of a neural word being recorded outside of time win-
dows in which the assemblies it belongs to are active. I varied asynchrony
between 0.1 and 0.3 i.e. in time windows in which none of the assemblies the
neural word belongs to are active, the neural word has a 10% or 30% chance
of being active. Figure 4.3 shows that performance decreases with higher
asynchrony with all methods, even though the neural topic modelling has a
steeper slope – starting at a higher performance at asynchrony of 0.1 and de-
creasing to a lower value at an asynchrony of 0.3. Tellingly, the Jaccard score
indicates that the quality or number of found assemblies is so poor that the
Jaccard score performance is close to a score of 0.1 at high asynchrony (0.3),
which is not reflected by the correlation score.

The next parameter which was varied in the input was the number of as-
semblies. In Figure 4.4 I show that the number of ground truth assemblies
does not seem to influence the performance hugely up to 15 assemblies in
the 400 neural words (each assembly consists of on average 27 neural words).
Only when the number of assemblies increased beyond that (and the assem-
bly size falls to 5% of the whole recording) does the Jaccard-based perfor-
mance decrease slightly. It is worth noting that the performance of neural
topic modelling is higher than the performance by Bayesian inference and
the other algorithms in every case. Additionally, another interesting point
is that the correlation seems to increase with the higher number of assem-
blies regardless of the decrease in performance in the Jaccard score. This is
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Figure 4.3: Influence of asynchrony on performance. Asynchrony was varied from
0.1 to 0.3 in steps of 0.02. (a) Performance of neural topic modelling on inputs with
different levels of asynchrony as measured by correlation (blue) and Jaccard score
(green). The grey lines represent the baseline of the performance achieved by calcu-
lating the performance of each individual, single results (sr) i. e. the results without
running multiple initialisations and clustering. Shaded areas represent the standard
deviation of the results from 10 runs with different random artificial inputs. (b) Re-
sults of the algorithms run in Diana et al. (2019) (estimated from original publication
via gauging). Lines represent mean performance across 15 different inputs. The blue
line in (a) (neural topic modelling) represents the correlation score and is directly
comparable to all the results in (b). corr = correlation score; Jacc = Jaccard score; sr
= single result; BI = Bayesian Inference; SC = Spectral Clustering

likely due to the high number of -1’s in the correlation matrix as discussed
in Section 4.2.2.

Lastly, the size of the input matrix was varied in Diana et al. (2019) by
increasing the number of neural words from 200 to 1000. The input size
did not have an influence on the performance with either measure as can
be seen in Figure 4.5. Since the number of assemblies was kept constant at
5, the assembly size also increased from 40 to 200, which did not seem to
impact performance.

Neural topic modelling shows a comparable performance to Bayesian in-
ference and even surpasses the latter in most of the parameter settings men-
tioned in Diana et al. (2019). In the following section, I show further explo-
rations of the limits of neural topic modelling.
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a b

Figure 4.4: Influence of the number of assemblies on performance. The true num-
ber of assemblies was varied between 5 and 20. (a) The performance of neural topic
modelling in response to different numbers of assemblies was measured by cor-
relation (blue) and Jaccard score (green). The grey lines represent the baseline of
the performance achieved by calculating the performance of each individual, single
results (sr) i. e. the results without running multiple initialisations and clustering.
Shaded areas represent the standard deviation of the results from 10 runs with
different random artificial inputs. (b) Results of the algorithms run in Diana et al.
(2019) (estimated from original publication via gauging). Lines represent mean per-
formance across 15 different inputs. The blue line in (a) (neural topic modelling)
represents the correlation score and is directly comparable to all the results in (b).
corr = correlation score; Jacc = Jaccard score; sr = single result; BI = Bayesian Infer-
ence; SC = Spectral Clustering

4.4 further explorations

After confirming that neural topic modelling performs to a similar standard
as Bayesian inference on the parameter variations they tested, I present some
further parameter explorations to investigate the strengths and limitations
of neural topic modelling. The parameters explored were the activity of the
assemblies (in percentage of total documents), the presence of additional
randomly active neurons (additional noise), and the effect of letting neural
words be part of multiple assemblies.

Assembly detection was assessed in relation to the activity of the assem-
blies. In the default settings, the assembly activity is set to 0.05 of all time
windows, leading to on average 50 active time windows per assembly. This
parameter was varied between 0.025 (25 time windows in which the assem-
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Figure 4.5: Influence of the number of neural words on performance. The input
size was varied to include between 200 and 1000 neural words. (a) Performance of
neural topic modelling on inputs of different sizes as measured by correlation (blue)
and Jaccard score (green). The grey lines represent the baseline of the performance
achieved by calculating the performance of each individual, single results (sr) i. e.
the results without running multiple initialisations and clustering. Shaded areas
represent the standard deviation of the results from 10 runs with different random
artificial inputs. (b) Results of the algorithms run in Diana et al. (2019) (estimated
from original publication via gauging). Lines represent mean performance across
15 different inputs. The blue line in (a) (neural topic modelling) represents the cor-
relation score and is directly comparable to all the results in (b). corr = correlation
score; Jacc = Jaccard score; sr = single result; BI = Bayesian Inference; SC = Spectral
Clustering

bly is active) and 0.3 (300 time windows in which the assembly is active).
Figure 4.6 shows that when assemblies are active at a level of 0.075 (during
at least 75 time windows), the performance is close to perfect. Below an ac-
tivity level of 0.05 (50 or less active time windows), the performance decays.
It should be noted that the default parameter value is 0.05 or 5% i. e. when
the algorithm does not perform at its best. It is also interesting that the base-
line results (best result for a single run) increases to 1 for the Jaccard index,
but not for the correlation. This indicates that the additional topics found
during each run – which are discarded during the clustering – lower the
score despite all assemblies having been correctly identified (Jaccard score
at 1). At higher numbers of active time windows per assembly, the likelihood
that multiple assemblies are active during one time window increases. Topic
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Figure 4.6: Influence of assembly activity on performance. The assembly activity
controls the number of time windows in which each assembly is active (given as
a percentage of all time windows in the data set). The asynchrony (probability of
activity of an individual neural word in a non-assembly time window) was set
to 0.1 for all conditions. Performance of neural topic modelling was measured by
correlation (blue) and Jaccard score (green). The grey lines represent the baseline of
the performance achieved by calculating the performance of each individual, single
results (sr) i. e. the results without running multiple initialisations and clustering.
Shaded areas represent the standard deviation of the results from 10 runs with
different random artificial inputs.)

modelling seems to be capable of separating assemblies effectively, since per-
formance does not decrease with higher assembly activity.

Real datasets are likely very noisy i. e. include many neurons with no
correlations to other neurons in the data. For example, recordings from Neu-
ropixel electrodes can include 250-1000 neurons of which 40-70% may not
correlate highly with the other neurons in the recording (Diana et al., 2019;
Stringer et al., 2018) (they might of course be active in concert with other
neurons not in the recording). Any assembly detection method should there-
fore be largely insensitive to neurons in the data which are not part of any
assembly.

To assess neural topic modelling performance for this more realistic case
in which not all neurons in the recording a part of an assembly, I added
randomly active “noise words” with the same total activity levels as the
neural words belonging to at least one assembly. Adding such noise words to
the correlated activity neural words does not seem to affect the performance
of neural topic modelling until there are 4x as many noise words as assembly
words in the data (1200 additional noise words) as can be seen in Figure 4.7.
The decrease in performance when 1600 noise words are added might be
attributable to the fact that the assembly size falls below 5% of the total
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Figure 4.7: Influence of additional noise words on performance. Performance
of neural topic modelling was measured by correlation (blue) and Jaccard score
(green). The grey lines represent the baseline of the performance achieved by calcu-
lating the performance of each individual, single results (sr) i. e. the results without
running multiple initialisations and clustering. Shaded areas represent the standard
deviation of the results from 10 runs with different random artificial inputs.

number of neural words: at a total data set size of 2000 the size of each
assembly consists of 4% of all neural words. It is worth noting that we can
only tell from the Jaccard score that the performance decreases, since the
correlation score increases to nearly 1 regardless. This is due to the fact that
at 2000 neural words including 1600 noise neural words most entries are -1’s.
When no assemblies are detected, the relatively small number of incorrect
entries in the matrix will make less of a difference.

As stated in Section 2.2, neurons are able to code for multiple stimuli
at once, suggesting that each neuron may be part of more than just one
assembly (Carrillo-Reid et al., 2016). This needs to be taken into account
by assembly detection algorithms. The algorithms suggested in Diana et al.
(2019) all struggle when one fifth of neural words are allowed to belong to
multiple assemblies: the performance decreases from close to 1 to around
0.7. Neural topic modelling on the other hand is based on text analysis in
which one word (here: neural word) can be part of multiple topics (here:
assemblies) – for example the word “live” may belong to topics covering
medicine, concerts, broadcasts etc. This is likely the reason why neural topic
modelling performance does not decay when neural words are members of
multiple assemblies as can be seen in Figure 4.8.

This section has shed some light on the performance of neural topic mod-
elling under difficult conditions for assembly detection. In the following sec-
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Figure 4.8: Influence of multi-assembly memberships on performance. 20% of all
neural words were allowed to belong to 0, 1 or 2 additional assemblies (resulting in
1, 2 or 3 assemblies per unit). Performance of neural topic modelling was measured
by correlation (blue) and Jaccard score (green). The grey lines represent the base-
line of the performance achieved by calculating the performance of each individual,
single results (sr) i. e. the results without running multiple initialisations and clus-
tering. Shaded areas represent the standard deviation of the results from 10 runs
with different random artificial inputs.)

tion I will expand on the detection capabilities under more extreme multi-
membership scenarios.

4.5 detecting non-obvious correlations

The first step of many assembly detection algorithms is to calculate the
pair-wise correlations between each pair of neurons on the basis of (often z-
scored) firing rates (Humphries, 2017; Lopes-dos Santos et al., 2013; Peyrache
et al., 2010; Romano et al., 2015; See et al., 2018). Thereafter these algorithms
focus on finding structure in the correlation matrix or use it for further calcu-
lations. However, some correlational structures do not appear in the correla-
tion matrix. This section presents a case for which the pair-wise correlation
matrix does not offer the most relevant information about the assemblies,
but where neural topic modelling is still able to recover the ground truth
assemblies.

Let’s consider three groups of neurons A, B and C. They do not form three
separate assemblies, but instead their activities are correlated in a circle or
network (an example of a network of four groups of neurons is shown in the
top row of Figure 4.9). Group A and group B are active together (e. g. when
a certain stimulus is shown), group A and C are active together (e. g. when
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Figure 4.9: Input with non-obvious correlations. The input shown is a network of
four groups of neurons. (a) The groups of neural words (50 per group) and the con-
nections forming the assemblies. (b) Schematic of which neural words are expected
to be active in a time window in which a specific assembly is active. Groups are
never active just by themselves, only in a pair. (c) The first few time windows of an
input matrix. A black line represents activity of that neural word in that time win-
dow, whereas a white line represents non-activity. (d) The correlational structure
does not show up in the matrix of the pairwise number of co-occurring words.

a different stimulus is shown) and groups B and C are active together (e. g.
when another separate stimulus is shown). An example of such activity for
four groups can be seen in Figure 4.9 (c). The "correct" assemblies that we
would want an assembly detection method to find are an assembly consist-
ing of neural words from groups A and B (a1 in Figure 4.9 (b)), neural words
from groups A and C (a2 in Figure 4.9 (b)) and neural words from groups B
and C (a6 in Figure 4.9 (b)). A correlation-based assembly detection method
or one that does not do well with multi-memberships however will probably
identify either groups A, B and C as separate assemblies or will group all
groups of neurons into one large assembly since there is no structure in the
pairwise correlation matrix. An example of such a correlation matrix with
four groups can be seen in Figure 4.9 (d).

To test neural topic modelling for such a case, I construct input which
includes such small networks of groups of neurons (40 or 50 neurons each)
in which each pair of groups form one assembly. I vary the network size
from 3 groups of neurons to 5 groups of neurons. If the network size is 3,
each group of neurons is part of 2 assemblies (and each neuron is part of
2 assemblies). If the network size is 4, each group of neurons is part of 3

assemblies (and each neuron is part of 3 assemblies). If the network size is 5,
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each group of neurons is part of 4 assemblies (and each neuron is part of 4

assemblies). In each case, the correlational fine structure within the network
is not obvious from the correlational matrix.

One note on the use of the number of co-occurring words as a proxy for a
correlation matrix: correlation matrices as used in other assembly detection
algorithms are the result of pairwise correlations of the time courses of all
neuron pairs in the data. The binary neural word activity vectors of the input
I use here do not represent a normally distributed time course of neural
activity (in fact it the vector only indicates the presence of peaks in the neural
activity), making correlation an inadequate measure to use. Since the input
vectors are binary vectors (only include 0’s and 1’s), the summed dot product
is an adequate proxy of the correlation.
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Figure 4.10: Performance on input with non-obvious correlations. The assembly
detection by neural topic modelling correlates with the network size and thereby
also with the number of assemblies each neural word is part of. Networks were
constructed of 3 to 5 groups of neurons of 40 or 50 neurons each. To achieve a
similar data set size and similar assembly size (80-100 words per assembly) to other
test data sets in previous sections, a data set consisted of 3 (when network size
was 3) or 2 networks (when network size was 4 or 5). Performance of neural topic
modelling was measured by correlation (blue) and Jaccard score (green). The grey
and black lines represent the baseline of the performance: the Jaccard scores for
the case when only the individual groups or only the networks are identified as
assemblies and the correlation score when only the individual groups are identified.
The correlation score for the identification of the networks was dropped because
it misleadingly remains at 1 since the correlation matrix is not fit for representing
multiple assembly memberships as detailed in Section 4.2.2. Shaded areas represent
the standard deviation of the results from 10 runs with different random artificial
inputs.

Neural topic modelling is able to detect the “correct” assemblies i. e. find
the different combinations of the small groups as seen in Figure 4.10. The
network size was increased from three to five and as a result the number of
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assemblies each neural word is a member of increases from two to four. I
constructed input which includes two or three networks, which are all-to-all
connected as visualised in Figure 4.9. While performance is still reasonably
high when neural words are part of up to three assemblies, is drops when the
number of memberships per neural word increases beyond that. Indeed, the
performance drops to the scores expected when only the individual groups
are identified, and further enquiry confirmed that neural topic modelling
will also fall back to this option.

This section gave an insight into the behaviour of neural topic modelling
for a highly specific case in which all neural words belong to multiple, over-
lapping assemblies. This specific artificial data is not a realistic case that
would be found in neural recordings, but it induces confidence that neural
topic modelling would be able to detect such assembly interactions in real
data should they exist there. In the next section, I discuss more realistic cases
of assemblies and argue that we should re-think the way we have looked at
neural assemblies.

4.6 realistic assembly assignment

Traditionally, neuronal assemblies have been seen as these groups of neu-
rons that have coordinated behaviour. An assembly is a specific subset of
the neurons in a recording; each neuron may be either part or not part of
the assembly. I argue that this forced binary is not necessarily an accurate
description of neuronal activity. In reality, neurons tend to not fire exactly
according to an assembly they might belong to and some neurons might
adhere to assembly activity more than others.

I therefore propose to look at assemblies slightly differently: neurons might
belong to an assembly with different “affinities” or “weights”. This means
that there might be a few neurons which closely follow the assembly activ-
ity and other neurons being more loosely connected e. g. displaying con-
certed activity in some contexts and not others. This dimension of assembly
structure is lost when looking at neurons in possible assemblies in an all-
or-nothing way and might mean that we loose out on some interesting fine
structure of neuronal activity because of our simplistic approach.

