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Abstract 

Neuronal activities in the brain encode every decision, desire, or intention. Multiple brain regions are 

involved in translating intention into action. Detecting and decoding intentions directly from the brain could 

allow impaired individuals to communicate and interact with their environment despite central nervous 

system dysfunction. 

Brain-computer interface (BCI) systems access neuronal activities and translate them into actions using a 

computer. BCIs are used in research studies to replace, restore, or replace neuromuscular functions. In 

addition, BCIs provide new insights into how the brain works, aiding in new treatments for neurological 

conditions. 

BCI studies commonly target the primary motor cortex, the region of the brain most closely associated with 

volitional muscle control, with the expectation that signals from its neurons will be best suited for control 

of external effectors. Consequently, other brain regions are underrepresented in BCI studies. 

This thesis focuses on two brain regions in primates with access to higher-order control over intention and 

movement: The prefrontal cortex and the basal ganglia system. These areas are vital for naturalistic 

movement and must be more widely explored for decoding intentions. We aim to find the movement 

information while the intentions have yet to transfer into planning.  

One study in macaque monkeys explored eye movement intention, learning, and memory-related circuitry 

in the lateral prefrontal cortex (LPFC). In an eight-target saccade task, we could decode the target to which 

the monkeys would saccade before the eye movement began. Moreover, we decoded the abstract rule 

information acquired by the monkeys to find the correct target from the neuronal activities recorded from 

LPFC. In addition, the memory-related activities in LPFC were linked to monkeys' behaviour as evidence 

of the presence of working- and long-term memory circuitry in the prefrontal cortex. 
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In another study on Parkinson's disease (PD) patients, we explored the possibility of volitional control of 

brain activities, which can lead to a self -induced procedure to reduce the symptoms of PD. We recorded 

the local field potentials (LFP) of the subthalamic nucleus (STN) of nine PD patients performing a cognitive 

task during deep brain stimulation surgery. The patients could modulate their brain activities to change the 

colour of a central sphere to match the colour of a peripheral cue in a virtual reality task. They modulated 

the signal power in beta frequencies (13-30 Hz) and the rate of beta bursts (the fast episodes of changing 

amplitude in a short period in LFP's beta frequencies) based on the task conditions. Both beta power and 

beta bursts are associated with the pathological state in PD patients. A decodable volitional modulation of 

both presents the STN as a valuable region for BCI studies which could lead to self -regulation of PD 

symptoms. 

The findings of this thesis contribute to the advancement of therapeutic systems used for various brain 

disorders like PD and Amyotrophic lateral sclerosis (ALS), as well as patients with disabilities that can 

benefit from assistive communicative technologies. 

The study on the LPFC increased the decoding accuracy of saccade intentions compared to previous studies. 

Additionally, decoding associative rules is beyond the complexity of previous studies. We also showed the 

effects of previously learned associations on the learning rate of new rules and how this memory-retrieved 

information modulates neuronal activities. 

Moreover, the study on the STN showed the volitional control of beta power and beta burst rates by PD 

patients, which can be used as therapeutic methods to improve the severity of the symptoms of PD.  
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Résumé 

Les activités neuronales dans le cerveau codent chaque décision, désir ou intention. Plusieurs régions du 

cerveau interviennent dans la traduction de l'intention en action. La détection et le décodage des intentions 

directement à partir du cerveau pourraient permettre aux personnes atteintes de troubles du système nerveux 

central de communiquer et d'interagir avec leur environnement. 

Les systèmes d'interface cerveau-ordinateur (ICO) accèdent aux activités neuronales et les traduisent en 

actions à l'aide d'un ordinateur. Les ICO sont utilisés dans des études de recherche pour remplacer, restaurer 

ou remplacer les fonctions neuromusculaires. De plus, les ICO fournissent de nouvelles informations sur le 

fonctionnement du cerveau, aidant ainsi à développer de nouveaux traitements pour les maladies 

neurologiques. 

Les études sur les ICO ciblent généralement le cortex moteur primaire, la région du cerveau la plus 

étroitement associée au contrôle musculaire volontaire, en raison de l'attente que les signaux de ses neurones 

soient les mieux adaptés pour contrôler les effecteurs externes. Par conséquent, d'autres régions du cerveau 

sont sous-représentées dans les études sur les ICO. 

Cette thèse se concentre sur deux régions cérébrales chez les primates qui sont censées avoir un contrôle de 

haut niveau sur l'intention et le mouvement: le cortex préfrontal et le système des ganglions de la base. Ces 

domaines sont essentiels pour le mouvement naturaliste et sont largement inexplorés en termes de décodage 

des intentions. Notre objectif est de trouver des informations sur le mouvement alors que les intentions ne 

se sont pas encore transformées en planification. 

Une étude menée sur des singes macaques a exploré les circuits liés aux mouvements oculaires 

intentionnels, à l'apprentissage et à la mémoire dans le cortex préfrontal latéral (LPFC). Dans une tâche de 

saccades à huit cibles, nous avons pu décoder la cible vers laquelle les singes saccaderaient avant que le 

mouvement des yeux ne commence. De plus, nous avons décoder les informations de règle abstraite 

acquises par les singes pour trouver la cible correcte à partir des activités neuronales enregistrées dans le 
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LPFC. De plus, les activités liées à la mémoire dans le LPFC étaient liées au comportement des singes en 

tant que preuve de la présence de circuits de mémoire à court et à long terme dans le cortex préfrontal.  

Dans une autre étude sur des patients atteints de la maladie de Parkinson (PD), nous avons exploré la 

possibilité de contrôle volontaire des activités cérébrales, qui peut conduire à une procédure auto -induite 

pour réduire les symptômes de la PD. Nous avons enregistré les potentiels de champ local (LFP) du noyau 

sous-thalamique (STN) de neuf patients atteints de la DP effectuant une tâche cognitive pendant une 

chirurgie de stimulation cérébrale profonde. Les patients ont été en mesure de moduler leurs activités 

cérébrales pour changer la couleur d'une sphère centrale pour correspondre à la couleur d'un indice 

périphérique dans une tâche de réalité virtuelle. Ils ont modulé la puissance du signal dans les fréquences 

bêta (13-30 Hz) et la fréquence des rafales bêta (les épisodes rapides de changement d'amplitude sur une 

courte période dans les fréquences bêta de LFP) en fonction des conditions de la tâche. La puissance bêta 

et les rafales bêta sont tous deux associées à un état pathologique chez les patients atteints de la DP. Une 

modulation volontaire décodable des deux présente le STN comme une région précieuse pour les études 

BCI qui pourraient conduire à l'autorégulation des symptômes de la DP.  

Les conclusions de cette thèse contribuent à l'avancement des systèmes thérapeutiques utilisés pour divers 

troubles cérébraux tels que la maladie de Parkinson et la sclérose latérale amyotrophique (SLA), ainsi que 

pour les patients handicapés pouvant bénéficier de technologies communicatives d'assistance.  

L'étude sur le cortex préfrontal latéral a augmenté la précision du décodage des intentions de saccades par 

rapport aux études précédentes. De plus, le décodage des règles associatives dépasse la complexité des 

études antérieures. Nous avons également montré les effets des associations préalablement apprises sur le 

taux d'apprentissage de nouvelles règles, ainsi que comment ces informations récupérées de la mémoire 

modulent également les activités neuronales. 

De plus, l'étude sur le noyau sous-thalamique a révélé le contrôle volontaire de la puissance bêta et des taux 

d'éclatement bêta par les patients atteints de la maladie de Parkinson, ce qui pourrait potentiellement être 



PhD Thesis – Alireza Rouzitalab   University of Ottawa 

VII 
 

utilisé comme méthodes thérapeutiques pour améliorer la gravité des symptômes de la maladie de 

Parkinson. 
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Contributions 

This study explored the possibility of decoding movement intentions before/without physical 

movement. We improved the decoding performance of saccadic eye movements using a custom 

deep neural network. The model’s architecture can be used in other classification tasks with 

complex time series signals as inputs. In addition, we showed how learning modulates the neuronal 

activity decodable by our model. Moreover, we showed the learning rate of new rules based on 

previously learned rules and how the memory affects the LPFC neuronal activity. 

Additionally, we showed that PD patients can modulate their STN activities volitionally. They 

performed a virtual reality task while controlling the STN beta power level and beta burst rates. 

Moreover, the signal processing pipeline cleaning the raw signal, filtering out the noise, and 

removing the outliers can be used prior to feature extraction and decoding. 
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List of Figures 

Figure 1.1 The Brodmann areas dividing the brain based on neuron cells’ 

size and shapes. 
(Top) The lateral view of the map. (Bottom) Medial view of the map. 

4 

Figure 1.2 The axis of reference for the central nervous system. 
The ventral-caudal axis is split in two in primates as they walk on 
two legs. However, in animals walking on four legs, the brain and the 
spinal cord will have the same ventral-caudal axis. 

5 

Figure 1.3 The four lobes of the cerebral cortex. 7 

Figure 3.1 Electrophysiological Recordings and Behavioural Task 
(A) Anatomical location of chronic implant for monkey JL and 
monkey M. A, B, C, D, E, and F are different channel groups recorded 
during different sessions. NCs are the not-connected channels. 
(B) The task and reward setup in which the LPFC activity is recorded 
along with the eye movements. 
(C) The different periods of the task in which the monkey should make 
a saccade to one of the two presented targets based on the colour of the 
cue. 
(D) Each session contains blocks of trials with different colour rules. 
The vertical gray dashed lines separate different blocks. The trials 
before the sigmoid fit (pink line) reaches 65% are considered LP 
(orange), the trials after the sigmoid fit crosses 75% are considered HP 
(purple), and the trials in between are the transitioning period (cyan). 
The vertical purple dashed line indicates the start of the HP trials. 
 

78 

Figure 3.2 Single Channel and Single Unit Analysis 

(A) Analysis of best performing channels for rule decoding. A high 
number of the best performing channels decoding a given rule 
recorded from the same electrode bank remains the same in the same 
session and different block (75%), and different session (62.5%). 
However, 12.5% of the best performing channels decoding different 
rules from the same and different session remain the same. 
(B) The normalized rule and saccade log-likelihood of single 
channels. White channels have lower than chance log-likelihood 
encoding rule (purple numbers) and saccade (orange numbers). 
Channels with significant saccade log-likelihood are “saccade 
channels” (orange). Channels with significant rule log-likelihood are 
“rule channels” (purple). A channel can have significant log-
likelihood for saccade and rule (split channels). The black electrodes 
are not connected to wires. Comparing the LP and HP trials, the 
number of saccade channels has increased by 26% (38 to 48) in 
monkey JL and 60% (25 to 40) in monkey M. On the other hand, 
comparing the LP to HP trials, the number of rule channels has 
increased by 56% (25 to 39) in monkey JL and 485% (7 to 41) in 
monkey M.  
(C) Increase in single unit rule decoding performance from LP (red 
rectangular) to HP (green rectangular) trials. *p=4.34e-11, N=62 for 
each distribution. 

81-82 
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Figure 3.3 Temporal Analysis of Rule and Saccade Decoding 

(A) The performance of the rule decoder and the saccade decoder 
given the neuronal activity recorded through different periods of the 
task (increasing window of input information) normalized by the 
decoders’ chance level. 
(B) The contribution of the information coded in different periods of 
the task to the decoding model’s performance across all sessions. 
*p=0.019 for monkey JL, p=0.029 for monkey M comparing the 
performance contribution distribution of the colour cue period in rule 
decoder (blue) versus saccade decoder (orange). N=100 for each 
distribution. 
 

84 

Figure 3.4 Latent Space Analysis of Rule Coding 

(A) Two subsets of HP trials with the same target location and 
different cue colours are transformed into a low dimensional latent 
space using PCA and t-SNE. The trajectories are plotted on a 3-
dimensional temporal-latent space. As we progress through the task 
periods, the trajectories pass through two separate attractors and 
move back towards each other as the pre-saccade planning to the 
same target location begins. 
(B) During the target presentation period, the two rules occupy the 
same cluster in the latent area and the separation of two rules is not 
obvious. 
(C) During the colour cue presentation period, the two rules occupy 
two different clusters in the latent space. 
(D) Analyzing the separation of the two rules through task periods in 
the latent space using the Calinski-Harabasz index, gives us a 
separation score that increases during the colour cue presentation to a 
maximum, and decreases as the monkeys start to plan the saccade. 
Moreover, the same analysis on the LP trials with the same saccade 
direction and different cue colours yields no separation between the 
two rules since the monkey has not acquired the rules and the 
resulting saccade is the same for all. *p=8.9e-4 for monkey JL, 
p=1.7e-7 for monkey M comparing the distribution of the separation 
index of the rules during the color cue period of HP (blue) versus LP 
(orange) trials. N=100 for each distribution. 
 

86 

Figure 3.5 Multi-Unit Decoding of the Rules 

(A) The processing pipeline and the DNN architecture. The raw 
recordings are processed, and the calculated firing rates are passed to 
a DNN. Multiple convolutional layers decode the neuronal activity 
through multi-units and time. Two LSTM layers process the time-
series signals before passing through two dense layers for prediction. 
(B) The confusion matrix for a 10-rule session of monkey JL shows 
the predicted labels by the DNN model along the x-, and the correct 
labels along the y-axis. 
(C) To visualize the rule classification by DNN in one session, the 
output of the second LSTM layer of the DNN model in a 13-rule 
session of monkey JL has been transformed into a 2-dimensional 
latent space using PCA and t-SNE. Different rules occupy different 
clusters in this space. The gold loops combine the two opposing 

88-89 
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targets in each block of trials. The figure legend shows the rule 
associated with each cluster. 
(D) Comparing the performance of DNN, random forest (RF), 
support vector machine (SVM), and regularized logistic regression 
(RLR) models, decoding the rules from the population activity of 
LPFC neurons in all recorded sessions of monkey JL and M. *p=0.02 
for monkey JL, p=0.02 for monkey M comparing rule decoding 
accuracy distribution of the DNN (blue) versus the shuffled label 
chance level. 
 

Figure 3.6 Multi-Unit Decoding of Saccades 
(A) The confusion matrix for the predictions made by the deep neural 
network (DNN) model in a session of monkey M. The predicted 
labels are along the x-axis, and the correct labels are along the y-axis. 
(B) To visualize the saccade classification by DNN in one session, 
the output of the second LSTM layer of the DNN model in a session 
of monkey M is transformed to a 2-dimensional latent space using 
PCA and t-SNE. Different saccade directions, highlighted by black 
arrows, occupy the same space in eight separate clusters.  
(C) Comparing the performance of DNN, random forest (RF), 
support vector machine (SVM), and regularized logistic regression 
(RLR) models, decoding the intended saccade from the population 
activity of LPFC neurons in all recorded sessions of monkey JL and 
M. *p=0.01 for monkey JL, p=0.02 for monkey M comparing the 
saccade decoding accuracy distribution of the DNN (blue) versus the 
shuffled label chance level. N=1000 for each distribution. 
 

90-91 

Figure 3.7 Impact of Rule Similarity on Learning 

(A) An example session of monkey M performance. Similar to Figure 
1D with addition of black brackets indicating the number of trials 
required for the monkey to acquire the new rules.  
(B) We quantified the changes of rules between blocks of trials into a 
rule similarity score (RSS). The score of 1 means that the monkey 
has seen a very similar rule recently, like the second block in (A); 
While the score of -1 means that the monkey has seen an opposing 
rule recently, like the fifth block in (A). Any other change in rules is 
scored between -1 and 1. Across all sessions, as the rule similarity 
increases, the monkey needs fewer number of trials to adjust to the 
new rules. The orange equation is the fitted linear model to show the 
decreasing trend. N (Number of trials to acquire the rule) is the y-axis 
and RSS is the x-axis. 
(C) The HP trials are transformed into a 100-dimensional latent space 
and the distance between trials of different rules in different blocks 
are calculated. By normalizing the distances, we were able to 
combine the results in different sessions. By analyzing the 
normalized distances based on their RSS we found a trend in which 
the blocks with higher RSS are closer (have lower distance value) in 
the latent space, compared to the blocks with lower RSS. The orange 
equation is the fitted linear model to show the trend. D is the y-axis 
and RSS is the x-axis. 
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Figure 4.1 The procedure to record modulated LFPs in PD patients. 

