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Abstract

The basal ganglia are part of the neural circuit involved in inhibitory control.
Gradual, consistent changes in firing rate (ramps) have been found in the basal
ganglia during ’hold’ periods of different behavioural tasks involving inhibitory
control. However, the properties of these ramps, such as startpoints, endpoints,
amplitude, length and single-trial properties, have not yet been characterised in
detail. In order to obtain these properties accurately, we tested and adapted var-
ious methods from the wind-ramp and changepoint literature. Specifically, we
used pruned exact linear time (PELT) to detect changepoints for ramp detection.
Compared to other algorithms, the PELT method was found to have the best per-
formance. Utilising PELT, we then analysed a large data set of electrophysiological
recordings in rats performing behavioural tasks to determine the properties of fir-
ing rate ramps during hold periods. First, we established that these ramps exist
during the hold period in a stop-signal task. Second, we demonstrate that these
ramp properties vary widely across the basal ganglia. Third, at the single-trial
level, we show that neurons with detected ramps could have different underlying
spiking patterns, for example, stepping or ramping. Finally, we investigated the
entrainment of neurons in the basal ganglia and found that different waveforms
can influence entrainment properties at gamma frequencies.
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Chapter 1

Introduction

1.1 Aim and motivations

Firing rate ramps have been identified across regions of the Basal Ganglia. These
have mostly been qualitatively assessed and categorised; however little progress
has been made on quantitatively characterising ramp features. In this thesis, we,
therefore, demonstrate how to better characterise ramps, comparing several algo-
rithms. Using this characterisation, we then compare ramps across regions of the
basal ganglia, which have not previously been extensively compared. Another
debated issue is whether these ramps are reflected in single trials or are made up
of many steps in single trials. Thus we investigate whether average firing ramp
rates are reflected in single trial data. Finally, we explored spike-phase entrain-
ment in gamma oscillations and GP neurons and looked at artifacts in spike-phase
entrainment.

An overview of the contributions of each chapter are listed below:

1.2 Outline

Chapter 2: Background: Basal ganglia, ramps in neuroscience, ramp detection
and spike-phase entrainment
In this chapter, we give an overview of background information relevant to the
thesis. First, we discuss the concept of inhibitory control and how this is mea-
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CHAPTER 1. INTRODUCTION 2

sured through different behavioural tasks, such as the stop-signal task. We then
introduce firing rate ramps typically studied during the hold period of these tasks.
Next, we highlight methods of ramp detection in other fields, such as wind power,
which are typically more accurately characterised than currently done in neuro-
science. We then discuss artifacts in spike phase entrainment in neuroscience.

Chapter 3: Quantification of firing rate ramps
In Chapter 3, we investigate different algorithms that can be used to detect firing
rate ramps with more accuracy than previously done in neuroscience. First, the
algorithms introduced in the introduction are tested and compared on simulated
firing rate ramps. We then quantified and compared the sensitivity of hyperpa-
rameters in various algorithms and developed the PELT algorithm to be suitable
for detecting ramps.

Contributions:

• Developed a ramp detection method based on the PELT algorithm.

• Quantified the sensitivity of hyperparameters in l1tf and PELT.

• PELT algorithm outperforms other methods in precision of ramp detection
in our simulations.

Chapter 4: Properties of ramping activity in the basal ganglia
In this chapter, we apply the ramping characterisation method to datasets taken
from a stop-signal task with recordings in the basal ganglia. We then investigated
the single trial behaviour of trial-averaged ramping neurons.

Contributions:

• Established the existence of ramps in the basal ganglia during the hold pe-
riod.

• Found heterogenous ramp properties across various regions in the basal
ganglia.

• Developed method to identify ramping vs stepping in single trial data.

• Found that neurons exhibiting ramping behaviour in their average firing rate
consisted of both ramping and stepping patterns at the single-trial level.
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Publications in preparation:

• Chua, A. D. X. & Schmidt, R. (2022). Heterogeneous properties of ramping
activity in the basal ganglia. In preparation

Chapter 5: Artifacts in spike-phase entrainment
In chapter 5, we examine spike-phase entrainment in arkypallidal and prototypical
neurons. We then looked at the waveform differences between putative arkypal-
lidal and prototypical neurons. Finally, we quantified how these waveforms can
influence spike-phase entrainment.

Contributions:

• Found waveform differences in putative arkypallidal and prototypical neu-
rons.

• Demonstrate how different waveforms can affect spike-phase entrainment.

Chapter 6: General discussion
Here we discuss the thesis contents in its broader context. We begin by summaris-
ing the contents of each chapter and then describe how the work could affect
broader research in neuroscience.



Chapter 2

Background: Basal ganglia, ramps
in neuroscience, ramp detection
and spike-phase entrainment

2.1 Basal ganglia and inhibitory control

In this chapter, we introduce the context of the thesis. We first discuss the relevant
definitions of inhibitory control and tasks used to study it, such as the stop-signal
task. The datasets used for each of the thesis chapters also utilise this task. We
then discuss regions of the brain implicated in inhibitory control, particularly the
architecture, function and models of the basal ganglia. The thesis has two main
focuses, first, relating to quantification and analysis of ramping in neural signals
and second, understanding artifacts in spike phrase entrainment. We, therefore,
introduce previous experimental studies identifying ramping of neural activity in
the basal ganglia during inhibitory control tasks, followed by a review of algo-
rithms that have been developed more generally in signal processing domains to
identify ramps in temporal signals. Finally, we discuss spike phrase entrainment
of neural signals relevant to the final results chapter 5.

4



CHAPTER 2. BACKGROUND 5

2.1.1 Inhibitory control and the stop-signal task

Inhibitory control is a core executive function that allows the inhibition of unde-
sirable or even dangerous actions and thoughts. Inhibitory control is important in
executing daily tasks because it helps us to respond accordingly to stimuli (Bari
and Robbins, 2013; Diamond, 2013; Logan, 1994). For example, when you see the
green man light up while waiting at a crossing, your natural reaction would be
to walk across the road. However, if you notice a car from a distance not slowing
down, you would have to quickly stop yourself or move back to the pavement to
avoid getting hit.

Different forms of inhibitory control exist, such as reactive and proactive inhibition
of behavioural responses (Schmidt et al., 2013; Gu and Berke, 2022). Reactive inhi-
bition is where you need to inhibit and cancel an upcoming action based on new
external stimuli, for example, seeing the car in the previous example. Proactive
inhibition is akin to a preparatory phase, where you are more prepared to stop if
needed; there is proactive suppression of the response. Two subtypes of proactive
inhibition are action restraint (withholding an action) and postponing (waiting to
initiate the action) (see Bari and Robbins (2013) for a review of impulsivity types).

A lack of response inhibition, also known as impulsivity, can be defined as the
difficulty of inhibiting one’s own thoughts and behavioural actions. Impulsivity
has been linked to various disorders (Robbins et al., 2012; Chambers et al., 2009),
such as addiction (Crews and Boettiger, 2009; Stevens et al., 2014), attention deficit
hyperactivity disorder (ADHD) (Nigg, 2001; Winstanley et al., 2006), mania and
schizophrenia (Gut-Fayand et al., 2001).

In order to understand the possible neural mechanisms behind inhibitory con-
trol, many types of behavioural tasks have been developed. Response inhibition
is commonly studied with the stop-signal task (SST) (Schmidt et al., 2013; Mallet
et al., 2016; Mirzaei et al., 2017; Eagle et al., 2011; Lipszyc and Schachar, 2010)
(see also the review of the SST by Verbruggen and Logan (2009)). These kinds of
behavioural tasks often include hold periods, during which the animal or partici-
pant must exert action restraint and wait (e.g. for a Go cue) to prevent premature
responses.

The stop-signal task has been utilised in many studies to investigate action inhi-
bition (Logan (1994); Verbruggen and Logan (2009), see fig. 2.1). When the task
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begins, the animal or participant is expected to prepare for a Go stimulus. The
time between the cue for the task start and the Go stimulus is called the ’hold’
period. Once the Go stimulus is presented, an immediate response is expected,
usually a specific movement to be carried out. This Go signal could be in the
form of a green light, for example. On a subset of these trials, the ’Go’ stimulus
would be followed by a stop-signal, where the subject is signalled to halt action
initiation. The number of stop trials is kept to a small fraction of the total trials,
and the occurrence of Go and stop trials is randomised to ensure the subject does
not expect them. Some experiments adjust the time between the Go cue and the
stop-signal such that subjects have equal numbers of failures and successes in the
task, while others use a fixed delay (Verbruggen and Logan, 2009).

When rats are the task subjects, they typically start with their Nose in a ’home’
nose-poke port. Presentation of the Go stimulus indicates that they must leave
the home centre port and move to another port. Correct responses to the stimulus
results in a reward. In stop trials, the stop-signal (a tone or light, for example) is
presented shortly after the Go stimulus according to some delay. The time between
the Go stimulus and the stop cue is called the stop-signal delay (SSD). A correct
cancelling of the action initiation (remaining in the home port for a short period)
results in a reward. There are also several variations of this task; for example,
the Go cue might indicate to move to one of the multiple ports depending on the
pitch of an auditory tone (Leventhal et al., 2012).

In the stop-signal task, information on two important processes in inhibitory con-
trol can be gathered. First, information about the subject’s reaction to the Go
stimulus can be accessed via both the Go cue reaction time (time from the Go cue
to action, such as moving out of the nose port) and the accuracy of response to the
cue. Second, the stop-signal reaction time (SSRT) can be used to evaluate action
suppression; it is based on the period between the stop-signal and the time the
action is cancelled. It tells us how quickly the subject can cancel the action which
may have been initiated following the Go cue.

The stop-signal task has been used to study inhibition in many domains, including
cognitive and developmental psychology and in clinical disorders (see Verbruggen
and Logan (2009) for a review). The SSRT in the stop-signal task has been used to
investigate inhibitory control in various disorders, including obsessive-compulsive
disorder (Mar et al., 2022; Lipszyc and Schachar, 2010), and ADHD (Lipszyc and
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Figure 2.1: Stop-signal task A. Experimental setup of rat in SST. At the start of the task,
the rat places his nose into the centre nose-poke port. The rat remains in the centre port
until the Go cue. B. Schematic of trial progression for both Go trials (top) and Stop trials
(bottom). Left labels refer to rat position in the setup and activation of the audio tone. Top
labels are signals for the start of the trial (light on), the Go and stop cues and the position
of the rat’s nose. RT refers to the reaction time between the Go cue and movement; MT is
the movement time between the centre port and the side ports; SSD is the stop-signal delay
between the Go cue and stop-signal. Thicker lines denote where cues are active and which
port the rat is currently inside. In the ’Go’ trials, the rat’s nose is in the centre port (black
line) until the occurrence of the Go cue (audio cue). The rats then initiate a movement to
the side port and can then collect a reward from the food port for a successful action. In
stop trials, a Stop cue is given shortly after the Go cue according to the SSD. Where the
correct response is completed (cancel the action and do not move), the animal should say
in the centre port (red line) until rewarded. In failed stop trials (the action is initiated, and
the rat removes their nose from the centre port), no reward is given. Image adapted from
Schmidt et al. (2013).
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Schachar, 2010). For example, ADHD-diagnosed participants were found to have
slower SSRTs while completing the SSRT task (Lijffijt et al., 2005). Understanding
the neural mechanisms behind inhibitory processes has implications for under-
standing behaviour and treating disorders related to deficits in inhibitory pro-
cesses.

The neural mechanisms involved in inhibitory control have been studied using
the stop-signal task. These have shaped our understanding, highlighting the basal
ganglia as a key region. For example, Mallet et al. (2016) found that a subpopula-
tion of cells (arkypallidal) are responsible for the stop-signal within the Striatum.
Computational models have also been developed in relation to basal ganglia pro-
cesses during the stop-signal task (Schmidt et al., 2013). Inhibitory control and
computational models concerning the basal ganglia are discussed further in the
following sections.

2.1.2 Architecture and function of the basal ganglia

The basal ganglia are a set of subcortical nuclei which have widely been impli-
cated in inhibitory control. Inputs to the basal ganglia originate mostly from cor-
tical regions; however, some also come from the thalamus (Lanciego et al., 2012).
Voluntary motor movement signals, for example, originate in the premotor and
motor areas. The basal ganglia regulate these behaviours, ensuring the selection
of appropriate movements.

One characterisation of how this is achieved is the ’rate model’ of the basal gan-
glia, which was based on anatomical nuclei, their connections and neurochemistry
(Alexander and Crutcher, 1990; Nelson and Kreitzer, 2014). It should be noted that
other viewpoints and models of the basal ganglia exist. The rate model suggests
that ensuring appropriate action selection is primarily achieved through the basal
ganglia tonic inhibition on the thalamus. When an action is to be initiated, the
basal ganglia’s output nuclei releases its inhibition. This output region is known
as the globus pallidus internal (GPi) in humans, and the substantia nigra pars
reticulata (SNr) in rats.

The rate model highlights two pathways in the striatum of the basal ganglia
(Alexander and Crutcher, 1990), the ’direct’, which is associated with movement
initiation and the ’indirect’, associated with movement inhibition. The pathways
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are shown in relation to the basal ganglia network architecture in fig. 2.2. Each
of these pathways involves one of two subpopulations of medium spiny neurons
(MSN) in the striatum, which can be segregated based on their distinct functional
properties (Gerfen and Surmeier, 2011). The ’direct’ pathway involves GABAer-
gic inhibition of the SNr/GPi through MSNs with D1 dopamine receptors (see
fig. 2.2, green lines). The ’indirect’ pathway has MSNs with D2 type dopamine
receptors, providing GABAergic inhibition on the GPe, which in turn inhibits the
output structure (GPi/SNr) and also the STN (fig. 2.2, blue lines).

The model was supported by early computational modelling of the basal ganglia
network in action selection (Gurney et al., 2001a,b). Furthermore, experimental
evidence also supports the two pathways. For example, optogenetic D1 activa-
tion increases motor movement output, whereas activating D2 MSNs leads to a
decrease (Kravitz et al., 2010). Although the rate model explained many aspects
of basal ganglia network activity and the resulting behaviours, the model is un-
able to explain all experimental findings, particularly more recent works that have
questioned some of the model assumptions.

First, it has been found that at movement onset, some pallidal cells of the output
GPi and thalamic cells have similar firing patterns, questioning the effect of GPi
inhibition (Goldberg et al., 2013; Schwab et al., 2020). Second, GPi lesions have
been found not to affect thalamic output (Goldberg and Fee, 2012; Inase et al.,
1996; Goldberg et al., 2013), a finding at odds with the GPi as a major input re-
gion affecting thalamic firing. Furthermore, two opposing disorders, one with
hypokinetic (PD) and the other with hyperkinetic behaviour (dystonia), can both
be treated by lesioning and simulation of the GPi (Nelson and Kreitzer, 2014; Mag-
nusson and Leventhal, 2021). In contrast, different approaches would be expected
to be needed, targeting the GPi to produce opposite effects- either suppress un-
wanted actions or enable action initiation. Finally, the distinction of two pathways
in the rate model does not explain why both D1 and D2 MSNs can be coactive
(Calabresi et al., 2014). Magnusson and Leventhal (2021) reviewed the evidence
consistent and conflicting this ’rate model’ and suggested that many of these para-
doxes can be explained by thalamocortical loops being the fundamental drivers of
motor output.