Some algorithms for the detection of neuronal assemblies are perfectly
able to recover a certain fine structure since their results include an affinity
or weight of each neuron to each assembly (Lopes-dos Santos et al., 2013;
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Figure 4.11: Creation of more realistic assemblies with varying strengths of as-
sembly memberships. This grid exhibits an example for each base shape (1 step,
2 steps, 3 steps, linear, exponential, driver) that was used in the following analy-
ses. The first row depicts the schematic of the shape the synchrony was based on.
The second row shows the synchrony in the input (document-word-matrix) as a
number of active documents when the assembly is active. The third row shows the
actual weights neural topic modelling assigned to each word. The fourth row visu-
alises the traditional view of how these assemblies would be viewed by any other
assembly detection algorithm though the either-in-or-out lens. The fifth row shows
an additional baseline case in which all words are assigned the same weight in the
assembly.

Peyrache et al., 2010; Romano et al., 2015). However, they all threshold this
affinity to achieve either-in-or-out assemblies (Mölter et al., 2018).

Neural topic modelling provides the weights of how much neurons be-
long to certain assemblies. So the question I wanted to answer is whether
neural topic modelling can recover certain “shaped” fine structures of assem-
bly memberships. To demonstrate the reproduction of these fine structures,
I generated artificial data for which neural words in an assembly had dif-
ferent affinities (realised by giving them different synchronies). In previous
sections, all the neural words in one assembly had the same synchrony. As
a result, I tested six different “shapes” of assembly membership: 1 step, 2

steps, 3 steps, linear, steps, exponential, drivers, see Figure 4.11. The choice
of shapes was loosely based on assembly fine structure found when running
neural topic modelling on actual brain recordings.

To measure the performance of neural topic modelling in recovering the
shape of the assembly affiliations, I calculated the cosine distance, which
describes the similarity of two vectors by calculating the cosine of the angle
between them. This has the advantage that the scale of the vector does not
matter, and it instead becomes a measure of how closely the two vectors
(which are ordered in exactly the same way) resemble each other. A value
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Figure 4.12: Performance using shaped assembly structures. Neural topic mod-
elling reconstructs the affinities of the neural words in the assemblies quite well. (a)
The cosine distance of the found assemblies to the ground truth shape (synchrony)
and actual overlap of activity between the neural word and the assembly (real) was
calculated. (b) To assess whether the low distance by the shuffled input was due to
the large number of neural words outside of the assembly, the cosine distance was
re-calculated using only the neural words in the assembly. The grey and black lines
represent the baseline of the cosine distances: the shuffled vector, a step function as
a representation of an either-in-or-out assembly structure and a flat line. The step
function and the flat line are also depicted in Figure 4.11. Shaded areas represent
the standard deviation of the results from 10 runs with different random artificial
inputs.

close to 0 means perfect match and a value closer to 1 means a dissimilar
shape.

I calculated the cosine distance from the resulting topic to the ideal shape
of the synchrony (see Figure 4.11 row 1) and to the actual co-occurrance
structure of the words to the assembly activity (see Figure 4.11 row 2). In
addition, I calculated three baseline cases: shuffling the weights in the topic,
a step function as would have been the perfect result from another assembly
detection algorithm (see Figure 4.11 row 4), and a flat line representing the
case where no assembly structure was found (see Figure 4.11 row 5). To
put the distance between the topic and the synchrony into context, I also
calculated the average cosine distance of the synchrony (see Figure 4.11 row
1) to the actual input (see Figure 4.11 row 2).

Figure 4.12 (a) shows that the cosine distances between the topic found
and the actual input used is very small. The topic also resembles the syn-
chrony more than the actual input (blue line is below yellow line). For three
shape types (2 steps, 3 steps, linear), the distance between the found topic
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and the synchrony is also smaller than for the shape type “1 step”, which
represents the traditional view of neuronal assemblies (all neurons in an
assembly contribute to it to the same degree). Neural topic modelling is ac-
tually better at recovering the weight structure in an assembly when neurons
do not show the exact same amount of affiliation with the assembly. For the
exponential and the driver shapes, shuffled weights actually also achieve a
very small cosine distance. This is probably due to the fact that many weight
in these scenarios are low and that also many neural words which are actu-
ally in the assembly do not have a much higher synchrony than some of the
non-assembly neural words. To prove that this drives the good performance
of the shuffled input, I calculated the cosine distance for only the neural
words in the assembly, see Figure 4.12 b). The cosine distance between the
found topic and both the ideal shape of the synchrony and the actual fine
structure of the input is very close to zero and significantly below shuffled
and flat baselines.

I have shown in this section that neural topic modelling is capable of
recovering complex and distinct assembly structures. In the next section I
will summarise the findings of the performance of neural topic modelling in
comparison to existing methods and will outline the impact the additional
information provided by neural topic modelling can have on neural data
analysis.

4.7 discussion

Neural topic modelling is an assembly identification algorithm which per-
forms better or to the same standard as previously suggested algorithms
(Diana et al., 2019) on the same artificial data under the same performance
metric. In this chapter, I have illuminated strengths and limitations as well
as presented the case that neural topic modelling can be used for further
analyses compared to most other assembly detection algorithms.

As a first step, I confirmed that the performance of neural topic modelling
is comparable to the results of four state-of-the-art methodologies obtained
by Diana et al. (2019) with regards to the same parameter variations. Neu-
ral topic modelling performs better than Bayesian inference – the best of
the four tested – when it comes to different data set sizes and number of
assemblies. Further probing into the capabilities of neural topic modelling
revealed that assemblies are detected at a better rate when the assemblies
were active at least 5% of the total number of time windows. Assemblies
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were also identified more accurately when the assembly activity made up
more than 15-20% of the total number of neural words in the data, which
is a realistic estimate for currently recorded data sets (Stringer et al., 2018).
The results from neural topic modelling were only minimally influenced by
neural words belonging to more than one assembly.

Next, I created assemblies in which every neural word was part of more
than one assembly and where the assembly structure was not obvious from
the pairwise correlations of the neural words. Neural topic modelling was
able to identify the correct assembly structures as long as neural words be-
longed to three or fewer assemblies. Finally, I demonstrated that neural topic
modelling is able to recover more complex assembly structures than the tra-
ditional binary representations of neurons being either in or not in an assem-
bly. When neural words in an assembly possess different synchronies (have
different probabilities whether they will be active when the assembly is ac-
tive), the shape of these synchronies is recovered in the assembly weights.

Neural topic modelling seems to be more sensitive than Bayesian infer-
ence and PCA+varimax to high levels of asynchrony (the number of active
time windows that does not align with the assembly activity). The perfor-
mance of neural topic modelling dips beneath the performance of Bayesian
inference and the PCA-based method when asynchrony increases beyond
0.25. At this level of asynchrony each neural word is active 10 times as often
when its assembly is not active than when its assembly is active. The good
performance of Bayesian inference at such high asynchrony levels in that
plot are impressive. However, this high performance is slightly surprising
since in a different figure in the paper, the performance of Bayesian infer-
ence at an asynchrony of 0.25 and higher is given as much lower. So it might
be good to keep this in mind, that there might be a difference in the artificial
data generation which was not reported clearly in the paper. In any case, the
first step of neural topic modelling is an event filtering step with the explicit
goal of limiting the activity of a neural word to time windows in which the
activity pattern is most likely to be related to meaningful activity. This step
hopefully reduces the asynchrony of the neural words to levels which allow
a good performance of neural topic modelling.

Most of the presented artificial data sets do not represent realistic assem-
bly activity. Assemblies in actual electrophysiological recordings or calcium
imaging data sets will most definitely not display the same average activity
levels, assembly affinities and sizes as in the test data sets. Using these uni-
form data sets was a choice to make the results as comparable as possible to



100 neural topic modelling – validation

previous publications on the subject (Diana et al., 2019) and to control the
input statistics. By adding noise and by varying the synchrony, I attempted
to generate input which is more similar to the data that the method will
be used on with good assembly detection performance. I have also shown
that neural topic modelling is very successful for a range of activity levels
of assemblies and despite increasing overlap of assembly activity in time
windows. Since experimental protocols often include multiple repetitions of
a certain stimulus, these activity levels are hopefully obtainable in practice
(Lopes-dos Santos et al., 2013; Peyrache et al., 2010; Stringer et al., 2018). The
results from these tests induce confidence that neural topic modelling will
reliably identify meaningful assemblies in recorded neural data sets.

While the proposal to look at assemblies in a more non-binary way is a
new suggestion, other methods are capable of providing such an estimate.
It is difficult to comment on whether neural topic modelling’s results are
closer to the ground truth since no other publication has provided this anal-
ysis. Therefore I can only point out the high similarity between the found
assemblies and their underlying synchrony structure and argue that neural
topic modelling will identify assembly structures that are grounded in data.

Neural topic modelling does not dampen the weights of neural words
which are slightly but not closely associated in the assembly to very low
values. Instead of looking for closed sets of neural words as for example in
frequency item set mining (Picado Muiño et al., 2013) and excluding neural
words which do not meet specific criteria, neural topic modelling gives a
more raw result, which can be used for further investigation. These raw
results do represent the data accurately, since neural words are giving a
weight according to how much activity they share with the assembly. Further
investigations will be needed to find out whether the order and hierarchy of
these weights are meaningful or might of course occur by chance.

Neural topic modelling is likely to be less accurate than for example
Bayesian inference on estimating the number of assemblies in the data. Di-
ana et al. (2019) do not report the numbers of assemblies found so that it is
not clear whether their lower scores stem from detecting the wrong number
of assemblies or from incorrectly identifying the assemblies. It is therefore
not easy to compare the results. However at default settings neural topic
modelling does tend to find one or two additional assemblies which repre-
sents a hierarchy of neural words which are active during time windows
when no assembly is active. The method is more likely to identify an addi-
tional assembly when the ground truth assemblies have also been found. So
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the over-estimation of assemblies by neural topic modelling does not come
at the cost of a lower performance as long as the number of topics is chosen
to be sufficiently high. Since neural topic modelling is a tool to find previ-
ously unknown relationships in neural data, it seems more important that
the ground truth assemblies are recovered than whether “only” the ground
truth assemblies are identified.

There seems to be a minimum size for an assembly to be reliably de-
tectable by neural topic modelling. When an assembly includes less than
5% of the whole recording, then the algorithms does not perform as well
as for larger assemblies. There are a few possibilities to remedy this, but in
general this might present a systemic problem. It is possible to expand the
analysis to assemblies which appear in a lower number of different random
initialisations (currently this threshold is set to 50% of initialisations). This in-
deed increases the chances of additionally identifying correct assemblies, but
will also increase the number of assemblies not based on the ground truth.
There is also the hope that a small but very consistent assembly might have
multiple more loosely associated assemblies which increase the chances of
detection. Whether this is a problem in other assembly detection algorithms
is not clear to me since this information is not included in the respective
publications. This is definitely a point to keep in mind. But generally, the
trend is going into the direction of larger and larger brain recordings, which
will hopefully bring larger networks of correlated neuronal activity to the
surface, making neural topic modelling a good tool to analyse such larger
networks.

For all the limitations mentioned above, neural topic modelling also has
some specific advantages which make it a unique tool in the pool of assem-
bly detection methods.

Many current models of assembly detection are based on the pairwise cor-
relations between all z-scored or otherwise normalised spike trains (Lopes-
dos Santos et al., 2013; Perkel et al., 1967; Smith et al., 2018). As mentioned
above and shown in Section 4.5, this correlation matrix may not reveal the
full picture. Other methods have moved away from the correlation matrix
because of the same concerns (Diana et al., 2019; Mölter et al., 2018; Picado
Muiño et al., 2013). They instead work on the binary matrix which denotes
the presence or absence of a peak in firing rate per neurons – a similar con-
cept to the event filtering in neural topic modelling. The main difference is
however that neural topic modelling can extract multiple different activity
patterns from one spike train (1 neuron → multiple activity patterns). The
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current methods ignore the influence of spike patterns other than firing rate
and operate under the assumption that 1 neuron → 1 activity pattern of fir-
ing rate. Moreover, neural topic modelling can be applied on any type of
data that can be event-filtered and on any appropriate time scale. It would
for example be possible to combine spike patterns and local field potentials
in the same analysis. So one major contribution of neural topic modelling is
to allow multiple facets of neural activity to be included in the analysis (see
Chapter 3).

Another feature setting apart neural topic modelling from Bayesian infer-
ence and other methods is the consistently high performance despite some
neural words being part of multiple assemblies. The supplemental mate-
rial of Diana et al. (2019) shows that performance of Bayesian inference de-
creased from close to 100% to 60-80% when only 20% of neurons belong to
two or three assemblies. A similar dramatic performance drop was observed
for spectral clustering and PCA+varimax (Lopes-dos Santos et al., 2011; Ro-
mano et al., 2015). This makes sense for PCA-based methods since principle
components are pushed towards being orthogonal. Methods whose perfor-
mance does not degrade with multi-memberships (Avitan et al., 2017; Von
Luxburg, 2007) were nevertheless mostly tested on pairwise overlap (Mölter
et al., 2018), so more complex overlap scenarios might also pose a problem.
The performance of neural topic modelling, on the other hand, stays the
same despite the same percentage of neural words being part of multiple as-
semblies. Even when all neural words belong to two or three assemblies, the
assembly detection is high. This is likely due to the fact that Latent Dirichlet
Allocation (LDA) – the generative model neural topic modelling is based
on the assumption that words may appear in different contexts (e. g. the
word “score” can appear in texts about sports, film music or school reports).
The assumption that the same word may be present in different contexts is
basically built into the algorithm from the start and comes in handy since
it probably reflects the reality of neural activity. The traditional assumption
that 1 neuron→ 1 assembly neglects to take into account the whole breadth
and variability that neurons display constantly (Hardcastle et al., 2017). Neu-
ral topic modelling allowing for such interactions of one neural word with
many other combinations of neural words may give researchers additional
insights beyond the findings from other methods.

Another suggestion I am making is to look at the found assemblies in
more detail and not to dismiss the weights of each neural word in each as-
sembly. The ability to do this is not exclusive to neural topic modelling, since
other assembly detection algorithms also end up with a similar measure of
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affinity of each neuron to an assembly (Lopes-dos Santos et al., 2011, 2013;
Mölter et al., 2018; Peyrache et al., 2010; Romano et al., 2015). The standard
procedure of all those methods is to choose a cut-off value and declare all
neurons above the threshold to be in the assembly and all others not to be.
Thresholding these weights somewhere without examining the fine struc-
ture seems somewhat like a waste of information. Neural topic modelling is
a data exploration tool and its goal is to generate new hypotheses about the
data and pointing to areas where to base subsequent analyses. Taking these
complexities of assembly membership into account might be an interesting
way of thinking about neural data and cooperation between neurons.

There are a few directions which might be pursued to further explore the
capabilities of neural topic modelling.

Similarly to many other methods, neural topic modelling creates a binary
matrix indicating in which time windows the neural words were active. At
the moment this matrix is binary. However the topic modelling algorithm
can accept any integer values instead of only 1’s and 0’s. When applying this
on text data, this matrix indicates the number of times a word occurred in
each document (equivalent to the time windows in neural topic modelling).
It would therefore be possible to quantify for example the firing rate increase
of a certain neuron and populate its vector with 1’s, 2’s and 3’ depending on
how high the firing rate increase actually was. Assigning a fair and balanced
tiering system for different neural activity patterns might be a challenge
since it is unclear what the equivalent of a doubling of the firing rate is for
the neural word of coincidental spiking. These are ideas and questions for
future works, but they might significantly improve the accuracy of neural
topic modelling.

There also exists the possibility of replacing the LDA algorithm with a
different one. Non-negative matrix factorisation (NMF) for example has been
shown to find similar groupings as LDA. In addition there exist several more
sophisticated versions of topic modelling algorithms. Once example is semi-
supervised LDA, which has been successfully applied to other non-text data
sets (Hughes et al., 2018, 2017) and also implementations which determine
the optimal number of topics to find. The latter would be a good innovation,
since it eliminates the need to specify the parameter k. Future expansions
of neural topic modelling should verify that the automatic estimation of the
number of topics works as well as the current implementation.
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4.8 conclusion

Neural topic modelling is an assembly detection algorithm that shows a,
for the most part, better performance on artificial data than current state-of-
the-art methodologies. On top of that, neural topic modelling encourages a
change in how we think about and how we attempt to identify neural as-
semblies: it allows for neurons to perform multiplexed coding by enabling
the separation of different activity patterns and it also allows these activity
patterns to be part of multiple assemblies without a drop in performance.
The flexibility neural topic modelling allows for is unique in the pool of
neuronal assembly detection algorithms, making it an ideal starting point
of finding previously unknown relationships in large-scale neural data. At
the same time, it is the user’s choice whether to make use of these flexible
options – it is also possible to use neural topic modelling for finding neu-
ronal assemblies only based only firing rate correlations as done by other
methods.