(A) Microelectrode recording sites from nine participants 
reconstructed from surgical notes and co-registration of postoperative 
CT with preoperative MRI then transformed to template space. The 
recording sites used to drive the feedback are indicated in red, and 
recorded sites that were note used for feedback are indicated in 
yellow. The anatomical structures from an atlas are the pallidum 
(external, blue; internal, green), the red nucleus (red), and the STN 
(motor, orange; associative, blue; limbic is not visible) 
(B) During the DBS surgery, the patient donned a VR headset and 
performed a task to change the color of a central sphere.  One of the 
two targets eccentric to the sphere, changed colors indicated the 
target color. The patient then imagined one of two opposing scenarios 
to change the color of the sphere to match the cued target color. (* 
The patient’s image is taken during another task which required the 
VR controller). 
(C) LFP recorded during one sample trial is filtered to the beta band 
(solid line). The beta waves are enveloped using the Hilbert 
transform (dashed line) 
(D) The spectrogram of a session showing the changing LFP power 
in different frequency bands. The beta band (13-30 Hz) shows 
significant change in modulation through time. 
 

123-
124 

Figure 4.2 The varying modulation of beta between the two task conditions. 

(A) The average power of the two conditions is significantly different 
in certain frequency bands. However, the beta power peaks appeared 
in different windows (The green rectangular). 
(B) The beta power peaks are detected using a FOOOF model. 
Grouping the beta powers of the two conditions results in two sets of 
separated features across trials. The features can be used as the input 
to a decoding model, separating the orange and blue conditions.  
(C) Two SVM models decode the orange and blue conditions using 
manually selected features (purple) vs. automatic features selected by 
the FOOOF model (green). Both decoders achieved classification 
accuracies (Y-axis) significantly higher than chance level in all 
patients (X-axis). 
(D) The ROC curve depicting true positive rate vs. false positive rate 
for the binary decoding (orange vs. blue) in Fig. 2C for the nine 
patients. The area under the curve (AUC) for each patient is printed 
in the caption. 
(E) Quantifying the burstiness of the LFP with an index (Y-axis) in 
different frequencies (X-axis) shows that the beta and alpha (8-32 
Hz) bursts are significantly higher than other frequencies. Moreover, 
the beta bursts in the two conditions are significantly different in the 
~9.2 Hz, 16 Hz, 18.4 Hz, 24.3 Hz, and 27.9 Hz. The frequencies (X-
axis) are selected in a way to give higher resolution to lower 
frequencies. 

125-
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Figure A1 Two Sessions Recorded from the Same Electrodes, Related to 
Figure 3.2A. 

To test the persistence of the best decoding channels two sessions (X 
and Y) were chosen which are recorded through the same electrodes 
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from the same monkey. The single channel performance of a rule 
decoder is compared in Figure 3.2A tested on blocks B1, B2, B3, B4, 
and B5. 

Figure A2 Single Channel Analysis, Related to Figure 3.2B. 

The normalized rule and saccade log-likelihood of single channels 
were calculated. White channels have lower than chance log-
likelihood encoding rule (purple numbers) and saccade (orange 
numbers). Channels with significant saccade log-likelihood are 
“saccade channels” (orange). Channels with significant rule log-
likelihood are “rule channels” (purple). A channel can have significant 
log-likelihood for saccade and rule (green channels). The black 
electrodes are not connected to wires. Comparing the LP and HP trials, 
the number of saccade channels (orange and green) have increased by 
26% (38 to 48) in monkey JL and 60% (25 to 40) in monkey M. On 
the other hand, comparing the LP to HP trials, the number of rule 
channels (purple or green) have increased by 56% (25 to 39) in monkey 
JL and 485% (7 to 41) in monkey M.  

139 

Figure A3 The Binary Classification’s Confusion Matrix, Related to Figure 
4.2C. 

Pooling performance of the SVM decoder across all patients, decoding 
the orange vs. blue trials using the beta peak powers. 
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Chapter 1: 

Background 

1.1. Overview 

Since the first recording of the human brain signal in 1924, this bio-signal has been the subject of 

countless studies as it represents the activity of the most vital organ in the body. Almost 100 years 

later, the field of neuroscience, along with engineering and mathematical sciences, extracts unique 

information from brain activities that change our perspective on how this complicated organ works 

and simultaneously helps humans treat various disorders. 

The brain works as a distributed system, i.e., various parts are essential and involved in the 

decision-to-action cycle. However, some regions and circuits are more known to be involved in 

the movement. This thesis focuses on two brain areas essential for movement: the prefrontal cortex 

(PFC) and the subthalamic nucleus (STN). Chapter 2 reviews the advances in brain-computer 

interfaces (BCIs), where neuronal activities are recorded from inside the brain. 

The intracortical signals carry valuable fast-changing information modulated by the brain's 

activities. 

Chapter 3 explores the monkeys' lateral prefrontal cortex (LPFC) for saccade intentions, learning, 

and memory. This brain area holds essential information for movement planning, yet the LPFC 

needs to be thoroughly explored for BCIs. Our results show promising insights into what we can 

extract from LPFC in primates. 

Chapter 4 explores the STN area of human individuals. The STN has been found as a primary 

target for Parkinson's disease (PD) research. Our results indicate that PD patients can be trained to 

control an essential indicator of PD with the help of an STN-driven BCI. 
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Chapter 5 discusses the results from the previous chapters and the outlook for further research that 

can benefit from our results. 

As per the nature of this article-based thesis, some information might overlap across chapters, 

especially in this chapter and chapter 2. Nonetheless, in this chapter, we cover the essential topics 

to understand the following chapters sufficiently. 

1.2. Brain Regions 

1.2.1. Neuron Doctrine 

The understanding of the nerve cells began by hypothesizing that nerves transmit fluid from the 

brain through the spinal cord to the body's periphery. However, this hypothesis was only confirmed 

once the microscope revealed the actual structure of cells in nervous tissue. A research study in 

the late 1800s produced detailed and accurate descriptions of nerve cells, developing a method of 

staining neurons with silver salts to reveal their entire cell structure under the microscope. This 

study discovered that nervous tissue is not a continuous web of elements but a network of discrete 

cells. This work led to the development of critical concepts and early evidence for the neuron 

doctrine. The neuron doctrine states that the basic unit of the nervous system is the neuron, an 

individual cell that processes and transmits information. Various studies supported the proof of 

neuron doctrine by showing the growth of dendrites and axons from isolated neurons and 

introducing electron microscopy [1]–[8].  

The neuron doctrine is still considered a fundamental principle in modern neuroscience. However, 

recent research has expanded on this view by highlighting the importance of neural networks and 

the interactions between neurons. It is now understood that neurons do not function in isolation 

but rather communicate and interact with one another to form functional networks that underlie 
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behaviour and cognition [9]. Additionally, research has revealed the dynamic nature of neural 

connections, with the formation and elimination of synapses occurring throughout an organism's 

lifetime. This suggests the brain's plasticity - the ability to adapt and change in response to 

experience [10]. 

1.2.2. Structural Localization 

The central nervous system (CNS) comprises the spinal cord and the brain. Subsequently, the brain 

is divided into functionally specific areas. Recent views in neuroscience oppose the modular 

distribution of functions into different divided areas. However, brain imaging during specific 

human tasks shows the behaviour-specific engagement of different brain regions. For example, the 

frontal lobe is heavily engaged during action planning, working memory [11], and the parietal lobe 

is engaged in processing sensory information [12]. The outermost layers of the brain are the gray 

matter or the cerebral cortex. The cerebral cortex is organized so that each hemisphere is primarily 

concerned with sensory and motor processes on the opposite side of the body. The areas of the 

cortex that were first pinpointed as essential for cognition were concerned with language. The 

study of aphasia, a language disorder that occurs when certain areas of brain tissue are destroyed, 

led to important discoveries in the neural science of human behaviour. The first area of the brain 

associated with a specific function was found in a language study [13]. Later, a neural processing 

model was proposed in another study that explains how the brain processes spoken and written 

language [14], [15]. 
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A new point of view on cortical localization distinguished functional areas of the cortex based on 

the shapes of cells and variations in their layered arrangement [16]. This study analyzed the 

distribution of neurons based on their size and shape. This research led to identifying 52 other 

regions of the cerebral cortex, referred to as Brodmann's areas (Figure 1.1). Brodmann's framework 

is still widely employed in neuroscience. However, the map is refined and updated frequently. 

Figure 1.1. The Brodmann areas dividing the brain based on neuron cells’ size and shape. Published 

in [16] and reproduced in [17]. (Top) The lateral view of the map. (Bottom) Medial view of the map. 
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1.2.3. Central Nervous System Organizations 

The location and orientation of the CNS are described in a space with axes: the rostral-caudal and 

dorsal-ventral (Figure 1.2). These references, along with superior (top), inferior (bottom), anterior 

(front), and posterior (behind), are used in naming different regions and in addressing the position 

of regions. 

Anterior 

Superior 

Posterior 

Inferior 

Figure 1.2. The axis of reference for the central nervous system. The ventral-caudal axis is split in two in 

primates as they walk on two legs. However, in animals walking on four legs, the brain and the spinal cord 

will have the same ventral-caudal axis [17]. 
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The spinal cord, the most caudal part of the CNS, receives sensory information from various body 

parts in an ascending pathway to the brain. In addition, the spinal cord sends motor commands to 

muscles in a descending pathway from the brain [17], [18]. 

The brain comprises six regions: the medulla, pons, midbrain, cerebellum, diencephalon, and 

cerebral hemispheres. These divisions are found in both hemispheres of the brain with slight 

differences, and each is further subdivided into several anatomically and functionally distinct 

areas. The medulla, pons, and midbrain are collectively referred to as the brain stem. The midbrain, 

the smallest part of the brain stem, lies rostral to the pons. Neurons in the midbrain provide 

essential linkages between components of the motor system, particularly the cerebellum, basal 

ganglia, and cerebral hemispheres [19]–[23]. 

The substantia nigra provides input to a portion of the basal ganglia that regulate voluntary 

movements. The substantia nigra is the focus of interest as damage to its dopaminergic neurons is 

responsible for the pronounced motor disturbances characteristic of Parkinson's disease [24]–[26]. 

The cerebellum is a brain region located at the base of the skull, ventral to the cerebral 

hemispheres. It plays a crucial role in motor control, coordination, and regulating balance and 

posture. The cerebellum ensures the smooth and coordinated execution of movement and other 

motor-related functions [27]–[29]. 
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The diencephalon, located between the brainstem and the cerebral hemispheres, is essential in 

regulating various autonomic functions such as hunger, thirst, sleep, and wakefulness and 

controlling hormonal and cardiovascular systems. The diencephalon comprises several structures, 

including the thalamus, hypothalamus, and pineal gland. The thalamus relays sensory information, 

while the hypothalamus regulates various autonomic functions and homeostatic processes. In 

addition, the pineal gland produces the hormone melatonin, which helps regulate the sleep-wake 

cycle. Moreover, the diencephalon also involves various higher cognitive functions, such as 

attention and motivation [31], [32]. 

Frontal 
Parietal 

Occipital 

Temporal 

Figure 1.3. The four lobes of the cerebral cortex [30]. 
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The brain's largest and most complex part is the cerebral hemisphere, also known as the 

telencephalon. The cerebral hemispheres consist of the cerebral cortex, the underlying white 

matter, and three deep-lying structures: the basal ganglia, amygdala, and hippocampal formation. 

The two hemispheres are interconnected by the corpus callosum, which is visible on the medial 

surface of the hemispheres [1]. 

While the spinal cord, brain stem, and diencephalon mediate many life-sustaining functions, the 

cerebral cortex is responsible for much of the planning and execution of actions in everyday life 

[1], [6]. The cerebral cortex includes four main lobes – frontal, parietal, temporal, and occipital – 

named after the overlying cranial bones (Figure 1.3). Each lobe includes many distinct functional 

subregions. The temporal lobe, for example, has distinct regions with auditory, visual, or memory 

functions. 

Although the cerebral cortex on both sides of the brain is generally similar, some areas of the 

cortex on the two sides are functionally distinct. In right-handed people, for example, portions of 

the left cerebral cortex are specialized for language, whereas the right side of the brain is more 

related to visuospatial information processing. 

1.2.4. The Cerebral Cortex 

The primate cerebral cortex is the most elaborate species phylogenetically, with a highly complex 

shape formed by indentations or grooves known as sulci and bumps or elevations known as gyri. 

The sulci and gyri separate the cerebral cortex into four d istinct lobes. The presence of the gyri 

and sulci is believed to be an evolutionary strategy to pack more neurons in the skull's limited 

space [33]. Although the cortex thickness does not vary substantially across different species, with 

a thickness of approximately 2 to 4 mm, the surface area is dramatically larger in higher primates, 
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particularly humans. This increase in surface area allows for more cortical neurons, providing a 

greater capacity for processing information. 

The neocortex, the region of the cerebral cortex nearest to the brain's surface, is organized into 

layers and columns. This arrangement increases the computational efficiency of the cerebral 

cortex. The complex input-output system of the neocortex is efficiently organized in the orderly 

layering of cortical neurons. Each layer contains different inputs and outputs and has specific 

functions. 

The neocortex, the surface of the cerebral cortex, comprises six layers [1], [34]: 

1. Layer I (molecular layer) is the outermost layer and contains very few cells. It is composed 

mainly of neuroglia and fibers that support the cells in the other layers. 

2. Layer II (external granular layer) contains small, densely packed neurons that receive input 

from the thalamus and transmit signals to the next layer. 

3. Layer III (external pyramidal layer) contains large, triangular-shaped neurons called 

pyramidal cells. They are involved in transmitting signals to other regions of the brain and 

the spinal cord. 

4. Layer IV (internal granular layer) contains small, densely packed neurons that receive input 

from the sensory organs. It is involved in the processing of sensory information. 

5. Layer V (internal pyramidal layer) contains large pyramidal neurons that play a role in 

transmitting signals to other regions of the brain and the spinal cord. 
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6. Layer VI (multiform layer) contains a mixture of large and small neurons. It transmits 

signals to the brain's subcortical regions and regulates eye movements. 

The study detailed in Chapter 3 recorded layers III and IV. 

1.3. Cognition and Movement 

1.3.1. Neural Maps 

Neural maps are the brain's ability to represent information as a spatial map: The brain can use 

different locations within its neural network to encode and store information about different 

objects, features, or events. The concept of neural maps helps to explain how the brain processes 

and remembers sensory information. 

For example, in the visual system, the brain creates a neural map of the visual world by using 

different brain regions to process different aspects of visual information, such as colour, motion, 

and form. Similarly, the brain creates a neural map of sound information in the auditory system by 

processing different aspects of sound, such as frequency and location. 

These neural maps are created through experience-dependent plasticity, which is the ability of the 

brain to change and adapt in response to sensory inputs. Over time, the brain can modify the 

connections between neurons in response to the patterns of sensory information it receives, 

allowing it to build and refine neural maps representing our experience of the world. 

Moreover, the brain creates a map of the body's surface. Early studies on animals recorded various 

brain regions while stimulating different body parts to find regions in which neuronal activities 

correlate with stimuli. These studies produced neuronal action potentials by stimulating specific 

body surfaces [35]. Subsequently, the human somatosensory cortex was mapped by stimulating 
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the cortex and asking the patients what they felt (sensory homunculus). Similarly, the primary 

motor cortex was mapped to various muscles (motor homunculus). 

It is important to note that the bigger the associated area in the brain, the more precise and detailed 

the sensory and movement of the mapped area. For example, the index finger occupies more 

surface than the trunk in the somatosensory and the primary motor cortex. 

In addition, these mappings can change with practice and experience, even in adults. For example, 

if a retired soccer player starts playing basketball, the associated motor area mapped to the foot 

will shrink while the arm will expand. 

Many research studies have explored these maps in particular cases. For example, patients with a 

congenital fusion of the fingers (syndactyly) have one shared area mapped to both fingers. 

However, after surgically removing the fingers from each other, new mapping emerges in the same 

brain area to represent the two fingers separately [36]. 

Also, in case of losing a limb, the mapping reorganizes to represent the remaining body parts [37]. 

1.3.3. Cognition 

The brain regions communicate hierarchically, and the information becomes more complex with 

each transition. The higher areas in this chain concern cognitive functions and are termed  the 

association cortex [34]. 

Four lobes of the cortex comprise parts of the association cortex: 

1. The parietal association cortex integrates sensory information from various body parts, 

such as the skin and muscles, to construct a coherent perception of the world. 
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2. The temporal association processes and integrates auditory, visual, and linguistic 

information. It is critical in language processing, particularly in spoken language 

comprehension. The temporal association cortex also helps us recognize objects, faces, and 

scenes and forms memories for events and episodes. 