A third additional ’hyperdirect’ pathway between the STN and GPi (fig. 2.2, red
lines) has also been considered, which is faster than both the ’direct’ and ’indi-
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rect’ pathways of the rate model, in that response time to stop-signals tends to
be quicker. As a result, it has been hypothesised that it is responsible for the
fast stopping of behaviours (Nambu et al., 2002). Excitation of the STN leads to
increased excitation of the GPi, increasing inhibition and stopping action selec-
tion. Further evidence of the STN’s role in inhibitory control is from treatments
of Parkinson’s Disease. Deep brain stimulation (DBS) of the STN was found to
alleviate symptoms (Lachenmayer et al., 2021). Although the exact mechanisms
of how DBS works are still unclear and debated (Alhourani et al., 2015), this may
suggest that increasing STN activity may inhibit unwanted movements. Neverthe-
less, recent studies utilising optogenetic methods further support the role of the
STN in action selection; for example, a brief excitation of STN cells in mice was
found to pause or delay licking behaviours (Fife et al., 2017).

Figure 2.2: Classical View of the ’direct’ (green), ’indirect’ (blue) and ’hyperdirect’ (red)
basal ganglia pathways. Dotted lines with empty arrowheads represent inhibitory con-
nections. Solid lines with filled arrowheads represent excitatory connections. Image taken
from Chua (2017).

2.1.3 Prototypical and arkypallidal neurons in the GP

The external globus pallidus (GPe) has been implicated in inhibitory control dur-
ing action selection for several reasons. First, the GPe has widespread inhibitory
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connections to most basal ganglia nuclei, including the STN, GPi and the Str (Lan-
ciego et al., 2012; Mallet et al., 2016). Second, GPe dysfunction and pathological
activity has been found in several motor disorders, including PD, Huntington’s
Disease (HD) and dystonia (Nambu et al., 2011). In PD, exaggerated oscillatory
activity has been found in the GPe-STN network (Mallet et al., 2008; Brown et al.,
2001; Chan et al., 2011). Successful treatments to alleviate symptoms of HD have
involved electrical stimulation of GPe neurons, further suggesting a role in the dis-
ease (Gonzalez et al., 2014; Beste and Saft, 2015; Nagel et al., 2015), either directly
or through network interactions.

Mallet et al. (2012) suggested that the GPe consists of two distinct populations
of neurons, namely the arkypallidal (arky) and prototypical (proto) cells. These
subpopulations have different electrophysiological properties and axonal connec-
tivity. Therefore, their inclusion in models may lead to different basal ganglia
dynamics than predicted by earlier models formulated before arky and protos
were identified. Studying these subpopulations may also help us better under-
stand inhibitory control in the basal ganglia (Schmidt and Berke, 2017).

Protos constitute the majority of cells, at around 60-70% of those identified (Dod-
son et al., 2015; Mallet et al., 2012; Dong et al., 2021). They are distinctive in that
they have both high and consistent firing rates (Abdi et al., 2015; Dodson et al.,
2015). Further subtypes can be identified within the GP populations based on
molecular expression (Dong et al., 2021). Protos that express the calcium-binding
protein parvalbumin (PV) constitute about 55% of the neurons in the GP, although
some protos do not express PV. Prototypical neurons receive inputs from the stria-
tum, STN, cortex and thalamus (Milardi et al., 2015; Yasukawa et al., 2004). Al-
though they primarily receive GABAergic inputs from the striatal D2 MSNs and
glutaminergic inputs from the STN. Protos main output is directed towards the
STN and SNr, but they also innervate the striatum and local neurons (Nambu and
Llinas, 1997; Kita and Kita, 1994; Mallet et al., 2012; Hegeman et al., 2016).

Arkys consists of about 25% of all GP neurons, and unlike protos, they tend to
have irregular and lower firing rates (Abdi et al., 2015; Dodson et al., 2015). Instead
of PV, arkys express preproenkaphalin and the transcription factors Foxp2 and
npas1+ (Mallet et al., 2012). Striatal D2 MSNs also innervate arkys. This input
seems to be significantly weaker to arkys than to the protos (Dodson et al., 2015;
Glajch et al., 2016; Chuhma et al., 2011). The main output of arkys is directed



CHAPTER 2. BACKGROUND 12

towards the Str, but they also have local collaterals to other nuclei within the GP
(Nambu and Llinas, 1997; Kita and Kita, 1994; Mallet et al., 2012; Hegeman et al.,
2016). These arky cells fire in phase with STN neurons and fire anti-phase with
GPe proto neurons (Mallet et al., 2012). Protos tend to receive stronger inputs
from the STN than the arkys (Aristieta and Gittis, 2021).

In vivo optogenetic activation of striatal D2 MSN was found to lead to time-locked
inhibition of prototypical GPe, and increase of arky neurons activity (Aristieta and
Gittis, 2021). Protos receive more striatal D2 MSN input compared to arky. When
the STN excitatory inputs to the GP were optogenetically inhibited, proto activity
was decreased, time-locked with the STN inhibition, while arky activity increased.
When these STN inputs were instead optogenetically excited, the activity of pro-
tos increased, time-locked with the STN excitation. Meanwhile, arky activity was
found to decrease. When both the D2 striatal MSNs and STN neurons were simul-
taneously stimulated, arkys responded stronger than when either was activated
alone, suggesting a more complicated interaction between them. In general, protos
were found to inhibit arkys and protos while arkys outputs to prototypic neurons
are much smaller in size.

In the stop-signal task, the arky cells of the GP have been found to be more selec-
tive to stop signals rather than Go signals. They likely have a greater role than the
proto sub-population, with responses around 50ms, compared to much slower and
later peak proto response (Mallet et al., 2016). Arkys may suppress the activity of
the striatum during the stop-signal, as evidenced by their quicker response tim-
ing and connectivity. Optogenetic studies where activation of npas1-expressing
neurons in the GPe also support the arky neuron’s role in action suppression, as
activation of these has been shown to suppress motor output (Glajch et al., 2016).

2.1.4 Models of inhibitory control in the basal ganglia

Numerous models have been proposed to explain how the basal ganglia network
is involved in inhibitory control.

Schmidt et al. (2013) developed a race model of inhibitory control in the basal
ganglia based on earlier experimental work. This data was from the stop-signal
task in rats, whilst single unit electrophysiology was recorded from the basal gan-
glia (see earlier fig. 2.1A,B for SST setup). The SNr only responded to correct stop
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trials, while the STN responded to both correct stop and failed stop trials. This
implies that the STN might only successfully transmit a signal to the SNr on cor-
rect stop trials. On failed stop trials, however, it is suggested that the go signal
from the striatal neurons arrives at the SNr faster, thus initiating action. However,
when the STN stop-signal arrives at the SNr faster than the striatal go signal, the
animal is able to stop successfully, and there is no subsequent action initiation
(see fig. 2.3). This suggests that there is a ’race’ in which the direct pathway gen-
erates the go signal and the indirect pathway generates the stop-signal. When
comparing reaction time lengths between rats, those with longer reaction times
were generally more successful in responding to the stop cue signal and stopping
the action compared to rats with shorter reaction times. However, it is unlikely
that the transient activity between STN-SNr completely inhibits the SNr, as this
signal lasts only around 15ms. Therefore, successful responding to the stop-signal
likely requires striatal activity to be reduced in addition.

While many models of inhibitory control in the basal ganglia have been developed,
few computational models have included both arkys and protos in their model.
For example, earlier models such as Nevado-Holgado et al. (2014) and Bogacz
(2015) did not include the arky-striatal pathway. The distinction of arky-proto
cells in the model of Wei and Wang (2016) found that the GPe-striatum connection
is crucial for inhibitory control.

The neurophysiology of the basal ganglia, particularly the processes and connec-
tions of the GP, and their relationship to stopping behaviours have been encapsu-
lated by the ’pause-then-Cancel’ model (Schmidt and Berke, 2017). The model is
based on experimental evidence from Schmidt et al. (2013) discussed above and
Mallet et al. (2016). In Mallet et al. (2016), enhanced activity of arky cells was
found when stop cues were presented. On correct stop trials, the timing of this
cue was around the time when it could be the driver of Str suppression.

The ’pause-then-Cancel’ model highlights that action suppression is served via
two different mechanisms. First, the STN enables quick suppression of the basal
ganglia output by sending diffuse excitation directly to the GPi. After a short
delay, the second mechanism involves arky cells inhibiting striatal MSNs, leading
to a reduction in action initiation and a resulting stopping effect on the basal
ganglia output.
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Figure 2.3: Race model of Schmidt et al. (2013). Race model schematic relating to basal
ganglia regions. The SNr receives input from both the striatum (STR) and STN. SNr
tonically inhibits the motor outputs. When this inhibition is released, actions can be
initiated. Inhibition of the SNr by the STN forms the ’Go’ signal, whereas excitation from
the STN gives the ’Stop’ signal. Image adapted from Schmidt et al. (2013).

Although the model was formulated from experimental results on rats, recently,
the model has been investigated with human participants and suggests that the
two stages (pause and cancel) can map onto human experimental findings (Dies-
burg and Wessel, 2021).

Recent experimental data have identified connections from arky and GPe neurons,
which project to cortex (cortico-pallido-cortical loop); these pathways and con-
nections were added to a previously developed spiking model of different basal
ganglia nuclei (Goenner et al., 2021), with neuron responses fit to the experimen-
tal data. The model was able to reproduce the neuronal and behavioural activity
of a simulated stop-signal task. They suggested several processes may comple-
ment each other to stop a behaviour, including the identified cortical input to arky
neurons and the GPe to cortex projections. This process may work alongside the
shorter inhibition of GPe-arky on striatal activity.
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2.2 Ramping firing rate activity

As discussed earlier, the stop-signal reaction time task has a ’hold’ period, where
the subject must wait after the trial onset until the Go cue is presented. It has
been suggested that actions may be inhibited during this period by ramping firing
rates (London et al., 2018; Emmons et al., 2017; Mirzaei et al., 2017; Donnelly et al.,
2015; Narayanan, 2016). Firing rate ramps occur when spiking activity increases
or decreases over an extended time period, and the shape of these ramps can be
consistent or non-linear (Zhao and Kording, 2018). Ramps have been found in
various brain regions, such as the striatum (London et al., 2018; Emmons et al.,
2017; Mirzaei et al., 2017; Donnelly et al., 2015), the lateral intraparietal area (LIP)
(Roitman and Shadlen, 2002; Meister et al., 2013; Latimer et al., 2015) and other
cortical regions (Narayanan, 2016). Firing rate ramps can vary in length from
as short as two seconds up to 15 seconds (Emmons et al., 2017; London et al.,
2018). The varying statistical properties of ramps in different tasks and regions,
and the existence of non-linear ramps, make their detection and characterisation
challenging.

2.3 What are ramps useful for

Ramping activity is able to capture the accumulation of temporal evidence, this
means that as the expectation of an event occurring increases due to incoming
evidence, neuronal activity can also increase (or decrease). This has been captured
by drift-diffusion models and integrative models in past works (Latimer et al.,
2015; Simen et al., 2011). In the drift-diffusion models, the slope of the drift is
affected by sensory evidence, and in each trial, activity increases(or decreases)
until an upper(or lower) threshold is hit.

A ”hazard” function can mathematically represent temporal expectation (Narayanan, 2016).
For example, if an event that is predicted to happen in a certain period of time
doesn’t occur, the likelihood it will happen after that time then increases. While
making decisions, organisms utilize temporal information since it becomes in-
creasingly apparent when events will occur as time passes. If the neuron’s activity
is a step instead of a ramp, certainty regarding events cannot be increased as steps
do not have a varying maximum amplitude to encode timing. Stepping, especially
in single trials is unable to represent varying degrees of confidence over time.
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Another simple function of ramps is to relate their amplitude directly to timing.
For example, during hold periods where animals are expected to ’hold’ movement
between 5-10 seconds, the amplitude of the firing rate could simply increase over
time. The amplitude could be used as an estimate of how much time the animal
has been holding.

The function of neural ramping activity has been hypothesized to help in tempo-
ral regulation, for example, accurately controlling our actions in time for decision
making and basic survival (Narayanan, 2016). Ramping may be a neural way to
implement evidence accumulation, the accumulation of incoming sensory infor-
mation over time until enough has been gathered to reach a decision threshold
and make a decision.

Many behavioural tasks include some form of temporal expectation. For example,
in the stop-signal task, when the animal is trained, it should be able to expect the
Go cue to arrive within the time it was typically trained (for example, one second).
The longer the Go cue does not come on, the more likely the Go cue would then
appear. Thus, the probability of an event increases, as the event fails to occur over
time. To accurately perform on these tasks, animals should utilize this temporal
information from past trials.

However, ramping activity might serve many different functions depending on
the behavioural task and has, besides evidence accumulation, also been connected
to the temporal coordination of movements to achieve behavioural goals (tempo-
ral control) (Narayanan, 2016), action restraint (Frank, 2006; London et al., 2018;
Emmons et al., 2017; Mirzaei et al., 2017; Donnelly et al., 2015), reward prediction,
and time estimation.

Ramping may be related to temporal control in the ventral Str (VS). Donnelly et al.
(2015) investigated ramping during premature responses to stimuli in rats, where
the response is too early and occurs before the target stimuli are presented and the
appropriate action should be initiated. Impulsivity may be involved in premature
actions (where an unplanned quick decision or action occurs). This may relate
to prefrontal control of behavioural control and timing/ temporal control of the
basal ganglia. In the study, a five-choice serial reaction time test (5-CSRTT) task
was used. Rats performed the task in a chamber with five different nose-poke
ports. On each trial, there was first a fixed delay of 5s; after this, a light stimulus
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was activated in one of the five ports, signalling the rat to nose-poke that port. If
the rat completed the poke within 5s, they were rewarded with a food pellet. A
premature response, with the rat nose-poking before the initial delay or an incor-
rect response (wrong port) was punished by a timeout period of 5s. Both positive
and negative ramping activity was found in recorded regions of the medial pre-
frontal cortex (mPFC), and in the VS. In the VS, 50.4% of cells showed ramping.
Negative ramps were found to begin earlier on premature trials but were similar to
correct trials in other characteristics, such as the gradient. In positive trials, it was
not as apparent, but the pre-ramp min and post-ramp maximum were reached.
The ramps tended to increase/decrease at similar rates (gradients of slope) and
reach a similar maximum and minimum rate, regardless of the delay. In the pre-
mature trials ramping was found to begin earlier, however. They suggest that the
premature responses may be due to the rats failing to correctly time the initia-
tion of the waiting process. They suggest that ramping may be an internal time
representation, which is too early on premature responses. In premature trials,
ramping activity tended to start earlier but reached similar maxima and minima
during the responses. The ramp did not have a steeper gradient but seemed to
start earlier. Overall, the premature responses were not associated with a lower
peak of ramping activity or a steeper gradient. When a variable delay period was
implemented, ramps occurred until the earliest possible time and remained until
the nose poke. It is possible premature responses may not be a waiting failure but
incorrect timing of the stimulus. Donnelly et al. (2015) suggested that this is likely
initiated in structures outside of the VS and mPFC.

In the dorsal Str, responses can be excitatory and inhibitory towards food-related
actions, for example, approach to food and consumption. London et al. (2018)
investigated this in a simple task with rats. On each trial, rats were trained to
remain in a ’trigger zone’ area for six seconds until a tone sounded when they
had six seconds to move towards the pellet dispenser. They were rewarded with
a food pellet if they reached the pellet dispenser within the set time. In around
40% of the recorded neurons, ramping changes were found. These ramps pre-
ceded the initiation of a trial rather than at consumption time, supporting the idea
of ramping being involved in upcoming action expectations or planning future
actions. Ramps have been found to end when an action is initiated, suggesting
that the ramps may reflect upcoming actions. Differences were identified between
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population responses measured with calcium imaging and at spike level with
electrophysiology. At spike level, 2/3 were found to be increasing, and 1/3 were
decreasing. However, at the population level, the ramps appeared to be positive.
They suggested this might reflect more positive ramping at the individual level or
due to the recording method.