The goal of this chapter was to demonstrate the value and novelty neu-
ral topic modelling can offer to neural data analysis. Most currently avail-
able assembly detection method find assemblies of neurons which show co-
modulations in their firing rates, even though the algorithms will arrive at
slightly different assemblies (Mölter et al., 2018). Neural topic modelling is
a useful tool for exploratory analyses with few restrictions, great flexibility
and the ability to uncover unknown activity structures in large-scale neural
data.



5
N E U R A L T O P I C M O D E L L I N G - A P P L I C AT I O N T O
B I O L O G I C A L D ATA S E T S

The previous two chapters have outlined the steps involved in neural topic
modelling and explored its neuronal assembly detection capabilities on arti-
ficial data sets. In this chapter, I present the results of applying neural topic
modelling on large neuronal recordings as a demonstration of what kind of
new insights can be gained from this method.

Firstly in Section 5.1, I provide details about the data that was used in this
chapter: the electrophysiological recordings of a mouse brain and the visual
stimuli that were shown during the recording. The parameters used for the
analysis in neural topic modelling are outlined in Section 5.2. In Section 5.3 I
detail how the neural words extracted from the data relate to the firing rates
of the units and how the neural words from the local field potential (LFP)
signals are processed. Additionally, I present evidence for multiplexing in
units in the recording in Section 5.4.1.

I present the results from running neural topic modelling on this large neu-
ronal recording in three parts. The neuronal assemblies resembling assembly
structures already identified by other methods are shown in Section 5.4.3.
Section 5.4.4 presents the assembly structures which have not been detected
by other methods because these do not take into account all the aspects of
neuronal recordings that neural topic modelling does. It is also possible to
compare the cooperation between different brain structures across different
experiments in a higher level analysis as demonstrated in Section 5.4.5. Fi-
nally, I will discuss the results and outline the limitations and weaknesses
with respect to applying neural topic modelling to neuronal recordings in
Section 5.5. Future directions of this research are outlined in Section 5.7.
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5.1 allen institute data

This section gives details on the data used to demonstrate the application of
neural topic modelling to real data. The Allen Institute provides large elec-
trophysiological data sets through their Visual Coding – Neuropixels project
which are of high quality, well documented and were acquired in line with
current ethical guidelines for animal experiments. Thanks to their commit-
ment to open science, many researchers now have access to large-scale neu-
ronal data sets furthering the development of new analysis tools for neuro-
scientific data.

The following section will describe the experimental setup used to acquire
the data.

5.1.1 Recording and preprocessing

The information about recording procedures and experimental setups in this
section is based on the Technical White Paper published by the Allen Insti-
tute Allen Brain Observatory (2019).

The Visual Coding data sets used in this chapter are in vivo electrophys-
iological recordings from six Neuropixel electrodes (Lopez et al., 2016) im-
planted into a brain of a wild-type C57BL6/J mouse (Allen Institute session
ID: 767871931).

The experimental setup for recording such an elaborate data set is complex
and a full description of the setup is given in Allen Brain Observatory (2019).
To ensure similar entry points and angles of the probes across experiments,
the six probes are placed on a custom-built rig from which their location in
space can be controlled. The six electrodes are called A, B, C, D, E, F with
probe A in the anteriomedial position (top right in the plots shown here)
and subsequent letters are assigned to electrodes in a clockwise manner (see
Figure 5.1). Each probe enters a different part of the visual cortex – chosen to
target separate functionally defined visual areas (Juavinett et al., 2019) – and
also extends to subcortical structures such as the hippocampus, thalamus
and the midbrain. The positioning of the rig depends on the retinotopic map
of each mouse. A visualisation of the physical locations of the electrodes can
be found in Figure 5.1 (b). The electrodes sometimes appear curved because
the position in space was registered to the CCF template brain to standardise
the labelling of the brain regions. Similarly, electrodes seem to be of different

https://allensdk.readthedocs.io/en/latest/visual_coding_neuropixels.html
https://brainmapportal-live-4cc80a57cd6e400d854-f7fdcae.divio-media.net/filer_public/80/75/8075a100-ca64-429a-b39a-569121b612b2/neuropixels_visual_coding_-_white_paper_v10.pdf
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lengths, which is due to the viewing angle. In reality, all electrodes used were
straight and of the same length during the recordings.

electrode entry point


   electrode tip

a

b

c

Figure 5.1: Visualisation of the positioning of the electrodes used to record the
data. (a) The locations of the six entry points of electrodes A-F are shown. (b) A vi-
sualisation of the paths of the electrodes in standardised coordinates. (c) The brain
structures each electrode traverses. VISam = anteromedial visual cortex, VISpm =
posteriomedial visual cortex; VISp = primary visual cortex; VISli = laterointerme-
diate visual cortex; VISal = anterolateral visual cortex; VISrl = rostrolateral visual
cortex

During the recording the head-fixed mouse stood on a disc-shaped wheel
on which it could walk or run. The velocity of the wheel was recorded and
is also openly accessible.

The six Neuropixel electrodes contain either 374 (Neuropixels 3a) or 383

(Neuropixels 1.0) channels (Jun et al., 2017) from which extracellular signals
were recorded at a sampling rate of 30 kHz (spikes) and 2.5 Hz (LFP). Prepro-
cessing included a 500 Hz high pass filter for the spike band and a 1000 Hz
low pass filter for the LFP band (Allen Brain Observatory, 2019). To extract
spike times of individual units1 from the signals, the spike sorting software
Kilosort2 was applied (Stringer et al., 2018). Even though LFP was recorded

1 Since it cannot be guaranteed that all spikes assigned to one unit actually were emitted
from one individual neuron (e. g. spikes from equidistant neurons might be assigned to one
unit), the Allen Institute documentation used the term “units” instead of “neurons”. This
terminology was adopted in this chapter.
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from every channel, it was downsampled so that only every fourth channel
was included in the data set. LFP signals were also high pass filtered at 0.1
Hz and noise common to all electrodes was subtracted by re-referencing to
channels outside of the brain.

The whole data set including spikes, LFP and behavioural data is avail-
able in the Neurodata Without Borders data format and is available for
processing and download via the open source AllenSDK Python package
(https://github.com/AllenInstitute/AllenSDK). The particular data set used
in this thesis included 1604 units and LFP signals from 461 channels (all the
channels located inside the brain of the mouse).

5.1.2 Experiments

The mouse whose brain activity was recorded was shown visual stimuli for
passive viewing. The stimuli were presented on a monitor 15 cm in front of
the mouse’s right eye and the images shown were warped to account for the
proximity of the mouse to the monitor.

For the extent of this thesis, four experiments and one time period without
visual stimulation were analysed. The timeline of the experiments and an
example image for each are presented in Figure 5.2.

Figure 5.2: Experiments The visual stimuli presented to the mouse.

The experiments included in the analyses were:

https://github.com/AllenInstitute/AllenSDK
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• Gabors (gab): Gabor patches (small circles of drifting gratings at 2 Hz,
see Figure 5.2) were presented at one of 81 locations (on a 9 x 9 grid)
for 0.25 s each.

• Drifting gratings contrast (dgc): Drifting gratings were presented across
the entire screen. The gratings could be moving in one of four direc-
tions (0º, 45º, 90º, 135º, clockwise where 0º represents movement from
left to right) and one of nine different contrasts (0.01, 0.02, 0.04, 0.08,
0.13,0.2, 0.35, 0.6, 1.0) for 0.5 seconds each.

• Drifting gratings repeats (dgr0, dgr1): Similarly to the drifting grat-
ings contrast described above, drifting gratings were shown to the
mouse at the same four directions (0º, 45º, 90º, 135º) but only at two
different contrasts (0.1 and 0.8) for two seconds each. This paragigm
was shown twice and both instances were included in the analysis.

• Natural Movies (nat): The “natural” movie shown in this condition is
a 30 s greyscaled and contrast-normalized clip from the opening scene
of the movie Touch of Evil (1958), which was repeated 60 times.

• Spontaneous activity (spont): Between the presentation of the two drif-
ing grating repeat experiments there was a time period where no stim-
ulus was shown to the mouse. This recording was also included in the
analysis.

5.2 parameters

The previous sections described the large data set used in this chapter to
demonstrate that neural topic modelling can obtain interesting results which
could not be found with any other single method. Neural topic modelling
was applied to the data in the way described in Chapter 3. Four neural words
were extracted from the spike trains and the LFP recordings: high firing rate
(high spike count, sc+), low firing rate (low spike count, sc-), coincidental
spiking (csp) and the power in five different LFP frequency bands (lfp, delta
(3-6 Hz), alpha (6-13 Hz), beta (13-30 Hz), high beta (30-40 Hz) and gamma
(40-70 Hz)).

The parameters used for the main steps of neural topic modelling are
listed in Table 5.1.

During the testing phase of neural topic modelling, I tried window lengths
of 50, 75, 100, 150, 200 ms. The results were not overwhelmingly different,
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suggesting that picking a time window within such a range will lead to
interesting results regardless. I settled on a window length of 100 ms for the
work presented in this thesis.

Furthermore I made the decision to let the time windows overlap by 50%.
Firing rate is often calculated in non-overlapping documents. However this
may lead to effects where bursts of spikes are separated by a time bin border
and are therefore not detected by counting spikes per time bin. Having the
time windows overlap reduces of this effect. During the development of
neural topic modelling I also tried out different degrees of overlap between
time windows (0%, 50%, 75%) and since the results were very similar, I
arrived at the conclusion that the amount of overlap will not impact the
results heavily and choosing a 50% overlap will give the benefits of not
separating spike train features by bin borders and creating a large enough
number of time windows for topic modelling to be effective.

For the analysis of how the visual stimuli relate to the found assemblies,
I needed to relate the experimental and behavioural data that was available
back to the time windows. In the case of visual stimuli shown, I labelled a
time window with the presence of a particular stimulus if the presentation
of that stimulus and the time window of the document intersected at least
75% (at an overlap of 50%).

For each individual word, another threshold has to be set – the percentile
threshold basically determining what counts as an extraordinary enough
event to be included in the analysis (see Table 5.2). The exact meaning of the
threshold for every single neural word was described in Chapter 3 (sc+ and
sc-: Section 3.2.2.1, csp: Section 3.2.2.2, lfp: Section 3.2.2.3).

For the work presented in this thesis I chose the 75th percentile, i. e. I
only registered the event “neuron 1 high firing rate” if the spike count in a
time window is higher than in 75% of all time windows of that neuron. The
number of spikes in the x-th percentile window + 1 becomes the minimum
number of spikes that have to occur in a time window in order for a “high
firing rate” neural word to be recorded. I chose the threshold for “low firing
rate” to be the 25th percentile in a complementary fashion.

For the coincidental spikes neural words, I chose a window of 4 ms to
catch precisely timed coincident spikes between pairs of neurons. Since the
data sets used in this thesis are recorded from visual cortex, hippocampus,
thalamus and midbrain, this relatively large time window should catch inter-
esting synchronous spiking activity (Panzeri et al., 2010). To make the max-
imum number of word occurrences of the scp+, scp- and csp neural words
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Table 5.1: Neural topic modelling parameters for neuronal data.

parameter value

Document creation
time bin length [ms] 100

overlap of documents 50%
Event filtering

sc+ percentile threshold 75

sc- percentile threshold 25

lfp percentile threshold 85

csp percentile threshold 75

csp smallest ISI to count as coincident [ms] 4

csp maximum number of words to include 2000

Topic modelling
number of initialisations per data set 20

number of topics to be found k 50

number of iterations 500

comparable, I chose the same 75th percentile threshold for the csp neural
word.

Since the number of pairs of neurons grows exponentially, not all pairs of
neurons can be included in the analysis. There is no ideal way of deciding
on which pairs to select and which pairs to leave out. In text mining this
issue is solved by only selecting the x number of words which occur most
often (Blei, Ng and Jordan, 2003; Hughes et al., 2018). The exact number of
words may differ and may depend on the number of documents available. In
general, cutoff values of 5000 or 10000 are commonly used. For neural topic
modelling I decided to restrict the number of coincidence spiking words to
roughly 2000, which is comparable to how many words were generated from
all other word types combined.

For the lfp neural word, it is also necessary to choose a percentile thresh-
old, which was set to the 85th percentile, so slightly higher than for the
neural words which are based on spiked. The reason for choosing a higher
percentile for this neural word is that the nature of the underlying signal
is slightly different. The power spectral density in one frequency band is a
continuous variable, so choosing a 75th percentile threshold is equal to in-
cluding all of the top 25% values. Since the other neural words are based
on discrete counts, a 75th percentile most often leads to word occurrences in
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Table 5.2: Dataset sizes for different experiments.

gab dgc dgr0 dgr1 nat spont

number of documents 18240 10800 17996 17996 18016 36051

number of words 3741 3790 3880 3905 3841 3975

a much lower percentage of the time windows (on average around 13% for
high firing rate, 16% for low firing rate and 10% for coincidental spiking). To
make sure that the number of word occurrences of the LFP neural word are
comparable to the other words, I decided to set the percentile threshold for
this neural word to the 85th percentile.

The real number of topics in the data is of course unknown, so I decided to
look for 50 topics in each of the 20 random initialisations (runs) and let the
algorithm run for 500 iterations (which gave good results for the artificial
data shown in Chapter 4). The concept of running topic modelling multi-
ple times and clustering the results is described and discussed in detail in
Section 3.2.4 in Chapter 3.

The event filtering results in a binary matrix with the dimensions number
of documents x number of neural words with 1’s representing that a particular
neural word (neural activity event as described in Chapter 3) had occurred
in that particular time bin and 0’s representing the absence of this neural
word in that time bin. Since the experiments were of different lengths, the
resulting matrices are also of different sizes as can be seen in Table 5.2.

5.3 neural words

The first step of neural topic modelling is to apply an event filtering step
during which the algorithm goes through the spike trains and local field
potentials to search for particular activity patterns. This is a step not done
in other assembly detection methods although it would not be uncommon
in other neuroscientific analyses to find correlates of task or behavioural
variables. The analysis of the event filtering step could be a whole chapter by
itself, since many interesting insights can be gained by the detailed analysis
of neural signals. Since the thesis revolves around neural topic modelling, I
will confine myself to briefly presenting the neural words that were extracted
from the neuronal recordings.
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Figure 5.3: Input matrices for the six different experiments. Each input matrix is
of a different size which can be found in Table 5.2.

This part of the analysis is likely to be data set specific – it depends heavily
on how much data is available and what data is included in the recording.
Therefore I want to give a few insights into the neural words extracted for
this particular data set and their relationship to the firing rates of the units
that gave rise to them. I will also discuss the specific preprocessing involved
in the lfp neural words.

5.3.1 Instances per word type

In general, I have tried to keep the instances of each word (the number
of times that words was recorded to occur across all documents i. e. 1’s
in the time window-neural word-matrix) balanced. The number of times
a neural word occurs will directly influence the number of co-occurrences
that neural word can have with others. Therefore, neural words with much
higher word instances will be much more likely to be assigned to multiple
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topics. I attempted therefore to ensure that the number of word instances
per word type (sc+, sc-, csp, lfp) were roughly the same.

Figure 5.4: Instances per neural word. The word parameters – in particular the
percentile thresholds – were chosen to make the number of instances broadly com-
parable across word types.