3. The limbic association cortex regulates emotions, motivation, and memory. This area of 

the brain plays a critical role in our emotional experiences. It is involved in processing 

emotionally-charged stimuli, including the perception of pain, pleasure, and fear. The 

limbic association cortex also regulates our motivation and drive and forms and retrieves 

memories, especially those emotionally charged. It is believed to play a vital role in 

processing memories associated with strong emotions, such as those related to survival. 

4. The frontal association cortex is involved in a range of high-level cognitive processes. It is 

responsible for executive functions such as planning, decision-making, problem-solving, 

and regulating voluntary movements, speech, and other complex behaviours. In addition, 

it plays a role in working memory, the temporary storage and manipulation of information 

used in cognitive tasks. Moreover, it is involved in planning and initiating saccadic eye 

movements. It has been shown to directly connect to the brainstem and spinal cord regions 

that control eye movements. 

Chapters 2 and 3 discuss the prefrontal cortex, part of the frontal association cortex, in more detail. 

1.3.5. Movement 

Movement is a complex process involving several brain regions' coordinated activity. The primary 

areas of the brain involved in the movement include the motor cortex, the basal ganglia, the 

cerebellum, the brainstem, and the thalamus. The motor cortex encodes the initiation and 



PhD Thesis – Alireza Rouzitalab   University of Ottawa 

13 
 

coordination of the muscles, while the basal ganglia and the cerebellum are essential for the 

refinement of voluntary movement. On the other hand, the brainstem, which connects the spinal 

cord to the brain, is mainly concerned with reflexive movements as well as the control of posture. 

Finally, the thalamus is an information relay between the body's senses and the brain's cerebral 

cortex. 

Chapter 2 discusses the motor cortex in more detail, especially the primary motor cortex. Finally, 

chapter 4 explores PD, one of the most widespread diseases concerning the basal ganglia, 

especially the STN. 

1.4. Parkinson's Disease 

PD is a neurodegenerative disorder characterized by cell loss in the substantia nigra. At PD 

symptom onset, this brain region can have lost 30-80% of its neurons compared to unaffected 

individuals [38]. The earliest documented pathological changes in PD, known as Braak stages 1 

and 2, are pre-symptomatic. As the disease progresses to Braak stages 3 and 4, the substantia nigra, 

areas of the midbrain, and basal forebrain become involved. Finally, pathological changes appear 

in the neocortex. 

The clinical diagnosis of PD is based on bradykinesia (slowness of movement or progressive halts), 

rigidity, and rest tremor. However, not all of these features may be present; thus, patients need to 

be referred to specialists in movement disorders for accurate diagnosis. Early diagnostic features 

may include a change of handwriting with micrographia (abnormally small handwriting), reduced 

facial expression, and a loss of arm swing on one side. 
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As the disease progresses, hypophonia (reduced speech intensity), drooling of saliva, and 

impairment of postural reflexes may develop. In addition, non-motor complications of the disease, 

such as depression, which occurs in 40% of PD patients, also become more prominent [39]. 

1.4.1. Unified Parkinson’s Disease Rating Scale 

The Unified Parkinson's Disease Rating Scale (UPDRS) is a widely used metric for evaluating the 

severity of PD in patients [40], [41]. It was developed to provide a comprehensive and standardized 

assessment of the symptoms and progression of the disease. The UPDRS is divided into four parts: 

Part I measures non-motor symptoms, Part II assesses motor symptoms related to activities of daily 

living, Part III evaluates motor examination, and Part IV assesses complications of PD therapy. 

Part I of the UPDRS assesses non-motor symptoms, such as depression, anxiety, and sleep 

disturbance, which are common in PD patients and can significantly impact their quality of life. 

Part II assesses motor symptoms related to activities of daily living, including activities like 

dressing, grooming, and eating. In addition, this section helps clinicians evaluate the impact of PD 

on a patient's daily functioning. 

Part III evaluates motor examination, including tremors, rigidity, bradykinesia, and postural 

instability. This section provides essential information on the progression of the disease and helps 

clinicians monitor changes in the patient's motor symptoms over time. 

Part IV assesses complications of PD therapy, including dyskinesia and wearing of f, which are 

common side effects of PD medications. This section helps clinicians evaluate the effectiveness of 

current PD treatments and determine if a change in therapy is necessary. 
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In Chapter 4, analyzing the PD patients' brain activities, the motor-related symptoms are reported 

as the UPDRS III metric. Here is a general outline of the UPDRS III scoring system: 

• 0-5: No or minimal symptoms 

• 6-15: Mild symptoms 

• 16-25: Moderate symptoms 

• 26-35: Severe symptoms 

• 36-50: Very severe symptoms 

1.4.2. Deep Brain Stimulation 

Deep brain stimulation (DBS) is a therapeutic method that uses electrical stimulation to target 

specific brain areas and has been found as an effective treatment for PD. The technique has been 

used for over 150 years, with the first demonstration of localized electrical excitability of the motor 

cortex in 1870 [42]. However, only in the development of human stereotaxic devices in the 1940s 

could neurosurgeons begin investigating the effects of stimulating deeper structures. 

In the early 1950s, intraoperative stimulation was used to identify deep structures before lesioning 

the globus pallidus or thalamus. However, most reports in the 1950s focused on positive 

phenomena elicited by stimulation. The idea of treating neurologic disorders with chronic 

stimulation began to emerge in the 1960s, but stimulation was primarily used for targeting surgical 

lesions [43]. 

In the 1990s, implantable pacemaker technology was combined with chronically implanted deep 

brain electrodes for long-term chronic DBS. Since then, DBS has become increasingly used for 
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treating various disorders, including essential tremors and Parkinson's disease. For PD, different 

sites of stimulation provide different clinical effects. For example, thalamic stimulation in the 

ventral intermediate nucleus (VIM) region may reduce limb tremors but has little effect on other 

symptoms. Globus pallidus internus (GPi) stimulation may reduce all the significant motor 

manifestations of PD, including the reduction of dopa-induced dyskinesias and involuntary 

movements that can limit treatment efficacy. GPi stimulation also may reduce painful cramps and 

sensory symptoms that may occur when the benefit from individual doses of levodopa abates. 

However, GPi stimulation does not typically permit medication reduction, and this may be a severe 

limitation to those having drug-induced side effects such as orthostasis, psychosis, daytime 

lethargy, or cognitive impairment. In addition, STN DBS provides a similar reduction of motor 

symptoms, and several studies indicate that bilateral STN DBS improves gait, tremors, and 

bradykinesia [44]. 

Moreover, DBS has been studied as a potential treatment for refractory depression and obsessive-

compulsive disorder (OCD). While current studies are limited, there is some evidence that DBS 

may be effective in improving symptoms in these conditions. 

One study found that DBS of the subgenual cingulate white matter improved mood in four out of 

six people with treatment-resistant depression [45]. The targeted region was chosen based on 

previous research that had demonstrated increased fluorodeoxyglucose uptake in this area in 

people with depression. Another case report suggested that stimulation of the inferior thalamic 

peduncle may relieve depressive symptoms [46]. 

The neurophysiology of DBS has yet to be fully understood, but it is thought to influence various 

mechanisms involved in neuronal function and signaling. Different elements of the CNS have 
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different sensitivities to stimulation, which depend on factors such as the amplitude and temporal 

characteristics of the stimulation, the physiologic properties of individual cells, and the underlying 

pathophysiology of the disease. The relationship between stimulus amplitude and duration is 

essential in understanding DBS's effects. The duration must increase as the current amplitude 

decreases to produce a constant effect, and vice versa. For most neural elements, the form of this 

amplitude-duration curve is usually an exponential decay [47]. 

1.5. Brain-Computer Interfaces 

BCIs are a rapidly growing research field aiming to provide the CNS with new outputs that are 

neither neuromuscular nor hormonal. Instead, the CNS produces outputs to respond to inputs from 

the outside world or the body. BCIs extract and convert CNS activity into artificial outputs. 

The concept of BCIs was first introduced by discovering that electrical signals produced by the 

human brain could be recorded from the scalp [48]. After five years of further study, 

electroencephalography (EEG) was established as a primary tool for clinical diagnosis and brain 

research. Additional to EEG, various signals recorded by different levels of invasiveness are used 

in BCIs, such as MEG, functional magnetic resonance imaging (fMRI), near-infrared spectroscopy 

(NIRS), firing rates, and local field potential (LFP) [49]. 

Regardless of the BCI input signals, the output commands control a device or a computer. BCIs 

can enhance the user's ability to perform tasks, e.g., controlling a powerful robotic arm or a healthy 

individual typing without moving a muscle. However, the main focus of this thesis and the majority 

of conventional BCI research studies are to replace or restore natural movement or communication 

for individuals suffering from trauma to their CNS. Our initial goal was to target different areas of 

the brain involved in motor processing and provide a unified algorithmic pipeline based on 
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engineering principles to achieve this. These principles and general decoding algorithms are 

reviewed in Chapter 2. However, we learned that the optimal algorithm is intricately related to the 

region of the brain (and thus stage in motor processing). For example, a multiclass discrete rule 

decoder from multi-electrode lateral prefrontal cortex input benefitted from an RNN-based 

decoder and dimensionality reduction (Chapter 3). While this same approach could plausibly be 

used for decoding the level of beta oscillation synchrony in STN, it isn’t the most parsimonious or 

intuitive solution. Rather, a stage of processing that separates oscillatory activity, and parametrizes 

this on a subject-specific level provided the basis for this decoder (Chapter 4). This is intuitive 

because it leverages the oscillations that arise from the recurrent network of cortex-basal ganglia-

thalamus, and also the oscillations that are known to be abnormal in Parkinson’s disease.   

BCIs can revolutionize how we interact with the world around us and improve the lives of people 

with disabilities. However, many challenges still need to be overcome before BCIs can be widely 

adopted. One challenge is an optimal method to extract meaningful features and translate them to 

intended movements or outputs. Additionally, a trade-off governs the recording of brain activities: 

As we get closer to neurons, the intentions modulate recorded information more precisely, but we 

limit the recorded brain area if we do not want to damage the brain. On the other hand, as we get 

further from the neurons, we can record larger areas. However, the recorded information is the 

vectorial summation of electric fields, which do not follow the intention modulations as closely. 

Recent advances in recording electrodes aim to address this challenge since no single cortical area 

is wholly responsible for natural movement [22], [49]. 

BCIs allow individuals to communicate with external devices through their brain activity by 

producing output commands for goal selection or process control [49]. For a BCI to select a goal, 

it must extract and decode a high-level intention. For example, if the BCI user is thirsty, a robotic 
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arm will pick up a glass of water or drives a motorized wheelchair to the refrigerator. On the other 

hand, a BCI processing the control signal must continuously extract and decode the intended arm 

movement and move a robotic arm in real-time to reach the glass of water. A BCI might also 

follow a synergistic combination of the methods. 

Chapter 2 discusses and explores this idea in more detail. 

1.6. Machine Learning and Decoding 

1.6.1. Support Vector Machine 

Support Vector Machines (SVMs) are a type of supervised machine learning algorithm that can be 

used for classification or regression tasks. The SVM finds the best boundary or decision surface 

that separates the different classes in the data. This boundary is called the maximum-margin 

hyperplane., the boundary farthest away from each class’s closest data points, known as support 

vectors. 

The SVM algorithm solves the following optimization problem that maximizes the distance 

between the hyperplane and the closest data points from each class: 

min
1

2
𝑊

𝑇

𝑊 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦
𝑖
. (𝑊𝑇 .𝑥𝑖 + 𝑏); 𝑖 ∈ {1, … , 𝑛} 

Equation 1.1 

where 𝑊 is the normal vector of the hyperplane, 𝑥𝑖 is a data point, 𝑦𝑖 is the class label of 𝑥𝑖, and 

𝑏 is the bias term. The constraint ensures that the hyperplane correctly classifies the data points, 

and the objective function tries to maximize the margin. 

In the case of non-linearly separable data, the SVM algorithm uses the kernel trick technique to 

transform the data into a higher-dimensional space where a linear boundary can separate the 
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classes. The kernels used in SVMs include the polynomial and the radial basis function (RBF) 

kernel. 

SVMs are particularly useful in cases where the number of features is greater than the number of 

samples, such as in image recognition or natural language processing. Additionally, SVMs have a 

built-in regularization parameter, which helps to avoid overfitting. 

The SVMs are binary classifiers. However, using methods such as one vs. one or one vs. all they 

were used for multi-class decoding. Note that this adds computational load if the number of classes 

are high. 

1.6.2. Logistic Regression 

Logistic regression is a type of supervised machine learning algorithm that is used for classification 

tasks. It is a probabilistic model used to parameterize the relationship between a binary dependent 

variable and one or more independent variables by fitting a logistic curve to the data. The logistic 

curve is a sigmoid function that maps the input features to a probability between 0 and 1, which 

can then be thresholded to make binary predictions. 

𝑃(𝑦 = 1|𝑥) = 1/(1 + 𝑒(−𝑊𝑇 .𝑥−𝑏)) 
Equation 2.2 

where 𝑥 is the input feature vector, 𝑊 is the weight vector, and 𝑏 is the bias term. The goal of 

logistic regression is to learn the values of 𝑊 and 𝑏 that maximize the likelihood of the observed 

data. 

Regularized logistic regression adds a regularization term to the objective function to prevent 

overfitting. Different regularization techniques can be used in logistic regression, but the most 

common are L1 (also known as Lasso) and L2 (also known as Ridge). 
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L1 regularization adds a term to the objective function that is proportional to the absolute value of 

the weight coefficients, and it tends to shrink the weights of less important features to zero. 

L2 regularization adds a term to the objective function that is proportional to the square of the 

weight coefficients. It tends to shrink the weights of all features toward zero but less aggressively 

than L1 regularization: 

𝑃(𝑦 = 1|𝑥) =
1

1 + 𝑒(−𝑊𝑇 .𝑥−𝑏)
+ 𝜆‖𝑊‖ 

Equation 3.3 

where 𝜆 is the regularization parameter and controls the strength of the regularization. For example, 

a larger value of 𝜆 will result in smaller weight coefficients and a simpler model, while a smaller 

value of 𝜆  will allow for larger weight coefficients and a more complex model. 

1.6.3. Random Forest 

Random Forest is an ensemble machine learning algorithm for classification and regression tasks. 

It combines multiple decision trees, where each tree is built using a different random subset of the 

data and features. The final output of a Random Forest is the average or majority vote of the 

individual trees. 

The decision trees used in a Random Forest are built using bootstrap aggregating, or bagging, 

where a random sample of the data is replaced to create multiple training sets. The decision trees 

are then built independently on each training set, and their outputs are combined to form the final 

output of the Random Forest. 

In the case of classification, each tree in the forest casts a vote for the most popular class among 

the data points in the terminal nodes. The final decision of the random forest is then defined as the 
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mode of the class votes. Assuming the number of trees in the forest is T, and the number of classes 

is C, then the final decision can be represented as: 

𝑦 = argmax
1≤𝑐≤𝐶

∑ 𝑦𝑡 = 𝑐

𝑇

𝑡=1

 
Equation 4.4 

where 𝑦𝑡 is the class label predicted by the t-th tree. 

In regression, the final output of the Random Forest is the average of the predictions of all the 

decision trees: 

𝑦 =  
1

𝑇
∑ 𝑦𝑡

𝑇

𝑡=1

 
Equation 5.5 

where 𝑦𝑡 is the prediction made by the t-th tree. 

One of the main advantages of Random Forest is that it reduces overfitting by averaging the outputs 

of multiple decision trees. Additionally, Random Forest can handle large numbers of features and 

interactions between them, which makes it well-suited for high-dimensional data. 

Another advantage of the Random Forest algorithm is that it measures each feature's importance, 

which can be used for feature selection. The feature importance measure is based on the average 

impurity decrease overall in forest trees. The impurity can be calculated using Gini impurity or 

information gain. The feature importance can be represented as: 

𝑓𝑖 = ∑ Δ𝑖

𝑇

𝑡=1

 
Equation 6.6 

where 𝑓𝑖 is the importance of feature i, and Δ𝑖 is the decrease in impurity due to feature i. 
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1.6.4. Convolutional Neural Network 

Convolutional Neural Networks (CNNs) are a type of deep learning algorithm well-suited for 

classification tasks. They are designed to learn and recognize patterns in data, such as the trends 

in neuronal firing rates.  

The main building block of a CNN is the convolutional layer, which applies filters to the input 

data. The filters are typically small, typically 3x3 or 5x5, and are designed to detect specific 

features in the input data. The convolution operation is performed by sliding the filter over the 

input data and computing the dot product between the filter and the input data at each location. 