In an interval timing task, Emmons et al. (2017) found ramping activity across
frontostriatal circuits, prominent in dorsal medial striatal (DMS) neurons. Ani-
mals were trained to complete a 12s fixed-interval task. At the start of the task,
a houselight is presented, and the rat must wait for 12s to respond by pressing a
lever to receive a water reward. A click sound was then played, and the house-
light turned off to signal the end of the trial. Random intertrial intervals were
used between 6 and 12s. Ramping activity in frontostriatal circuits might be re-
lated to interval timing and temporal signalling. Frontal and striatal regions share
extensive neuronal connections, and activity in ramps is correlated between the
Str and medial frontal cortex (MFC). When the MFC is activated, ramps in the
Str are disrupted. Ramping activity in the Str was found to scale across multi-
ple time intervals when the hold period duration is changed. For example, when
the period between the start of a trial and the action cue is changed (increased
from 3 seconds to 12 seconds), ramp duration would also increase to 12 seconds.
This suggests that these ramps result from the hold period rather than other be-
havioural artifacts.

Mirzaei et al. (2017) analysed data from correct Go trials of several combined
datasets where rats performed the SST task (Leventhal et al., 2012; Schmidt et al.,
2013; Mallet et al., 2016). In the GPe, ramps were present in around 71% of neurons
before a Go cue, with 47% positive and 52% negative. In the population, there was
a net average positive ramping. However, this was likely due to the amplitude of
the positive ramps being around four times higher. Similar ramping patterns were
found for STN, with ramps present in around 77% of units, with 44% positive
and 55% negative. The STN is densely and reciprocally connected to the GPe.
STN typically excites the GPe, and also receives inhibition from it. Therefore it
is possible that ramps in the STN may lead to GPe ramps. Mirzaei et al. (2017)
suggested that the ramps may relate to a braking signal, which stops premature
movements (where it is initiated too early), as previously suggested by Frank
(2006).



CHAPTER 2. BACKGROUND 19

In all of the above studies, ramp detection relies on firing rates average over multi-
ple trials. It is currently unclear how well the identified ramps in the trial-averaged
data capture ramping at a single trial level. In the context of cortical accumula-
tion of evidence, it has been debated whether ramping trial-averaged responses
in the motor cortex are ramping or stepping in their single trials (Latimer et al.,
2015; Zhao and Kording, 2018; Zoltowski et al., 2019). This is important because
it directly affects possible functions of ramping activity (Narayanan, 2016).

The slope and the maximum amplitude of the ramp can both be used to encode
timing in the brain. Steps do not have slopes (or only very sharp slopes) such
that the amplitude does not vary over time. For example, the amplitude can have
many varying values during a ramp, but during a step it could be either the
firing rate before or after the step only. This slope and varying amplitude values
can allow for more complex encoding such as timing in the brain. In dopamine
models, ramping has also been proposed to be related to the reward prediction
error (Lerner et al., 2021). This would not be possible with only stepping in single
trials. Furthermore, it is important to ascertain whether the trial-averaged ramp is
ramping or stepping in single-trials, as many steps in single trials can add up to a
ramp. If the ramp is made up of many steps it may point to differences in neural
information processing compared to ramping single-trial activity.

In terms of ramp detection, supervised models require labelled data to fit the
models. As ramps are continuous, their characteristics must be considered in or-
der to label them. Supervised methods are common in other fields, such as wind
energy production. For this, many datasets have been manually labelled and thus
methods have been developed to tune parameters to labelled datasets (Gallego-
Castillo et al., 2015). In contrast, unsupervised methods are used in neuroscience
as we have no clear definition or function of a ramp. For example, in the wind
ramp literature, the characteristics of the ramp can be determined by how they af-
fect energy production. Thus, ramps that affect energy production can be labelled.
However, in neuroscience, it is not clear how ramping activity affects behaviour.
Thus it is difficult to identify relevant characteristics of ramps in order to label
them for supervised methods.

Latimer et al. (2015); Zoltowski et al. (2019); Zhao and Kording (2018) used un-
supervised methods to distinguish between ramping and stepping in single trial
data. While Zoltowski et al. (2019) found that neurons in many datasets were
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found to be ramping non-linearly or stepping, Zhao and Kording (2018) used
cross-validation and found, using a similar dataset as Zoltowski et al. (2019), that
neurons prefer ramping models instead.

Previous studies have found ramping behaviours in different basal ganglia regions
in various tasks (Mirzaei et al., 2017; Donnelly et al., 2015; Emmons et al., 2017;
London et al., 2018). However, few studies have looked at single trials in the basal
ganglia, and multiple regions at the same time (some investigated two regions but
not four or five). We need an algorithm that is able to distinguish between ramping
and stepping single trials to be able to test whether population-averaged ramps
are built out of steps or ramps. This would affect the mechanism by which inhibi-
tion is represented. Understanding inhibitory behaviour can help explain move-
ment disorders and possibly pave the road for future treatments. Including more
realistic inhibitory behaviour mechanisms could also improve current biologically-
inspired agents. Furthermore, the developed ramp identification algorithm could
also be used to characterise ramps more widely in the brain and help understand
temporal expectations and information in other regions. Finally, we ask whether
ramping behaviour can be observed in various basal ganglia regions and if these
trial-averaged ramps are also reflected as ramps in their single-trial activity. Can
ramping activity explain action restraint and behavioural inhibition in the brain?

2.4 Ramp detection

In the above studies, quantitative approaches to ramp detection include fitting a
linear model (see Emmons et al. (2017); London et al. (2018)) or principal compo-
nent analysis (Mirzaei et al., 2017; Donnelly et al., 2015). Four main characteristics
usually define ramps; namely, the amplitude (power), the length (duration), the
slope, the direction and the time of occurrence (Gallego-Castillo et al., 2015), see
fig.2.4. The direction can either be a positive ramp when the firing rate increases
over time, or a negative ramp when the firing rate decreases over time. Ramps are
increases (or decreases) in firing rate over a significant period of time. If there is
no minimum duration, then any increase in value can be considered a ramp.

It is difficult to properly assess the effects of ramping firing rates without first be-
ing able to characterize ramping activity (length, amplitude, slope, and direction).

One field where ramp detection algorithms are useful and have been extensively
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Figure 2.4: Ramping properties. Adapted from (Narayanan, 2016).

developed and tested is in the generation of power via wind turbines (Gallego-
Castillo et al., 2015). A consistent change in wind strength can be defined as a
ramp, and the ability to accurately characterize, predict and forecast them enables
efficient energy capture and prevents wind overload. However, wind ramps in
different locations throughout the world vary significantly, making it difficult to
construct a consistent definition of what constitutes a ramp (Gallego-Castillo et al.,
2015). For example, Hannesdóttir and Kelly (2019) found differences in ramp
characteristics amongst sites in southern Sweden and Denmark.

For wind power, most research has utilised a binary system to classify the ramps
(Gallego-Castillo et al., 2015). This means that every point of the time series is as-
sessed and classified as either ramping or not ramping. The key elements consid-
ered most important for ramp definitions are the thresholds for amplitude (power)
and time. A segment of the time series is considered as a ramp when the criteria
for these thresholds are met (e.g. amplitude and duration of the ramp are above
a predetermined value). However, this binary definition has been challenged by
Gallego-Castillo et al. (2015), who instead suggested that a more continuous met-
ric, that captures the characteristics of a ramp should be implemented. They used
wavelets to detect ramps across various characteristics. Wavelet methods were also
developed in (Hannesdóttir and Kelly, 2019; Cheneka et al., 2020). Nevertheless,
one issue with wavelet techniques is that it tends to select for features we are not
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interested in. For most wavelets, ramps that reverse in direction after hitting the
peak instead of plateauing are favoured, due to the nature of wavelet shapes.

There are several considerations in designing a good ramp detection algorithm.
First, the number of hyperparameters should be minimized without affecting the
robustness of the results. Second, the speed of execution, which affects compu-
tation time, is also a key consideration when dealing with large datasets. For
example, in wind ramping data, there are often many time points sampled from
periods of months to years. Similarly, with neural spiking data, sampling is down
to millisecond periods, with many hours of data typically collected over several
sessions. Lastly, the accuracy of the algorithm is also important. Several consid-
erations should be made here, such as whether it correctly identifies ramps in the
specified environment and if it appropriately filters and smooths out any noise.

Evaluating whether a ramp detection algorithm successfully meets the above cri-
teria is not straightforward. Typically, two key kinds of evaluation metrics are
utilised. First, the error between simulated ramps and whether the algorithm ac-
curately detects these can be quantified using metrics such as Root-mean-square-
error (RMSE). Second, tests of precision and accuracy for whether ramps are ac-
curately captured or not. However, one difficulty of ramp detection algorithms is
comparing one penalty or regularization hyperparameter to another.

Here we introduce several main algorithms used to detect ramps, including l1-
trend filtering and swinging door algorithms from the wind ramp literature. We
also introduce changepoint detection methods developed in mathematical research
fields that can be adapted to ramp detection, for example, the pruned exact linear
time (PELT) and opt algorithms.

2.4.1 l1-sliding window (l1sw)

One of the methods developed to help solve the problem of detecting and char-
acterising ramp events during wind power generation is the l1-sliding window
algorithm (l1SW) (Sevlian and Rajagopal, 2013). The method was used to build
statistical models of wind ramps so that electric grids can be optimised to capture
as much wind energy as possible. Their method required three primary steps
to detect ramps in a large time series. Here we briefly describe the stages, with
further detail of each given in the next section. First, l1-trend filtering (l1tf) gener-
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ates a piecewise solution of the large time series. Trend filtering is typically used
to remove ‘noise’ in the time series by smoothing it out. Second, each ‘piece’ or
segment in this solution is then evaluated and subject to a binary classification
of either being a ramp or not being a ramp. Briefly, this evaluation looks at the
minimum amplitude, rate of the ramp, slope, and the difference between the min-
imum and maximum observed amplitude within the segment (see fig. 2.4. Each
segment was then given a ramp score, and segments that failed the above thresh-
olds were given a score of 0. These segments will then be merged and provided
with a score. They then used dynamic programming to find ramps with the high-
est scores. Lastly, the computation time is significantly reduced by using a sliding
window. A sliding window separates the l1tf-filtered signal into multiple overlap-
ping intervals and processes them parallel. The amount of overlap is determined
by the maximum length of the ramp of interest. Overall, l1SW is effective at de-
tecting and characterising ramps and is commonly used as a benchmark for new
methods (for example, in Cui et al. (2021)). The loss function for l1tf is defined as
(eq. 2.1):

x̂ = min
x̂

1
2
kx� x̂k2 + lkDx̂k1 (2.1)

where x is the original time series, x̂ is the predicted piece-wise linear time series,
D is the second derivative operator and lkDx̂k1 helps to implement sparsity in
x̂. l is the regularization hyperparameter, where higher l values indicate greater
regularization. Regularizing hyperparameters ensures that models minimize the
adjusted loss function while avoiding overfitting or underfitting. kx� x̂k2 denotes
the l2 norm of the difference between the original time series and the predicted
piece-wise linear time series. kDx̂k1 is the l1 norm of the second derivative of the
predicted time series.

When l is at its maximum, the piecewise component generated from the time
series will be a single line. When l is at its minimum (lmin = 0), the piece-
wise component converges to the original data. Different values of l can result
in different lengths of selected ramps. The maximum value of l (eq. 2.2) is ob-
tained by multiplying the second derivative operator D by the transpose of the
second derivative order DT and multiplying the inverse of that result with the
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first derivative of the original time series Dx.

lmax =



(DDT)�1Dx





¥

(2.2)

The sliding window is a commonly used algorithm to reduce processing time via
parallel processing. The piecewise signal generated by l1tf above is segregated
into multiple overlapping windows. The number of windows M is decided by the
window length (WL) and window overlap (WO). The index of each window is (i).
The index of the start of each window, wsi is given by eq. 2.3 and the end index of
each window, wei is given by eq. 2.4:

wsi = (i� 1)(WL �WO) (2.3)

wei = (i)WL � (i� 1)WO (2.4)

where subsets of x̂ are converted into the form Xws1 :we1 , ..., XwsM :weM . X denotes
the whole time series. The ramp detection method then determines whether each
segment in a window is a ramp or not by applying rules such as minimum am-
plitude, power and slope. The results are then combined, and the longest ramp is
selected in the sections where windows overlap.

2.4.2 Swinging door algorithm (SDA)

At about the same time that L1SW was developed, the SDA, which was initially
designed as a compression algorithm, was adapted to be used in wind ramp de-
tection (Florita et al., 2013). SDA utilises a single hyperparameter, e, to define the
width of the ’door’ that swings outwards from its pivots, as shown in fig. 2.5. A
higher value of e makes the algorithm less sensitive to noise, similar to how higher
values of l in l1tf increase time series regularisation. A lower value of e makes
the algorithm more sensitive to small fluctuations in the time series. Using fig. 2.5
as an illustration, we run through an example interaction of the SDA:

(1) The hyperparameter e and the first data point together determine the pivot
of the two hinges. Using this, the SDA will draw a line from each of the hinges
to point A (see grey lines in fig. 2.5A). This is the first ”swing” of the door. The
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Figure 2.5: The SDA for the extraction of ramps from the time series, the scale is arbi-
trary for explanation purposes. Green curve shows interpolation with several time points
highlighted (A-F). Red line extends on the y-axis in both positive and negative directions
from zero to the value of hyperparameter e, here, 1. Orange line in D shows the piecewise
fitted component following one cycle of the algorithm. Adapted from Florita et al. (2013).
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algorithm then goes sequentially through the time series.

(2) On the next swing, the doors are then pivoted to point B (grey lines to B in
fig. 2.5B). As the ’triangle’ for point A is within the ’triangle’ for point B, there is
no inflection point, and the doors will all be newly drawn to point B.

(3) On the next swing to point C (fig. 2.5C), the ’triangle’ for point B is not within
point C’s ’triangle’, thus reflecting an inflection point where only the lower door
is able to extend to point C. Both doors have to be parallel to each other at their
widest.

(4) On the final swing to point D (fig. 2.5D), the lines are almost parallel and are
unable to cross to any further point without swinging the door too wide. Thus,
a piecewise component is then formed from the first point to D (orange line in
fig. 2.5D). This starts a new cycle of the algorithm, where point D will be the new
starting data point for the next iteration.