5.3.2 Influence of firing rates

Ideally, all units in a neuronal recording should be treated the same by a
data analysis algorithm regardless of the firing rate of the neuron. In prac-
tice, this is difficult because the firing rates of units in the recording differ
greatly (0.01 - 80 Hz). Another issue arises from the fact that spike counts
are measured in discrete small integers. For the creation of neural words it
is therefore important to try to compensate for the different activity levels of
the units as much is possible.

The sc+ neural word records an instance of a neural word when the num-
ber of spikes in a time window is greater than in 75% of the other time
windows at a 75 percentile threshold (for details on the creation of neural
words, please see Section 3.2.2 in Chapter 3). This means that for units with
firing rate up to 2.5 Hz, practically every time they emit a spike, this will be
considered as a high spike count and an instance of a neural word will be
recorded in that time window. This steep initial increase in word instances
as a result of increasing firing rates until 4 Hz can be seen in Figure 5.5 (a).
For firing rates above 4 Hz there also seems to be a firing rate dependence,
meaning that units with higher firing rates often result in higher number of
word instances. However, the 75th percentile threshold effectively regulates
the maximum number of word instances a unit can create (at most, only
the top 25% of time windows are given an instance of the sc+ neural word).
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A unit with a low firing rate of around 2 Hz can generate as many word
instances as a unit with 80 Hz, lessening the bias towards high firing rates.

The neural word of low firing rate, sc-, is of course inherently biased to-
wards units with higher firing rate, since it denotes time windows in which
a unit showed fewer spikes than in 75% of all time windows. This is only
possible for units with relatively high firing rates since for units with low
firing rates, having zero spikes in a 100 ms time window will be the norm.
Having said this, units with a firing rate of around 10 Hz already display
high word counts of the low firing rate word and there seems to be no bias
towards units of any particular firing rate above 10 Hz (see Figure 5.5 (b)).

The neural word of coincidental spikes, csp, is based on the synchronous
spiking behaviour of pairs of neurons. Figure 5.5 (c) visualises the word in-
stances of coincidental spiking words of unit combinations with different
firing rates. Since there are many csp neural words with a similar number of
word instances (also see Figure 5.4, green bars), most of the dots have a sim-
ilar green-ish colouring on the lower end of the colour map spectrum. Only
a small number of words show very high word instances indicated by the
blue colour. Interestingly the unit combinations with the highest numbers
of word instances do not stem from units with high firing rates and instead
originate from units with firing rates between 5-30 Hz. Another observation
would be that single units seem to form a multitude of coincidental spikes
with many other units (vertical and horizontal “stripes” of dots).

As much as possible, biases towards units with higher firing rates have
been reasonably well regulated, apart from the unavoidable ones due to
spike counts being given as small integer values.

5.3.2.1 Handling of LFP signals

As mentioned earlier, the LFP signal was available for every fourth channel.
LFP signals from channels which are in close proximity are very likely to be
correlated (Herreras, 2016), which is also the case in this data set. Calculating
the power from each available LFP trace will only result in highly correlated
neural words. Therefore, I initially decided to apply the event filtering only
to the average LFP trace for different brain region on each electrode.

However, the borders suggested by the labels provided in the data set
did not seem to correspond well with the visually perceivable borders in
the LFP signal as can be seen in Figure 5.6 (a). This does not imply that
the labels are inaccurate – the LFP signal is just not a very localised sig-
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a

b
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Figure 5.5: Influence of firing rate on word instances. The number of instances of
each neural word is shown in relation to the firing rate of the unit for the word
types (a) sc+ and (b) sc-. (c) Since the word type csp combines two units in the
neural word, the number of instances of each neural word is shown in relation to
the firing rates of both units . This particular plot shows the firing rates taken from
the experiment “Gabors”.

nal that adheres to strict brain region borders. Additionally, brain structures
are often sub-structured into multiple layers which display different activity
characteristics and units on the borders between brain regions are addition-
ally influenced by each other. Averaging across brain regions as defined by
the Allen Institute channel labels (borders visualised in Figure 5.6 (a)) re-
sults in highly correlated time courses (see Figure 5.6(c)), and is therefore
not suitable for this analysis.

Therefore, I decided to manually segment the visibly correlated time courses
and average the time courses of the signals within each newly defined region
as can bee seen in Figure 5.6 (b). This additional processing step of the LFP
signals resulted in time courses which were much less correlated (Figure 5.6
(d)). I assigned a brain substructure to each of the time courses according to
which originally labelled brain regions provided the highest channel count
in each segment. The brain region labels given to these LFP segments should
therefore be taken with a grain of salt because they often include multiple
brain regions (especially midbrain and thalamus structures). For a discus-
sion on how to improve the LFP segmentation, see Section 5.5.

This section gave a brief overview of the event filtered input generated
in the first step of neural topic modelling. In the next section I will present
the neuronal assemblies found by applying the remaining steps of the neu-
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Figure 5.6: Extraction of neural words from LFP signal. (a) Visualisation of the
brain substructure labels (provided by the Allen Institute) for each channel and
how the borders between brain regions would be applied on the LFP signal. (c)
Calculating the average time courses per substructure as given in (a) results in
highly correlated time courses. (b) For this reason, new segments were defined
on the basis of visual inspection of the LFP signal. (d) The time courses for the
segments specified in (b) are less correlated than before.

ral topic modelling pipeline to the input shown here (topic modelling and
clustering).

5.4 analysis

There exists a myriad of interesting analyses that could be done on the data
set, on the neural words that were extracted and on the resulting assemblies.
Because this thesis focusses on the insights gained by applying neural topic
modelling on such a dataset, I will confine myself mainly to analyses which
highlight the unique findings only neural topic modelling can provide. In
this section, I will show examples of multiplexing by individual units. Then
I will focus on the identified assemblies (the result from the clustering and
thresholding analysis described in Section 3.2.4) and contrast them to assem-
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blies which could have been found by other methods. In particular, I present
neuronal assemblies which could not have been identified with any other
current method. Lastly, I show that the assemblies found during different
experiments may be used to generate insights into functional brain connec-
tivity.

5.4.1 Relationship of neural words to experimental variables

In the Gabors experiment, the spikes of about 1500 individual units were
translated into neural words. Of these units, 233 gave rise to more than one
neural word e. g. one sc+ and two csp neural words. As stated in previous
chapters, neural topic modelling explicitly allows for the possibility of mul-
tiplexed code by extracting multiple activity features per unit. If units in the
data set indeed use multiplexing, it should be possible to find units which
give rise to neural words which code for fundamentally different experimen-
tal or behavioural variables.

In order to relate the clusters to experimental or behavioural variables, a
time course for each cluster needs to be compared to the time courses of
such external variables. Besides giving an estimate of the assemblies in the
data, neural topic modelling also provides an estimate of how much each
assembly was active during each time window. The resulting vector indicates
how much each cluster contributed to the activity in that time window and
can be used as a proxy for activity of each assembly over time.

For the relation to the wheel velocity, the time courses of the clusters were
correlated (Pearson’s correlation) with the time course of the wheel velocity
(downsampled to one data point per time window). To avoid spurious corre-
lations, only clusters with a correlation coefficient above 0.8 were deemed as
being related to movement of the animal. The choice of threshold here is not
important since most clusters had low correlation coefficients (between -0.3
and 0.2) and only few clusters showed a very high correlation with the disc
velocity time series. For the relation to visual stimuli shown, the weights in
each time window per cluster were simply multiplied with a matrix indi-
cating the location of the stimulus during each time window. The resulting
matrix represents the contribution of each cluster for each stimulus location.

As an example, of the 44 clusters which appeared consistently during
the Gabors experiment (after clustering and thresholding, as explained in
Section 3.2.4), 12 showed a visual receptive field and 2 were related to the
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wheel velocity. In order to show multiplexing in units, I would expect a unit
to take part in multiple clusters which are related to different stimuli with
high weights in each cluster. This creates a need to determine which neural
words in a cluster participate at a “high weight”.

A neural word appears in a cluster if it contributes to the top 75% of
weight in the cluster (starting at the highest weight). For some clusters, this
still means that a few hundred neural words are included in this assembly,
since it assigned many neural words a similar weight. For other clusters this
means that only five neural words might be included in the assembly. The
20 highest weights in each assembly were deemed “high weights” or for
assemblies with more than 200 neural words, a weight in the top 10% of all
neural words was also labelled as high.

Figure 5.7 shows two units that display multiplexing. The first example
of interesting cluster participation is a unit in the Thalamus which gives
rise to 8 neural words (1 sc+ and 7 csp neural words, see Figure 5.7 (a)).
Its sc+ neural word participates in three clusters with a high weight: one
cluster with a negative receptive field as shown in Figure 5.7 (c) and two
clusters which are both related to the movement of the animal Figure 5.7 (d).
This unit encodes multiple variables, namely movement of the animal and
visual information in its increases in firing rate. Since neural topic modelling
is able to handle neural words being part of multiple assemblies, both of
these relationships could be recovered. Other methods less suited for multi-
memberships might have not been able to establish this relationship.

The second example is a unit in the visual cortex which gives rise to 17

neural words Figure 5.7 (b). Its sc+ neural word exhibits a high weight in
one of the clusters strongly related to the movement of the animal Figure 5.7
(d). Interestingly, one of its csp neural words shows a very high weight in
a cluster which is preferentially active when the Gabor stimulus is located
in the middle of the screen Figure 5.7 (e). This is an example of two rela-
tionships which could have not been discovered in the same analysis with
currently available methods. A firing rate based method might have found
the relationship to movement and a method for timed spike detection might
have found the relationship to visual areas, but not at the same time.

The fact that spike trains are influenced by movement and visual stimula-
tion is not surprising (Juavinett et al., 2019; Stringer et al., 2018). In order to
show more interesting examples of mulitplexing with cognitive processes or
complex behaviours, more external variables would need to be available in
the data set (only visual and movement information were easily accessible
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Figure 5.7: Two examples of neural words participating in clusters related to ex-
perimental variables. (a) A unit located in the thalamus which gives to 8 neural
words. Its sc+ neural word (increases in firing rate) participates at a high weight in
clusters which are strongly related to (c) visual stimulus location or (d) wheel ve-
locity. (b) The second example is a unit in the visual cortex whose sc+ neural word
is also correlated to the movement of the animal (participation in cluster 49, blue
line in (d)). Its synchronous spikes with another unit in the visual cortex contribute
a high weight in another cluster exhibiting a receptive field (e). (a) - (b) The colour
and shape of the leftmost dot (at sc+) indicate the brain region the unit was located
in and which probe it was recorded from. For the csp words (all but the dots at the
first two positions), the shape and the colour indicate the location and region of the
neuron it exhibited coincidental spiking with.

in this case). Rather than being ground-breaking discoveries, these examples
indicate it is useful to allow units to be part of multiple different assemblies
which might code for fundamentally different stimuli. Additionally, they in-
dicate that extracting multiple activity patterns from spike trains can provide
information which was not accessible by any single method before. It would
be great if neural topic modelling could save researchers the time and effort
to do separate analyses.

This section showed an example of a unit which encodes multiple vari-
ables in its activity and a unit which encodes different variables through
different aspects of its spike train. The next section will introduce the way I
visualise assemblies.
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5.4.2 Visualisation explanation

Since the following two sections will consist mainly of visualisations of clus-
ters, I would like to explain the plot in detail here to avoid repetition later.
The following figures will refer back to this section for details on the plots.
The visualisation of one cluster is done in one row of three subplots as can
be seen in Figure 5.8. The experiment in which a cluster was found will be
indicated in the caption.

The left and the middle plots indicate the spatial origin of the neural
words. The coordinates follow the orientation and arrangements of the elec-
trodes in Figure 5.1 (a). The limits of all cluster visualisations are kept the
same for easier comparison of the locations between clusters. For better visi-
bility of the separate locations of neural words on each electrode, the x and
y coordinates of the data points are jittered. The jitter applied to the coordi-
nates was the same for both plots so that the points are in the same location
for both plots.

The space in which the locations of the neural words are visualised are
the channel locations given in the original data in the lateral → medial (x-
axis) and posterior → anterior (y-axis) directions. The units of the axes are
given in millimetres and denote the distance from the lambda (a physical
marking on the mouse skull to which all recordings are referenced) (Allen
Brain Observatory, 2019).

The left plot shows the location of the neural words in space and indi-
cates the larger brain structure by colour and the weight in the cluster by
transparency. The middle plot shows the location of the neural words in
space and indicates the word type by colour and the weight in the clus-
ter by transparency. Note that no colour bar or equivalent reference for the
weight-transparency relationship is given. The transparency is quantitatively
proportional to the weight in the cluster, but it is extremely difficult to make
quantitative judgements from the transparency of a dot in a scatter plot
with up to a few hundred, overlapping data points with up to four different
colours. These plots should rather be taken as a qualitative impression of the
distribution of the cluster in space.

I chose to indicate only the larger structure (midbrain, thalamus, hip-
pocampus, visual cortex) as the colour in the left plot even though the orig-
inal data offers twenty different substructures (APN, CA1, VISp etc.). A list
of all substructures present in the data, the corresponding larger structure
they belong to and the full name can be found in Figure 5.9. The main rea-
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Figure 5.8: Annotated cluster visualisation. Each cluster is visualised in three plots
placed in a row. The left plot depicts the locations of the neural words contributing
to this cluster as projected onto a space spanning the anterior-posterior and lateral-
medial axes (units: millimeters). The colour indicates the brain structure of each
neural word and the transparency signifies the weight in the cluster. The middle
plot uses the same space and transparency as the left one but uses a colour code for
the word type. The locations in the left and middle plots have been jittered in x and
y to increase visibility in the plot. The general locations of the dots are equivalent to
Figure 5.1 (b). The right plot shows the distribution of total weight in the cluster per
substructure-word type combination. For a list of substructures and their acronyms
please refer to Table 5.9. In the caption of the figure, the experiment during which
the cluster was identified will be given e. g. (a) (natural movies) indicating that
this cluster was found during the presentation of natural movies. Experiments are
detailed in Section 5.1.2. VC = visual cortex; HC = hippocampus; TH = thalamus;
MB = midbrain; sc+ = high firing rate neural word; sc- = low firing rate neural word,
csp = coincidental spiking neural word; lfp = high power in LFP signal neural word

son for this choice is that the use of twenty different colours with different
transparencies makes a plot confusing. To include the information about
which exact substructures and which neural words (including which LFP
frequency bands) contributed to the weight in the cluster, the right plot de-
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structure acronym full name

Midbrain APN Anterior pretectal nucleus

MB Midbrain (general)
MRN Midbrain reticular nucleus

Thalamus LP Lateral posterior nucleus of the thalamus

MGd Medial geniculate complex, dorsal part

SGN Suprageniculate nucleus

TH Thalamus (general)

LT Lateral terminal nucleus of the accessory optic tract
PO Posterior complex of the thalamus

Hippocampus CA1 Field CA1

CA3 Field CA3

DG Dentate Gyrus

ProS Prosubiculum
SUB Subiculum

Visual Cortex VISal Anterolateral visual area

VISam Anteromedial visual area

VISp Primary visual area

VISpm Posterolateral visual area

VISrl Rostrolateral area
VISli Laterointermediate area

Figure 5.9: List of brain structures and substructures the in data set.

picts the average weight of the neural words in a cluster across the different
substructure-word type combinations. Grey borders in the heatmap indicate
the borders between different brain regions: (from top to bottom) midbrain,
thalamus, hippocampus, visual cortex.