The output of the convolutional layer is a set of feature maps, one for each filter: 

𝑦(𝑖, 𝑗, 𝑘) =  ∑ 𝑥(𝑝,𝑞) × 𝑊(𝑖 − 𝑝, 𝑗 − 𝑞, 𝑘) 
Equation 7.7 

where 𝑦(𝑖, 𝑗,𝑘) is the output feature map for the k-th filter, 𝑥(𝑝,𝑞) is the input data, and 𝑊(𝑖 −

𝑝, 𝑗 − 𝑞, 𝑘) is the weight of the k-th filter at position (𝑖 − 𝑝, 𝑗 − 𝑞, 𝑘). 

The feature maps are then passed through a non-linear activation function, such as ReLU, to 

introduce non-linearity into the model: 

𝑓(𝑥) = max (0,𝑥) 
Equation 8.8 

where 𝑓(𝑥) is the output of the activation function, and 𝑥 is the input. 

After the convolutional layer, a pooling layer is typically applied to reduce the spatial dimensions 

of the feature maps while retaining the important features. The most common types of pooling are 

max and average pooling. Max pooling selects the maximum value from each window, while 

average pooling computes the average value: 
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𝑦(𝑖, 𝑗, 𝑘) =  max (𝑥(𝑝,𝑞)) 
Equation 9.9 

where  𝑦(𝑖, 𝑗,𝑘) is the output feature map for the k-th filter after pooling, and 𝑥(𝑝, 𝑞) is the input 

feature map in the pooling window. 

1.6.5. Recurrent Neural Network 

Recurrent Neural Networks (RNNs) are a type of deep learning algorithm that is particularly well-

suited for tasks that involve sequential data, such as neuronal activities recorded through time. 

They are designed to learn and recognize patterns in data present in sequences, such as time series 

or text. 

One of the most popular types of RNNs is the Long Short-Term Memory (LSTM) network. 

LSTMs are designed to overcome the limitations of traditional RNNs by introducing a “memory 

cell” mechanism that can retain information for an extended period allowing LSTMs to effectively 

process long sequences and maintain a “memory” of the data that has been seen so far. 

An LSTM network comprises a series of LSTM cells, each of which takes the current input and 

the previous hidden state as input. The LSTM cell has three gates: the forget gate, the input gate, 

and the output gate. The forget gate controls the information that is forgotten from the previous 

cell state, and the input gate controls the information added to the cell state. The output gate 

controls the information passed to the next hidden state: 

𝑓𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑓 × [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

𝐼𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑖 × [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖 ) 

Equation 10.10 

Equation 11.11 

Equation 12.12 
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𝑂𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑜 × [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

where 𝑓𝑡, 𝐼𝑡,  𝑂𝑡 are the forget, input, and output gates, 𝑊𝑓 , 𝑊𝑖, 𝑊𝑜 are the weight matrices, ℎ𝑡−1  

is the previous hidden state, 𝑥𝑡 is the current input, and 𝑏𝑓 , 𝑏𝑖, 𝑏𝑜  are the biases. The sigmoid 

function ensures that the gates are between 0 and 1. 

The cell state is then updated by combining the forget gate, the input gate, and a new candidate 

cell state: 

𝐶𝑡 = 𝑓𝑡 × 𝑐𝑡−1 + 𝐼𝑡 × tanh(𝑊𝐶 × [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 
Equation 13.13 

where 𝐶𝑡 is the current cell state, 𝑐𝑡−1  is the previous cell state, tanh is the hyperbolic tangent 

function, 𝑊𝐶  is the weight matrix, ℎ𝑡−1  is the previous hidden state, 𝑥𝑡 is the current input, and 𝑏𝑐  

is the bias. 

Finally, the current hidden state, ℎ𝑡, is computed by combining the output gate and the cell state: 

ℎ𝑡 = 𝑂𝑡 × tanh (𝐶𝑡) 
Equation 14.14 

The output of the LSTM network can be obtained by applying a fully connected layer with a 

softmax activation function to the final hidden state: 

𝑦𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑊𝑦 × ℎ𝑡 + 𝑏𝑦) 
Equation 15.15 

where 𝑦𝑡 is the output, 𝑊𝑦 is the weight matrix, and 𝑏𝑦 is the bias. 

After several convolutional, pooling, and RNN layers, the feature maps are flattened and passed 

through a fully connected layer known as a dense layer to make the final prediction. The dense 

layer comprises a set of neurons, each connected to all the neurons in the previous layer. The output 
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of the dense layer is a set of probabilities for each class in the classification task or a set of 

continuous values for a regression task: 

𝑦 = 𝑊. 𝑥 + 𝑏 
Equation 16.16 

where 𝑦 is the output of the dense layer, 𝑊 is the weight matrix, 𝑥 is the input, and 𝑏 is the bias. 

To minimize the loss function, CNNs can be trained using various optimization algorithms, such 

as stochastic gradient descent (SGD), Adam, and RMSprop. Standard loss functions include cross-

entropy for classification and mean squared error for regression. 

The Gated Recurrent Unit (GRU) [50] is another type of RNN architecture that helps address the 

vanishing gradient problem and improves the ability of the network to capture long-term 

dependencies in sequential data. 

GRU is similar to the more well-known LSTM architecture but has a simplified structure with 

fewer gates. GRUs have two main components: a hidden state and an update gate. 

The hidden state in a GRU is similar to the cell state in an LSTM. It represents the memory of the 

network and captures the relevant information from previous time steps. The hidden state is 

updated at each time step based on the input and the previous hidden state. 

The update gate controls the flow of information in the GRU. It determines how much of the 

previous hidden state should be passed to the current time step and how much of the new input 

should be integrated into the hidden state. The update gate considers the current input and the 

previous hidden state, and its output is a value between 0 and 1 that determines the trade-off 

between old and new information. 
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GRUs also have a reset gate, which determines how much of the previous hidden state should be 

ignored. The reset gate is used to discard irrelevant information from the previous hidden state. 

Compared to LSTMs, GRUs have a simpler structure and require fewer parameters. This makes 

them computationally more efficient and easier to train in some cases. However, LSTMs tend to 

perform better in tasks that require modeling long-term dependencies. 

1.7. Conclusion 

The brain comprises functionally distinct regions, while none of the body's functions is handled in 

only one region. Understanding the aspects concerning these regions will help us better 

comprehend disorders and explore new ways to tackle them. 

This chapter explored the background information essential to find brain regions suitable for our 

research. Additionally, the disorders benefiting from this research are reviewed. Moreover, the 

machine learning tools and methods used in our research are studied. 
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Chapter 2: 

Intracortical Brain-Computer Interfaces in Primates: A Review and 

Outlook  

2.1. Abstract 

Brain-computer interfaces (BCI) translate brain signals into artificial output to restore or replace 

natural central nervous system (CNS) functions. Multiple processes, including sensorimotor 

integration, decision-making, motor planning, execution, and updating, are involved in any 

movement. For example, a BCI may be better able to restore naturalistic motor behaviors if it uses 

signals from multiple brain areas and decodes natural behaviors' cognitive and motor aspects. This 

review provides an overview of the preliminary information necessary to plan a BCI project 

focusing on intracortical implants in primates. Since the brain structure and areas of non-human 

primates (NHP) are similar to humans, exploring the result of NHP studies will eventually benefit 

human BCI studies. The different types of BCI systems based on the target cortical area, types of 

signals, and decoding methods will be discussed. In addition, various successful state-of-the-art 

cases will be reviewed in more detail, focusing on the general algorithm followed in the real-time 

system. Finally, an outlook for improving the current BCI research studies will be debated. 

2.2. Brain-Computer Interface 

2.2.1. Intracortical Brain-Computer Interface 

Intracortical BCI is an invasive branch of BCI that records brain activity within the brain 

tissue, usually from the cerebral cortex [1]. In intracortical BCIs, recording electrodes are closer 

to the neurons. Therefore, we can study the neural activity of a single neuron or population of 

neurons in the desired brain area. The target area of the brain can diversely change the mechanism 
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of a BCI research study and is usually decided upon in the early stages of preparation. In addition, 

various cortical areas are involved in movements, which are critical in decision-to-motor 

transformations [2–5]. Many BCIs aim to replace motor function lost due to CNS trauma or disease 

by decoding movement intentions from the motor cortex and translating them to movements of 

effectors like robotic arms or computer cursors. However, naturalistic motor behaviors are only 

encoded partially in the motor cortex. Thus, BCIs may benefit from various brain areas activated 

during a specific task movement. As a result, one (or multiple) brain area(s) will be the target of 

BCI studies. Subsequently, the study enters imaging and mapping stages to precisely target the 

best sub-area in the brain. Combining EEG recordings, CT scans, MRI imaging, fMRI recording, 

skull, and cortex 3D modeling will localize the most active sub-area of the targeted cortex for 

recording array implantation. 

2.2.2. Brain Areas 

Decision-making is choosing a course of action toward a desired outcome in the future. 

However, various events in the world cannot be predicted entirely and may alter the outcome. 

Cortical and subcortical areas of the brain process the limited information provided to make the 

best decision with the most acceptable consequences. Although various brain areas are involved 

in this process, the motor and pre-motor areas of the brain have been the primary targets of BCI 

studies. 

Motor Areas 

Motor information in the brain is encoded by various populations of neurons. These 

populations in different brain areas work in series and parallel during a movement. This 

hierarchical and parallel processing pattern is reproduced in all motor systems inside the brain. 
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The motor areas are constructed of multiple functional sub-areas forming hierarchical systems in 

the brain. The primary area (M1) includes an ensemble of neurons, and the population activity is 

mapped to different peripheral movements. The secondary area is the premotor cortex, concerned 

chiefly with planning and the global aspects of motor behavior, such as the muscles involved in a 

movement or the sequence in which they should contract. The tertiary area is located in the 

prefrontal cortex, concerned with executive behavior control. 

The motor behavior of the brain during voluntary movements comprises two steps: plan 

and execute. Studies show that neurons in the parietal, premotor, prefrontal, and motor regions are 

involved in these steps [7–14]. Motor planning starts before motor execution and could continue 

during the movement. For example, planning is the neural process that first locates the desired 

object in the space in a reach-and-grasp movement. Subsequently, the object's physical properties, 

such as size and shape, are transformed into a grip. Lastly, the planning information translates into 

moving towards the object until the object is grasped. 

Recordings of hand and arm kinematics show that even the execution of reach and grasp 

are not in sequence but essentially simultaneous [15–19]. The hand shapes the grip while the arm 

makes the reaching movement. Different body parts involved in a single motor task may execute 

the move simultaneously. Furthermore, they do not use a single unified mapping of the world. 

Instead, the brain encodes the space we experience using multiple maps with reference frames 

related to different motor circuits controlling the eyes, arms, hands, and other effectors. These 

maps have changed and adapted to the motor effector's specific needs [20–24]. 

The motor cortex neurons modulate activity related to kinematic and kinetic parameters. Task-

related parameters such as instruction cues and movement observation also modulate the ensemble 

activities in the motor cortex [25–32]. Recordings in the motor area show that adjacent neurons 
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may have highly different activities, relating these neurons to completely different parameters. As 

a result, it is possible to encounter various signals related to voluntary movement recorded  from a 

small, implanted electrode array [33]. 

The motor cortex has a critical role in controlling voluntary movement; it contains 

ensembles of neurons that convert a plan of action into motor commands to execute the plan. This 

execution will not be achieved by static mapping of muscles and moving body parts. Instead, the 

internal organization of the primary motor cortex and spinal connections will dynamically convert 

the current state's motor intentions and sensory feedback into motor output commands [34–36]. 

Decision-Making 

The prefrontal cortex (PFC) is involved in various stages of the perception-to-action cycle. 

Many types of information are encoded in PFC, yet unlike the motor or sensory cortex, no precise 

mapping exists except for the eye movement direction map [38, 39]. Studies show that sensory 

inputs, planning and executing various actions, memory-related tasks, and attention activate the 

neurons in PFC [40–45]. The PFC uses this variety of information to have a 'higher order' control 

over behaviors. For example, patients with damage to PFC may look ordinary but cannot perform 

daily activities. 

Every intended action depends on the ability to remember the intention, in some cases 

complicated like a chosen lifestyle. These intentions and the ability to remember them until we 

carry them out originate in PFC [46–49]. An intention-directed behavior is associated with a PFC 

subarea called orbital-ventromedial. This area connects to the subcortical systems, the 

hypothalamus, and the amygdala. These areas are involved when we feel hungry, thirsty, or more 

complicated feelings such as fear, aggression, and arousal. As a result, the orbital-ventromedial 
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PFC has access to object features like shape, color, taste, and textures. The orbital-ventromedial 

PFC projects the appropriate emotional response to the dorsolateral PFC and then the premotor 

cortex to trigger appropriate action. For example, the intention of drinking could be triggered when 

a glass of cold water with desired visual features is nearby, and we feel thirsty [44, 47, 50–52]. 

PFC is not exclusively concerned with movement planning. Much of the research in PFC includes 

memory and, more specifically, working memory (WM) [41, 53]. Nevertheless, executive motor 

control and WM might be related since they depend on holding information over time. WM is the 

ability to keep the information for a short time, usually on the scale of seconds, and manipulate it 

mentally. A good example is holding two numbers in mind and trying to multiply them mentally. 

WM also retrieves and uses information from long-term memory, making WM an input/output 

pathway for the long-term storage sites from a modeling point of view [54–60]. 

Despite recent studies, we still need to understand the population-scale organization of 

WM. The neural systems that drive and support WM are broadly distributed through the brain, 

specifically PFC. However, whether the systems supporting the WM are distributed or form 

multiple specialized networks is still being studied. Understanding the PFC becomes crucial in 

research studies investigating and treating a cognition disorder. Also, how to approach PFC neural 

activity recorded by WM tasks is dependent on understanding how these networks are organized 

[61]. By large-scale recording across lateral PFC of macaque monkeys, WM activity has been 

categorized into three anatomically specific modes. The first two modes encode early and late 

forms of memory storage, and the third mode predicts behavioral variability after delay, consistent 

with the response preparation [61]. 
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2.3. Signal Recording 

2.3.1. Electrodes 

Various types of electrodes can be used to monitor and record brain activity. In addition, 

the research study might utilize electrodes to stimulate the neurons with electrical waves sent to a 

particular brain area. Intracortical recording of brain activities includes electrodes entering the 

brain's gray matter. These sensors could be individual electrodes penetrating the brain or an array 

of electrodes implanted on the surface of the cortex. Thus, intracortical sensors are classified into 

three main groups: Microwires, Microwire bundles, and Microelectrode arrays [62].  

Microwires are the simplest form of these sensors. Initially, a glass electrode filled with 

electrolytes to monitor intracellular activities of neurons [63] evolved into conductive metal 

microwires which, except for the tip in contact with tissue, are insulated [64]. However, these 

electrodes are unsuitable for long time recording, and the chronic reactions of brain tissues should 

be considered in their long-term usability [65]. Therefore, a different design of wire recording was 

proposed and developed, which could record single and multi-unit activity [66]. This electrode has 

cone-shaped glass insulating gold wire(s) inside. The long-term stability of recording is the main 

improvement over standard wire recording techniques. 

Neural activities of single neurons are usually separated by assuming that the waveform 

shape of one neuron will only differ by amplitude through time, and different neurons' activities 

have different waveform shapes [67–70]. These assumptions may differentiate one neuron activity 

into two or more units recorded by the same microwire [62]. Electrode bundles of twisted 

microwires have been developed to overcome these uncertainties [62, 71]. These microwire 

bundles consist of platinum-iridium alloy microwires insulated by Teflon. 
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Additionally, multielectrode arrays contain multiple electrode shanks on a plate base. The 

first array developed in 1967 had five tungsten microwires [72]. In 1992, the Utah array, a 

glass/silicon composite array of needle-like electrodes, was developed, which recorded from 100 

electrodes simultaneously [73]. Later in 1994, a three-dimensional silicon-based microelectrode 

array called the Michigan probe was developed [74], which had multiple recording sites along the 

length of each shank and various electrodes on a base. Although ceramic-based, polymer-based, 

and multielectrode arrays have been developed, the Utah array remains the most popular in human 

studies [75-76, 62]. 

2.3.2. Signals 

Three general types of neuronal signals can be obtained from the intracortical recording: 

single-unit activity (SUA), multi-unit activity (MUA), and local field potential (LFP) [77]. LFPs 

are neurons' low-frequency (<300 Hz) analog activity close to the electrode. Any electrical current 

in the brain leads to an extracellular field that fluctuates based on the contributing currents. The 

amplitude and frequency of LFPs will change based on the activity of neurons close to the 

electrode. A higher amplitude LFP is associated with the inverse of the distance to a source neuron 

related to the task being executed [78]. 