To formalize, let us take Ac to be the amplitude of the current point while Al and
Au to be the amplitudes of the lower and upper bounds of the swinging door. Ag

and As are the amplitudes of the gate points and startpoint of each SDA segment.
tc, tg and ts represent the current time, gate time, and start time, respectively. As
long as Pc satisfies eq. 2.5:

Al < Ac < Au (2.5)

Au = As +
(Ag + DE� As)(tc � ts)

tg � ts
(2.6)

Al = As +
(Ag � (DE� As))(tc � ts)

tg � ts
(2.7)

the point is within the hinges of the swinging door, and the next point will be
checked again. The advantage of the SDA is that there is only a single parameter:
e. Larger values on e might result in significant ramp events being filtered, while
a smaller e may result in capturing small fluctuations.
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2.4.3 Changepoint algorithms

L1SW and SDA are both ramp detection methods. Here, we introduce change-
point detection algorithms which attempt to detect points in a time series where
statistical properties change (Killick et al., 2012). Unlike l1SW, where the piece-
wise components were built before determining the changepoints, we could use
changepoints algorithms to first determine the changepoints before building the
piecewise components. Let us define our time series as x1:n = x1, ...xn with a
number of changepoints, m, where the timepoint of each changepoint is p1:m =

p1, ...pm. The position of the changepoints are integers between 1 and n� 1 where
p1 > 0 and pm < n. We can also define p0 = 0 and pm+1 = n. Each ith segment
with this set of changepoints will be split into xpi�1+1 : pi. Changepoint detection
aims to estimate the indices in p1:m, where the number of changepoints, m, may
or may not be known depending on the problem we are solving. Here, the total
number of segments would be m + 1. To identify changepoints, we often attempt
to minimize (Killick et al., 2012):

min
m+1

å
i=1

[C(x(pi�1+1):pi
)] + b f (m) (2.8)

where C(.) is a cost function for each segment and b f (m), is the penalty or regular-
ization factor to help prevent overfitting, where f (m) is the penalty function and
b is the penalty constant. Many changepoint algorithms can be framed as having
a cost function, a search method, and a constraint on the number of changepoints
(Truong et al., 2020). However, this categorization does not include Bayesian meth-
ods such as the Hidden Markov Model. The cost function of a changepoint algo-
rithm informs us how homogeneous the time series is. A signal that is similar
throughout with few changepoints would have a low cost, whereas a heteroge-
nous signal with many changepoints would have a high cost. The search method
of a changepoint algorithm is used to obtain an exact or approximate solution to
eq. 2.8. The value of the penalty would affect the number of changepoints de-
tected. Selecting a high penalty would result in few changepoints, and selecting a
low penalty would result in a high number of changepoints.
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2.4.4 Opt

Opt is a search method based on dynamic programming to efficiently compute
the solution to detect a fixed number of changepoints (Jackson et al., 2005) (see
Algorithm 1). Opt uses a linear penalty which means that

b f (m) = bm (2.9)

Using eq. 2.9 above, we obtain:

min
m+1

å
i=1

[C(x(pi�1+1):pi
) + b] (2.10)

For a time series x1:T, we define the set of all possible vectors of changepoints to
be PT = fp : 0 = p0 < p1...pm < pm+1 = Tg and we define F(T) to be 2.10 as
follows:

F(T) = min
p2PT
f

m+1

å
i=1

[C(x(pi�1+1):pi
) + b]g,

= min
t
fmin

p2PT

m

å
i=1

[C(x(pi�1+1):pi
) + b] + C(x(t+1):n) + bg,

= min
t
fF(t) + C(x(t+1):n) + bg.

This allows us to recursively solve for T = 1, 2, ..., n, giving us the minimal cost
for the time series x1:T. The cost of solving this for time T is linear in T.

Algorithm 1 Algorithm Opt.

Input: signal fxtgT
t=1, cost function C(�), penalty value b

Initialise: n = Length of time series, set F(0) = �b and changepoint output,
CPO(0) = NULL. For: p� = 1, ..., n
Calculate F(p�) = min0�p<p� [F(p) + C(x(p+1):p�) + b]

Let p1 = argfmin0�p<p� [F(p) + C(x(p+1):p�) + b]g
set CPO(p�) = (CPO(p1), p1)
Output: set of changepoints in CPO(n)
Adapted from Killick et al., 2012
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2.4.5 Pruned Exact Linear Time (PELT)

PELT is a changepoint search method that is exact with a linear computational
cost (Killick et al., 2012) (see Algorithm 2). The exactness means that it finds the
optimal solution to a problem, rather than an approximate, or near optimal, one.
When we are unable to constrain the number of changepoints and the objective
function to minimize the penalized sum of costs, PELT is a fast method to search
for linear penalties. PELT extends the original Opt algorithm, whereby a prun-
ing step is added within the dynamic program of Opt (Jackson et al., 2005). This
reduces computational cost without affecting the algorithm’s exactness. The prun-
ing primarily helps remove values of cp which cannot be minima at each iteration
of algorithm Opt, while still finding the global minimum of the cost function. This
pruning rule is given in eq. 2.11 where there exists a constant K such that for all
t < s < T,

C(x(t+1):T) � C(x(t+1):s) + C(x(s+1):T) + K (2.11)

Then, if eq. 2.11 holds, at a future time T > s, then t cannot be the last changepoint
prior to T:

F(s) � F(t) + C(x(t+1):s) + K (2.12)

Algorithm 2 Algorithm PELT.

Input: signal fxtgT
t=1, cost function C(�), penalty value b, constant K.

Initialise: n = length of time series, set F(0) = �b, changepoints CPO(0) = NULL,
R1 = f0g For: p� = 1, ..., n
Calculate F(p�) = minp2Rp� [F(p) + C(x(p+1):p�) + b]

Let p1 = argfminp2Rp� [F(p) + C(x(p+1):p�) + b]g
set CPO(p�) = (CPO(p1), p1)
set Rp�+1 = fp � \fp 2 Rp� : F(p) + C(xp+1:p�) + K < F(p�)gg
Output: Record changepoints in CPO(n)
Adapted from (Killick et al., 2012)
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2.5 Spike-phase entrainment

In the above sections, we identified that ramping firing rates occur throughout the
brain, and these ramps may have functions related to behaviour, such as action
restraint. These inhibitory behaviours have also been found in oscillatory field
potentials (Knyazev, 2007).

Local field potentials (LFPs) are fluctuations of voltage in extracellular neural ac-
tivity and can be recorded via an extracellular microelectrode. LFPs are usually
studied using time-frequency based analysis using information such as phase, am-
plitude and frequency. They can be found in many regions in the brain on a large
spectrum of scale measured through electrophysiology in small circuits or wider,
larger EEG signals (Wilson et al., 2018). LFPs reflect pathological activity in the
brain, and differences in activity can be found in many neurological diseases such
as Parkinson’s, schizophrenia and autism (Uhlhaas and Singer, 2010; Engel and
Fries, 2010; Boutros et al., 2015). Furthermore, the study of these LFPs has also
shown to improve treatments such as deep brain stimulation (Priori et al., 2013;
Rosin et al., 2011). It has also been suggested that oscillatory activity of LFPs
allows brain regions to communicate with each other and transfer information
across regions (Fries, 2005). Behaviourally, the phase of oscillatory activity before
stimulus onset can be used to predict responses (Spaak et al., 2014; Busch et al.,
2009) and beta oscillations in the motor system related to the maintenance of the
status quo (Engel and Fries, 2010). Overall, LFPs can be used to study neurological
diseases, behavioural states, and behavioural responses.

Still, some sceptics believe oscillations are epiphenomenon or have no mechanis-
tic relevance to the function of the brain. There are several reasons that this is
unlikely. First, studies show that extracellular signals could influence firing in the
cortex (Anastassiou et al., 2011), and more recently, in the cerebellum (Han et al.,
2018), this is known as ephaptic coupling. More importantly, our understanding
of the brain is far from complete; thereby, claiming that LFPs are irrelevant is far-
fetched. Some have argued that oscillations are simply a direct product of spikes.
However, they can also be caused by other non-action potential induced currents,
such as calcium waves that arise as a nonlinear function of spikes and firing rates.
Lastly, oscillations still provide a useful readout of neural activity and could help
improve our understanding of behavioural states.
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Extracellular potentials, such as LFPs, originate from the sum of transmembrane
currents across neurons and therefore do not have a single source. Distant sources
could be volume conducted from other regions as electromagnetic fields can prop-
agate throughout the brain. In addition, the structures of dendrites and axons and
the timing of synaptic inputs can determine which frequency bands are reflected
in the electrode. In general, these LFPs reflect the organization of large-scale brain
dynamics (Pesaran et al., 2018), but more specifically, they stem from a variety
of electrophysiological processes such as synaptic inputs and spiking. However,
more often than not, neurons do not generally use field potentials to communi-
cate, and field potentials are effects rather than causes of neuronal transmission
(Buzsáki et al., 2012).

Usually, researchers are interested in the low-frequency component of the field po-
tential (<100Hz), which is generally believed to be dominated by synaptic activity.
However, it is difficult to interpret as anatomy, neuronal connectivity, nonsynap-
tic ionic currents and tissue conductance can influence it (Herreras, 2016; Buzsáki
and Wang, 2012; Lindén et al., 2011, 2010; Cole and Voytek, 2018). Furthermore,
spiking activity could still contaminate low-frequency components up to 10Hz
(Waldert et al., 2013). While these low-frequency components are unlikely to be
contaminated (<10Hz), and high-frequency components are more likely to be con-
taminated, the extent to which this affects analysis is not entirely clear (Waldert
et al., 2013). Ultimately, we should proceed with caution when analysing LFPs
as there could be many sources of influence. The extent to which these different
sources affect the field potential is still largely unknown, and progress in under-
standing this would rely largely on building better forward models (Pesaran et al.,
2018). When constructing models of LFP generation, one can generate model-
based benchmarking data to test how electrode placement, volume conduction
and other synaptic components will affect the field potential. This will ultimately
lead to better electrode array designs, sensors, and clinic treatments for disorders
(Pesaran et al., 2018).

The relationship between LFPs and spiking activity has been studied extensively.
The same electrode is often used to record both the appropriate LFP and a single-
unit recording. If spikes preferentially occur during one or more certain phases of
the oscillation, the firing of a neuron is said to be entrained to an LFP oscillation.
This relationship is typically defined by both the phase and frequency of the LFP
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where spikes occur, and the consistency of that occurrence. One common method
to study this relationship includes examining the spike-triggered average (STA)
of the LFP and attempting to predict the occurrence of spikes from LFPs and
histograms of spike-LFP phase-locking (Zanos et al., 2011). Spike-field coherency
(SFC) is another measure used to determine the phase synchronisation between
the spike trains and LFPs by providing information on the preferred phase where
spikes occur on the LFP.

There are several contending hypotheses for the function of SFC in brain circuits.
Fries (2015) suggests that SFC in the gamma band plays a role in the communi-
cation between brain regions and can inform us about the strength of inter-region
connectivity. Others, however, have suggested that it better reflects excitation-
inhibition interactions as gamma frequencies tend to be very sensitive to low-level
stimuli (Ray and Maunsell, 2015; Ray, 2022; Bartoli et al., 2020). Some studies have
shown that SFC can provide information about the encoding of the environment.
More specifically, SFC has had various behavioural roles in different regions. For
example, in the hippocampus, phase information from the theta range can help
provide information on the animal’s position in the environment (Jensen and Lis-
man, 2000). In the striatum, fast-spiking interneurons could be crucial for selecting
between different actions and processing information (Berke, 2009). In the cortex,
Womelsdorf et al. (2014) found that burst spikes were locked to beta and gamma
frequencies across the anterior cingulate and lateral prefrontal cortex.

Differences in cell types in entrainment occur frequently. For example, nearly all
neurons in the hippocampus preferentially fire at some phase of the theta oscilla-
tion. However, there are cell type disparities in the phase of the gamma oscillation
entrainment (Klausberger and Somogyi, 2008). In addition, cells preferentially
match their firing in the orbitofrontal cortex with either the theta or gamma os-
cillation, but not both (van Wingerden et al., 2010). Some of these cell-specific
variations in the frequency-selectivity of entrainment most likely result from con-
nection variations, while some are more clearly brought on by inherent frequency
preferences (Wilson et al., 2018).

Spike removal from LFPs is usually done by lowpass filtering the time series with
a cutoff of 300-500Hz. This is important to ensure that the spikes do not influence
the shape of the waveform. Although many still assume that this is enough to
remove spiking activity, spikes tend to bleed through to the LFP despite lowpass
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filtering (this is generally termed the spike-bleed-through effect). This may affect
LFPs up to frequencies of 10Hz, and it is theoretically possible they affect even
lower frequencies (Waldert et al., 2013). When studies do not attempt to remove
spikes from LFPs, results can be misleading and result in invalid and flawed con-
clusions.

Zanos et al. (2011) found artifactual correlations between LFPs and spikes via
ground truth simulations. These correlations can distort common spike-phase
coupling results, as the coupling is due to the spike instead of the actual coupling
of oscillations and spikes. Thus to prevent these artifacts after low-pass filtering,
they developed a spike removal algorithm based on Bayesian principles. Using
this algorithm, they were able to remove spurious frequencies above 100Hz from
the spike-triggered average wave. Furthermore, this method also prevents SFC
problems. Waldert et al. (2013) proposed a method to detect spike contamination
in LFPs, and showed that the characteristics of the spike, such as its duration,
amplitude and firing rate, can influence the extent of the contamination on the
LFP. Despite the numerous studies on the spike-LFP artifacts, none have looked
closely at how waveform differences can affect the phase of spike-phase coupling.

It is common to use spikes and LFPs from different electrodes to prevent spike
bleed-through in the LFP. The argument is that extracellular action potentials can-
not be detected by electrodes separated by more than 400 mm. Any further would
be unable to pick up spiking activity while still able to capture the gist of lower
frequency data. Ray (2015) highlighted two key issues of this. Firstly, spikes be-
tween neurons are often correlated up to 3mm away with high temporal precision
(Smith and Kohn, 2008). This distance is far further than the 300mm of separation
between electrodes that studies typically use. Thus, if an action potential occurs
on one electrode, there is a high likelihood of an action potential event on the
nearby electrodes. Second, the oscillations can vary significantly across electrodes
which are separated just 400mm apart, thus rendering the SFC spurious and inac-
curate. For example, in primary visual cortex (V1), gamma rhythms at 400mm had
significantly different frequencies (Ray, 2015).



Chapter 3

Quantification of firing rate ramps

3.1 Chapter overview

In this chapter, we investigate algorithms to help detect firing rate ramps accu-
rately and robustly, namely l1tf, SDA, Opt and PELT. The first two algorithms, l1tf
and SDA, are taken from the wind ramp literature. Note that the l1tf we used in
this chapter is not the same as l1SW (Sevlian and Rajagopal, 2013). We did not
include a score function in our algorithm, but only used l1tf to generate a piece-
wise solution. Opt and PELT are changepoint algorithms which have been used
to detect the transition between tasks in functional magnetic resonance imaging
(fMRI) (Saggar et al., 2018). We developed a method of detecting ramps by first
implementing a changepoint search algorithm, Pruned Exact Linear Time (PELT),
and then constructing a piecewise solution from the changepoints to determine
whether a segment is classified as a ramp.

One key problem with ramp detection algorithms is the sensitivity of results to
hyperparameters. More specifically, in l1-trend filtering (l1tf), the l parameter
and the g parameter both influence the ramp detection, and we show that small
changes in these parameters can result in large changes in the detection of the
ramps. Similarly, in SDA, the parameter e can also affect results. Lastly, PELT
also has a penalty hyperparameter, P. We investigated the effects of the different
algorithms’ hyperparameters on ramp detection and quantified the robustness of
each method with respect to their hyperparameters.

34
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An accurate ramp detection algorithm has to consider the statistics of the data
they are analyzing. Therefore, we first generated realistic simulations of firing
rates and then compared the different methods. We then identified the methods
that best detect ramps in our firing rate data, which can be characterized as a non-
stationary univariate time series. Although there are multiple papers investigating
firing rate ramps in neuroscience, both in the context of single trials and mean
firing rates of all trials, there has been no investigation into the effectiveness of
any ramp detection methods.

We then developed a quality measure specifically for ramps in firing rate data
that favoured ramps with a long duration and a high signal-to-noise ratio. This
quality is key to determining whether ramps exist in our empirical dataset in the
following chapter 4. Finally, we test our quality measure with different firing rate
scenarios such as uniform, step and ramp firing rates to ensure that it is well-
suited to accurately identify them in neural activity.

We show that PELT has the highest precision in detecting the ramps compared to
the other methods. We also show that our quality measure helps us select firing
rate ramps with a good signal-to-noise ratio and are less likely to be steps in firing
rate, where the increase in activity ends quickly.