It should be noted that the depiction of the contributions per structure-
word type combination in the rightmost row of all the following plots in
this section is unavoidably not ideal. Different combinations represent very
different counts of neural words i. e. there are 262 CA1-sc- neural words
but only 1 VISp-lfp (alpha band) word since only one probe traverses the
VISp region and only one VISp average trace of the LFP signal on that probe
is entered into the analysis. Averaging the weight over the number of neu-
ral words contributing to the combination will give a biased number for
combinations in which only one neural word is available. For example, let’s
assume there are multiple CA1 sc+ neural words in a cluster which are given
a range of weights in a cluster (including the highest three and the lowest
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word type description

sc+ high firing rate in one unit

sc- low firing rate in one unit

csp coincidental spiking in a pair of units

delta high delta (3-6 Hz) power in averaged LFP signal per structure

alpha high alpha (6-13 Hz) power in averaged LFP signal per structure

beta high beta (13-30 Hz) power in averaged LFP signal per structure

highbeta high high beta (30-40 Hz) power in averaged LFP signal per structure

gamma high delta (40-70 Hz) power in averaged LFP signal per structure

Figure 5.10: List of word types extracted from data set.

three). A single VISp-lfp (alpha band) neural word with a slightly higher
than average weight will look more important in the cluster than CA1-csp
neural word, even though the neural words with the three highest weights
are of that combination. There is no perfect way of normalising the contri-
butions of groups when one group has one member and another group has
250 members. The normalisation per contributing neural words seemed the
best choice and represented the assembly structures reasonably well.

On average there are around 3800 neural words in each analysis (each
experiment). Not all the neural words and their weights are shown in each
cluster visualisation or are used for the average weight calculations. For ev-
ery cluster only the neural words which contribute to 75% of the weight
(summed up starting at the highest weights) are included in the plots. There-
fore the number of data points shown in each cluster differ.

5.4.3 Detecting known assembly structures

In general in neuronal data analysis, researchers investigate only one aspect
of neuronal activity e. g. methods for assembly detection are either based on
firing rate co-modulation or on participation in spike sequences. Researchers
have shown that units interact with each other when separately investigating
firing rates, spatiotemporal patterns and LFP (for an overview, please see
Section 2.3).

So there is reason to expect that neural topic modelling will bring forward
assemblies which group together neural words of the same word type. Since
one main direction in the search for neuronal assemblies is based on the
pairwise correlations of neuronal firing rates (Lopes-dos Santos et al., 2011;
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Figure 5.11: Examples of firing rate modulated clusters. (a) (natural movies) A clus-
ter involving units in the lateral posterior nucleus of the thalamus on one particular
probe. (b) (drifting gratings contrast) A cluster involving units in visual cortex re-
gions across all probes. (c) (natural movies) A cluster involving neural words in all
structures and across all electrodes. (d) The cluster of sc+ neural words across the
visual cortex in (b) shows a preference for drifting gratings with higher contrasts. (e)
The wheel velocity during the recording is shown together with the weights of the
cluster in (c) per time window (an indication of when a cluster was “active”). (a) -
(c) Left and middle panels: location of the neural words in the cluster; transparency
= weight in cluster. Right panel: the distribution of total weight in the cluster. For a
detailed explanation, please refer to Section 5.4.2.
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Peyrache et al., 2010; Romano et al., 2015), neural topic modelling should
find clusters which consist of only sc+ neural words. Indeed, there are many
examples across all data sets (each data set is the recording during one visual
experiment) of such sc+ clusters.

Among the neuronal assemblies found there were small assemblies of sc+
neural words which are located on the same electrode; see Figure 5.11 (a) for
an example of a cluster of thalamus sc+ neural words. Similar local clusters
could be found for all other structures.

Clusters did not need to be confined to one probe but could also repre-
sent correlations of high firing rates across multiple structures on different
electrodes. The assembly shown in Figure 5.11 (b) displays a cluster which
involves sc+ words across all recorded visual cortex regions. This particular
cluster also displayed a preferential response to drifting gratings (the visual
stimulus shown in that experiment) with high contrasts (see Figure 5.11 (d)).

Other clusters involved sc+ neural words across all probes and brain struc-
tures; an example can be seen in Figure 5.11 (c). The cluster activity can be
compared to behavioural variables such as the wheel velocity. The cluster
time course is given by neural topic modelling since the algorithm provides
an estimate of how “active” each cluster was during each time window. For
the particular cluster shown in Figure 5.11 (c), the time course very much
resembled the time course of the wheel velocity of the disc on which the an-
imal was moving as evident in Figure 5.11 (e). Multiple papers have shown
whole brain modulation of firing rates due to movement (Juavinett et al.,
2019; Musall et al., 2019; Stringer et al., 2018), so this is in line with what is
known about movement-related activity modulation in the brain.

The clusters described above could have been identified by other methods
based on firing rate modulations to define assemblies. The other approach to
identify neuronal assemblies is through timed spiking behaviour in neurons.
Such spike patterns are commonly found in cortical areas (including sensory
cortices) and in particular in the hippocampus (Buzsáki, 2004; Sasaki, 2019)
(for an overview, see Section 2.3.2). It is therefore not surprising to find as-
semblies which consist mainly of csp neural words and are confined to the
hippocampus. Indeed, multiple hippocampus-csp assemblies are detected
per experiment. In each one, the distribution of the neural words in space
looks slightly different, suggesting that there are multiple subassemblies in
the hippocampus which potentially process separate streams of information.

Additionally, clusters which consist of only lfp words are also present in
the found assemblies. This is not surprising since the LFP signal is a wide-
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reaching signal which is often correlated across different electrodes (Her-
reras, 2016). However, this information is usually only revealed in a separate
analysis focussing on the correlation of the LFP time courses. The advantage
of neural topic modelling is that information such as found here – that LFP
signals in particular subcortical regions are correlated – is included in the re-
sults without extra work. There are multiple assemblies consisting of mainly
LFP neural words per experiment and mostly involve lfp neural words in
subcortical regions and are based on the power in lower frequency bands
(delta, alpha). Neural topic modelling can be used as a good starting point
for further analyses of LFP signals.

Neural topic modelling recovers assemblies that are comprised of units
with shared firing rate modulations and also assemblies which group units
with coincidental spiking behaviour. These are well-known features in neu-
ral data, so this inspires confidence in the capability of neural topic mod-
elling to find salient neuronal assemblies. While this is a good confirmation
of the performance of neural topic modelling, these results are not neces-
sarily surprising or ground breaking. The clear advantage of neural topic
modelling lies in the fact that multiple aspects of neuronal activity are en-
tered into the same analysis. The next section will show assemblies which
consist of neural words of multiple word types and which therefore could
not have been found by any other assembly detection method.

5.4.4 Unknown interactions between word types

Neural topic modelling can provide interesting insights into how neural
words interact with each other across regions and word types. These are
the results which currently cannot be found by any other assembly detec-
tion method – one would have to explicitly look for those interactions in
separate analyses. This section will give a few examples of assemblies in
which neural word types appear to interact in ways that are not commonly
thought of in the context of neuronal assemblies.

A large number of the assemblies identified by neural topic modelling
show some sort of mixture of word types. Each one of them is potentially in-
teresting to researchers depending on the questions they might want to ask
of the data. There are therefore hundreds of clusters I could show here. As
a demonstration of the kind of unknown assembly structures neural topic
modelling can uncover, I present three types of assemblies with character-
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Figure 5.12: Hippocampus csp and visual cortex csp neural words. Coincidental
spikes between neural words in the visual cortex and the hippocampus come up
consistently across multiple experiments: (a) drifting gratings contrast, (b) drifting
gratings repeats (block 0), (c) drifting gratings repeats (block 1) and (d) Gabors.
Left and middle panels: location of the neural words in the cluster; transparency =
weight in cluster. Right panel: the distribution of total weight in the cluster. For a
detailed explanation, please refer to Section 5.4.2.

istic word type interactions which were consistently found across multiple
experiments.

One cluster appearing repeatedly was a cluster consisting of csp words
across all brain structures, but mainly in the primary visual cortex and the
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hippocampus (subiculum and CA1). The appearances of this cluster across
multiple experiments is shown in Figure 5.12. The average weights in the
right plot show the weights to be well distributed across all substructures,
while the left plots suggest the cluster to be localised in the primary visual
cortex and the hippocampus on the same electrode. This is one of the issues
that arises with the normalisation per combination (of word type and sub-
structure), because the counts in each combination differ hugely. Neither plot
represents the data perfectly. Interestingly, this interaction between the hip-
pocampus and the visual cortex seems more pronounced in the experiments
in which drifting gratings were shown (Figure 5.12 (a), (b), (c)) while the
interaction between visual cortex and hippocampus was less strong when
Gabor stimuli were presented to the mouse (Figure 5.12 (d)). In the latter
case, instead of hippocampus activation, there was a high weight contribu-
tion of low frequency lfp neural words from the visual cortex.

Another cluster identified by neural topic modelling in multiple exper-
iments was a combination of decreased firing in visual cortex areas and
subcortical lfp neural words as seen in Figure 5.13. In particular the delta,
alpha and beta frequency bands were involved in this cluster. This cluster
was not only found during visual stimulation (Figure 5.13 (a), (b), (c)), but
also during no stimulation (Figure 5.13 (d)). The contribution of lfp neural
words is increased during spontaneous activity compared to experiments in
which visual stimuli were presented.

The third consistently appearing cluster pattern is the interaction between
coincidental spiking events in multiple areas in the visual cortex and the
lfp neural words in visual and hippocampus areas. What makes this cluster
interesting is that in the case of the Gabor stimulus (Figure 5.14 (a)) there
is a more localised contribution of lfp neural words from the primary visual
cortex. Additionally, from the spatial maps it seems like the primary visual
cortex does not interact as much with the other visual areas as during the
drifting gratings (Figure 5.14 (c), (d)) and natural movie (Figure 5.14 (b))
experiments.

The three examples mentioned in this section are not the only consistently
appearing clusters. Other include a combination of visual cortex sc- neu-
ral words and subcortical sc+ and csp neural words (hippocampus, thala-
mus and midbrain). There are also many examples of clusters consisting of
mainly csp neural words in different locations of the hippocampus or clus-
ters consisting of only lfp neural words in either lower (delta and alpha) or
higher (beta, highbeta, gamma) frequency bands.
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Figure 5.13: Visual cortex sc- and subcortical lfp neural words. Decreases in firing
rates in units in the primary visual cortex seem to interact with high power in lower
frequency bands of the LFP signal in the hippocampus. These clusters were found
in multiple experiments: (a) drifting gratings repeats (block 0), (b) drifting gratings
repeats (block 1), (c) natural movies and (d) spontaneous activity. Left and middle
panels: location of the neural words in the cluster; transparency = weight in cluster.
Right panel: the distribution of total weight in the cluster. For a detailed explanation,
please refer to Section 5.4.2.

However, a cluster does not need to come up consistently in order to be
interesting - clusters which represent activity related to experimental proce-
dures are likely to only appear in the analysis of that specific experiment.
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Figure 5.14: Visual cortex csp and subcortical lfp neural words. Coincidental spikes
across multiple areas in the visual cortex seem to interact with high power in the
LFP signal in subcortical areas. These clusters were found in multiple experiments:
(a) Gabors, (b) natural movies, (c) drifting gratings repeats (block 0) and (d) drifting
gratings repeats (block 1). Left and middle panels: location of the neural words in
the cluster; transparency = weight in cluster. Right panel: the distribution of total
weight in the cluster. For a detailed explanation, please refer to Section 5.4.2.

The fact that clusters appear consistently across activity patterns might in-
dicate that these are general interactions between brain regions rather than
stimulus specific activations.



132 neural topic modelling - application to biological data sets

Applying neural topic modelling to neuronal recordings can provide an
insight into how activity patterns in units in different regions interact with
each other. This section showed a few examples of such interactions which
could have not been found by other currently available assembly detection
methods. The next section will give an idea of the subsequent analyses that
can be done when multiple recordings were done in the same animal.

5.4.5 Comparison across experiments

Neural topic modelling gives a number of concrete assemblies which can
be analysed as shown in the previous section. It is also possible to look at
assemblies as a measure of how much two brain structures cooperate with
each other – if neural words from a region A very often appear in the same
cluster as neural words of a region B, then this points towards those regions
being functionally connected.

For each pair of substructures, I calculated the ratio between the number
of clusters in which both substructures contributed at least 5% of the total
weight and the number of clusters in which neural words from either one
or the other substructure contributed at least 5% of the total weight. This
gives a Jaccard score as an indicator for how consistently two regions coop-
erated with each other in one experiment. The resulting Jaccard scores for
two experiments Gabors (gab) and drifting gratings repeats (block 1) (dgr1)
are displayed in Figure 5.15.

gab dgr1a b

Figure 5.15: Cooperation between structures. A Jaccard score was computed to
indicate how often two substructures participated in a cluster together. For a list of
the abbreviations of the brain substructures, please refer to Figure 5.9.
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While many elements of the cooperativity patterns remain the same across
these two experiments (e. g. little cooperation between midbrain and thala-
mus regions, no cooperation within the thalamus substructures, cooperation
within hippocampal and visual cortex substructures, cooperation between
the APN and LP and visual areas), there are also some interesting differ-
ences. The substructures in the visual cortex cooperate at a much higher
level in the drifting gratings experiment while the hippocampus substruc-
tures are more cooperative during the presentation of the Gabors.

Such cooperativity matrices can be calculated for each experiment and
inspected to detect differences across cooperation patterns. To gain a very
coarse understanding of how cooperativity changes across experiment, I
averaged the cooperativity score of all the substructures per pair of struc-
tures. As an example, the average cooperativity between the visual cortex
and the hippocampus will be calculated as the average between all pairs of
visual cortex substructures (VISal, VISam, VISli, VISp, VISpm, VISrl) and
hippocampus substructures (CA1, CA3, DG, ProSUB, SUB). The resulting
cooperativity matrices can be compared to each other by subtracting one
from the other across experiments as shown in Figure 5.16.

What stands out immediately in Figure 5.16 is that the cooperativity within
the visual cortex during the Gabor stimuli is lower than in any other exper-
iment. Visual cortex internal cooperativity (multiple visual cortex substruc-
tures appearing in multiple clusters together) is highest during the presen-
tation of drifting gratings. Interestingly, natural movies did not stimulate
internal visual cortex cooperativity as much as the drifting gratings and is
actually quite close to what was found during no visual stimulation (spont).
All the drifting gratings conditions seem to elicit similar cooperativity pat-
terns, which is what would be expected.

This section showed an example of a higher level analysis of the findings
from neural topic modelling. The next section will discuss the findings and
analyses presented.

5.5 discussion

The aim of this chapter was to show how neural topic modelling could be
applied to actual neuronal recordings. To demonstrate this, I applied the
analysis pipeline described in Chapter 3 to a large data set consisting of
spike trains of around 1500 units and corresponding LFP data. The mouse
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Figure 5.16: Difference in cooperativity across experiments. The colours indicate
the difference calculated from the experiment named in each column to the experi-
ment named in each row. MB = midbrain, TH = thalamus, HC = hippocampus, VC
= visual cortex

from which the data was recorded was shown a variety of visual stimuli of
which five experimental paradigms and one period without visual stimula-
tion were selected for analysis.

The first step in neural topic modelling is to apply event filtering for spe-
cific neuronal activity events to create the neural words. To demonstrate how
flexible these neural words can be, I included four word types in the analy-
sis: high firing rate (sc+), low firing rate (sc-), coincidental spiking in pairs of
units (csp) and high power in LFP frequency bands (lfp). This demonstrates
that neural words can be extracted from single neuron activity, from neu-
ronal activity which is shared across multiple units and from non-spike data
types such as LFP.
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As the presented results show, neural topic modelling identifies clusters
which are dominated by a shared modulation of firing rates and therefore re-
semble the ones found by other methods (Juavinett et al., 2019; Mölter et al.,
2018). Shared modulation of coincidental spiking events in the hippocampus
and visual cortex are also expected (Sasaki, 2019) as well as correlations in
LFP signals, in particular among the lower frequencies (Herreras, 2016). At
the same time, neural topic modelling also identified clusters which repre-
sent the coordination of activity patterns which were previously not associ-
ated with assembly activity. Such combinations include amongst others for
example coincidental spiking involving primary visual cortex & hippocam-
pus, synchronous spiking in visual areas & subcortical LFP signals or low
firing rates in visual areas & subcortical LFP signals. These were examples
picked for their consistent appearance across experiments. Many other exam-
ples of interesting combinations were present in single clusters. In addition
to the analysis of single clusters, it was shown that it is possible to do higher
level analyses with the information about which type of neural words par-
ticipated in each cluster. Cooperation between substructures of the visual
cortex and the hippocampus depended on the visual stimulation that was
shown. Drifting gratings invoked the highest cooperation between substruc-
tures of the visual cortex while Gabor stimuli showed higher cooperation
among hippocampal substructures.