Moreover, the beta-band (13-30 Hz) and the gamma-band (30-100 Hz) peaks in LFPs have 

valuable information, which has led to much research specific to these brain signals. For example, 

beta activities have been associated with concentration and problem-solving and are a critical 

source of studies on Parkinson's disease. In addition, gamma activities have been associated with 

perception, attention, working memory, and disorders like schizophrenia and autism [79]. 
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The SUA is the high-frequency activity of a single neuron. By detecting the spikes in this high-

frequency (>300 Hz) signal and assigning each spike to its corresponding neuron in a complicated 

process called spike sorting, we derive a signal which shows the spiking of a single neuron through 

time (i.e., spike trains). Furthermore, the number of spikes in specific time bins measures the firing 

rates of a neuron through time. Spike trains and firing rates are the variable features containing 

motor or cognitive activity information. The MUA is derived similarly to the SUA, with the 

difference that the resulting spikes are not sorted and are the simultaneous activity of multiple 

neurons [80]. 

2.3.3. Single Neuron vs. Population Activities 

Single-Neuron Representation 

The various methods of studying the brain usually fall into one of the categories of single-

neuron or population representation of activities. Regardless of how we record neural activities, 

we could always investigate single-neuron involvements in movement and learning. 

Prefrontal Cortex 

Lesion studies show that PFC involves learning a principle or rule from experience and 

applying it to new and similar situations [81]. The neural basis of this fact is studied by recording 

single neurons in the PFC of monkeys [45]. They indicated whether two consecutive shown objects 

were a match or a non-match, releasing a lever based on the changing rule. Some neurons in PFC 

showed more significant activity during match trials, and their firing rate changed greatly based 

on the rules. This preliminary study concluded that single neurons in the prefrontal cortex encode 

abstract rules. However, it has been found that abstract rules are reflected more strongly and earlier 

in the premotor cortex than PFC in well-practiced monkeys [82]. Understanding the rules is an 
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integral part of decision-making. Another research in a similar task with the binary decision of 

holding or releasing a lever has studied the single neuron responses of 708 randomly selected 

neurons from the PFC of monkeys [83]. The task comprises five phases: fixation, stimulus, delay, 

rule, and response. The monkeys are prompted to hold or release a lever based on the rule in each 

trial. The study found that 8% of neurons in the stimulus phase of the task and 18% during the 

delay phase significantly code the subjective decisions of monkeys. This research shows the 

possibility of decoding simple decisions from single neurons in the PFC. However, another study 

states that the single neuron activities in PFC during WM-related tasks are heterogeneous and 

intensely dynamic, making them unstable for working memory representations [84]. 

Motor Cortex 

Neurons in the motor cortex generate different activations for various movements based on 

different features, including the direction of the movement or velocity. By looking at each recorded 

neuron during a particular movement, we might find correlations between how a single neuron 

fires and the direction of the movement. One of the essential features in single neuron 

representations is the tuned activity of the neuron to a specific movement direction [85, 86]. 

In a study on monkeys' motor cortex, the activities of 606 cells related to proximal arm movement 

were studied while making two-dimensional arm movements in eight directions. As a result, the 

frequency and intensity of discharge in 75% of 323 active neurons were related to a preferred 

direction [27]. The shape of the resulting tuning curve has been a subject of debate. One study 

finds that the frequency of discharge in 75% of the 241 directionally tuned cells is a sinusoidal 

function (usually cosine) of the direction of movement [27]. However, another study shows 

evidence of various exhibited tuning profiles from cell to cell [87]. 
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Regardless of the shape of tuning curves, the directional preference of motor cortex 

neurons has been a valuable source of information for decoding motor cortex activity. Although 

there are limitations to single-neuron decoding of movement and information representation [88], 

averaging the activity through time has produced a more accurate decoding output in several 

studies [89–92]. 

Population/Ensemble representations 

Prefrontal Cortex 

The PFC plays an essential role in WM, and studies suggest a relatively stable population-

level representation of remembered stimulus features in the PFC [84]. In addition, another study 

has found that ensemble activities in rats' prefrontal cortex changed during new task learning, 

allowing them to decode previous and future goal choices [38]. Moreover, another study on 

monkeys shows the dynamic coding of stimulus flashing frequency in the population activities of 

PFC neurons [93]. In this study, monkeys indicated whether the flashing frequency of one stimulus 

was higher or lower than the previous stimulus. At the same time, the population activity of 899 

neurons was recorded during this working memory. Other studies found that the LFP gamma (30-

100 Hz) oscillation dynamics and the spike rates from the PFC correlate with the sensory 

information held in working memory. Moreover, the gamma power correlated with the number of 

objects stored in the WM [94-99]. 

Motor Cortex 

Studies suggest decoding motor cortex activities is more precise when combined actions 

of a large population of widely tuned neurons are studied [100-101]. For example, single-neuron 

studies show the directional tuning among neurons in three-dimensional arm movements [32]. 
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However, since many cells are active for any movement, generating action in a specific direction 

depends upon the activity in the neural ensemble as a population coding [102]. Population vector 

in the motor cortex is considered a vectorial summation of individual neurons' votes to a particular 

movement where active neurons make a weighted contribution along the axis of their preferred 

direction [102]. In many brain regions, a large population of neurons' response to stimuli or a motor 

command leads to a single outcome interpreted as a distributed representation of the information 

[103]. 

One study on rhesus monkeys has found the population vector to be a robust predictor of 

the direction of arm movement in space and relatively immune to cell loss [100]. In that study, the 

discharge frequency of 224 active neurons from 282 total recorded cells was used to form a 

population vector that could predict arm movement's direction before the movement onset, where 

the monkeys reach toward a peripheral target from a central point. 

In population recording of neurons, although targeting a fraction of neurons involved in a 

movement, it is essential to know that only some cells add valuable information to the set. For 

example, some cells might not be active during a specific task; even if they are, there might be a 

significant correlation of information between neighbor cells. Thus, dimensionality reduction 

methods are applied to the recordings before other translations or decoding are performed [104, 

105]. If there are D measured variables, but there are K explanatory variables (where K < D), 

dimensionality reduction methods extract these K explanatory (or latent) variables. The latent 

variables are a shared input or a collective role of unobserved neurons in a network we are 

recording. They form a K-dimensional space representing the important shared activity of a 

population response [106]. The lower-dimensional surfaces within the entire space are called 

neural manifolds. In a manifold, the activity of each neuron is presented as a linear combination 
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of latent variables plus some additive noise [107]. The neural manifolds, like cortical activity, 

could change or emerge through time with long-term learning [108, 109]. If a movement requires 

the acquisition of new neural modes outside of the manifolds, it takes longer for the subject to 

learn that motor activity [107, 110]. 

Most motor actions follow the kinematic principles, yet neurons act based on practical 

solutions shaped by evolution. For example, it is unclear whether the neural activity in the motor 

cortex relates to muscles or abstract movement features [26, 111–114]. The motor cortex encodes 

the kinematics and kinetics of each movement. Kinematics refers to parameters that describe the 

movement, such as position, velocity, acceleration, joint angles, and length of muscles. Kinetics 

involves causal forces and muscle activity. Findings show that some neurons in the primary motor 

cortex encode the kinematics of movement and some kinetics. Of course, this relation is not linear, 

and some neurons are found to discharge firmly during weak activities and be relatively quiet 

during a strong movement of a finger [115–119]. 

There are different views regarding movement parameters encoded by neuron populations. 

Traditional theories state that motor cortex neurons are tuned for parameters such as direction. 

Still, some neural populations are directionally tuned to velocity and non-directionally sensitive to 

speed [120]. Neuronal activities governing desired kinematics and required movement kinetics are 

generated simultaneously in different yet overlapping neural populations. Thus, the role of the 

motor cortex may be the transformation between what movement to make (kinematics) and how 

to make it (kinetics) [115, 118, 121]. 
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2.4. Decoding Methods 

An essential characteristic of a BCI system is the estimation of intentions. To control a 

computer or machine with brain signals, we need to translate the neural activities into intention 

and then into commands; This challenging process is called decoding. Various decoders and 

decoding methods exist in machine learning, each performing better than others in specific 

situations. For any research, usually, multiple decoders are tested to find the best decoding 

performance. The best decoding methods are particular to the research task. For example, decoding 

a movement intention is continuous (i.e., based on the previous kinematic state), while decoding 

an intended target in a saccade task is discrete. However, the methods suitable for a given task 

might require a mixture of regression and classification or an ensemble of multiple methods to 

vote on the decoded outcome. 

BCIs, one popular decoding method to translate motor activities into movement is the 

Kalman filter (KF) [122]. KF uses previous states of the hand (e.g., kinematic features like 

position, velocity, and acceleration) plus neural activity (e.g., firing rates of current and previous 

time bins) and estimates the next state of the hand as follows: 

𝑥𝑘 = 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 (𝑥𝑘−1, 𝑧𝑘) Equation 2.17 

where x is the state vector, and z is the neural activity (i.e., firing rate). In each step, the KF model 

is updated so the predictions are subsequently corrected towards the true state whenever a new 

batch of data arrives. There are two main steps in the KF model: prediction and updating. If we 

assume there is no external influence (e.g., force) that will alter our states, the prediction step will 

go as follow: 
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𝑥̂𝑘 =  𝐹𝑘 𝑥̂𝑘−1

 𝑃𝑘 =  𝐹𝑘𝑃𝑘−1𝐹𝑘
𝑇 + 𝑄𝑘

 Equation 2.18 

where F is the state transition obtained from X, P is the estimate covariance matrix, and Q is the 

covariance of additional uncertainty from the environment called process noise. In this step, a 'best 

estimate' and a 'new uncertainty' are predicted from the 'previous best estimate' and 'old 

uncertainty'. Then we will update the model in the next step: 

𝑥̂𝑘
′ =  𝑥̂𝑘 +  𝐾𝑘(𝑧𝑘 −  𝐻𝑘 𝑥̂𝑘)

𝑃𝑘
′ =  𝑃𝑘 − 𝐾𝑘𝐻𝑘𝑃𝑘

𝐾𝑘 =  𝑃𝑘𝐻𝑘
𝑇(𝐻𝑘𝑃𝑘𝐻𝑘

𝑇 +  𝑅𝑘)−1

 
Equation 2.19 

where H is the observation function obtained from Z and X; R is the covariance of the observation 

noise. Subsequently, the new 'best estimate' 𝑥̂𝑘
′ , and the updated uncertainty 𝐸𝑘

′  will be fed to the 

next iteration of prediction and updating. 

Multiple versions of KF have been developed that could perform better in nonlinear 

systems. The extended KF is developed to address nonlinear systems by simply linearizing all 

nonlinear models to apply the traditional KF [123]. Unscented KF is another extension of KF, 

which uses a set of appropriately chosen weighted points to address a system's nonlinearity [124]. 

In this version, the state-to-state and state-to-measurement are not simply two matrices; two 

functions make these transitions. Recent advances in machine learning sciences, especially deep-

learning algorithms, have provided new tools for BCIs. For example, a BCI study on monkeys 

used long short-term memory (LSTM), an extension of the recurrent neural network (RNN) 

method, to decode kinematic features during a center-out, bimanual reaching, and bipedal walking 
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on a treadmill task [126]. They report a significant improvement in performance using this 

decoding method over state-of-the-art unscented and standard KF. 

For classification tasks (e.g., decoding the intended target in a saccade task), various 

methods can be utilized based on the complexity of the signal and the recorded brain area. If the 

translation of neural activities to intentions proves linear simple and fast methods might be a good 

fit (e.g., the linear discriminant analyses or regularized logistic regression). Support vector 

machines [127] can be a practical method for more complex transitions.  

2.5. Successful Brain-Computer Interface 

2.5.1. Motor BCI 

Many BCI research studies have explored the functionality of the motor cortex of primates. 

Though far from perfect, some successful BCI cases developed and tested on humans are some of 

the most sophisticated BCIs developed. 

BrainGate 

BrainGate was developed to translate intended hand motion into a neural cursor with which 

the patient could perform activities like opening emails or operating a television [129]. In this 

study, a male 25-year-old patient with spinal cord injury resulting in complete tetraplegia was 

implanted with a 100-microelectrode array in the arm area knob of M1. A linear filter translated 

the patient's intended hand movements into cursor movements. To train the model, since the patient 

cannot physically move the cursor, he was asked to imagine following the cursor movements made 

by a physician. The filter was then used to decode activity and drive a neural cursor. For example, 

during the center-out task, the patient has acquired between 73-95% of targets. 
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Algorithm 

1. A technician moved a 2D cursor on a screen through random targets. 

2. The patient was asked to imagine moving his hand like the cursor. 

3. The single and multi-unit activity of M1 (arm area) was recorded. 

4. A linear filter regressed neural response matrix (containing neuron's firing rates) onto 

technician-controlled cursor position. 

5. The filter was updated with each one-minute block of data. 

6. The neural activity of the patient was then translated into cursor position using the following 

closed-form solution comprised of least-squares formulation: 

𝑢 = 𝑅. 𝑓 = 𝑅(𝑅𝑇𝑅)−1𝑅𝑇𝑘 Equation 2.20 

where 𝑢 is the reconstructed 2D position, 𝑅 is the neural response matrix, 𝑓 is the linear filter, and 

𝑘 is the 2D position. 

A neural-controlled robotic arm was developed in one of the following projects based on 

BrainGate (BrainGate2) [130]. The neural activity of the arm and the hand area in M1 are decoded 

using a Kalman filter to continuously update an estimate of the participant's intended hand 

movement and control a robotic arm to perform three-dimensional reach and grasp movements. 

Similar to BrainGate, to initialize and train the model, participants were asked to imagine 

controlling the robotic arm as they watched it move. In this study, one participant performed self-

paced reaches to successfully drink from a mug of coffee 11/12 times within a single session [131]. 

Recent research from the same group has combined a recurrent neural network (RNN) decoding 

model with a language-predictive model to estimate the handwriting intentions of their participant 
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[132]. In this study, the motor activities of neurons in the hand knob in a patient with spinal cord 

injury have been associated with attempted handwriting letters to train the models that achieved 

the speed of 90 characters per minute with 94.1% real-time accuracy.  

University of Pittsburgh Medical Center 

In this project, the motor cortex signals of a participant with tetraplegia were translated into 

movement dynamics of a seven-degree-of-freedom robotic arm to reach and grasp a target [133]. 

A velocity-feature vector (3D translation of the arm, 3D wrist orientation, and grasp) was related 

to the acquired firing rates in 30ms time bins. Optimal linear estimation was used with ridge 

regression to find the coefficients of the linear model. Different tasks of reaching and grasping 

have been tested and reported in this research. The first task is moving the robot arm towards one 

of the six targets on a board indicated by an LED and performing an orientation of grasp announced 

by a computer-generated voice. The second task is grabbing, moving, and different objects of 

different shapes on a target surface. Other tasks were also selected from the action research arm 

test (ARAT) [146] for the participant to perform under complete brain control of the robotic arm. 

This project was the first human study to achieve natural control in complex movements of a 

prosthetic arm. 

Algorithm 

1. A seven-degree-of-freedom robotic limb was moved through space toward an indicated target 

on a board. 

2. The patient was asked to watch the movement of a robotic limb carefully. 

3. Neural data were recorded during this observation phase. 

4. The activity of each unit was linearly modeled by the seven velocities described above. 
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𝑓 = 𝑏0 + 𝑏𝑥 𝑣𝑥 + 𝑏𝑦 𝑣𝑦 + 𝑏𝑧 𝑣𝑧 + 𝑏𝜃𝑥 𝑣𝜃𝑥 + 𝑏𝜃𝑦𝑣𝜃𝑦 + 𝑏𝜃𝑧𝑣𝜃𝑧 + 𝑏𝑔 𝑣𝑔  Equation 2.21 

𝑓 is the firing rate of a unit, 𝑏 is the coefficient from B, coefficient matrix, and 𝑣 is velocity 

from V, velocity matrix. 

5. Indirect optimal linear estimation with ridge regression was used to fit the model, and a unit 

that did not fit the model was excluded. 

6. 80 trials (6 minutes) of observation phase data were used to train the model so the participant 

could control the limb in the next phase. 

7. 80 trials of participant-controlling phase data were also used to optimize the final model. 