3.2 Methods

3.2.1 Algorithms

In this section, we will discuss the four main algorithms from the wind-ramp
and changepoint literature, namely, the SDA, l1tf, PELT and Opt. While the first
two algorithms are used to detect ramps with an unknown number of change-
points, Opt helps to find the exact solution where there are a known number of
changepoints. We have included this to compare our algorithms to the ’ideal’
scenario where we have more constraints on the algorithm. As discussed in the
background chapter 2, these algorithms approach the ramp detection problem in
different ways. l1tf generates an approximate piecewise solution given a penalty,
and we only extract ramp statistics such as changepoints, length and amplitudes
from the piecewise solution. PELT and Opt, on the other hand, are changepoint
detection algorithms. Thus we begin by first finding the changepoints and then
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’drawing’ the ramp from the changepoints. Finally, SDA attempts to build a piece-
wise solution from only a single hyperparameter timepoint by timepoint. Whilst
the equations and pseudocode for these algorithms were given in chapter 2, here
we provide the values for the hyperparameters of each.

Hyperparameters for simulations.

We define each piecewise component from one point to another as a segment.
Each of these segments are filtered by a minimum amplitude of 0.5 z-score, and a
minimum length of .35s. All l1tf parameters used are shown in table. 3.1

Method Parameter Value
l1tf l 500

l1tf g .0001

SDA e .1
PELT Penalty 25

OPT no. of changepoints 2

All Lengthmin .5 seconds
All Amplitudemin .5 z-score

Table 3.1: Parameters for simulated ramps.

3.2.2 Firing rate simulations

The statistical structure of neuroscience data is different from wind ramps; thus,
having realistic firing rate simulations to test the reliability of each method is use-
ful. To test the various algorithms, we generated piecewise ramps where we have
the ’ground truth’ changepoint, endpoint and amplitude of the ramp. In our sim-
ulations, we used the parameter values shown in table 3.2. The ramp length was
chosen as this was the average hold period in the data sets we applied the ramp
detection algorithms to in the following chapter 4. Similarly, both the baseline
firing rate and slope are realistic representations of our data. After generating the
piecewise ramp, we add noise drawn from a Gaussian distribution with standard
deviation levels between 5 and 50. All scenarios were run over a period of 4 sec-
onds, simulating two seconds before and after an aligned event, such as a go cue
or a stop-signal. Our simulated data is then converted to z-scores. This procedure
is similar to how we analyzed our experimental data later in chapter 4.
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Parameter Value
Base firing rate 5 spikes/second
Slope of ramp 25 spikes/second

Length of ramp 1 second
Length of time series 4 seconds

Table 3.2: Parameters for simulated ramps.

One of the key features of a good ramp detection algorithm is to be able to clearly
detect differences between non-ramps, such as step-like functions and constant
functions, compared to ramping ones. Thus we generated four main firing rate
simulations to test our algorithms: the uniform firing rate, a firing rate with a step
in it, a ramp and a piecewise ramp with Gaussian noise applied (See fig. 3.1). In
the first three scenarios, we generated 500 poisson spike trains that were modu-
lated by different firing rates (uniform, step and ramp). This roughly corresponds
to the number of single trials we have from one session from each neuron in the
data sets we use in chapter 4. For the last scenario, we generated a piecewise ramp
and added Gaussian noise on top; this is to add a ’ground truth’ comparison with
less complicated statistics of the data. Similar to the firing rate simulations above,
all scenarios were run over a period of four seconds, simulating two seconds be-
fore and after an aligned event, such as a go cue or a stop-signal. This is similar
to how we analyzed our experimental data later in Chapter 4. The average fir-
ing rates of the uniform and step processes were approximately 33 Hz, and for
the ramp processes, around 40 Hz. The firing rates in fig. 3.1 demonstrate one
example simulation for each scenario.

3.2.3 Quality

We developed a quality measure of how strong the ramps are. This was done
for several reasons. First, some detected ramps have less variation in firing rates,
while others have more. Ramps with less variation (with respect to the detected
ramp) are preferred, as these have a higher signal-to-noise ratio. Second, we want
to prevent spurious ramps that are noisy. Third, we would like to penalize shorter
ramps to distinguish them from steps. Finally, the quality measure also helps us
to better differentiate between steps in the firing rate and ramps in the firing rate.

We define the startpoint of a putative ramp to be a and the endpoint to be b, such
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Figure 3.1: Examples of simulated firing rates in four scenarios. All simulations, except
the piecewise ramp, are the average of 500 poisson spikes train modulated by a particular
firing pattern. In the uniform simulation, there is a constant firing rate of 31 spikes/s. The
step simulation begins with an average firing rate of 5 spikes/s and sharply increases to
60 spikes/s at 2.0(s). The poisson ramp simulation begins with an average firing rate of 5

spikes/s and starts ramping to 60 spikes/s at 1.0(s). The piecewise ramp simulation with
Gaussian noise has similar parameters to the poisson ramp but is modulated by Gaussian
noise with a standard deviation of 5.
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that xa:b is the z-score firing rate during the time of the putative ramp. We define
the piecewise segment generated out of the startpoints a and b to be ya:b. sxa:b�ya:b

is the standard deviation of the difference between the original signal, xa:b and the
piecewise ramp, ya:b. x(b) is the z-score amplitude at the endpoint, and x(a) is the
z-score amplitude at the startpoint.

The signal to noise ratio (SNR) is defined as:

SNR =
(x(b)� x(a))2

s2
xa:b�ya:b

(3.1)

f (x) =

8><>:x if 0 < x < 1

1 if x > 1

Q = SNR � f (b� a) (3.2)

We tested the quality on the four different types of simulated data: uniform, step,
poisson ramp and a ramp with Gaussian noise. This was to ensure that the quality
measure was able to distinguish between stepping and ramping.

3.2.4 Evaluation metrics

We require measures of performance to evaluate the effectiveness of the various
ramp detection algorithms on firing rate ramps. We have adapted metrics from
the changepoint detection field, which are also typically used for evaluating su-
pervised learning algorithms (Aminikhanghahi and Cook, 2017; Gallego-Castillo
et al., 2015). We begin by defining some key terms in the confusion matrix in
table. 3.3.

Classified as ramp Classified as non-ramp

True ramp True positive (TP) False negative (FN)
False ramp False positive (FP) True negative (TN)

Table 3.3: Confusion matrix for ramp detection

The ramp classification we employ above does not include the accuracy of the
detection. For example, if two ramps were detected, but only one ramp exists, the
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TP would be 1, and the FP would be 1, and if one ramp was detected and only one
ramp exists, the TP would be 1, and the FP would be 0. Lastly, if no ramps exist,
the TP and FP would both be 0. False negatives occur when we detect fewer ramps
than the ground truth, and false positives occur when we detect more ramps than
the ground truth.

We use the precision metric to evaluate the occurrence of confusion matrix out-
comes. Precision is defined as:

precision =
TP

TP + FP
(3.3)

It is useful to identify how many detected ramps are classified correctly as ramps.
In additional, accuracy helps to identify how often both our ramps and non-ramps
are correctly classified:

accuracy =
TP + TN

TP + FP + FN + TN
(3.4)

Finally, we used root mean square error (RMSE) to determine the error of our
detected ramp. The RMSE is the square root of the sum of the squared errors for
both the changepoint and the endpoint of the ramp divided by two:

RMSE =

s
(CPgroundtruth � CPdetected)2 + (EPgroundtruth � EPdetected)2

2
(3.5)

Here, we use CP for a ramp’s startpoint (or changepoint) and EP for the endpoint
of a ramp. We later show the average RMSE of all true selected ramps. This means
that only in situations where the number of ramps is accurately detected that we
include the RMSE into the calculation.
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3.3 Results

3.3.1 Sensitivity of g parameter in l1tf

To evaluate each method quantitatively, we have used measures such as RMSE
and precision in the later part of the results. In this section, we show some ex-
amples of our individual simulations and each method to better illustrate the
advantages and disadvantages of each method. These examples are selected to
highlight problematic ramp detection, more standard examples can be found in
Appendix A.

To obtain the changepoints for l1tf, we have to set a threshold for g values, as l1tf
provides an approximate piecewise solution. However, there is no clear threshold
that obtains perfect changepoints for every piecewise solution. As a result, l1tf
tends to provide more changepoints than the other methods, some very close to
each other (see the cluster of changepoints around .9 sec in fig. 3.2). Also, in
this particular example, we can see two changepoints between 1.8s and 2.0s; this
makes the endpoint selection of the ramp inaccurate as the second changepoint
should definitely be included as a ramp. This is often a result of l1tf being able to
detect very small changes in slope to produce the ideal piecewise solution. PELT,
however, produces changepoints, which helps to solve the problem of sensitivity
to small changes in slope.

To better quantify the threshold g used to obtain changepoints, we calculated the
maximum threshold value we could use to capture a ramp in 95% of simulations
(see red vertical line in fig. 3.3). Using this threshold is strict and would mean
that 5% of simulations will not capture a ramp (this is worst than the currently
selected threshold of g in this noise level and will be shown later in the chapter in
fig. 3.6). Furthermore, using this threshold means that only five simulations will
have two changepoints, while most will have between three to nine changepoints.
Although g is not comparable to the penalty in PELT (a more similar comparison
would be l), we ran a similar analysis looking at the number of changepoints
across PELT while varying the penalty. For a similar noise level, PELT algorithm
correctly provided two changepoints for > 99% of the simulations.

The original SDA algorithm tends to suffer from ’bumps’ in the time series. These
bumps reside outside of the swinging door for very few timesteps but cause a
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new piece to be generated from the algorithm. This problem is again evident as
the SDA example generated a changepoint in the middle of the ramp (see fig. 3.2).
Both PELT and l1tf do not have this problem where ’bumps’ significantly affect
their ramp detection.

3.3.2 PELT penalty hyperparameter is the most robust

Most ramp detection algorithms will require a hyperparameter that determines
the extent the solution is regularized. An ideal scenario would be to have as few
hyperparameters as possible, while producing accurate results that are robust to
small changes in the hyperparameter. Here, we test the sensitivity of the results
to tuning the hyperparameter in l1tf and PELT. For l1tf, we chose a range of l

values from 300-700, which equates to about a 40% upper and lower bound from
the baseline. We chose a range of penalty values from 15-35 for PELT, with the
original value being 25. This equates to about a 40% upper and lower bound from
the baseline.

Figure 3.4 shows an example where l1tf is unstable across different values of l. A
short ramp is detected at low regularization levels, but the ramp then disappears
and reappears around a l value of 420.

To better quantify the extent of this problem, we calculated the RMSE between
each level of regularization for both l1tf and PELT. If the detected changepoints
for a ramp between two regularization levels are exactly similar, the RMSE will be
0. For example, in fig. 3.4, the PELT detection for this particular simulated ramp
will yield only zero values for the RMSE. In this case, it will result in 19 zeroes
as we compare between 20 adjacent values of the penalty. The l1tf, however, will
have several non-zero values between the l levels that vary in ramp changepoint
and endpoint. The distribution of RMSE between different regularization levels
across 100 simulations shows that PELT has a lower count of high RMSEs than l1tf
(see fig. 3.5).

Figure 3.5 shows the distribution of RMSE between different levels across 100

simulations. We have removed the results where there is a less than .01s RMSE
as these mostly constitute zeroes or very minor differences in changepoints. The
l1tf is much less robust to changes in the hyperparameter than PELT. The overall
count of RMSE above .1 is higher than PELT.
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Figure 3.2: More changepoints were detected in l1tf and SDA. Each panel shows the
detected ramps and detected changepoints of each method. The changepoints of each
method are shown by a purple circle marker. We used a simple piecewise ramp with
Gaussian noise (standard deviation of 35ms) where the ground truth changepoint occurs
at 1 second, and the endpoint is at 2 seconds. In the l1tf example, a l value of 500, and a g
value of 0.001 was used. In the SDA example, e was set to .1. With PELT, a linear penalty
of 25 was used. In the Opt example, there is no hyperparameter, but we have specified
the number of breakpoints, here two. A linear cost function was also used. This should
act as an ideal ’ground truth’ algorithm. Upper left panel shows the detected ramps using
l1tf. Upper right panel shows the SDA algorithm applied to the same simulation. Lower
left panel shows the Opt changepoint algorithm with the number of breakpoints given.
Lower right panel shows the PELT algorithm.
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Figure 3.3: g threshold will often capture a wide number of changepoints. A. Distri-
bution of g thresholds for the algorithm to output two changepoints. These simulations
were run with 30ms standard deviation Gaussian noise similar to �g. 3.2. B,C. Similar
histogram but for three and four changepoints, respectively. Red vertical line in panels
represent threshold required to ensure that 95% of simulations will capture at least one
ramp. D. Number of changepoints detected when the threshold is applied. For most
simulations the threshold still yields multiple changepoints.
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Figure 3.4: lambda is more inconsistent in selecting ramps. Left panel shows the selected
ramps at different levels of the hyperparameter linear penalty for PELT. Right panel shows
the selected ramps for the different values of lambda. Grey lines represent the 'ground
truth' changepoints.

3.3.3 PELT outperforms other methods in precision of ramp detection.

To test how Gaussian noise affects the precision of the ramp detection, we mea-

sured the precision of each method while varying the standard deviation of the

Gaussian noise applied to a piecewise linear ramp. PELT performs best on preci-

sion at most noise levels, and its performance is comparable to the 'ground truth'

of the Opt algorithm (see �g. 3.6). The l1tf performs well at lower noise levels

but begins to 'miss' ramps at higher noise levels. SDA has poor performance

throughout most noise levels compared to the other methods. At very high noise

levels, the precision of PELT method begins to get better than even that of the

Opt method. One possible explanation for this is that the penalty factor helps to

smooth the data and deals with noise better, but the Opt solution will over�t on

noisy data. The average precision is not only higher for the PELT method, but the

precision itself also has a lower standard deviation, meaning that there are fewer

simulations where PELT is not precise.

3.3.4 PELT shows higher RMSE than l 1tf on detected ramps.

To measure how accurate each method is in detecting changepoints across varying

levels of noise, we measured the RMSE of the already detected ramp. Only ramps

that were detected were included in this analysis; thus, this analysis does not rep-
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Figure 3.5: The l1tf is much less robust to changes in the hyperparameter compared to
PELT. Top panel shows the distribution of RMSE errors between all levels of l . Bottom
panel shows the distribution of RMSE errors between all levels of penalties in PELT. We
have removed the results where there is a less than .01s RMSE as these mostly constitute
zeroes or very minor differences in changepoints. We can see that the difference in RMSE
between lambda values is much higher than the difference between linear penalties of
PELT, making PELT a more robust method.
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Figure 3.6: PELT has the highest precision compared to other methods. A. Precision
of each method across varying noise levels (5-50ms standard deviation). B-E. Precision
of each method across varying levels of noise with standard deviation of their precision
plotted. PELT has the lowest standard deviation of precision.
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resent missed ramps. SDA performs the worse throughout all levels (see �g. 3.7).

PELT performs better than l 1tf at lower noise levels but worse at higher noise

levels. This means that, at low noise levels, PELT has both higher precision and

better accuracy (RMSE) than l1tf. At higher noise levels, PELT can still detect the

ramps (higher precision) but may be less accurate in detecting the changepoints

due to the noise. We can see from the standard deviations of RMSE in �g. 3.7 that

l1tf rarely 'accepts' ramps above a RMSE of .2s.

3.3.5 l1tf is biased towards shorter ramps.

To further investigate the strengths and weaknesses of each method, we look at the

distribution of detected ramp characteristics (changepoint, endpoint, amplitude,

length) of each method.

The distribution of lengths, changepoints and amplitudes were evaluated for the

simulation with 30 standard deviation Gaussian noise. l1tf seems to detect the

changepoint relatively accurately compared to other methods. However, it detects

a shorter length in general. This suggests that l1tf tends to fail to detect the

endpoint accurately.