As with every other analysis method, neural topic modelling has limita-
tions. I will now discuss some of the drawbacks and which steps were taken
to overcome them.

As shown in Section 5.3, the incidence rates of sc+ and sc- neural words
are somewhat dependent on the firing rate of the unit involved. This is im-
possible to prevent in its entirety since very low firing rates cannot produce
more events while not spiking. In reality though, units with very low firing
rates do contribute high weights to assemblies – units with firing rates of
below 1 Hz gave rise to sc+ neural words which were assigned the highest
or second highest weights in their respective clusters. So even neural words
with low incidence rates (as low as 120 events in 900 seconds of recording)
could achieve high weights in clusters. 100 or more events might still be
quite high for precisely timed spiking sequences which can be quite rare.
For the analysis of such events, there are other methods which are much
more specialised towards this specific goal and neural topic modelling is not
going to replace these methodologies. However, it would be possible to enter
the precisely timed spike sequences identified by a specialised method into
neural topic modelling as a neural word. This would allow the analysis of
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the interactions between exact spike sequences with other activity patterns –
a fascinating prospect.

The other data type included in the analysis are the LFP signals recorded
during the same sessions. LFP signals are difficult to compress into the for-
mat of neural words since they are highly correlated across all channels and
since they are usually processed across longer time windows. The former
issue of the high correlations between LFP traces was addressed by drawing
new borders to delineate less correlated regions and to average the traces
per newly defined segment. As demonstrated in Section 5.3.2.1, this was
partially successful, but there were still a large number of clusters in each
experiment which consisted of only LFP signals. A likely explanation is that
the averaged traces still shared a lot of signal modulations, particularly in the
low frequency bands. This procedure can definitely be improved on, which
I will comment on in the following section.

One of the neural words used in the analysis is the one of coincidental
spikes between a pair of neurons. While the presence of higher than ex-
pected near-synchronous spikes does give an idea of how accurately spikes
are timed within a pair of neurons, it cannot provide the researchers with
more details e. g. how precisely the spikes were timed and in what order
they occurred. This neural word also does not look for spike sequences or
other spatiotemporal patterns in which precisely timed spikes are further
apart than the specified time window (here: 4 ms). Other methods which
search for neuronal assemblies on the basis of spatiotemporal spike patterns
will give much more fine grained assemblies and the specific spike patterns
in which they were involved. This is not possible with neural topic mod-
elling without further analysis. As with the clusters discussed previously,
the advantage of neural topic modelling might lie in the fact that these csp
assemblies are found alongside assemblies which are based on firing rates
– something unique to neural topic modelling. The method proposed here
might also indicate an interesting subset of units to further scan for repeat-
ing spike patterns with methods which do not scale easily with increasing
number of units in the data set.

As with every other unsupervised algorithm applied to a data set with-
out a ground truth, there is no way of validating the found result. In the
case of neural data it is even more difficult since we don’t even know how
a “meaningful” assembly should be defined – meaningful to the researchers
who want to decode brain signals or meaningful to the brain processing
the information. Indeed, this is a problem with neuronal assembly detection
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methods, since all of them come up with slightly different assemblies when
applied to the same dat set (Mölter et al., 2018). This is an indication that ev-
ery assembly detection method brings with it a bias towards certain types of
assemblies or assemblies with specific features and characteristics (be it size,
activity level, amount of overlap with other assemblies etc.). I hope to have
created an analysis pipeline which has a bias towards biologically relevant
assemblies which are similar to how the brain processes information, but it
is impossible to know this. One way of estimating whether a method has
found sensible assemblies is to assess their relation to known experimental
variables. Multiple clusters show a clear preference for stimulus location or
display a time course which is aligned to the movement of the mouse. It
therefore seems likely that the clusters found do carry biological meaning.
This does not imply that other assemblies with no corresponding experimen-
tal measure are meaningless - on the contrary, they might represent external
variables we are not recording such as sounds or internal variables such
as hunger, cognitive processes etc. Finding out what those assemblies are
attuned to should be the next goal in neural topic modelling and ways to
achieve this will be discussed in the following section.

Neural topic modelling has very clear advantages which distinguish it
from every other neuronal assembly analysis method currently available.

I showed that there were many clusters which represented neuronal as-
semblies in which very different activity patterns interacted with each other.
This is a finding which could have not been found by any other assembly
detection method. Additionally, assemblies which resemble known assembly
structures (firing rate co-modulations, synchronous spiking) are also found
in the same analysis. The presence of such “unsurprising” assemblies can
be taken as confirmation that neural topic modelling is producing sensible
results. This makes the “surprising” assemblies with the word type interac-
tions even more intriguing. Neural topic modelling can hopefully function
as a springboard for further analyses of previously unknown interactions of
neuronal activity patterns.

The fact that very similar clusters appear across multiple experiments also
points towards neural topic modelling picking up on some consistent inter-
actions in the neuronal activity. This might indicate that these are general
interactions between brain regions rather than stimulus specific activations.
These clusters, to my knowledge, represent interactions in the data which
have not been identified previously. Such finding will be very valuable to
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the neuroscience community because they might represent different chan-
nels through which brain regions communicate.

Another capability unique to neural topic modelling is that it takes into
account that neurons encode multiple variables at the same time and some-
times apply different encoding strategies to do so. As was shown in this
chapter, units do seem to encode multiple variables at once with one neural
word (e. g. movement and visual stimulation) or encode multiple variables
using different neural words. This neuronal behaviour is not captured well
or even at all by other methods which struggle with multi-memberships and
only extract either timed spikes or firing rates from neuronal activity. Neu-
ral topic modelling is able to account for both of these scenarios and there-
fore uncover many more insights into neuronal assembly dynamics than
currently available methods. By providing all of this information in a single
analysis, neural topic modelling could save researchers the time and effort
to do separate analyses.

5.6 possible algorithmic improvements

Since neural topic modelling is a new data analysis tool and (to my knowl-
edge) the first time a topic model is being applied to neural data in this way,
there are obviously many things to improve upon and to add.

There is room for additions to neural topic modelling, in particular in the
definition of the neural words.

The firing rate and synchronous spikes are certainly interesting features
of neural spike trains, but they are by far not the only ones. Other spike train
statistics such as inter-spike interval (ISI) and count variability (Coefficient
of Variation, Fano Factor) have been shown to encode stimulus information
(Nawrot, 2010). Spike distances (Victor and Purpura, 1996), onset responses
(Reinagel and Reid, 2000) and bursts of spikes (Buzsáki, 2010; Naud and
Sprekeler, 2018) are also good candidates for spike train features to extract.
Another interesting suggestion would be to include cooperative silences into
the list of possible neural words since they have been implicated in informa-
tion processing (Gärtner et al., 2017).

Even more potential for an expansion of the neural word repertoire is
given for neural words involving the LFP signal. Event related potentials
and spindles are features in the LFP signal which could be turned into
neural words. The slope of the LFP spectrogram has also been shown to
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include information about the balance between excitatory and inhibitory
inputs present (Haller et al., 2018). Additionally, the relationship between
spikes and LFP signal is analysed through phase coupling e. g. place neu-
rons in the hippocampus exhibit phase locking to the local LFP signal. While
the spikes convey the position of the animal, the degree of phase locking en-
codes information about the distance of objects (López-Madrona et al., 2020)
– another fascinating example of why analysing different features of neural
signals is a good idea.

Apart from new additions, there are also many options to optimise the
current implementation.

The algorithm for finding coincidental spikes which was applied here is
not an optimised implementation2 and is only meant as a proof of concept.
Since many extremely successful algorithms for the search of synchronous
or sequential spike patterns exist already (Mackevicius et al., 2018; Quaglio
et al., 2017; Torre, Canova, Denker, Gerstein, Helias and Grün, 2016), it would
make sense to incorporate the search for spike patterns through those chan-
nels. Sequential spike patterns are often more informative than pairwise
synchronous spikes (Quaglio et al., 2017) and synchronous spikes are often
slightly shifted in time (Ozden et al., 2008). So using such algorithms would
allow for shifts and make it possible to include larger ISIs than is currently
possible.

Currently, neural activity features are binarised before being analysed by
the topic modelling algorithm. However, Latent Dirichlet Allocation (LDA) is
capable of accepting integer values in its input, not just 0’s and 1’s. It would
therefore be possible to represent the degree to which that activity pattern
was present e. g. how much the firing rate increased or how many coinci-
dental spikes were found. How exactly one would define those increments,
especially when faced with different word types (e. g. spikes and LFP), is
up to whoever will implement this. However, it is a possible change which
might make the assemblies found more sharply tuned to the correlational
structure in the data.

Combining of different data types such as spike trains and LFP signal
arrives with its own set of challenges. The need to binarise continuous data
such as the power in frequency bands in the LFP data is problematic. Any
percentile threshold will result in all neural words from LFP having nearly

2 This is mainly because existing optimised algorithms are difficult to incorporate since they
are either written in C or require a different data format and the conversion between neuro-
data formats is not straightforward – looking at you, neo.
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the exact same number of word occurrences. For future versions, a better
solution might be found to this problem, but in the meantime it should be
enough to make sure that the number of word occurrences of neural words
from continuous signals is comparable to those from discrete signals.

One way to improve the current neural topic modelling algorithm would
be to use a different version of LDA. There have been numerous extensions
to the basic version, some of which might be well-suited for neural data.
Hughes et al. (2018) show that a semi-supervised version gives besser anti-
depressant recommendations than the unsupervised version. Other groups
have focussed on identifying correlated topics, for which hierarchical Latent
Dirichlet Allocation (hLDA) (Blei, Griffiths, Jordan and Tenenbaum, 2003),
Pachinko allocation model (PAM)3 (Li and Mccallum, 2006) and correlated
topic model (CTM) (Blei and Lafferty, 2007) were developed. Many more
hierarchical adaptions to LDA have been suggested in particular for bio-
logical data (Liu et al., 2016). Other methods also use the order of the docu-
ments to inform their topics e. g. the dynamic topic model (Blei and Lafferty,
2006). Moreover, there exist more computationally efficient implementations
of LDA. In the current state, the need to run multiple instances of the topic
modelling on the input and the rather long runtime (1-10 hours depend-
ing on the size of the input) makes running neural topic modelling difficult
without a High Performance Computing cluster. More optimised implemen-
tations might enable running neural topic modelling without large compu-
tational resources.

Using a semi-supervised or a supervised topic model in neural topic mod-
elling might result in more task-related assemblies. In my opinion, this is not
what neural topic modelling was intended for, since a supervisory signal im-
poses onto the model what researchers think is a relevant label. Instead, it
was developed as an agnostic method for exploratory data analysis and hy-
pothesis generation. The main goal would be to find interactions between
neural activity patterns which researchers did not know about and did not
expect.

Neural topic modelling relies on the clustering of the topics from multi-
ple instantiations with different random seeds. Because each topic is theo-
retically supposed to be unique within one result, the goal of the cluster-
ing would be to achieve as many clusters as possible of a particular size
(the number of runs, in this case: 20). This is an unusual goal in clustering

3 this particular topic model is abbreviated as PAM, which is why it had to definitely be
included in this thesis :).
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and there exists no standard solution. While the current automatic threshold
works well, it is possible to strive towards a clustering algorithm which is
more data-driven. Pons and Latapy (2006) propose an algorithm (Walkdrop)
which determines the optimal threshold for hierarchical clustering by com-
paring the increase in variance during every linkage to the previous one.
According to the authors, their approach increases the quality of the com-
munity structures found. Implementing such an algorithm for determining
the best clustering threshold might also increase the quality of the clusters
found in neural topic modelling.

A substantial innovation would be to not rely on the pre-defined neu-
ral words presented here. To truly achieve unbiased insights into the brain,
we would need to find a way of defining the neural words automatically
and from the data instead of the event filtering presented here. Such a step
would bring us one step closer to identifying directions into which no hu-
man researcher has thought to look. At the same time, such an automatic
neural activity pattern detection algorithm would merit its own PhD thesis
and is beyond the scope of this one. The interpretation of the automatically
detected neural words might also present a problem, counteracting the inter-
pretability of the topic model. It would nevertheless be an interesting project
that could expand our knowledge beyond the currently known firing pat-
terns and assembly structures.

5.7 future works

There are almost too many directions to list for future work with neural topic
modelling. I will make a few suggestions based on the analyses I conducted
for this thesis, but it very much depends on the data set that is to be analysed
and what questions are being asked.

Specifically for this data set, there are a few additional analyses which
could be conducted.

There are many more details in the data which have not been included in
the analysis. The “shapes” of the assemblies with respect to how sharp the
histogram of the ordered weights per neural word declines have not been
analysed further. That neural topic modelling can recover such shapes of
assemblies in artificial data was demonstrated in Section 4.6 of the previ-
ous chapter. It could be interesting to see whether those shapes align with
brain regions, word types or distribution across electrodes. The data itself



142 neural topic modelling - application to biological data sets

also includes more information than was used here, such as the videos of
the mouse’s body movements or the pupil size. Other features of the units
recorded could also be included in the analysis such as whether they have
a receptive field. Furthermore, it might be interesting whether such charac-
teristics of the units influence the order in which neural words appear in a
cluster.

Another open question revolves around the clusters in which sc- neural
words are cooperating with another word type. Do the same units giving
rise to the sc- neural words also interact with the other neural words as sc+
neural words? Or is it exclusively the decrease in firing rate which is central
to the cluster? If it’s the latter, then this would mean that these are findings
likely unique to neural topic modelling, since most other assembly detec-
tion methods are based on whole spike train correlations or only extracting
time periods with high firing rates, and do not consider firing rate decreases
independently of firing rate increases.

While the current implementation of neural topic modelling already pro-
duces interesting results, there are various ways in which the analysis pipeline
could be improved. Many suggestions have already been covered in Chap-
ter 3, Section 5.6, so I will only mention a specific improvement possibility
in the analysis of LFP signals here.

The LFP signals are available from every fourth channel in the data set
presented here. Many of the traces are highly correlated, especially within
traces of the same brain region. Therefore it is necessary to reduce the di-
mensionality of the LFP signals somehow while retaining the significant in-
formation. The way this was implemented here was to segment the time
courses into new segments based on visible correlations in the traces. The
time courses of the traces in the new segments were then averaged. While
the de-correlation seemed to work reasonably well and the lfp neural words
showed interesting interactions with other neural word types as shown in
Section 5.4.4, there might be a better way to do this. One option would be
to extract orthogonal LFP traces from the data e. g. by applying a PCA or
Independent Component Analysis (ICA) to the LFP time courses. Another
option might be to extract the power in all the frequency bands of all region-
averaged traces and then before applying the topic model, combining lfp
neural words which show a high overlap in time windows in which events
were recorded.

I hope to have shown that neural topic modelling generates interesting
results in the current implementation. Applying neural topic modelling to
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different data sets will help highlight the usefulness of the method and the
possibilities it offers with respect to large scale neural data analysis.

It would be intriguing to use neural topic modelling on data sets of freely
behaving animals or during more complex tasks. Neuronal assemblies are
established during learning of tasks (Sheng et al., 2019) and assembly dy-
namics might indicate successful learning during higher cognitive loads
(Dragoi, 2020). Therefore, applying neural topic modelling to such a data set
recorded during memory or decision making tasks would be highly interest-
ing. Comparing assemblies identified throughout different stages of learning
could give some interesting insights into the formation of memories and the
learning process. It would be particularly interesting to investigate how the
weights within an assembly change in an assembly that is present through-
out multiple stages of an experiment. Additionally, a more complex task
with more known experimental variables might shine a light on the role of
all the identified assemblies which were not related to visual or behavioural
information. So analysing a data set with more behavioural variables (e. g.
more details on movement) and cognitive variables (decision making, cogni-
tive load) might shine a light onto what other kinds of information the other
neuronal assemblies encode.