8. Training and optimizing the model were performed daily. 

The Ohio State University 

Many people who have paralysis have disruption of the signal pathway between the brain 

and the muscles. This research study implements a new information path from the brain to the 

muscles [134, 135]. This project uses the intracortical motor activity of a participant with 

quadriplegia to activate his forearm muscles to eventually give them the ability to grasp, 

manipulate, and release objects. In this study, the hand area of the motor cortex was implanted 

with a Utah array, and the acquired signal decoded the participant's movement intention using 

wavelet decomposition. This intention was then encoded to evoke the desired response from the 

muscles in the forearm. A graphical hand on a monitor showed a movement or posture to train the 

decoder, and the participant imagined/attempted the cued movement. For example, in one of the 

tasks completed by the participant, they were able to grasp a bottle, pour its contents into a jar, 

release the bottle, pick up a stir stick, and use it to stir the jar's contents. The participant completed 

this task three out of five times in 10 minutes, each taking less than 52 seconds. 
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Algorithm 

1. The stimulation patterns for desired movements of the thumb and the wrist were first calibrated 

by trial and error to find stimulation levels corresponding to low, medium, and high amounts 

of joint deflection. 

2. The participant was prompted by a small graphical hand on a monitor to attempt the gesture or 

movement. 

3. Four-scale wavelet decomposition was applied to each 100ms block of data. 

4. One-second-wide boxcar filter was applied to the mean of wavelet coefficients for each 

channel to smooth the data. 

5. Four scales were averaged and standardized to be used as a feature (called MWP or mean 

wavelet power) for a block of data from each channel (96 features for every 100ms) 

6. Multiple decoders were used simultaneously, each for a trained movement. 

7. The features and the cues were fed to a support vector machine for each motion using a 

nonlinear Gaussian radial basis function kernel. 

8. The decoder with the highest output score (r) was used to determine the stimulation intensity 

level. 

𝑓(𝑟) =  {

0, 𝑟 ≤ 0
𝑟(𝑚 − 𝑙)/0.2 + 𝑙, 0 < 𝑟 ≤ 0.2

𝑟(ℎ − 𝑚)/0.2 + 2𝑚 − ℎ,

ℎ,
0.2 < 𝑟 ≤ 0.4

𝑟 > 0.4

 Equation 2.22 

m, l, and h are the three stimulation levels corresponding to the medium, low and high amounts 

of joint deflection, respectively. 

9. The decoders were updated with every 100ms block of data. 
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This research is the first implementation of intracortical motor cortex BCI to stimulate the muscles 

in real-time to regain functional hand movement. 

John Hopkins University 

In this research, the participant patient suffering from spinal cord injury controlled two 

robotic arms with the neuronal activities of the motor and somatosensory cortices of both their 

brain hemispheres [136]. In addition, the study adopted a shared control strategy to control two 

semi-autonomous twelve-degree-of-freedom (12 DOF) robotic arms. 

Algorithm 

1. In a gesture-based 2D control strategy, a mapping familiar to the patient was adapted as follows: 

up (open hand), down (2-finger pinch), toward the midline (wrist flex), away from the midline 

(wrist extend), and no movement (hand rest). 

2. Neural signals were recorded from six multielectrode arrays from 384 channels, and the 

normalized firing rates were calculated as features. 

3. Based on linear discriminant analyses, the decoding model was trained by the patient imagining 

different gesture combinations. 

4. The shared-control strategy was applied to limit the DOFs controlled by neural signals. In 

complex tasks, up to 4 DOFs were controlled by the patient (2 DOFs for each brain hemisphere).  

5. Since the robots are performing the majority of the control, a moving average filter on the input 

monitors the active engagement of the user. The robots will halt the autonomous movement 

controls if this control signal falls below a threshold. 
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2.5.2. Cognitive BCI 

The term "cognitive" broadly defines many aspects of brain activity during thinking and 

understanding. Higher cognitive functions of the brain are independent of the details of how the 

actions are executed [137] and are more concerned about the final achievement and evaluating the 

course of activities. For example, imagine a bowl of fruits; If we prefer one fruit over another, 

signals in our brain indicate this preference which eventually could decide what fruit we will reach 

to pick [138]. Using a cognitive-related signal from the brain to control a BCI is less explored than 

execution-related BCIs. The idea is to decide whether we could decode the higher-level intention 

of a user and translate it to a computer or machine output. Cognitive neural prosthetics are BCI 

systems that use cognitive signals to control an external device [148].  

The difference between a motor and a cognitive BCI is the approach to understanding the 

user's intention. For example, in a motor BCI, the user thinks about moving their arm to open a 

window, and the machine will translate the moving intentions until it reaches the window and 

opens it. However, in a cognitive BCI, the user intuitively imagines an open window, and the 

machine will open the window [137]. Therefore, extracting the user's cognitive state can produce 

a more meaningful output. For example, suppose a mute person wants to use the BCI for 

communication. In that case, the cognitive BCI can extract the appropriate signals directly from 

the speech-related area of the brain rather than using a letter board and a moving cursor based on 

motor signals [138]. To this end, we need to know which part of the brain generates the appropriate 

signals. Here we also examine the implementation of a cognitive BCI and how the intentions are 

decoded. 

Compared to motor BCIs, the number of developed cognitive BCIs is very limited. This 

number is much more limited when the subject is human. For example, one research study in the 
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posterior parietal cortex (PPC) decoded motor imagery of a tetraplegic human [139]. They indicate 

that motor imagery recorded from a population of neurons in PPC can be translated into cursor 

movements or robotic limb control. In this study, a 32-year-old patient with paralyzed limbs due 

to spinal cord injury was implanted with two microelectrodes in the reaching-related area on the 

superior parietal lobule and a grasping-related area at the junction of the intraparietal and 

postcentral sulci. The recorded spiking activity was used to control a 17-degree-of-freedom robotic 

arm and a 3D cursor. The patient could control these external devices by imagining movements 

like moving their hands to their mouth, rotating their shoulder, or touching their nose. An important 

finding was that the patient's neurons encoded both the goal and imagined trajectory of movements. 

To test the spatial goal and trajectory, they asked the patient to imagine moving the cursor to a 

cued target on a screen, sometimes masking it from view. From the 124 units recorded during this 

task, 19% coded only the movement's goal, 54% coded only the movement trajectory, and 27% 

coded both. Classification accuracy of more than 90% was achieved using the goal-oriented units. 

This finding is the first high-level decoding of motor intentions in humans, which shows an up-

and-coming tool yet to be fully utilized in BCIs. 

2.6. Outlook and Discussion 

To decode the motor impulses until the task is finished, we require prior knowledge of the 

motivation for the maneuver. Studies suggest that due to the brain's distributed nature of motor 

planning, multiple cortical areas should be employed to operate the BCI systems better [140, 141]. 

However, even some developments using only one cortical area try to use other sources of 

information to accompany the motor signals to get better results. For example, in a reach-and-

grasp task using a robotic arm, one study has decreased the dependency on motor signals by using 

a vision-guided shared control of the robotic arm [142]. As soon as the mounted camera on the 
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robotic arm detects a possible target in the direction of movement, it will form an appropriate hand 

positioning to grasp the object later. This autonomous movement will eliminate the need to decode 

grasp patterns from motor signals. 

Another study recorded simultaneously from multiple cortical areas alongside M1, like 

dorsal premotor cortex (PMd), supplementary motor area (SMA), PPC, and primary 

somatosensory cortex (S1), to make the maximum use of available information from brain signals 

[143]. The study suggests that even though a significant sample of M1 neurons consistently 

provides the best estimation of all motor parameters (e.g., position and velocity), the other areas 

also contribute to BCI performance. Also, using more available neurons from the beginning will 

compensate for the loss of neurons later, and the performance stays at an acceptable level for a 

more extended period. 

Decision-making BCIs are another example of using higher-level and motor signals to 

control a system. For example, one study has obtained information about the targets, goals, and 

motor preparation before movement onset, indicating the significant advantage of decision-making 

BCI over a traditional motor BCI [144]. This decision estimation will help the BCI correct errors 

and minimize processing delays. As a result, the controlled device will produce desired outputs (or 

perform the desired action) without heavy processing load and execution delays of continuous 

motor commands. Motor BCIs can significantly benefit from additional information like an 

abstract representation of actions or target objects [145]. For example, in the reach-and-grasp task, 

the motor cortex continuously encodes the kinematics to reach the target. Suppose the model can 

decode the user's cognitive state, for example, a visual feature of the intended target, like color or 

shape. Many potential targets can be eliminated, resulting in fast-responding BCI with minimal 
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delays and errors. Therefore, all available information should be combined synergistically to 

improve a traditional BCI. 

2.7. Conclusions 

Brain-computer interfaces are primarily developed to assist or restore motor-related 

shortcomings and to help the user communicate or control external devices. To this goal, going 

straight to motor signals from the brain is the right solution. However, other brain regions are 

involved in the decision-to-movement process. For example, the prefrontal cortex (PFC), or more 

precisely the lateral PFC, has been a valuable source of information [147], [149-154], which has 

yet to be explored for human BCIs. This area encodes high-level control and intention in the brain 

for decision-making. It also controls the eye movements used to decode saccade intentions in 

monkeys [147]. Additionally, the PFC is heavily involved in memory-related tasks, which could 

help the decoding models access the intended target through the information on shapes and colors. 

Finally, the PFC is an excellent candidate to be utilized along with the motor cortex in multi-area 

BCIs to improve error detection, correction, and decision-making intention estimation. 
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Chapter 3: 

Ensembles codes for associative learning in the primate lateral 

prefrontal cortex 

3.1. Summary 

The lateral prefrontal cortex (LPFC) of primates is thought to play a role in associative learning. 

However, it remains unclear how neuronal ensembles in this area dynamically encode and store 

memories for arbitrary stimulus-response associations. We recorded the activity of neurons in 

LPFC of two macaques during an associative learning task using multielectrode arrays. During 

task trials, the colour of a symbolic cue indicated the location of one of two possible targets for a 

saccade. During a trial block, multiple randomly chosen associations/rules were learned by the 

subjects. We conducted a state-space analysis and found that LPFC neuronal ensembles rapidly 

learn new stimulus-response associations mirroring the animals’ learning rates. Multiple 

associations acquired during a training session can be stored in a neuronal subspace. They can be 

retrieved hours or days after learning. Finally, ensemble knowledge of old associations can 

facilitate learning of new, similar associations. These results indicate that neuronal ensembles in 

the primate LPFC provide a flexible and dynamic substrate for associative learning. 

3.2. Introduction 

Learning to associate visual information with a deeper symbolic meaning is a trademark of primate 

cognition and behaviour. For example, prosocial behaviour in chimpanzees has been attributed, in 

large part, to the associative learning [1]. In humans, associative learning has long been recognized 

as a key cognitive domain necessary for successful environmental and social interactions [2]–[4]. 

The prefrontal cortex has been implicated in associative learning. There is a demonstrated 
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relationship between the increasing size of the prefrontal cortex and phylogenetically and 

cognitively more advanced species [5]. In its simplest form, associative learning involves mapping 

(and remapping) arbitrary stimulus-response associations [6], [7]. In humans, Milner [8] 

demonstrated that lesions of the dorsolateral frontal lobe result in impaired performance in learning 

new arbitrary stimulus-cue associations (rules), resulting in perseverating old rules. These findings 

have been replicated in macaques with lateral prefrontal cortex (LPFC) lesions performing a 

similar task [9]. 

The LPFC receives input from different sensory systems and sends projections to multiple cortical 

areas [10]. Neurons in LPFC encode sensory and motor signals, movement planning and 

execution, working memory, attention, reward expectation, and task rules [11]–[22]. Moreover, 

the LPFC is one of the brain regions in which changes in the selectivity of neurons during learning 

of new task rules have been documented [18], [23], [24]. This suggests circuits within the LPFC 

possess a degree of plasticity and connectivity with the rest of the brain, allowing them to store 

arbitrary stimulus-response associations (referred to as rules hereafter) and adjust to the 

contingencies of changing environments. For example, the decision to reach for one out of two 

objects may quickly change depending on the context (e.g., if we have wine, then we may reach 

for cheese, but if we are having coffee or tea, then we may reach for a pastry at the same table).  

A previous study [13] has shown that during an associative learning task, single neurons in the 

LPFC of macaque monkeys can represent associations between visual cues (e.g., the colour of a 

fixation point) and motor responses (e.g., a saccade in a particular direction). The study showed 

that while representations of saccade direction seem to remain stable during learning, the 

representation of the cue seems to change as animals learn the task. This selectivity is similar to 

the one observed in areas involved in the coding of associative memories, such as the hippocampus 
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[25] and the parietal cortex [26]. Over the last few years, studies in the LPFC have shown that 

single neuron's performance, evaluated neuro-metrically, explained less behavioural variability 

than the performance of neuronal populations [27], [28]. It is currently unclear how ensembles of 

LPFC neurons acquire selectivity for new stimulus-response associations during associative 

Figure 3.1. Electrophysiological Recordings and Behavioural Task 

(A) Anatomical location of chronic implant for monkey JL and monkey M. A, B, C, D, E, and F are 

different channel groups recorded during different sessions. NCs are the not-connected channels. 

(B) The task and reward setup in which the LPFC activity is recorded along with the eye movements. 

(C) The different periods of the task in which the monkey should make a saccade to one of the two 

presented targets based on the colour of the cue. 

(D) Each session contains blocks of trials with different colour rules. The vertical gray dashed lines 

separates different blocks. The trials before the sigmoid fit (pink line) reaches 65% are considered 

LP (orange), the trials after the sigmoid fit crosses 75% are considered HP (purple), and the trials in 

between are the transitioning period (cyan). The vertical purple dashed line indicates the start of the 

HP trials. 
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learning tasks and how they encode and store such associations in the distributed activity of 

neuronal populations. 

We address these issues by recording the activity of neuronal ensembles in the LPFC of behaving 

monkeys using chronically implanted multielectrode arrays (Figure 3.1a) during an associative 

learning task (Figure 3.1b). During the task, animals made a saccade to one of two targets presented 

on a computer screen depending on the colour of a central fixation point to obtain a fluid reward   

(e.g., if green, saccade to target 1, if red, saccade to target 2) (Figure 3.1c). Once the animal learned 

the rule and performed above the 75% accuracy level for some random number of trials, we 

changed the meaning of the colours either to a new colour combination or to a combination that 

included one or two of the colours but changed the colour-target mapping contingency. We found 

that neuronal ensembles in the LPFC acquire selectivity for the novel component of the rule 

(colour) and its association with a saccade direction as the animals learn the task. Furthermore, we 

trained a deep neural network on the recorded data and demonstrated neuronal ensembles in LPFC 

rapidly adapt during a session to encode the new rules. We conducted state-space analyses, 

showing that the rules are encoded in separate neural subspaces. The distance between the 

attributes of the encoded rules reflects the similarity between rules and the time it took the animals 

to acquire the rule. 

3.3. Results 

3.3.1. Behaviour 

The animals performed the task in blocks (vertical gray dashed lines in Figure 3.1d separates the 

blocks). As a block begins, the monkey learns the rules for that block based on receiving the reward 

for correct trials only, resulting in them choosing the correct target more often i.e., better 
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performance from the monkey (Figure 3.1d). When a new block with new rules starts, there is a 

drop in performance. However, as the monkey progresses in a block, the performance improves. 

In blocks with repeated rules (e.g., red colour saccade to the left target) relative to previous blocks, 

the monkeys tend to perform well from the beginning, which suggests that the monkeys store the 

learned rule in long-term memory and retrieve it when needed. Notice that in our paradigm, the 

rules for a block could be new rules or the combination of a new and an old rule. We fit a sigmoid 

function to parameterize the monkeys’ performance curve. We consider the performance above 

75% as indicating the animals had acquired the task rules [29]. With a gap of one standard 

deviation of the performance distribution, performance below 65% was considered to indicate that 

the animals had not acquired the task rules yet (horizontal dashed lines in Figure 3.1d). During the 

trials with performance between 65% and 75%, the animals had some knowledge of the rule but 

had not fully acquired them. The trials in which the monkey had not acquired the rule yet are used 

in our analyses as the low-performance trials (LP), and the trials in which the monkey has acquired 

the rule as the high-performance (HP) trials. 

3.3.2. Electrophysiological data modeling 

As a confirmatory step, we explored the recordings to observe the emergence/increase of the rule 

information coding in HP compared to LP trials. For this section we analyzed the neuronal 

activities in single channel and single unit levels. The single unit activities were obtained by 

thresholding the multiunit activities of single channel responses filtered at >250Hz, followed by 

automatic spike sorting using MKSort (Matthew Kaufman and Ripple, Inc., https://github.com/ripple-

neuro/mksort).  