3.3.6 Quality measure in simulations

We veri�ed our method by looking at the different qualities of each simulated

scenario. We wanted to ensure that the quality measure found the difference

between steps, uniform �ring rate and a ramp. We chose to generate poisson �ring

rates from a perfect ramp. We then generated the other simulations (step, uniform,

and piecewise) with low noise level of 5 to replicate the noise in the generated

poisson �ring rate ramp. Furthermore, we wanted to capture ramps where the

signal-to-noise ratio was higher, where the detected piecewise component better

represents the actual �ring rate. For the non-uniform scenarios, there is usually

only one low quality segment (see �g. 3.9). The step �ring rate scenario has three

segments, two segments where the �ring rate is uniform and one segment where

the �ring rate is a step. In the CDF, we could see that the step simulated data has

a couple of segments below 25 quality and some between 25-50, which is the step

(see �g. 3.10).
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Figure 3.7: RMSE for each method. A. Root mean square error of each method across
different noise levels. B-E. RMSE of each method across varying noise levels with a stan-
dard deviation of their RMSE plotted. Each simulation was run 1000times. At low noise
levels, PELT has the lowest RMSE, although most methods have relatively low RMSE at
low noise levels. At high levels, PELT and l 1-trend �ltering performs the worst in terms
of RMSE, but that is simply because it can detect more ramps.
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Figure 3.8: l1tf detection is inconsistent. Results shown are run with 30ms standard de-
viation Gaussian noise similar to �g. 3.2. A. Probability distribution of different change-
points for each method. Grey vertical line represents the ground truth changepoint. B.
Probability distribution of different endpoints for each method. Grey vertical line rep-
resents the ground truth endpoints. C. Probability distribution of different detected am-
plitudes for each method. Grey vertical line represents the ground truth amplitudes. D.
Probability distribution of different detected lengths for each method. Grey vertical line
represents the ground truth lengths.
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Figure 3.9: Quality between stepping segment and ramping segment is signi�cantly
different. Quality of each detected ramp in the caption. Each panel demonstrates the
different types of z-score �ring rate patterns. Gaussian noise of 5 was used to replicate
noise level in poisson simulated �ring rate. Each coloured line shows the detected piece-
wise segment using PELT. No amplitude or length �lters were applied to the segments.
Qualities of a step piece are low.
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Figure 3.10: Qualities for step simulated data and uniform �ring rate simulated data
are often below 50 quality. The cumulative distributive function of quality on each of
the different simulation scenarios. A. CDF of uniform simulated data. Qualities for noisy
uniform �ring rate are primarily under 50. B. CDF of quality for step simulated data. As
with panel A, most of the qualities are also below 50. C. CDF of poisson simulated ramp.
Most of the values are between 250 to 1500for the ramp segments. D. CDF of piecewise
ramp with Gaussian noise. Most values are above 250with ramp segments.
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3.4 Discussion

In this chapter, we investigated algorithms to detect and characterize �ring rate

ramps using realistic simulations of �ring rates. We demonstrate that these algo-

rithms have trade-offs with the number of hyperparameters and the algorithm's

effectiveness. We also used PELT to build piecewise segments and then �lter them

for ramps. PELT is able to detect ramps more accurately, especially at higher noise

levels. This method is also more robust to hyperparameters and requires one less

hyperparameter than l 1tf. Our method also uses a similar number of hyperpa-

rameters as SDA but is far more precise. Furthermore, our ramp detection also

has a lower RMSE than SDA.

3.4.1 Comparison with previous approaches

Ramp detection algorithms should have as few hyperparameters as possible while

still being able to detect ramps successfully. While SDA has only one easily tun-

able hyperparameter, its performance on ramp detection is generally poor. Fur-

thermore, a ramp can be disrupted via a 'bump' that exceeds the door of the

SDA algorithm for just one time point, making it very sensitive to 'bumps' in an

otherwise perfect ramp. This makes it less suitable for noisy �ring rate ramps.

Using l 1tf to generate piecewise components performs better than SDA. However,

l1tf requires two hyperparameters, l and g, which are sensitive and are not robust

to small changes. l at low values provides a better �t to the data but generates

many more segments. In contrast, high values of l generate fewer segments but

provide a worse �t. We found that l can affect ramp detection in unpredictable

ways, making it dif�cult to select and not robust. Furthermore, g values used to

extract changepoints can be sensitive, and the number of changepoints can vary

widely despite the data having similar properties (e.g. low Gaussian noise with a

similar ramp).

In the l 1SW (Sevlian and Rajagopal,2013) and an optimized version of SDA (Cui

et al., 2021), a ramp score function was used to help solve the problem of com-

bining segments. In essence, each segment was given a score, and segments that

did not pass the ramp thresholds were given a score of 0. Segments will then be

combined and similarly given scores. The ramp with the highest score will then

be selected. This method of combining segments helps to alleviate the problems of
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both l and g parameters. However, combining segments in such a way increases

the error between the signal and the detected ramp. This is not ideal in �ring rate

ramps where precise �ring times of neurons can in�uence behaviour.

PELT uses a single robust parameter and performs the best amongst these meth-

ods across our simulations. We constructed segments out of the changepoints that

PELT detected and �ltered each of these segments by our ramp rules. In contrast,

l1tf provides an exact piecewise solution given a regularization parameter l , after

which the in�ection points of the solution have to be extracted as changepoints.

Wind ramps from the same region and within the same dataset tend to be very

similar (e.g. wind ramps measured from a wind ramp farm in Norway have very

similar structures (Hannesd óttir and Kelly, 2019)). However, in neuroscience,

spiking activity within the same region from different neurons can be highly

varied. For example, although we use z-scores to calculate our �ring rates in

later chapters, neurons within the same region may have different strengths of

responses and �uctuations when their �ring rates are ramping. This makes it

particularly tough to tease out ramp events in �ring rates.



Chapter 4

Properties of ramping activity in

the basal ganglia

4.1 Introduction

4.1.1 Inhibitory control and ramping �ring rates.

In the previous chapter, we investigated various ramp detection algorithms in �r-

ing rate simulations. We found that PELT performed the best for our simulations,

and in this chapter, we applied it to �ring rate data from basal ganglia. Although

previous studies have identi�ed ramping �ring rates in the striatum or thalamus

during hold periods (London et al., 2018; Emmons et al., 2017; Mirzaei et al., 2017;

Donnelly et al., 2015; Narayanan, 2016), few studies have looked at ramping in

multiple regions simultaneously. Here, we investigate the differences between

ramping in several basal ganglia regions, including the STN, SNr, Str, GP and

thalamus.

Previous studies used methods such as �tting a linear model (see Emmons et al.

(2017); London et al. (2018)) or principal component analysis (Mirzaei et al., 2017;

Donnelly et al., 2015). Neither of them provides the properties of ramps, such as

the startpoint, endpoint, slope, duration, and amplitude. Here, we analyze these

ramping characteristics in the 'hold' period of a stop-signal task (Schmidt et al.,

2013; Mallet et al., 2016).

55
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Typically, ramp detection relies on �ring rates average over multiple trials. It is

currently unclear how well the identi�ed ramps in the trial-averaged data capture

ramping at a single trial level. In the context of cortical accumulation of evidence,

it has been debated whether ramping trial-averaged responses in motor cortex are

ramping or stepping in their single trials (Latimer et al., 2015; Zhao and Kording,

2018; Zoltowski et al., 2019). This is important because it directly affects possible

functions of ramping activity (Narayanan, 2016). Here we examined both trial-

averaged and single-trial �ring rates in rats during the hold period of a stop-

signal task in order to determine whether ramping occurs in the context of action

restraint and waiting.

Overall, we found ramping activity in neurons in all basal ganglia subregions and

thalamus, and the properties of the ramps were mostly similar across subregions,

except for the amplitude of the ramp. These strong ramps were found in the STN

and SNr of the basal ganglia, supporting their role in action restraint. Further-

more, in neurons with ramping activity in the trial-average, single-trial activity

exhibited either step or ramp-like �ring rate changes. This indicates that ramps

visible in the trial average while animals wait for a Go cue can be due to step-like

or ramp-like single-trial activity.

4.2 Methods

4.2.1 Dataset

The dataset consisted of recordings from the STN, Str, SNr, GP, and the thalamus

during a stop-signal task (Schmidt et al., 2013; Mallet et al., 2016). In the stop-

signal task, each trial began with the animal entering an illuminated nose-port,

where it waited then for an auditory Go cue. This time period constituted the

hold period during which it had to remain still. The duration of the hold period

was randomized between .8s and 1.2s. Data was taken from 10 rats, with an

overall total of 400sessions (each lasting 90 minutes). Only correct go trials were

used.
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4.2.2 Data Analysis

All data analysis was performed using custom-written MATLAB and Python

scripts. The spiking data was aligned to either the Nose in or the Go cue event.

Firing rates were then calculated by smoothing these values with a 45ms Gaussian

kernel. We then obtained the z-score �ring rate of each neuron using the session-

wide mean and standard deviation of the �ring rate of that neuron. For our ramp

analysis, we looked at the �ring rates from 2s before the Nose in event to 2s after

the Go cue event.

4.2.3 PELT algorithm

We utilised the PELT changepoint algorithm, which was identi�ed as the most

accurate in the previous chapter 3 on simulated ramps. Following veri�cation

of the algorithm, we applied the method to detect ramps from �ring rate data

in recorded regions of the dataset. As we are mainly interested in ramps within

the hold period, we only considered ramps that started within 0.5 seconds of the

start of the hold period. When looking at the Go cue aligned trial-averaged �ring

rate ramps, we considered ramps within . 5 seconds of where the possible Nose in

event is. This is between 0.5 to 1.5 seconds before the Go cue.

Ramps with quality above 50 are less likely to be spurious ramps or steps as

measured in chapter 3. Thus, we �ltered away ramps with quality below 50. This

is a conservative approach as the simulation conducted in chapter 3 used very

low levels of Gaussian noise (see Appendix B for examples of �ring rates where

no ramps were found).

Single trial analysis

In the subset of neurons with a ramp detected in the average �ring around the

hold period, we analysed the single-trial spike trains to determine whether they

re�ected ramping or step-like changes in activity. This was done by calculating

the likelihoods of a ramp and a step model �tting to the average �ring rate of

the detected ramp. For the step model, we built ten steps across the length of the

ramp. These steps varied in length, determined by the slope of the �ring rate. The

time point of the initial step was determined to be at 10% of the total �ring rate,

and subsequent steps at every10% increase in the amplitude of the �ring rate (see
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�g. 4.1).

We selected the timepoint of the step that has the highest likelihood 4.1 for likeli-

hood of a spike train:

L = Õ
i

p(V )xa

xa!
exp� Dp(V ) (4.1)

where xa is the number of spikes in the ath bin, i is the total number of timepoints

and V is the trial-average ramp.

We then attained the Akaike Information Criterion (AIC) score for the single trial

for both the ramp and step model, de�ned as:

AIC = 2k � 2 ln(L) (4.2)

As the step model has a single parameter, the time step in 4.1, we de�ned k = 1.

The ramp model has no parameters as it is completely constrained by the data.

Thus we de�ned k = 0. L is the likelihood that the �ring rate is derived from

either the step or ramp model. The difference in AIC scores, d, expresses how

similar the experimental trial is to each of the models (see �g. 4.2). Sometimes,

thresholds for d values are used to determine strong or weak evidence between

two models. However, in this case, they can be affected by the characteristics of

the �ring rate ramp. Thus, a better solution would be to compare these values

with simulated values.

For each trial, we generated simulated Poisson spike trains from the average de-

tected ramp of each neuron. In the step simulation, we provided the spike trains

with ten steps (see �g. 4.1 for an example). In the ramp simulation, we simply

generated ramps from the �ring rate of the detected ramp. Finally, we matched

the number of simulated trials with the number of actual trials in the dataset (see

�g. 4.2). For each of these matched trials, ad score is obtained. The result is a

distribution of d scores for simulated steps, stimulated ramps, and experimental

data.

The distribution of d scores can be affected by the characteristics of the detected

ramp (e.g. length, amplitude, and slope) and model comparison methods are
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Figure 4.1: Calculation of steps in the step model. The �ring rate of the Step model (blue
line) is �tted to an example detected ramp (black line). The time point of the �rst step
was �tted to the point when the �ring rate reached 10% of the maximum �ring rate. Each
subsequent step occurred when another 10% of the �ring rate was reached so that a total
of 10 steps correspond to the whole detected trial-averaged �ring rate ramp. This method
allowed us to account for �ring rate changes in any ramp with steps, as it ensured that
more steps occurred in regions when the �ring rate increases were steeper.
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frequently inconsistent when comparing models that differ greatly (Zhao and Ko-

rding, 2018); thus, we used these simulations to ”baseline” d score distributions.

The full calculation process is shown in �g. 4.3. After the d histograms were gen-

erated for the experimental and simulated data, the Kolmogorov–Smirnov (KS)

test was then used to compare the distribution of d scores within simulated model

distributions and between them. For the stepping model, for example, KS scores

were �rst calculated between all the generated d histograms for stepping (step vs

step). KS scores were then calculated between each of thed histograms for step-

ping and ramping (step vs ramp). For each of these, the KS scores were averaged

to produce an overall KS score for the step vs step and a score for ramp versus

ramp. The difference between these two scores was then calculated (KS difference

score). This process was repeated for the ramping data, with the �nal difference

score between the averages of ramp vs ramp and ramp vs step. KS scores were

also calculated for the experimental data by comparing the single experimental

AIC histograms to all histograms for stepping and all histograms for ramping.

A difference score was then calculated between the two, as with the simulated

models. This process was repeated for all neurons in all regions, resulting in three

scores for each neuron- the step, ramp and experimental KS difference scores. We

will denote this KS difference score as Gi for each neuron i, such that positive

values suggest the trials are more step-like and negative values suggest the trials

are more ramp-like. Gi values close to0 are unclear, and therefore not categorized

as either ramping or stepping. Therefore, we categorized Gi values below -.1 as

ramping, and above .1 as stepping.

4.3 Results

4.3.1 Ramping activity occurs during the hold period throughout the
basal ganglia.

In the stop signal task, a cue light indicated to the animal which nose port to enter.

The entrance into the nose port triggered a hold period, during which the animal

had to remain in the nose port until an auditory Go cue occurred. The frequency

of the Go cue tone indicated whether the animal had to quickly move to the left

or right side port (unless the stop-signal was presented as well). Notably, the

animals had to remain still during the hold period to perform the task correctly
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Algorithm 3 Algorithm ramping vs stepping.