5.8 conclusion

Neural topic modelling is a new neuronal data analysis method to detect
neuronal assemblies. It has been shown to identify neuronal assemblies
which share the characteristics of assemblies consistently found by other
methods. It goes beyond existing methods by allowing units to use multi-
plexed coding and extracting multiple activity patterns from each spike train
or from the LFP signal. By including all of these activity patterns as poten-
tial contributors to neuronal assemblies, neural topic modelling can detect
neuronal assemblies consisting of combinations of neural activity features
which cannot be found by any other current method.

All of these aspects point towards the usefulness of neural topic mod-
elling as a neuronal data analysis method. The results presented here indi-
cate that neural topic modelling has the potential to uncover many currently
unknown relationships in neuronal data.
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6
A S P I K I N G N E U R A L N E T W O R K W I T H S P I K E
T I M I N G D E P E N D E N T P L A S T I C I T Y F O R S P I K E
S E Q U E N C E D E T E C T I O N

The method proposed in this chapter addresses the challenge of finding ever
larger temporally precise spike sequences in large electrophysiological brain
recordings. Moreover, it proposes to identify spike patterns in a biologically-
plausible way i. e. through spike integration processes (coincidence detec-
tion) which biological neurons in the brain also possess. The spiking neural
network presented here is based on a spiking neural network published
in Masquelier et al. (2008).

From a computational point of view, finding repeating sequences of spikes
becomes exponentially more expensive the more units the recording encom-
passes. Even in data sets of a few hundreds of neurons brute force algorithms
will take days to complete due to the combinatorial explosion that occurs
when having to take into account every possible combination of spike se-
quences (Buonomano and Maass, 2009).

The replication of the spiking neural network by Masquelier et al. (2008)
in this chapter has been previously published in Hathway and Goodman
(2018).

6.1 background

As described in more detail in Section 2.3.2, neurons exhibit repeating pre-
cisely timed spike sequences. These spike patterns have been linked to be-
havioural variables and external stimuli (Fellous et al., 2004; Prut et al., 1998;
Torre, Quaglio, Denker, Brochier, Riehle and Grün, 2016). The first method
developed to find these spike patterns was a brute force algorithm searching
for all different combinations of temporal patterns (Abeles and Prut, 1996;
Prut et al., 1998). Tellingly, this method was developed during a time when
neuronal recordings included only up to ten neurons per session due to
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recording limitations of the electrodes and spike patterns found included at
most three different units (Prut et al., 1998). In recent years more sophisti-
cated methods were developed to detect spike sequences which are compu-
tationally much more efficient (Grossberger et al., 2018; Mackevicius et al.,
2018; Mishne et al., 2016; Quaglio et al., 2017; van der Meij and Voytek, 2018;
Watanabe et al., 2019).

While ever longer repeating spike sequences are being found by ever im-
proving detection methods, there is the question of whether the brain can
actually detect and make use of such large patterns. The goal was therefore
to build a spike pattern detection method that finds spike sequences in the
same or a similar way in which the brain is detecting them. It is known
that neurons can act as coincidence detectors and use that to do complicated
calculations in a very efficient way (Abeles, 1982). Masquelier et al. (2008)
show that a leaky integrate-and-fire neuron which receives input from 2000

input neurons via excitatory synapses can reliably become exclusively active
in response to specific repeated spike sequences. They show that this simple
feedforward network is robust against various amounts of noise, jittering
of the spike times and will identify spike sequences in neurons which are
indistinguishable by other characteristics e. g. their firing rates.

Firstly, I replicated their findings using the spiking neural network sim-
ulator Brian (Goodman and Brette, 2009; Stimberg et al., 2014) in Python,
whereas the original study implemented the simulations in Matlab, with
the main functions being computed in C/C++ through mex files. In addi-
tion, I examined some of the implementation details and parameters and
investigated whether they were essential to the success of the algorithm.
Subsequently I applied the artificial neural network to spike trains from ac-
tual electrophysiological recordings from mice to attempt to find large-scale
spike patterns in the recordings.

6.2 spiking neural network and learning rule

This section describes the spiking neural network and the parameters in-
volved in more detail.

6.2.0.1 Artificial and electrophysiological data

The artificial spike data created for the original study consists of 2000 neu-
rons spiking at an average firing rate of 60 Hz, although the firing rate was
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allowed to fluctuate between 10 and 90 Hz. The spike trains are then ad-
ditionally made more noisy by jittering the pattern spikes, adding random
noise spikes to all neurons, and ensuring a constant population firing rate as
well as equal overall firing rates across all input neurons. Half of the input
neurons spike according to a spike pattern of 50 ms length for about 25%
of the time, which is the pattern that the network is supposed to find and
become selective for.

The electrophysiological brain recording used in Section 6.4 is a publicly
available data set provided by the Cortex Lab at University College Lon-
don: “dualPhase” available at http://data.cortexlab.net/dualPhase3/. A384-
channel “Phase3” Neuropixels electrode array was inserted into the brain
of an awake, head-fixed mouse at the posterior position. The electrode tra-
verses the visual cortex, hippocampus and some parts of the thalamus up
until a maximum depth of about 3.8 mm. In the dualPhase data set, an
additional electrode recorded from motor cortex and thalamus at the same
maximum depth (Lopez et al., 2016). Neurons were identified via automatic
and additional manual spike-sorting using Kilosort and Phy. The recordings
last for about 90 minutes, during which three different visual paradigms are
shown to the animal: horizontal and vertical bars, drifting grating, white or
black squares were presented at random locations on a 9x34 grid. The visual
stimuli were followed by a long rest period in the dark.

6.2.0.2 Network architecture and learning rule

The artificial neural network is a simple feedforward 2-layer network. The
input neurons in layer 1 (input layer) spike at pre-determined times and are
all connected to one leaky integrate-and-fire neuron in layer 2 (output layer).
Spikes in the input layer increase the voltage of the output neuron according
to the parameters listed in Table 6.1. The output neuron therefore spikes
according to the incoming signals it receives.

The input layer consists of a large number of neurons with excitatory con-
nections to the output neuron. In the case of the artificial data, 2000 neurons
in the input layer spike according to spike trains which were injected with
specific spike sequences 25% of the time. In Section 6.4, when using the dual-
Phase data, 407 input neurons spiked according to the recorded spike trains.
The voltage of the output neuron is governed by equation 6.1 which is com-
posed of a presynaptic excitatory postsynaptic potentials (first term) and a
negative afterpotential after a spike (second term).

http://data.cortexlab.net/dualPhase3/
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du

dt
=
Xx− u

τm
+
Aa

τs
(6.1)

In the event of a presynaptic spike at neuron i, x is increased by the respec-
tive synaptic weight wi (x← x+wi), which initiates the voltage increase in
the postsynaptic neuron.

dx

dt
= −

x

τsyn
(6.2)

When the postsynaptic voltage reaches the threshold T, a spike occurs:
the voltage u is set to twice the threshold (u ← 2T ), all excitatory postsy-
naptic potential (EPSP) are flushed (all x set to 0, x ← 0) and the negative
afterpotential is set into motion (a is set to 1, a← 1).

da

dt
= −

a

τs
(6.3)

Parameters are listed in Table 6.1. Due to the smaller number of neurons in
the electrophysiological recordings and their lower firing rates, the threshold
of the output neuron was adjusted (T = 30 [a.u.] instead of T = 500 [a.u.]) so
that the output neuron was active at a high enough firing rate to ensure
learning.

The weights of the connections between the two layers are governed by a
spike timing dependent plasticity (STDP) learning rule. STDP is a learning
rule that describes the effect of relative spike timings on synaptic weight (Bi
and Poo, 1998). In this network, when an input neuron spikes before the
output neuron, the synaptic weight of this connection increases, reinforcing
possible causal relationships between spikes (Masquelier et al., 2008). Con-

Table 6.1: Parameters for neuron model and STDP synapses

Neuron model

τm [ms] τs [ms] τsyn [ms] T [a.u.] X A ∆x ∆a

artificial 10 2.5 2.5 500
τs
τm

τm
τs−τm -3T 1 1

recorded 10 2.5 2.5 30
τs
τm

τm
τs−τm -3T 1 1

STDP synapses

τ+ [ms] τ− [ms] a+ a− wmin wmax

art/rec 16.8 33.7 2−5 0.85a+ 0 1
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trastingly if an input neuron spikes just after the output neuron, the synap-
tic weight will decrease, suggesting that this connection does not contribute
much to the output of the second neuron.

There is much experimental evidence for the existence of STDP-like rules
in the brains of various animal species (Meliza and Dan, 2006; Young et al.,
2007; Zhang et al., 1998). It is important to note that there is no consensus
on the exact version of STDP – which might even vary across brain regions
– and that it is not the only mechanism of synaptic plasticity found (Lisman
and Spruston, 2005; Shouval et al., 2002; Zenke et al., 2017). Using STDP as
a learning rule however does imitate a plasticity rule present in the brain
and therefore suggests that spike patterns found via STDP could also have
been found by neurons in the brain, making this a brain-inspired approach
to neural data analysis.

weight

spikes post

spikes pre

A

ATA
B

NN
C

RNN

Figure 6.1: Effect of different learning rules on synaptic weight. Three different
versions of the STDP learning rule are compared for a case in which the presynaptic
neuron (green dots) spikes more often than the postsynaptic neuron (blue dots): (A)
the All-To-All (ATA) version, (B) the Nearest Neighbor (NN) version and (C) the
Reduced Nearest Neighbor (RNN) version. Grey lines indicate which spike pairs
are taken into account for the calculation of the synaptic weight change; the sign
denotes a corresponding increase (+) or decrease (-) in weight at that spike. The
synaptic weight in ATA (A) and (B) experience more weight changes and also a net
decrease in weight after only a few spikes. Under the RNN rule (C), there are fewer
changes and – in this example – no visible net weight change. Figure was adapted
from Hathway and Goodman (2018).

There are various versions of STDP, which differ mainly in how many
spikes they take into account for the calculation of the change in synaptic
weight (see Figure 6.1). The original study by Masquelier et al. (2008) uses
the Reduced Nearest Neighbor (RNN) learning rule – a more restrictive ver-
sion of the Nearest Neighbor (NN) STDP rule (Morrison et al., 2008); a visu-
alisation is provided in Figure 6.1 (C). In the standard NN rule – visualised
in Figure 6.1 (B) – every spike causes a weight change (with the amount de-
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pending on the timing of the last spike of the other neurons), while for RNN
a weight change only happens for the first postsynaptic spike immediately
following a presynaptic spike (or vice versa). This means that for NN, there
can be a series of potentiations or depressions, whereas for RNN potentia-
tions and depressions strictly alternate. Both rules stand in contrast to the
ATA STDP rule, which is shown in Figure 6.1 (A), where all spikes are taken
into consideration.

6.3 validation of the original study

I could reproduce the ability to find repeating patterns as well as the ro-
bustness of the model towards different types of noise (Hathway and Good-
man, 2018). The pattern finding capabilities of the network rely heavily on
some implementation parameters, namely simulation time step, learning
rule, EPSP shape.

6.3.1 Pattern finding and robustness

The success of the neural network in finding a repeating spike sequence is
measured in a stable spike time of the output neuron in relation to the start
of the pattern, called latency. As in the original publication, at first the la-
tency of the output neuron’s spikes is randomly distributed across the time
of the pattern presentation and outside of the pattern (represented as a la-
tency = 0). I successfully reproduced the stabilisation of the latency i. e. the
output spike honing in on a certain delay relative to the start of the pattern
(usually around 5-15 ms). For better comparison, I used the same spike train
as input for both the original code and in the replication implementation
using the standard parameters found in Table 6.1). The latency development
looks similar in both implementations. The time until a stable state arises
(number of discharges until no spikes happen outside of the pattern at la-
tency = 0) depends on the simulation time step and is therefore longer in the
replication (1400 discharges instead of 700 or 20 s instead of 13.5 s of sim-
ulated time at a simulation time step of 10

−4. A more detailed inspection
of the differences in performance due to the time step can be found in the
following section on Implementation details.

The reason for the development of a stable latency is that the synaptic
weights that are maximally potentiated (close to wmax = 1) belong exclu-
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sively to neurons involved in the pattern, whereas weights from neurons not
involved in the pattern are depressed nearly completely. Neurons that spike
at the beginning of the pattern are potentiated, causing the postsynaptic
neuron to spike at a low latency.
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Figure 6.2: Latency. Comparing the latency development of (A) the original study
and (B) the replication implementation. In both implementations, the timing of the
output spike in relation to the start of the pattern (vertical axis, set to latency = 0

if output spike happens outside the pattern) is random at first, but becomes selec-
tive after a few hundred discharges. From then on the postsynaptic neuron always
spikes only within the pattern (no spikes at latency = 0). The number of discharges
until this happens is smaller in the original paper than in the replication implemen-
tation. Figure was adapted from Hathway and Goodman (2018).

Our simulations showed largely the same resilience to degradations as
in the original paper: for different amounts of jitter (Fig. 6.3 (B)), various
proportions of neurons involved in the pattern (Fig. 6.3 (C)), different initial
weights (Fig. 6.3 (D)) and when a percentage of spikes within the pattern
are deleted (Fig. 6.3 (E)) However, at a high pattern repetition frequency of
0.5 (Fig. 6.3 (A)), when the pattern is presented every 100 ms for 50 ms, the
performance of the replication differs from the original: at larger time steps
of 10

−4 s the replication version does not perform as well as the original, but
shows good results at smaller time steps (10

−6 s).

6.3.2 Implementation parameters

Certain – not necessarily obvious – implementation details can affect the pat-
tern finding success of the network significantly as I discuss in the following
section. The parameter values referred to in this section can be found in
Table 6.1 and a summary of the implementation details which resulted in
successful and unsuccessful spike pattern detection are listed in Table 6.2.
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Figure 6.3: Robustness. Pattern finding abilities of the system were tested against
(A) different pattern presentation frequencies, (B) jitter, (C) number of neurons spik-
ing according to the pattern, (D) initial weights and (E) deletion of spikes in the
pattern. For each parameter combination 100 simulations were run and the number
of successful runs are reported as percentage of success. The replication implemen-
tation was run at two different time steps: 10

−4 s (solid black lines) and 10
−6 s

(dashed black lines). The results from the original study were calculated using the
source code provided (solid green lines in (A), (B), (C), (D)) or estimated from the
original publication (dashed green line in (E)). Figure was adapted from Hathway
and Goodman (2018).

The size of simulation time step affects the time until the pattern is found:
the larger the time step, the later the output neurons becomes selectively
active for the pattern presentation (10

−6 s < 10
−5 s < 10

−4 s). However at
10

−3 s – a common choice for spiking network simulations – no specificity
emerges at all. This delay in finding can be attributed to the use of time bins
in the network simulations in Brian 2. The original study calculated the effect
of spikes on a spike-to-spike basis which made it nearly impossible for two
spikes to happen simultaneously. Using binned time steps – especially larger
ones – leads to output neuron spikes and input neuron spikes happening in
the same time bin (time difference between the spikes of ∆t = 0 ), where
the STDP rule is undefined. Brian 2 treats all of the input neuron spikes
in this time bin as if they happened just before the output neuron spike
(∆t < 0, due to the scheduling of events in Brian) and will therefore increase
all those weights instead of increasing some and decreasing others. This
higher number of potentiations makes it more difficult for the system to
systematically depress unimportant weights in order to become selective to
the pattern. If the learning rule is modified so that the change in synaptic
weight reflects the fact that on average half the input neurons spike before
the output neuron and the other half afterwards (by adding the mean of LTP
and LTD traces), the pattern is found at a time close to the performance for
smaller time steps (10−6s) and the original paper.
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Similarly crucial is the choice of the RNN learning rule. The RNN rule
results in stable posystnaptic firing and reliable finding of the pattern. The
use of other learning rules does not result in this stable learning. The rea-
son other learning rules fail to result in a pattern-specific output neuron lies
in the firing rate characteristics used in the original publication (on average
60 Hz per neuron). Such a high firing rate will effect that input neurons
fire multiple spikes in the time between output neuron spikes. The RNN
learning rule will only take into account the latest spike of an input neu-
ron in the calculation of the weight change. How many spikes occurred in
the input neuron between output neuron spikes is irrelevant to this learning
rule. On the contrary, the ATA and NN learning rules consider all spikes
that happened between output neuron spikes for the weight change calcu-
lation. Refer to Figure 6.1 for a visualisation of this effect. Input neurons
will experience a decrease in weight a lot more often (every time an input
neuron spikes) than an increase in weight (every time the postsynaptic neu-
ron spikes). This leads to a strong overall depression of the synaptic weights
in the first few seconds of the simulation. With the parameters specified in
Masquelier et al. (2008) and an ATA or a conventional NN learning rule, the
output neuron stops firing after a few seconds because the output neuron
voltage does not reach the voltage threshold necessary to evoke an output
neuron spike anymore. When no output neuron spikes occur, learning can-
not take place and no specificity can emerge.