To confirm the existence and persistence of rule information in single channels, we used a rule 

decoding SVM-based model to find the single channel performances (Figure 3.2A). In one session 

https://github.com/ripple-neuro/mksort
https://github.com/ripple-neuro/mksort
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(X) (see Figure A1) with repeating rules (two blocks with the same rules: B1 and B2), we trained 

the model on all trials except B2 and tested on B1 in a 3-fold cross-validation scheme and recorded 

the top 25% performing channels (blue x in Figure 3.2A). We repeated the analysis in session X, 

training on all trials except B1, testing B2 in a 3-fold cross-validation scheme, and recording the 

top 25% performing channels (cyan octagons in Figure 3.2A). Moreover, we trained the model on 

session X and tested it on a block containing different rules (B3) in a 3-fold cross-validation 

scheme and recorded the top 25% performing channels (orange rectangles in Figure 3.2A). In 

addition, in another session (Y) recorded from the same electrode bank, which contained the same 

rules as B1 and B2, we repeated the analysis on a similar block, B4. We trained the model on 

Figure 3.2. Single Channel and Single Unit Analysis 

(A) Analysis of best performing channels for rule decoding. A high number of the best performing 

channels decoding a given rule recorded from the same electrode bank remains the same in the same 

session and different block (75%), and different session (62.5%). However, 12.5% of the best 

performing channels decoding different rules from the same and different session remain the same.  

(B) The normalized rule and saccade log-likelihood of single channels. White channels have lower than 

chance log-likelihood encoding rule (purple numbers) and saccade (orange numbers). Channels with 

significant saccade log-likelihood are “saccade channels” (orange). Channels with significant rule log-

likelihood are “rule channels” (purple). A channel can have significant log-likelihood for saccade and 

rule (split channels). The black electrodes are not connected to wires. Comparing the LP and HP trials, 

the number of saccade channels have increased by 26% (38 to 48) in monkey JL and 60% (25 to 40) in 

monkey M. On the other hand, comparing the LP to HP trials, the number of rule channels have 

increased by 56% (25 to 39) in monkey JL and 485% (7 to 41) in monkey M.  

(C) Increase in single unit rule decoding performance from LP (red rectangular) to HP (green 

rectangular) trials. *p=4.34e-11, N=62 for each distribution. 
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session Y, tested it on B4 in a 3-fold cross-validation scheme, and recorded the top 25% performing 

channels (green rectangles in Figure 3.2A). Lastly, we trained the model on session Y, tested it on 

a block with different rules (B5) in a 3-fold cross-validation scheme, and recorded the top 25% 

performing channels (red diamonds in Figure 3.2A). In Session X, 75% of the top-performing 

channels in decoding the B2 rules remained the same as B1, while 12.5% of the top-performing 

channels decoding the B3 rules were the same as B1. Also, in Session Y, 62.5% of the top-

performing channels in decoding B4 rules remained the same as B1, while 12.5% of the top-

performing channels decoding the B5 rules were the same as B1. 

In another single-channel analysis, we used a generalized additive model [30] to explore the 

relationship between the single-channel neuronal responses and different task components (see 

Methods). The saccade direction and the rule were tested against the single-channel neuronal 

responses in HP and LP trials (Figure 3.2B). The model finds the log-likelihood of neuronal 

responses given a certain condition (saccade and rule) with the chance likelihood. Normalizing the 

given likelihoods with their chance level, we recorded each channel’s saccade (orange numbers) 

and rule (purple numbers) normalized likelihood. Channels with a lower than the chance likelihood  

for saccade and rule are white. The channels with higher than chance likelihoods for saccade are 

the ‘saccade channel’ (orange channels). The ‘rule channel’ (purple channels) have higher than 

chance likelihoods for the rule. A channel can be a ‘rule channel’ and a ‘saccade channel’ 

simultaneously if both likelihoods are higher than chance (split channels). The black electrodes 

are not connected to any channel. Comparing the LP and HP trials, the number of saccade channels 

has increased by 26% (38 to 48) in monkey JL and 60% (25 to 40) in monkey M. On the other 

hand, comparing the LP to HP trials, the number of rule channels has increased by 56% (25 to 39) 

in monkey JL and 485% (7 to 41) in monkey M (Figure 3.2B) (also see Figure A2). 
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Moreover, as an additional confirmatory step, we sorted the single channel recordings of one 

session into single unit activities to explore the increase in coding of rule information in HP trials 

compared to LP. We used an SVM-based model to decode the rules from the single unit spike rates  

(Figure 3.2C) normalized by each unit’s chance level rule decoding. The normalized single unit 

rule decoding increased significantly from LP to HP trials in the 62 sorted units (p=4.34e-11 

Kruskal-Wallis [31], and Dunn [32] post-hoc) (Table 3.1). 

3.3.3. Decoding Analysis 

Using a support vector machine classifier, we decoded the associated rule and the monkeys’ 

intended saccade direction in each trial from all of the channel activity at multiple intervals after  

Figure 3.3. Temporal Analysis of Rule and Saccade Decoding 

(A) The performance of the rule decoder and the saccade decoder given the neuronal activity recorded 

through different periods of the task (increasing window of input information) normalized by the 

decoders’ chance level. 

(B) The contribution of the information coded in different periods of the task to the decoding model’s 

performance across all sessions. *p=0.019 for monkey JL, p=0.029 for monkey M comparing the 

performance contribution distribution of the colour cue period in rule decoder (blue) versus saccade 

decoder (orange). N=100 for each distribution. 
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the target onset. Compared to the chance decoding level, the rule decoder achieves a high 

performance level faster than the saccade decoder. This is likely due to utilizing the colour cue 

period more than the saccade information.  It is important to note that the rule model is decoding 

13 different rules in Figure 3.3A while the saccade model decodes 8 different directions. As a 

result, decoding performance normalized by the chance level (performance after shuffling trial 

labels) is used to compare both models (Figure 3.3A). Also, across multiple decoding repetitions, 

the errors are too small to be visible in the normalized scale, therefore, are not shown in Figure 

3.3A.  

We separated these intervals into three task periods: target presentation, colour cue, and saccade 

planning/movement. We analyzed the saccade and rule decoding models’ performance increase 

across all sessions.  

The three task periods have different relative contributions of rule decoding and saccade decoding. 

On average, saccade models showed higher performance during the target presentation and the 

saccade period. However, during the colour cue period, the rule decoding models performed better 

(p=0.019 for monkey JL, p=0.029 for monkey M, Kruskal-Wallis, and Dunn post-hoc) (Table 3.1, 

Methods). The statistics from all sessions show that decodable information, important to 

distinguish between different rules, is encoded in neuronal activities during the colour cue period 

(Figure 3.3B). Thus, the colour rule information is encoded early during the trial (cue period) to 

produce the correct motor response (saccade) later during the trial. 

3.3.4. Latent Space Analysis of Rule Coding 

In this task, the colour cue and the target location may be confounded. In order to dissociate the 

colour cue from the target location/saccade direction, we analyzed trials with the same saccade 
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Figure 3.4. Latent Space Analysis of Rule Coding 

(A) Two subsets of HP trials with the same target location and different cue colours are transformed into 

a low dimensional latent space using PCA and t-SNE. The trajectories are plotted on a 3-dimensional 

temporal-latent space. As we progress through the task periods, the trajectories pass through two separate 

attractors and move back towards each other as the pre-saccade planning to the same target location begins. 

(B) During the target presentation period, the two rules occupy the same cluster in the latent area and the 

separation of two rules is not obvious. 

(C) During the colour cue presentation period, the two rules occupy two different clusters in the latent 

space. 

(D) Analyzing the separation of the two rules through task periods in the latent space using the Calinski-

Harabasz index, gives us a separation score that increases during the colour cue presentation to a maximum, 

and decreases as the monkeys start to plan the saccade. Moreover, the same analysis on the LP trials with 

the same saccade direction and different cue colours yields no separation between the two rules since the 

monkey has not acquired the rules and the resulting saccade is the same for all. *p=8.9e-4 for monkey JL, 

p=1.7e-7 for monkey M comparing the distribution of the separation index of the rules during the color 

cue period of HP (blue) versus LP (orange) trials. N=100 for each distribution. 
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direction but different cue colours. Thus, in this comparison, the monkey saccades in the same 

direction towards the same target location, but the information prompting the movement arises 

from different cue colours. Using two dimensionality reduction methods, we transformed the trials 

into a latent space to investigate the separation of trials with different cue colours in that latent 

space. We transformed the firing rates of HP trials with the same saccade direction and different 

cue colours into a 50-dimensional space using principal component analysis (PCA). Subsequently, 

the principal components are transformed into a 2-dimensional space using the t-distributed 

stochastic neighbor embedding (t-SNE) [33] method for visualization. 

The firing rates obtained in these trials are transformed into a three-dimensional space, two 

dimensions of the latent space and time (Figure 3.4A). The latent space trajectories through time 

show the separation of the two colours through different stages of the task. During the target 

presentation period, before the colour cue is presented, the trajectories of the two different rules 

occupy the same space with no distinct separation (Figure 3.4B). However, during the colour cue 

period, the trajectories move toward two separate regions of the latent space, distinguishing 

between the two rules (Figure 3.4C). The separation of the two rules analyzing multiple pairs of 

rules with the same saccade direction is quantified by the Calinski-Harabasz index [34] (Figure 

3.4D). As the monkeys receive the cue colour information, the separation increases, and as they 

make a saccade toward the same target, the separation decreases. Importantly, applying the same 

index on the LP trials shows negligible separation during the stages of the task since the presence 

of the coded task rules in neuronal activities in these trials is not as strong as in the HP trials 

(p=8.9e-4 for monkey JL, p=1.7e-7 for monkey M, Kruskal-Wallis, Dunn post-hoc) (Table 3.1). 
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Figure 3.5. Multi-Unit Decoding of the Rules 

(A) The processing pipeline and the DNN architecture. The raw recordings are processed, and the 

calculated firing rates are passed to a DNN. Multiple convolutional layers decode the neuronal activity 

through multi-units and time. Two LSTM layers process the time-series signals before passing through 

two dense layers for prediction. 
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3.3.5. Decoding of multiple rules 

Multiple methods were applied to decode the trial-associated rules. The input firing rates are the 

threshold-crossing spikes recorded before the response period, counted in 50ms time bins. Four 

models performed better than the rest across all sessions: deep neural network (DNN), random 

forest (RF), support vector machine (SVM), and regularized logistic regression (RLR). We  

compared the performance of these four methods decoding the rule from the population activities 

of LPFC neurons recorded during the task cue period. The DNN (Figure 3.5A) outperformed all 

other methods across all sessions with maximum decoding accuracy of 80% in a twelve-rule 

session (chance level decoding of 10.3%) (Figure 3.5D). Across all sessions, the decoding 

accuracy using the DNN was significantly higher than the chance level (p=0.02 for monkey JL, 

p=0.02 for monkey M, Kruskal-Wallis, Dunn post-hoc) (Table 3.1). Based on the number of  

Figure 3.5. Continued. 

(B) The confusion matrix for a 10-rule session of monkey JL shows the predicted labels by the DNN 

model along the x-, and the correct labels along the y-axis. 

(C) To visualize the rule classification by DNN in one session, the output of the second LSTM layer of 

the DNN model in a 13-rule session of monkey JL has been transformed into a 2-dimensional latent 

space using PCA and t-SNE. Different rules occupy different clusters in this space. The gold loops 

combine the two opposing targets in each block of trials. The figure legend shows the  rule associated 

with each cluster. 

(D) Comparing the performance of DNN, random forest (RF), support vector machine (SVM), and 

regularized logistic regression (RLR) models, decoding the rules from the population activity of LPFC 

neurons in all recorded sessions of monkey JL and M. *p=0.02 for monkey JL, p=0.02 for monkey M 

comparing rule decoding accuracy distribution of the DNN (blue) versus the shuffled label chance level. 

N=1000 for each distribution. 
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Figure 3.6. Multi-Unit Decoding of Saccades 

(A) The confusion matrix for the predictions made by the deep neural network (DNN) model in a session 

of monkey M. The predicted labels are along the x-axis, and the correct labels are along the y-axis. 

(B) To visualize the saccade classification by DNN in one session, the output of the second LSTM layer 

of the DNN model in a session of monkey M is transformed to a 2-dimensional latent space using PCA 

and t-SNE. Different saccade directions, highlighted by black arrows, occupy the same space in eight 

separate clusters. 
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randomly chosen rules in each session, there are different numbers of categories into which a trial 

can be classified. The confusion matrix in Figure 3.5B quantifies the decoding performance of a 

10-class rule session of monkey JL. In line with the latent space analysis of rule coding, the 

majority of the rules with the same saccade direction and different cue colours were predicted 

correctly. Thus, one can distinguish between population activities that arose from multiple 

different rules with similar or different saccade directions. Importantly, the model decodes 

information beyond directionally tuned activities corresponding to the different colour rules.  

 In addition, we transformed the output of the second long short-term memory (LSTM) layer of 

the DNN, before being passed to the prediction layers, into a 2-dimensional latent space using 

PCA and t-SNE to visualize the separation of different rules in a 13-class session of monkey JL 

(Figure 3.5C). There are clear segregations of different colour-saccade direction rules in the latent 

space. Similar saccade directions corresponding to different colours (e.g., green down left saccade 

and red down left saccade) are easily discriminable. However, they tend to cluster close to each 

other in the latent space. The lines link clusters of rules that were run within the same block. There 

is no apparent segregation of rules as a function of the block, suggesting that the subspace encodes 

rules based on their similarity and not the time they were learned.    

Figure 3.6. Continued. 

(C) Comparing the performance of DNN, random forest (RF), support vector machine (SVM), and 

regularized logistic regression (RLR) models, decoding the intended saccade from the population 

activity of LPFC neurons in all recorded sessions of monkey JL and M. *p=0.01 for monkey JL, p=0.02 

for monkey M comparing the saccade decoding accuracy distribution of the DNN (blue) versus the 

shuffled label chance level. N=1000 for each distribution. 



PhD Thesis – Alireza Rouzitalab   University of Ottawa 

92 
 

3.3.6. Decoding of Saccades 

We tested multiple methods to decode the intended saccade direction from the firing rates recorded 

during the colour-cued saccade task. We compared the performance of the DNN, RF, SVM, and 

RLR methods decoding the intended saccade direction from the population activities of LPFC 

neurons recorded before the saccade (Figure 3.6C). The DNN has a similar architecture to the rule 

decoding DNN with exceptions in the input and classifier layers (Figure 3.5A). The DNN 

outperformed the other three methods across all sessions, obtaining significantly higher 

performance than the chance level (p=0.01 for monkey JL, p=0.02 for monkey M, Kruskal-Wallis, 

Dunn post-hoc) (Table 3.1) and maximum average decoding of 90% in both monkeys. 

The DNN’s performance in one session of monkey M is quantified with a confusion matrix (Figure 

3.6A). In addition, we transformed the output of the second LSTM layer to a low-dimensional 

latent space using the PCA and t-SNE methods to see the clustering of different saccade directions, 

where ~90% of the trials are categorized correctly in this session of monkey M, occupying separate 

clusters in the latent space (Figure 3.6B). 

3.3.7. Rule Similarity Analyses 

The monkeys performed a colour-cued saccade task in which the rule governing cue-target 

association was changed several times during each experimented session. A new set of colour cues 

corresponding to two opposing targets governs each trial block. One (or both) of the new rules 

might be repeated or similar to a previous rule that monkeys learned in the same session. The 

previously learned rules affect the monkeys’ performance in future session trials. If the monkey 

has learned that the colour red means to saccade toward the up-right target, and if the same rule 

(red to up-right target) appears in the same session, it will not take long for the monkey to perform 

above the “rule acquired” threshold. Once the rule has been learned , it will remain in memory for  
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a while to be reused. We quantified this pattern using a rule similarity score (RSS). This score 

shows whether and how much the current rule resembles the previous rules in the same session. 

Two extremes are assumed for the RSS, containing other scenarios in between. If one of the two  

 Figure 3.7. Impact of Rule Similarity on Learning 

(A) An example session of monkey M performance. Similar to Figure 1D with addition of black brackets 

indicating the number of trials required for the monkey to acquire the new rules.  