Input: signal f xtgT
t= 1, cost function C( �), penalty value b, constant K, minimum

amplitude A, minimum length L.
Initialise: n = length of time series, set F(0) = � b, changepoints CPO(0) = NULL,
R1 = f 0g For: p� = 1, ...,n
Calculate F(p� ) = min p2 Rp� [F(p) + C(x(p+ 1):p� ) + b]
Let p1 = argf min p2 Rp� [F(p) + C(x(p+ 1):p� ) + b]g
set CPO(p� ) = ( CPO(p1), p1)
set Rp� + 1 = f p � \f p 2 Rp� : F(p) + C(xp+ 1:p� ) + K < F(p� )gg
Record changepoints in CPO
Initialise: m = length of CPO, k = number of trials, RS = poisson spike train gen-
erated from ramp X(S:E), SS = stepping simulation generated from ramp X(S:E)
(see4.1), startpoint S, E = endpoint E
For: cp = 1, ....,m
Let S = CPO(cp)
Let E = CPO(cp+ 1)
Let y = f r : r = X(S) + [ X(E)� X(S)

E� S ]t, t 2 f 0,(E � S)gg
Let

f (x) =

(
x if 0 < x < 1

1 if x > 1

Let Q = (x(S)� x(E)) 2

s2
xa:b� ya:b

x f (E � S)

If X(E) � X(S) > A and E � S > L and Q > 50 :
For: i = 1, ...k:
Calculate L = Õ i

p(V )xa

xa! exp� Dp(V ) (see4.1)
Calculate AIC = 2k � 2 ln(L)
Output: Record AIC values in AICO(i) for ramp simulation, step simulation and
data
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Figure 4.2: Single trial models: building ramping and stepping models. Orange line on
top two panels represent the original ramp. Blue line on the top right panel represents the
average �ring rate of all the simulated trials. Black line on the top left panel represents
the average �ring rate of all the simulated steps. Dotted lines represent the �ring rates
for each step. Here, we show a simple example with equal-sized steps. Poisson spiking
models are then generated using the ramp or step model (second row rasters). Next, the
Z-score trial ramps are calculated for each trial (third row). AIC score histograms show
whether the single trials are more step-like (rightward bias, see bottom left) or ramp-like
(leftward bias, see bottom right).
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Figure 4.3: Single trial baseline calculation process. First, the AIC difference scores of
the �ring rates for a single neuron over all trials were plotted. Here we show an example
for a GP neuron (see top left of the �gure). Using this neuron, we built Poisson �ring
rates that would produce the experimental ramp if the data came from either a stepping
or a ramping model. AIC difference scores were calculated for each trial (see histograms
below rasters to left of panel). This was repeated to generate multiple stepping and
ramping Poisson spiking and corresponding AIC difference score histograms. In this
example, we calculated ten generated models for each of stepping and ramping. Next,
the AIC difference score distributions were compared by calculating the KS score between
them. Two comparisons were made for each of the experimental data and the stepping
and ramping models. The experimental data were compared �rst with the ramp AIC
and then with the step AIC (see top row). For the step and ramping models, each AIC
histogram was compared with all others generated from the same model (e.g. step is
compared with all other step models AIC, and ramp with all other ramps). Then, the
AIC histograms were compared to those from the other model so that step and ramp
were compared, and vice versa. For each comparison, an average KS score was calculated
and compared with the other average KS scores calculated for each model. For example,
see middle row, the KS difference is calculated between the average score from the ramp
vs ramp and ramp vs step model. The top right inset shows the average histogram for
one neuron with AIC difference scores for each model and experimental data. The KS
scores would indicate that the neuron favours the step model. This whole process was
then repeated for each neuron in a region where ramp and step models were built and
compared. This resulted in three KS difference scores for each neuron. The cumulative
distribution of these can be seen in the bottom right. The black line shows the ramp
model, the red step model, and the experimental data is the central blue curve. If the KS
score of a neuron for that region falls to the left of the red line, it likely favours the ramp
model and, to the right, the step model. The area between the red central dashed lines
demonstrates the uncertainty zone, where it is unclear if the experimental data was more
likely generated from the ramp or step model.
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Figure 4.4: Ramp detection with PELT. Examples of ramp detection using the PELT
algorithm for the thalamus (panel A), SNr (panel B) and STN (panel C). Z-scored �ring
rates are calculated between -2(s) and +(2s) around Nose in or the Go cue (Green line)
and smoothed with a Gaussian �lter. Grey box indicates Go cue in panel A and B, and
Nose in in C. Start points are highlighted in red. Where a ramp is detected between the
startpoints the �ring rate for this piecewise segment and �tted linear ramp are shown in
orange. Panel A shows a positive ramp, and panel B,C, show negative ramps.
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and potentially receive a food reward. Therefore, they had to exert action restraint

to prevent any premature movement out of the port.

To identify and examine ramping in the average �ring rate of each neuron, the

neural activity could be aligned to the start or endpoint of the hold period (i.e. the

Nose in or Go cue event, respectively). As the duration of the hold period was

randomized (in order to prevent the animals from being able to predict the onset

of the Go cue), the alignment of the neural activity affected the interpretation. For

example, transient response to the Go cue could create a spurious ramp starting

towards the end of the hold period when aligned to the Nose in event (see �g 4.5).

In both examples shown in �g 4.5, a ramp was detected in the Nose in alignment,

but not the Go cue alignment. When we align the �ring rates to Nose in, indi-

vidual trials have different Go cue timings, and strong responses to the Go cue

could be staggered such that a spurious ramp is formed when aligned to Nose in.

Similarly, ramps aligned to the Go cue could result from strong responses to Nose

in. Therefore we detected ramps for both alignments separately and required

that a ramp was present in both alignments to avoid spurious ramps entering the

analysis.

Overall, all basal ganglia subregions (and the thalamus) contained a signi�cant

number of neurons with a ramping �ring rate during the hold period ( 8-13.9%;

see Table4.1). Noticeably, the highest proportion of ramping neurons was present

in thal ( 13.9%). The proportion of ramps that were due to increasing and decreas-

ing �ring rate (i.e. positive or negative ramps) were similar in all regions. We

conclude that a subset of neurons in all basal ganglia subregions (as well as the

thalamus) exhibited ramping activity while animals were waiting for a Go cue.

However, the proportion of ramping neurons was lower than in some previous re-

ports (Donnelly et al., 2015; Mirzaei et al., 2017), in line with a more conservative

detection algorithm.

4.3.2 Ramp properties differ across the basal ganglia.

In the next step, we then examined the detected ramps in each subregion in more

detail. For each subregion we visualized the average ramp (separately for positive

and negative ramps) of each neuron with a line indicating the ramp's start and

endpoint relative to the Nose in and Go cue events (�g. 4.6). For ramping activity

that merely occurs randomly and independent of the task events, a null hypothesis
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Figure 4.5: Sharp transient activity after Go cue can result in ramp-like activity in Nose
in aligned scenario. Each row shows the �ring rate of an STN neuron aligned to both
Nose in and Go cue. Only detected ramps that start within 0.5 seconds of the Nose in
alignment and between -.5 seconds to -1.5 seconds before the Go cue in Go cue alignment
were highlighted. Our approach of observing ramps in both event alignments ensured
that spurious ramps like this were avoided.
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Region # Neurons
# Ramping neurons

during hold
# Positive

ramps
# Negative

ramps

Str 887 70(7.9%) 42 (4.7%) 28 (3.2%)

GP 515 58(11.3%) 32 (6.2%) 26 (5.1%)

SNr 207 27(13.0%) 18 (8.7%) 9 (4.4%)

STN 258 30(11.6%) 13 (5.0%) 17 (6.6%)

Thal 345 48(13.9%) 20 (5.8%) 28 (8.1%)

Table 4.1: Ramping activity in basal ganglia neurons is common while animals
wait during the hold period. For each region, ramps during the hold period
were detected using the PELT algorithm, with the data being aligned either to
the Nose in or the Go cue event. We only included ramps that were detected
in both alignments. The total number of recorded neurons is given (column 3)
together with the number of neurons with an identi�ed ramp during the hold
period (column 4). Identi�ed ramps were then further split up into ramps with an
increasing �ring rate (positive ramps) or decreasing �ring rate (negative ramps).

is that the ramp onset time points are uniformly distributed in the time window.

To account for the varying duration of the hold period, we then determined start

and endpoints of all ramps for Nose in and Go cue alignment respectively for

more accurate measurement of ramp properties, as well as their duration and

amplitude.

For the analysis of the ramp properties, one main question was whether the ramps

in different regions had overall the same properties. We performed ANOVAs

on various ramp properties (see Table 4.2). Length, amplitude, and slopes are

calculated from the difference between the Go cue aligned endpoint and Nose

in aligned startpoint. We found signi�cant differences in amplitude for negative

ramps after multiple comparisons correction (see Table 4.2). In addition, we found

that the mean value of amplitude for negative ramps was signi�cantly different

between SNr and GP (p = .0014, t-test for multiple comparisons), SNr and thal

(p = .0001, t-test for multiple comparisons). In general, SNr had negative ramps

with much lower amplitudes (see Table 4.3). No signi�cant differences in ampli-

tude were found for positive ramps (see Table 4.2).
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We found no signi�cant differences between regions in the startpoints for both

negative and positive ramps. Most regions have a mean near the Nose in event

(see Table4.3), although this might result from our constraints on startpoints.

We found no signi�cant differences between regions in the endpoints for positive

and negative ramps. Most regions have a mean near the Go cue event (see Ta-

ble 4.3). However, standard deviations for positive ramps' endpoints are smaller

and closer to 1 second (the go cue) than those in negative ramps. This suggests

that negative ramps tend to end later while positive ramps tend to end near the

go cue.

It should be noted that standard deviations are higher in endpoints than start-

points as they have less of a constraint. Startpoints are �ltered only within . 5

seconds of the Nose in event, meaning it has a range of possible values up within

1 second. However, endpoints could end anywhere up to 2 seconds after the Go

cue, which means the range of possible values could be up to 3 seconds.

We found no signi�cant differences between regions in the lengths for negative

and positive ramps. Most regions have a mean length between 1- 1.4 seconds (see

Table 4.3).

In general, SNr had strong negative ramps; these ramps were also of the highest

mean length (see 4.8, although no signi�cant differences in length were found.

This is re�ected in SNr negative ramps ending and starting later than every other

region on average (see Table4.3). They also had the most negative slopes at -

2.2 z-score per second. These negative ramps also had a far more concentrated

distribution of startpoints (see �g. 4.7, suggesting that they could be a similar

subset of ramps that play the same role in the behaviour.

STN has positive ramps that start shortly before Nose in �g. 4.7, similar to the

startpoints of the negative ramps in the SNr; they are also concentrated and have

a low standard deviation (see Table 4.3). These ramps were, on average last to start

when aligned to Nose in and have the strongest slope (1.99 z-score per second).

To test whether ramps that started later in the hold period ended later, we looked

at correlations between startpoints and endpoints of various regions. No regions

were found to have signi�cant correlations after corrections for multiple compar-

isons.
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To better understand the activity of these ramping neurons throughout the task,

we calculated the population average of these ramping neurons for each alignment

�g. 4.9. We did not only look at the segments that were ramping but the entire

�ring rate around the trial event. In general, and in all regions, while positive

ramps tend to end at the Go cue, negative ramps tend not to end later (e.g. in the

thalamus and Str in �g. 4.9).

We can clearly see that the �ring rates with SNr negative ramps had a sharp in-

crease in activity near the Nose in event. However, the ramp gradually decreased

over the hold period until shortly after the Go cue, when there was a small in-

crease in activity. This supports the idea that these negative ramps are responsible

for action restraint in the hold period.

STN and SNr both have stronger z-score positive ramps 4.9. These ramps also

more clearly re�ect the reaction to Nose in, unlike other regions where population

averages seem to start earlier.

Overall, these strong positive STN, positive SNr and negative SNr ramps are sug-

gestive that these regions are involved in the hold period and both reactive inhi-

bition (such as action cancelling in the stop signal task (Schmidt et al., 2013)) and

proactive inhibition, such as action restraint in hold period.

Ramp direction Startpoint (F, p) Endpoint (F,p) Length (F,p) Amplitude (F,p) Slope (F,p)

Positive (.89, .47) (.43, .78) (1.04, .38) (1.1, .35) (1.9, .1)

Negative (2.6, .04) (1.4, .24) (.73, .57) (7.0, p < .0001)** (3.78, .0067)*

Table 4.2: ANOVA shows signi�cant differences in amplitudes of negative
ramps in the hold period. Table of ANOVA results for each ramp characteristic.
F value is displayed �rst, followed by the p-value. P-values are before multiple
comparisons. * represents that the ANOVA has p < .05. ** represents that the
ANOVA has p < .05 after Bonferroni correction. Start points were taken from
Nose in aligned trials. End points were taken from go cue-aligned trials. Length,
amplitude, and slopes are calculated from the endpoint and startpoint.
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4.3.3 Ramp characteristics do not re�ect single trial behaviour

Ramps in the average �ring rate of a neuron can be due to ramping activity in sin-

gle trials, but, importantly, also due to step-like changes at different time points,

which then appear as a ramp only in the trial average. To determine whether a

single trial is more likely to have a ramping or step-like �ring rate change, we

compared the experimental data with simulations based on spike trains with ei-

ther ramping or step-like �ring rate changes (see Methods). Our method then

yielded an overall score Gi for each neuron i, with positive values indicating that

the ramp was due to steps in single trials and negative values indicating that

the ramp was due to ramps also in single trials (see top row of �g. 4.10). More

examples of single trial AIC distributions and raster plots can be found in Ap-

pendix B.6.

To determine whether a given subregion shows single trial ramping or stepping,

we examined the resulting cumulative distributions of Gacross neurons from the

same subregion. We obtained three distributions of G: Gexp from the experimental

data, Gramp from the ramp simulation and Gstep from the step simulation (�g. 4.11,

4.12).

We found that most regions have many unclear neurons (de�ned by a less than

.1 difference in KS scores) that are neither stepping nor ramping (see �g. 4.11).

Also, most regions have slightly more stepping neurons than ramping neurons.

Noticeably, the striatum has the highest number of stepping neurons and SNr

negative ramps seem to be more ramp-like in general.

In the positive ramps of the SNr (see �g. 4.11), the Go cue aligned trials of SNR

are more step-like, while the Nose in aligned trials of the SNr are ramp-like. This

is mainly because SNr ramps have a very strong increase in activity at Nose in

(see �g 4.9). If this strong increase in activity is within the parameters of our

de�nition of a ramp, it will be captured by our ramp detection algorithm. This

ramp will have startpoints that are not in�uenced by the variable delay in Go

cue. Their endpoints are similarly not affected as they end before the Go cue.

However, when aligned to the go cue, this activity will present as a longer ramp,

as though several step-like ramps are averaged across trials. The longer length of

the detected Go cue aligned ramp will then capture the plateaus or dips at the

end of the strong ramp in the single trials. Thus, we �nd that for the SNr, there
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Figure 4.6: Single neuron ramps cover the hold period in all basal ganglia subregions .
The four columns show positive and negative ramps separately for alignment to the Nose
in and the Go cue event, respectively. Each row shows a different basal ganglia subregion
(and thalamus). In each panel, the coloured line covers the ramp of a single neuron's ramp
from its startpoint to its endpoint. Within each subregion, the ramps were ordered by their
starting point. The grey box indicates the time range in which the Go cue could occur (for
Nose in alignment) and the time range in which the Nose in event could occur (for Go
cue alignment). The diagonal black lines mark the ramp starting points for hypothetical
uniform starting point distributions.
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Figure 4.7: STN positive ramps start close to the go cue. Violin plots of startpoints
and endpoints of detected ramps. The startpoints and endpoints of detected negative and
positive ramps. Start points were taken from the Nose in alignment, while endpoints were
taken from the Go cue alignment. Faint coloured violin shows the endpoint distribution
in the startpoint violin plot and vice versa. Most ramps start at a mean of around one
second before the Go cue, on average. This is the mean of where the hold period usually
starts. Similarly, most endpoints end around the Go cue.
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Figure 4.8: SNr has strong negative ramps (amplitudes are much lower) compared to
other regions. Lengths are very similar across regions. Violin plots of amplitude and
length of the detected ramps for both positive and negative ramps. The length and ampli-
tude are both derived from deducting the respective values of the Go cue aligned endpoint
from the Nose in aligned startpoint.
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Figure 4.9: Population average of ramping neurons in each region show ramps end
shortly after movement onset. We averaged the �ring rate across all neurons of a popu-
lation. STN and SNr show strong population average positive ramps. SNr shows strong
population average negative ramps.
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Figure 4.10: Detected ramp in SNr has ramping single-trial �ring rates. Top row shows
AIC score distribution on the left and the cumulative distribution of AIC scores on the
right. Middle row shows the �ring rate of the detected ramp on the left with the raster
plot of the trials on the right. Bottom row shows raster plots of simulated steps and
ramps.