The exact shape of the excitatory postsynaptic potentials is also crucial to
the pattern finding abilities of the model. The kernels used in the original
study simulate a gradual increase of the postsynaptic neuron voltage. Other
studies sometimes also model the effect of the presynaptic spike as an im-
mediate jump in postsynaptic voltage instead of that gradual increase. The
latter, using an immediate increase in postsynaptic voltage, does not lead to
stable pattern finding. This might have to do with the fact that the kernel
shape and the immediate increase exhibit slightly different spike times as
seen in Fig. 6.4.

6.4 application to real data sets

After verifying that the artificial neural network with STDP synapses can
find the start of a repeating pattern in artificial data (albeit only under cer-
tain circumstances), I applied the same network to the spike times of elec-
trophysiological data. To account for the lower firing rates (6.4 Hz instead
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Figure 6.4: Choice of EPSP. For the same presynaptic spikes, the postsynaptic volt-
age behaves similarly in general, but the postsynaptic spike time is different for
different shapes for the EPSP. Figure was adapted from Hathway and Goodman
(2018).

Table 6.2: Success-relevant implementation details

works does not work

simulation time step continuous, discrete
time step size 6 10

−4 s > 10
−4 s

learning rule RNN ATA, NN
EPSP shape kernel immediate voltage increase

of 64 Hz) and fewer neurons (407 instead of 2000), the threshold for spiking
in the output neuron was lowered from 500 [a.u.] to 30 [a.u.]. All other pa-
rameters were kept the same as specified in Table 6.1. The simulation time
was 900 seconds and each parameter setting was repeated 20 times with ran-
domly initialised initial weights (Gaussian noise around 0.5 with standard
deviation of 0.05).

Even though the RNN learning rule proved to be the only successful one
for the artificial data, I wanted to be able to compare the three learning rules,
since the lower firing rate might work in favour of the ATA rule. Therefore,
each input was run through three networks which only differed in the learn-
ing rule used (RNN, NN, ATA). To assess whether the network actually po-
tentiates fine temporal patterns, I jittered the spike timings using Gaussian
noise with standard deviations of 0 ms, 10 ms and 1000 ms. Additionally, I
ran another simulation with the same number of neurons with the same fir-
ing rates, in which the spike times were drawn from a Poisson process. This
simulation was used as a control since random spiking should not reliably
lead to the reliable potentiation of weights from those neurons.
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Figure 6.5: Potentiation of synaptic weights by the STDP spiking neural network
in electrophysiological data. In each subplot, each dot represents one neuron in
the electrophysiological recording. The plots show the percentage of runs (out of
20) the weight of that neuron was higher than 0.8 (on a scale from 0 to 1) at the end
of the simulation. Three different learning rules are compared (RNN, NN, ATA;
rows) for four different noise settings (no noise, jittered with Gaussian noise with
standard deviation of 10 ms, jittered with Gaussian noise with standard deviation
= 1000 ms, Poisson spikes; columns). The colourbar indicates the neuron ID for a
better differentiation of the different neurons.

Regarding the learning rules, it is evident from Figure 6.5 that only the
RNN and the ATA rule manage to potentiate weights for some neurons reli-
ably, and the RNN more than the ATA rule. Interestingly, these neurons with
potentiated weights seem to have low firing rates, thereby relying on precise
timings of their spikes. This is further corroborated by those neurons not
being potentiated in the runs where spike times were even slightly jittered
(10 ms). In the runs with a lot of jitter (1000 ms) and the Poisson spike runs,
higher firing rates become potentiated more often but not reliably (only for
around 5-25% of runs). There seems to be some, but no clear overlap be-
tween the neurons potentiated under the two learning rules when no jitter
iss present.
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6.5 discussion

Masquelier et al. (2008) observed that a single neuron equipped with STDP
could reliably detect large multi-neuron repeating spike patterns in contin-
uous noisy spiking activity. This was the case even though no explicit ref-
erence to the start of the pattern was given, which was long thought to be
essential to the detection of patterns in neural data. Their algorithm showed
resilience against additional, unrelated noise and even small variations in
spike timing within the pattern.

I could replicate these findings including the resilience against noise in the
input. However, I discovered that the network’s pattern finding abilities rely
on seemingly secondary parameters such as EPSP shape, time step size, and
exact learning rule. When applied to the publicly available electrophysiolog-
ical data sets, I could not identify the large-scale spike patterns I was hoping
for, instead only a handful of neurons reliably exhibited a high synaptic
weight at the end of a simulation (in more than 75% of runs). Even the much
longer simulation time of the neural activity (> 15 min) compared to the
artificial data did not result in more potentiated neurons. Weight changes
during the simulations do not happen very often because there is a trade-
off between lowering the threshold of the output neuron to preserve a high
output neuron firing rate (and thereby enable more learning) and the net-
work potentiating random neurons (false positives). With lower thresholds
of 20 [a.u.] or 25 [a.u.], neurons with high firing rates are especially prone to
reliably appear as false positives in the high jitter and Poisson runs.

6.6 conclusion

This chapter proposed a biologically-plausible spiking neural network which
finds repeating spike sequences in large-scale spike trains. The neural net-
work was implemented in easy-to-use Python code and the pattern finding
abilities of the network were validated on artificial data sets. It was demon-
strated that the neural network is robust towards a number of interventions.
The neural network was applied to electrophysiological recordings from
mouse brains and was shown to reliably potentiate a number of neurons, in-
dicating that these neurons were part of repeating spike sequences. The code
to use the neural network and to create the artificial data is freely available
for download and use: https://github.com/ReScience-Archives/Hathway-
Goodman-2018.
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The advantage of this spiking neural network is that the computational
cost does not scale exponentially with the number of neurons, but can be
computed more efficiently. Therefore this neural network is suitable for
much larger neuronal recordings e. g. calcium imaging datasets with 10 000s
of neurons. In addition, since the learning rule used for the pattern detection
is a learning rule exhibited by actual neurons in the brain, it is given that any
patterns found by the network can also be found by biological neurons. This
can give us an insight into how the brain identifies and becomes specific to
large spike sequences present in neuronal activity.

Future works could investigate how the network can be made more at-
tuned to the type of patterns typically found in the brain, namely a smaller
number of spikes involved in the spike sequences and a lower number of
repetitions. In addition, it would be interesting to investigate whether het-
erogenous initialisations of parameters such as the neuronal and synaptic
time constants could assist in pattern detection.
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7
C O N C L U S I O N

This chapter summarises the contributions presented in this thesis, discusses
some limitations and outlines possible research directions for future work.

7.1 overview and contributions of the thesis

Analysing neuronal recordings is becoming more and more challenging as
data set size grows due to technological advancements in neuronal recording
equipment. This thesis has explored two approaches to the challenge of de-
tecting neuronal assemblies – groups of neurons which show co-modulations
of some aspects of their activity. Both approaches make use of biologically-
inspired machine learning methods for the analysis of large-scale electro-
physiological data sets.

One approach was the use of a spiking neural network with spike timing
dependent plasticity (STDP) synapses for the detection of repeated spike
sequences in large electrophysiological data sets. Chapter 6 outlined the im-
plementation of the previously published network (Masquelier et al., 2008)
in Python. It additionally described the robustness of the network against
parameter variations and noise in the data. The choice of specific varia-
tion of the STDP learning rule proved to be crucial to the success of the
network in identifying large repeating spike sequences. Additionally, the
chapter showed the results of applying the spiking neural network to large
neuronal recordings. Unfortunately, the network in the implementation pre-
sented here did not convincingly identify large repeating spike sequences in
the neuronal data. Further adjustments need to be made for the network to
perform as well on real life data sets as it does on artificial data.

The second approach was the application of text mining algorithms to
neuronal recordings. Chapter 3 presented neural topic modelling, a new
data analysis method to find neuronal assemblies in large electrophysiolog-
ical data sets. Currently, there exist two types of neuronal assembly detec-
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tion algorithms: those which look for a set of neurons participating in re-
peated spike sequences and those which look for groups of neurons with
co-modulated firing rates. This limits the search for neuronal assemblies to
one of two binary options – a stark contrast to the acknowledgement by
researchers that neurons can contribute to assemblies through a variety of
different activity patterns. Neural topic modelling allows the combined anal-
ysis of timed spikes, firing rate modulations and even other data types such
as local field potentials (LFPs). This approach therefore challenges the cur-
rent binary choice of how to search for neuronal assemblies, each of which
exclude all but one aspect of neuronal data. By allowing multiple activity
patterns to be extracted from each unit, neural topic modelling accounts for
multiplexed coding in neurons (using different strategies to encode differ-
ent stimuli), something that is not taken into account by any other assembly
detection method.

Neural topic modelling was tested and validated on artificial data sets. The
results in Chapter 4 show that neural topic modelling often surpasses the
performance of the previously developed algorithms on artificial data sets
with known assembly structures. The artificial data was created in line with
those being used in a previous publication comparing different assembly
detection algorithms.

Applying neural topic modelling to large electrophysiological recordings
revealed interesting neuronal assemblies as shown in Chapter 5. Some of
the assemblies resemble the ones previously characterised by other methods
(e. g. firing rate co-modulations in response to visual stimuli or movement of
the animal, synchronous spiking in visual areas and hippocampus). In addi-
tion to confirming previously found assembly structures, neural topic mod-
elling can extend the current knowledge by also generating assemblies in
which different activity patterns interact with each other (e. g. timed spikes
and the power in low frequencies of the LFP signal). The analysis of such
interactions are unique to neural topic modelling. Furthermore, the found
assembly structures can reveal interesting dynamics in cooperation between
brain regions across different experiments.

7.2 limitations of applying machine learning to neural data

The scalability and the success in other fields has made machine learning
seem like something magical, a tool that can be applied to one’s data and
will just come up with the correct solution. In reality, this is not the case and
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data preprocessing and avoiding overfitting are massive challenges. Addi-
tionally, researchers in other fields which rely heavily on machine learning
may have different sets of goals to neuroscientists. As an example, computer
vision researchers are often not massively interested in how the neural net-
work arrived at the decision that a particular image showed a human, they
only care that it did.1 In neuroscience, the way in which an algorithm ar-
rived at a particular decision is maybe as interesting or even more so than
the knowledge that it has. The choice of method can potentially generate
insights into what kind of information the brain might encode and how it
achieves this.

This thesis has attempted to select methods from machine learning which
can be interpreted in biological contexts. These approaches work well in
some contexts (neural topic modelling) and not overwhelmingly so in others
(spiking neural network with STDP). It is very likely that powerful machine
learning algorithms such as Deep Learning would achieve higher accuracy
at decoding neural data, but the biological interpretation of any feature used
in that kind of model is nearly impossible. Maintaining a link to the under-
lying biological processes might not always be the easiest path, but it is a
worthwhile effort. Carefully selecting models for their transparency and bi-
ological interpretability can generate interesting hypotheses about how the
brain processes information and provides an opportunity to uncover previ-
ously unknown brain communication mechanisms.

7.3 future directions

As neural topic modelling generates new insights into how neural activity
patterns interact with each other in the brain, it also generates hundreds
of new questions. Do interactions between assemblies change on separate
recording sessions or when different tasks are given to the animal? Are the
patterns of interactions between activity patterns consistent across different
animals? Will we see other patterns of interactions when recording from

1 And this bias towards solutions at the expense of understanding what is going on is creating
its own set of problems. There is a vast amount of evidence that algorithms for face recogni-
tion perform poorly for women of colour, recruiting software discriminates against women
for tech jobs, and automatic image cropping algorithms remove people of colour from Twit-
ter image previews. Unfortunately the response of some tech companies have been lacklustre
– instead of fixing their algorithm, Google banned any image from ever being labelled with
the words “gorilla” and “monkey” to prevent its racist image labelling algorithm to continue
to add these tags to images of black people. Scientists should do their best to avoid or at least
investigate biases in their algorithms.
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different brain regions or even when using different recording techniques
such as different electrode layouts or calcium imaging data? What is the
effect of behaviour on the interactions?

Then there are additional questions about whether neural topic modelling
can capture changes in assembly dynamics due to learning or experience.
One of the postulations of Hebb for assemblies was that the activity of a sub-
set of neurons in an assembly may activate the whole assembly (Deolindo
et al., 2018). With the help of optogenetics, we might confirm this type of
behaviour and might also be able to double check the weights of each neu-
ron in the assemblies (Buzsáki, 2004). Another postulation was that contin-
ued activity of an assembly should increase the connection strength between
neurons in the assembly. This might be a very interesting experiment – to
see whether weights of neurons in an assembly may be increased through
assembly-based activity. If this is the case, this would support the idea of
looking at the weights of each unit in an assembly to better understand as-
sembly dynamics.

In the best case scenario, I envision neural topic modelling as a science
accelerator – it can make it easier to find interesting relationships in old and
new data sets and can make finding complex relationships between spike
patterns faster and easier.

Spatiotemporal spike patterns and firing rate modulations have indepen-
dently been shown to convey some information about an animal’s behaviour
and external environment (Allen et al., 2019; Torre, Quaglio, Denker, Brochier,
Riehle and Grün, 2016). Understanding the relationships between those as-
pects of neuronal activity and also other features of neuronal activity will
improve our understanding of how the brain encodes information. Such in-
sights might even be used to improve the specificity of neural prostheses
(Smith et al., 2018)

7.4 concluding remarks

At the end of the PhD thesis day, we do not know how useful neuronal
assemblies are in the grand puzzle of how the brain works. Every year re-
searchers discover new exciting ways in which the brain is more complicated
and more sophisticated than we thought – and even single neurons become
more and more powerful the longer we look at them, since even individual
axons seem to be capable of highly intricate computations (Bicknell, 2019).
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Neuronal assemblies might be a major building block or they might just
be the currently visible part of the floating iceberg and in a few years we
will wonder how we did not see the next part underneath the surface. What
is certain though is that finding neural assemblies is one step towards dis-
covering ever more complex interactions between neurons. They might just
provide a clearer picture of how these millions of neurons give rise to fas-
cinating abilities (such as these that let me summarise the work of the last
four years in this thesis). I can only hope to have contributed a small bit to
the overall knowledge leading to a greater understanding of our own brains.
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A
A U T H O R ’ S P U B L I C AT I O N S

This appendix contains a list of the peer-reviewed publications made during
the course of this PhD. The reference for each publication is provided as
well as a short summary and in which chapters the content of the papers are
discussed.

Hathway, P. and Goodman, D.F.M. 2018, [Re] Spike timing dependent plas-
ticity finds the start of repeating patterns in continuous spike trains, in ‘Re-
Science’ 4, 1, #6. doi: 10.5281/zenodo.1327348.

• This article contains the successful reproduction of an algorithm for
the detection of repeated spike sequences in neural data. In addition
to the open-source implementation in Python, the influence of various
parameters on the success of the detection algorithm are discussed.

• Chapter 6 is based on this article.
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