CHAPTER 4. RAMPING IN THE BASAL GANGLIA 77

are differences in Go cue and Nose in single trial activity despite comparing the

same data.

AIC scores in experimental data can be higher or lower than in simulations. For

example, the poisson �ring rates are built out of the average ramp, with a baseline

�ring rate at the start. However, ramps can start at 0 �ring rate for some trials

to construct a 'perfect ramp', while the baseline �ring rate is built out of other

trials. Despite this, populations of neuronal �ring rate have lower Gvalues than

simulations (see �g. 4.11, 4.12).

We might expect that ramp shape and characteristics vary between stepping neu-

rons and ramping neurons. For example, single-trial stepping neurons and single-

trial ramping neurons could form two different subtypes of ramps, which is re-

�ected in the trial-averaged �ring rates. To �nd that out, we calculate the corre-

lation score between Gexp and the various ramp characteristics, such as �ring rate,

startpoint, endpoint, length and amplitude (see Table 4.4). However, for most re-

gions and ramp characteristics, there is no signi�cant correlation between them,

suggesting that we are unable to accurately capture how ramping single neurons

respond in trials from their average �ring rates.

4.4 Discussion

We adapted methods from the changepoint and the wind ramp detection litera-

ture to detect and characterise ramps in the basal ganglia. More speci�cally, we

used PELT to detect changepoints in the time series of a �ring rate and generated

piecewise segments from those changepoints. Finally, we require thresholds for

minimum amplitude and length to detect a ramp, similar to many papers in the

wind ramp literature. Our method allows us to accurately characterise when a

ramp starts, ends, and its amplitude, unlike most past analyses, which identify

this qualitatively. This allowed us to more objectively identify and characterise

individual ramps that start at the hold period. Furthermore, the de�nition of a

ramp in neuroscience is lacking, with some papers looking at ramps as low as

.3 seconds (see Catanese and Jaeger (2021), and others as long as12 seconds see

(Emmons et al., 2017)). Varying ramp properties could signify different types of

function.

In the 'hold your horses' models of the STN (Frank, 2006), ramps in the hold



CHAPTER 4. RAMPING IN THE BASAL GANGLIA 78

Figure 4.11: Positive ramps in all regions are a mix of stepping and ramping single-
trial activity. Cumulative plots of single trial simulations for positive ramps. Cumulative
number of ramps in each region for each difference in KS score, aligned to Go cue or Nose
in. When the experimental data is closer to the red line, this indicates more stepping-
like neurons. Whereas when it is closer to the black line, it indicates more ramping-like
neurons.



CHAPTER 4. RAMPING IN THE BASAL GANGLIA 79

Figure 4.12: Negative ramps in SNr and STN are mostly ramping in single trials. Cumu-
lative plots of single trial simulations of negative ramps. Cumulative number of ramps in
each region for each difference in KS score, aligned to Go cue or Nose in. When the exper-
imental data is closer to the red line, this indicates more stepping-like neurons. Whereas
when it is closer to the black line, it indicates more ramping-like neurons.
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period might be involved in preventing premature movements before the Cue to

receive a reward. Many of these STN ramps were similarly found in (Mirzaei et al.,

2017). However, despite using the same dataset, we found fewer ramping neurons

compared to (Mirzaei et al., 2017). This is generally because our approach to ramp

detection is more conservative than them, in particular, we only selected ramps in

both Nose in aligned and go cue aligned trial-averages. This selection removed

many ramps that had spurious ramps in the STN, where the Nose in aligned

ramps were due to transients in the Go cue. Furthermore, we also quanti�ed the

start of these ramps and found that many of these STN ramps start at the onset of

Nose in, providing further support for the 'hold your horses' model of the STN.

Still, we found only 11.6% of ramping neurons in the STN compared to the 77%

found in Mirzaei et al. ( 2017). Our single trial analysis of these ramps suggests

that it is unclear whether they are stepping or ramping and is likely a mixture of

both. This contracts the hypothesis that ramping in the STN is preparatory. More

complex �ring rates can also result in ramping on the trial-averaged �ring rates,

which could be investigated in future research.

We found strong negative SNr ramps. Surprisingly, these ramps lasted slightly

longer than the go cue on average and started slightly after the Nose in event.

This could be more in line with the movement initiation of the rat rather than the

Go cue itself. Downramps in GPi (Similar to the SNr in the rat) were found in

primates in the hold period before reaching movement (Thura and Cisek, 2017).

This is in line with what we found here in the SNr. Overall, negative ramps in

downstream structures of the basal ganglia support �ndings of positive thalamic

ramps before movement (Catanese and Jaeger,2021). They also found that single

trial units tend to have stepping �ring rates but sum up to a ramping �ring rate.

They also found that their linear decoder could better determine trial outcomes

when they used more neurons. This is in line with our analysis where single trials

are mostly stepping and discrete and not ramping. Future work could correlate

these single-trial properties to behaviour, such as reaction time.

Our selection of a minimum z-score of . 5 is conservative. In general, our conser-

vative algorithm suggests that many studies looking at ramps out there should

take caution when analysing ramps (see appendix B.7 upper right and bottom left

panel for some examples of rejected ramps just under .5 z-score). Many ramps

have been found to be noisy and have a very small increase in the z-score �ring
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rate. Our initial ramp detection algorithm, without the quality measure, captured

many of these ramps (analysis not shown). Compared to other studies, our se-

lection of a .35 second minimum ramp could also be conservative (see Catanese

and Jaeger (2021) for ¡.3 second ramps.) Furthermore, they investigated �ring rate

ramps and the threshold model of action release, suggesting that action gets ini-

tiated upon threshold release. This requires a study of �ring rate ramps without

the z-score normalization.

While there is a debate between stepping and ramping single trials in the LIP

(Zhao and Kording, 2018; Latimer et al., 2015; Zoltowski et al., 2019; Kiani and

Shadlen, 2009; Kiani et al., 2008), few studies have looked at stepping and ramp-

ing single trials in the basal ganglia. More speci�cally, the LIP studies involved

how evidence was accumulated in ramping trials but not in how ramping neurons

could be involved in inhibitory control. Here, looking at various basal ganglia re-

gions, we show that while the frequency of ramping and stepping neurons varies

across regions, striatal neurons, in general, tend to have more stepping neurons

than ramping neurons. While stepping neurons in the hold period could be re-

lated to action suppression, it is unlikely that these stepping neurons result from

anticipation of an action; for example, the animal thinks there is an increasing

chance that the Go cue is about to go on. We also �nd that, in most regions, there

is no signi�cant correlation between ramp characteristics and whether the single

trials are ramping or not. This suggests that future studies should carefully con-

sider how the single trials are �ring when investigating ramping neurons. This

is important for tasks that look at average ramps preceding the event alignment,

especially when the events vary in time (for example, the Go cue here could vary

between .8s and 1.2s) as individual steps in �ring rate that vary in start time could

add up to trial-averaged ramps.

We have only used correct Go trials in our analysis above as we were observing

inhibitory behaviour in the hold period. However, failed Go and incorrect Go

trials are much fewer and the sample size is too small to �nd enough ramping

neurons. Incorrect Go is where the rat goes into the wrong port (left when they

should be going right, and vice versa). Failed Go is where the rat fails to move

out of the centre port in time. With more trials for failed Go, we might observe

differences in ramping if inhibitory behaviour requires ramping to expect and time

events. For example, ramping behaviour could be disrupted more in failed Go
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trials. Furthermore, past studies have shown that ramping could also start earlier

in failed trials (Donnelly et al., 2015). Other studies show that ramping activity

was higher for premature licks and weaker for trials with no licks (Catanese and

Jaeger,2021). There could also be differences in amplitudes in ramps between

failed and correct Go. If movement requires ramping to hit an upper threshold,

then a small amplitude could mean that the rat fails to execute the movement.

Our method allows for comparison of different lengths of ramps, and helps to

solve the problems that AIC is known to be �ckle between two distinct models,

we used simulations to help solve that problem.



Chapter 5

Artifacts in spike-phase

entrainment

5.1 Chapter overview

In the previous chapter, we observed ramping �ring rates within the hold period

of a stop-signal task. These inhibitory behaviours have previously been observed

in oscillatory �eld potentials, for example, decreased alpha activity is linked to a

decrease in inhibitory control (Knyazev, 2007). Furthermore, Beta oscillations have

been found to be related to cue utilization (Leventhal et al., 2012), and gamma os-

cillations have been found to be related to rewards (Sevlian and Rajagopal, 2013).

Finally, the identi�cation of arkys and protos is dif�cult. Preproenkephalin is the

sole marker to identify arkys from protos (Abdi et al., 2015). Thus there is a need

to identify these two subpopulations to better study them. The use of entrain-

ment to various frequencies could be a useful method to identify them. Thus, we

�rst investigated whether arkypallidal and prototypical neurons are entrained to

gamma oscillations in the basal ganglia.

When the spike and LFP from the same tetrode were used for the entrainment

analysis, there was a bimodal distribution of entrainment in the GP where there

existed two peaks, one shortly after the trough of a gamma cycle and one on the

down phase of a gamma cycle. Upon further investigation, we found that the

arky cells and proto cells entrain to different phases of the gamma wave in awake

85
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rats. However, this entrainment disappeared when we shuf�ed the LFPs and

spikes (each spike train is tested for entrainment against an LFP from a different

tetrode). We reasoned that one possibility was that arkys and protos had different

waveforms, and typical pre-processing steps of the LFP could lead to spurious

entrainment, such as the one we found above.

In previous studies, arky and proto neurons were not found to have waveform

differences in vivo (see supplementary �gures in Mallet et al. ( 2016)), but afterhy-

perpolarization potential of arkys was found to be twice as strong as that of the

proto neurons in vitro (see table 1 in Abdi et al. ( 2015)). The data used in this

chapter was also used in Mallet et al. (2016) in the freely moving animals. As the

differences between single-unit waveforms are usually explained by a small num-

ber of principal components (Fee et al., 1996), we also looked at the coef�cients

of the �rst few principal components of arky and proto neuron waveforms. We

show that there are waveform differences between arkys and protos and that both

the �rst and second principal components capture the differences between them.

In our dataset, we �nd that both pre and post-spike normalized voltage was, on

average lower in arkys than in protos.

Finally, we wanted to test whether these waveform differences resulted in the spu-

rious entrainment we found earlier. Although studies have looked at the in�uence

of spikes on the LFP signal (Waldert et al., 2013) and found some artifactual corre-

lations between LFPs and spikes Zanos et al. (2011), none have investigated the in-

�uence of different waveforms on entrainment. Using typical LFP pre-processing

steps, we were able to replicate the mean phases of many arkys and protos with

just their un�ltered, raw spike-triggered average (STA) waveform.

5.2 Methods

5.2.1 Dataset

We used the same GP neurons from chapter 4 and limited the analysis to correct

Go trials. They were recorded using electrodes in vivo while the rat was engaged

in a stop signal task. We used the same classi�cation for putative arky and proto-

cells as in Mallet et al. (2016) by using the �rst principal component of slow wave

sleep (SWS) �ring rate, coef�cient of variation (CV) during SWS and SWS rate
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change.

5.2.2 LFP processing

For spike phase entrainment, we obtained session-wide LFPs where both putative

arkys and putative protos were recorded. We used the same tetrode for the single

unit spiking and the LFP. We used a lowpass �lter of 500Hz, then downsampled

the LFP from 31250to 496 Hz, and lastly, we bandpass �ltered the LFP by the

gamma frequency (45-55Hz) and calculated phases with a Hilbert transform. Fi-

nally, we obtained the phases where spikes occurred on the session-wide LFP and

tested for non-uniformity (Rayleigh test).

5.2.3 Waveform processing

To test whether waveform differences are able to in�uence entrainment, we ran

the un�ltered spike-triggered average waveform for both proto and arky neurons

through typical preprocessing methods. We �rst obtain an un�ltered, raw spike-

triggered average (STA) waveform of the arkys and protos (see �g. 5.1 A & B).

Then, a lowpass �lter of 500Hz is applied to the waveform, attempting to remove

higher frequencies such as that of the waveform (see �g. 5.1 C & D). Next, we

downsample the lowpass �ltered waveform from 31250to 496Hz (see �g. 5.1 E &

F). This is a common step when extracting LFP data, as such high-frequency sam-

ples are not required to analyze low-frequency oscillations. Next, we bandpass

the waveform into the gamma frequency ( 45-60Hz) (see �g. 5.1 G & H). Finally,

we obtain the phase of the spike of the gamma bandpassed waveform by using

the Hilbert transform 5.1 I & J). This process is then repeated over all the STAs in

arkys and protos to obtain �g. 5.4. For the principal component analysis (PCA),

we normalized all values of the waveform to a mean of 0 and a standard deviation

of 1. Following this, PCA was performed on the waveforms. We �rst computed

the histogram of coef�cients for both arkys and protos for the �rst, second and

third principal components (see �g. 5.3). Next, we projected the waveforms from

all the arkys and protos to those represented by their principal components (see

second row of �g. 5.3). We then did the same to arkys and protos separately (see

third row �g. 5.3).
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Figure 5.1: Differences in waveform can lead to differences in entrainment. Pre-
processing steps for spike-phase entrainment applied to the raw un�ltered waveform of
arkys and protos.
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5.3 Results

5.3.1 Waveform differences between arkypallidal and prototypical neu-
rons

Figure 5.2 shows the average waveform of all identi�ed putative arky and putative

proto neurons 1ms before and 1ms after the spike. We observe that many more

arky neurons have lower normalized voltage values both post-spike and pre-spike.

We �nd that the second principal component best captures the differences between

arky and proto cell waveforms, with arkys having a distribution centred around

.1 and protos having a distribution centred around -. 05 (see �g. 5.2 top row, mid-

dle panel). We �nd signi�cant differences in the distribution between arky and

proto coef�cients in the second principal component ( p < .0001, two-sample KS

test). The distribution between arky and proto coef�cients in the �rst principal

component is signi�cant ( p < .0001, two-sample KS test). We �nd that the distri-

bution between arkys and protos coef�cients in the third principal component is

not signi�cant ( p = .06, two-sample KS test).

The �rst principal component consists mainly of the spike, while the second prin-

cipal component consists of the pre-spike and post-spike dip (compare �g. 5.2

second row, left and middle panels). As the coef�cient differences between arkys

and protos are signi�cantly different on the second principal component, this ex-

plains the differences we observed in the waveforms in �g. 5.2. Again, we see

a clear difference between arkys and protos in the second principal component

suggesting that arky and proto neurons have different waveforms when recorded

with a tetrode.

5.3.2 Differences in waveforms result in different entrainment phases.

As described in the methods, we analyzed spike-phase entrainment for arkys and

protos in gamma oscillations. We found 49 arky neurons (44%) that are signif-

icantly entrained to 45-55 Hz gamma oscillations (Rayleigh test) and 79 proto

neurons (53%) that are signi�cantly entrained to 45-55 Hz gamma oscillations

(Rayleigh test). We calculated the mean phase of these signi�cantly entrained

arkys and protos and found that arkys are generally entrained to the trough of a

gamma wave (� p ) and that protos are entrained about mid-point on the descend-
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Figure 5.2: Differences in proto and arky waveforms. . Average waveform of each arky
and proto cell (normalised voltage (a.u.)). Arky STA waveforms are on the left, while
proto STA waveforms are on the right. Image is sorted by mean values 1ms before the
spike.