(B) We quantified the changes of rules between blocks of trials into a rule similarity score (RSS). The score 

of 1 means that the monkey has seen a very similar rule recently, like the second block in (A); While the 

score of -1 means that the monkey has seen an opposing rule recently, like the fifth block in (A). Any other 

change in rules is scored between -1 and 1. Across all sessions, as the rule similarity increases, the monkey 

needs fewer number of trials to adjust to the new rules. The orange equation is the fitted linear model to 

show the decreasing trend. N (Number of trials to acquire the rule) is the y-axis and RSS is the x-axis. 
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current rules is repeated exactly as it is (at least one colour signaling the same target location as 

before), the RSS equals 1. On the other hand, if one of the two current rules is repeated exactly as 

opposite (at least one colour signaling the opposite target location as before), the RSS is equal to 

-1. Other scenarios follow an algorithm (see Methods) that assigns an RSS to the new block of 

trials based on previous rules learned by the monkey in the same session. 

The monkeys’ behavioural performance in a session with rules changing in different blocks of 

trials is shown in Figure 3.7A. Analyzing all sessions, we obtained the RSS for each transitioning 

block of trials to a new set of rules. Then, counting the number of trials the monkey needs to 

acquire the new rule, we found that as the RSS increases from -1 to 1, the monkeys need fewer 

trials to learn the new rule (Figure 3.7B). For example, the monkeys needed zero trials to learn the 

new rules in the second block in Figure 3.7A, where the RSS is 1 (It is important to note that since 

the assignment of new rules for the new block is random, sometimes the rules are repeated in two 

adjacent blocks like block 1 to 2 and 3 to 4). In other words, when the monkeys learn the task 

rules, they can easily access and utilize them later in the same session. The task rules remain in 

their memory for at least one session. We also analyzed this trend by fitting a linear model to the 

Figure 3.7. Continued. 

(C) The HP trials are transformed into a 100-dimensional latent space and the distance between trials of 

different rules in different blocks are calculated. By normalizing the distances, we were able to combine 

the results in different sessions. By analyzing the normalized distances based on their RSS we found a 

trend in which the blocks with higher RSS are closer (have lower distance value) in the latent space, 

compared to the blocks with lower RSS. The orange equation is the fitted linear model to show the trend. 

D is the y-axis and RSS is the x-axis. 
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RSS distribution (Figure 3.7B). The slope of the fitted model is -47.643 (confidence interval 

between -9.57 and -56.52) with the r-squared value of 2.3e-6, which shows a trend in which the 

number of trials needed by the monkeys to acquire the new rule decreased significantly as the RSS 

increased. 

Furthermore, we transformed the colour cue period of the HP trials into a 100-dimensional latent 

space using PCA to assess the latent state of blocks of trials based on their RSS. We defined a 

normalized distance variable between different blocks of trials in all sessions and categorized the 

calculated distances based on the RSS between blocks (see Methods). We found an inverse 

correlation between the defined distances and the RSSs where the distances between blocks with 

higher RSS are lower than those between blocks with lower RSS (Figure 3.7C). We fit a linear 

model on the distance and RSS distribution, resulting in a slope of -0.268 (confidence interval 

between -0.301 and -0.010). It is important to note that the slope is calculated with a normalized 

distance along the y-axis such that 0 ≤ 𝐷 ≤ 1. 

3.4. Discussion 

This study assessed LPFC coding of associative memory for stimulus-response associations 

(rules). First, we demonstrate that neuronal populations and single neurons show selectivity for 

rules once acquired. We then used decoders applied to subsets of the data and found that the rule 

could be successfully decoded from the neural activity independently of movement parameters. 

Moreover, we showed that rules are encoded in low dimensional subspaces of neural activity, and 

the distance between rules in neural space correlates with the similarity between rules assessed 

behaviourally. The distance in state space between the representations of the rules correlates with 

the similarity between the rules and behavioural performance. 
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3.4.1. Encoding of task rules in LPFC 

Previous studies have shown that single neurons in LPFC encode stimulus-response associations 

during an associative learning task. Asaad and coworkers [13] used a similar task to ours and 

demonstrated that LPFC neurons are selective for a stimulus-response association (object-

saccade). In that study, they used one rule combination per session and recorded the activity of 

one or few neurons at a time. Our study examined the learning of several rules during the same 

session and recorded from many neurons simultaneously to document the responses of populations 

of rule-selective neurons. Thus, by analyzing channel recordings, which are representative of 

subpopulations of neurons within a small cortex region covered by the electrode (~300µm), we 

found that the activities in some channels change to encode the rule information. As a proxy for 

rule learning within the region, we found that the number of rule channels increases in HP trials 

compared to LP trials. The fact that we found mainly learning for the association and not for the 

saccade direction indicates that what is learned is the abstract mapping of the cue colour into the 

saccade direction rather than a motor plan for making the saccade to a location. The latter is 

supported by the fact that we found populations of neurons that can discriminate between two rules 

with different colours and the same saccade direction. 

The coding of task rules (i.e., the number of rule channels) in LP trials is not zero. There are several 

reasons for this finding. First, in these experimental sessions, the monkeys acquired the rule 

gradually over several trials. We create thresholds that classify trials as HP, LP, and intermediate 

to aid analysis.  Most of the analyses focused on HP and LP trials.  It should be noted that even in 

the LP trials, the monkeys’ performance was typically greater than chance. Thus, the monkeys 

may have somewhat learned the rules but have not yet reached the performance threshold to 

categorize some trials as HP. In addition, in many cases, the monkeys learned parts of the rule or 
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an opposite rule during previous trials. So, it is possible that neuronal activity reflects the similarity 

between an acquired and a new rule. Indeed, we found a similarity between patterns of neuronal 

activity that correlate with rule similarity.  

3.4.2. Encoding of task rules and saccades during different task periods 

Given the activities recorded during different trial periods, we decoded the rule associated with 

each trial. We found that the rule decoder approaches the maximum performance during the colour 

cue presentation period. On the other hand, the saccade decoder does not perform as well as the 

rule decoder until the pre-saccade period. These results can be explained by rule information 

becoming available during the cue period before saccade information. It is also possible that 

saccade information becomes more accurate closer to the response period by recruiting neurons 

that are selective for the location of the intended saccade. Indeed, we have previously shown that 

decoding spatial attention from LPFC neurons becomes more accurate immediately before a 

saccade to the attended location is made [35]. Moreover, it is possible to accurately decode the 

direction of visually guided saccades from populations of neurons with LPFC [19]. It is difficult 

to determine whether the decoded information during the period before the saccade is related to 

motor preparation or to spatial attention. However, what seems clear is that the rule and saccade 

information can be dissociated at the level of the LPFC circuitry (Figure 3.4). The latter point is 

consistent with the proposal that the LPFC encodes abstract information that is further passed to 

premotor areas where movement parameters are specified [18], [36], [37].  

3.4.3. Separation of rule and behaviour representation 

We analyzed HP trials with the same saccade direction to explore the independent coding of the 

rule from the saccade preparation and movement, following two different colour cues. We showed 
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that populations of neurons in LPFC can discriminate between two rules that map into a similar 

motor command suggesting that these two aspects of the rules are orthogonally encoded within the 

area [36], [37]. This independence of rules attributes is paramount for cognitive flexibility, a main 

function of the LPFC [38].  

The separation between trajectories was negligible in LP trials, likely because the rule was not 

learned, and information is insufficient to separate the rules clearly. Thus, as monkeys learn the 

rule, the neural trajectories of different cue colours separate during the cue presentation. This 

finding indicates that changes in the activity of the population that occurred during the learning of 

new rules correlate with the behavioural performance of the animals. The latter agrees with studies 

showing an impaired ability to acquire new rules after lesions of the LPFC in humans and monkeys 

[8], [9].    

3.4.4. LPFC enables flexible storage of associations in long-term memory. 

A main finding of our study was the storage of rules in activity subspaces in the LPFC. The analysis 

of rule similarity summarized by the RSS between revisited rules in one session suggests that the 

learned information is accessible to the monkey for at least the duration of the session. The 

persistence of up to 14 different rules is beyond the threshold of what is typically considered a 

short-term memory [39]. Thus, our results rule out that the animals were using short-term memory 

alone to solve the task. Furthermore, the latent space analysis of LPFC activity during the cue 

presentation but plotted as a function of RSS (Figure 3.7C) demonstrates that proximity in PCA 

space correlates with rule similarity and the ability of the animals to learn the task in a few trials. 

The strong similarity between the behavioural finding that ease of learning correlates with rule 

similarity (Figure 3.7B) and the PCA state proximity implies that LPFC plays a critical role in 

learning the arbitrary stimulus-response associations [13], [18]. Moreover, although we tested a 
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limited number of rules (up to 14), our results indicate that the LPFC has a storage capacity that 

allows learning an arbitrary number of stimulus-response associations and new associations from 

previous experience (rule similarity analyses). We further propose that ensembles of neurons tuned 

for different rules provide a high dimensional space for flexibly encoding arbitrary numbers of 

associative experiences, a fundamental aspect of primate intelligence. 

3.4.5. Limitations of the study 

The main aim of this study was to investigate the neural correlates of associative learning and 

memory in the LPFC of macaques. Although we achieve animals to learn multiple rules, there are 

limited trials within a session until animals get satiated. Thus the number of rules we tested is 

limited. Moreover, the array isolation decays over time, so our study had a time window to collect 

the data. One must also acknowledge that although microelectrode arrays allow recording from 

neuronal ensembles of dozens or more neurons, this number is still small compared to the millions 

of neurons recruited during the task within a few square millimeters of the LPFC. Increasing the 

number of neurons recorded may produce more accurate results. Using technologies such as 

Calcium imaging may also improve this issue, although their temporal resolution and practicality 

are not optimal for primate studies. Such technologies could also improve our ability to reliably 

identify cell types during the recordings and their specific role in the neural computation 

underlying ensemble codes. 
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3.6. STAR METHODS 

3.6.1. KEY RESOURCES TABLE 

REAGENT or 

RESOURCE 
SOURCE IDENTIFIER 

Software and Algorithms   

Python 3.8 Python Software Foundation https://www.python.org/ 

NumPy 1.19 Community project https://numpy.org/ 
SciPy 1.6 Community library project https://scipy.org/ 

Tensorflow 2.2 Google Brain Team https://tensorflow.org/ 

Keras 2.4 François Chollet https://keras.io/ 

MATLAB R2021a Mathworks https://www.mathworks.com/ 
 

3.6.2. RESOURCE AVAILABILITY 

Lead Contact 

Further information and requests for resources should be directed to the lead contact, Alireza 

Rouzitalab. 

Data and Code Availability 

Data reported in this paper will be shared by the lead contact upon request. 

Original code used in this paper will be shared by the lead contact upon request. 

Any additional information required to reanalyze the data reported in this paper is available from 

the lead contact upon request. 

3.7. Method Details 

3.7.1. Experimental animals 

Two adult male monkeys (Macaca fascicularis: monkey “JL” and monkey “M”) were used in this 

study. All procedures complied with the Canadian Council of Animal Care guidelines and were 

https://www.python.org/
https://numpy.org/
https://scipy.org/
https://www.google.com/search?rlz=1C1CHBF_enCA949CA949&sxsrf=ALiCzsafXzo_ilkXZ0cnlvEJgGMpXLb0Ow:1658943240618&q=Google+Brain&stick=H4sIAAAAAAAAAONgVuLSz9U3qEopMjLOXsTK456fn56TquBUlJiZBwD0URSaHQAAAA&sa=X&ved=2ahUKEwjB2ryUzZn5AhUyjIkEHaILD2EQmxMoAXoECGkQAw
https://tensorflow.org/
https://www.google.com/search?rlz=1C1CHBF_enCA949CA949&sxsrf=ALiCzsZdEwCsn8U56Mg7yyK0WFw-kituPA:1658943300237&q=Fran%C3%A7ois+Chollet&stick=H4sIAAAAAAAAAOPgE-LVT9c3NEw2LDIqKssrUIJwM4zS07KyMwq1VLOTrfST83MLSktSi_SL89NKyhOLUq3yizLTM_MSc-ITS0sy8osWsQq6FSXmHV6en1ms4JyRn5OTWrKDlXEXOxMHAwCQYgdAYwAAAA&sa=X&ved=2ahUKEwiTxvOwzZn5AhUCkIkEHX3vBrcQmxMoAXoECGMQAw
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approved by the McGill University Animal Care Committee. Animals were pair-housed in 

enclosures, and interactive environmental stimuli were provided for enrichment. During 

experimental days, fluid was controlled (minimum of 35 mL kg−1 day−1) in such a manner that 

the animals could earn any additional amount to the minimum through the successful performance 

of the task. Fluid intake was supplemented to reach this quantity if it was not achieved during the 

task, and restriction was lifted during nonexperimental days. 

3.7.2. Electrophysiological recordings 

Surgical procedures were carried out under general anesthesia with endotracheal intubation. 

During the initial procedure, the animals were implanted with three titanium head posts – one was 

placed posterior to the supraorbital ridge in the midline and the other two on the petrosal bones, 

superior to the occipital protuberance behind each ear. During the experimental tasks and 

recordings, the head posts interfaced with a head holder to maintain a fixed head position. 

In a subsequent procedure, we chronically implanted a 10x10 multi-electrode array (Blackrock 

Microsystems) in each monkey’s left LPFC anterior to the knee of the arcuate sulcus and caudal 

to the posterior end of the principal sulcus (Brodmann area 8a) (Figure 3.1a). The scalp was 

incised, and the incision was electrocauterized. The scalp was retracted and the pericranium 

excised to limit biological reaction around the implant. A high-power drill (Anspach) was used to 

create a craniotomy over the left LPFC. Wet gelfoam was applied to the epidural edges for 

hemostasis. The electrode array connector was fixed to the skull with cranial screws, and the array 

wires were bent in anticipation of the electrode positioning. The array wires were secured with 

Silastic sealant (silicone polymer, World Precision Instruments). The dura was opened with a no. 

11 blade and Reynold scissors. The electrode was placed over the target to lay with the plane of 

the array parallel to and just touching the cortex with no tension in the wire and inserted 1 mm into 
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the cortex using a pneumatic inserter (Blackrock Microsystems). The dural flap was laid atop the 

array, and a synthetic dura was placed over (Durepair, Medtronic, Minneapolis, MN). The bone 

flap was replaced and secured using cranial fixation plates and screws (Synthes). Gaps in the bone 

were filled with Silastic and the scalp was released from retraction. A small incision was made in 

the scalp to make the connector percutaneous. The scalp was closed in layers with buried vicryl 

suture in the galea and staples to the skin. The animal fully recovered from the surgery within 1 

week. 

Data from 32 electrodes per session were recorded using a Cerebus Neural Signal Processor 

(Blackrock Microsystems). The signals were buffered at the head stage (1× amplification; ICS-

96), then band-pass filtered (0.3 Hz/1-pole, 7.5 kHz/3-pole, analog) and digitized (16 bit, 1 µV/bit) 

at 30 kHz. The occurrence of a spike was detected whenever the digitally high-pass filtered (250 

Hz/4-pole) raw data passed a threshold (manually adjusted between -4 and -4.5 × noise standard 

deviation). Spike times and waveforms (48 samples at 30 kHz, 1.6 ms) were saved to disk for later 

offline analysis. 

Raw broadband data was linearly transformed with a sphering matrix to yield independent signal 

channels. The sphering matrix linearly transforms a vector of random variables with a known 

covariance matrix into a set of new variables whose covariance is the identity matrix, meaning that 

they are uncorrelated, and each has variance 1. We then applied a threshold to the resulting signal. 

To detect events in the recordings, we keep the signals crossing the –0.5 × σ threshold, where σ is 

the standard deviation of the signal and remained below that threshold for at least 60 µs. 

After detecting the threshold-crossing events, we apply a sanitizing method on the event train. We 

keep only the largest event where they occur within 300 µs of each other. Also, if an event appeared 

simultaneously on more than 30 % of channels, it was discarded as noise. 
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We first apply principal component (PC) analysis to the train to sort these events to convert the 

waveforms into PC features. We then applied isosplit5, a clustering method, to sort the events 

based on the PC features. Then for each cluster, we re-applied principal component analysis 

recursively to branch deeper into more clusters up to a maximum depth. 

While recording the monkeys’ eye movements, the gaze tracker reports a confidence value for 

each recorded data point. To sanitize this data, we clipped out recorded values with a confidence 

level of less than 60%. 

We detected saccade events using the Naïve Segmented Linear Regression based on Hidden 

Markov Models (NSLR-HMM) method[40] on our gazing signals. 

We segmented processed data into uniform length trials. We sliced each trial between –0.15s to 

+0.2s around the Target onset and –0.05s to +1.35s around the Cue resulting in 1.75 s long analysis 

window. This segmentation intentionally excludes data from 0.05s before saccade onset to solely 

focus on intended saccade decoding during premovement planning. Anecdotally, if peri-saccade 

data are included then decoding is trivial, with 100% decoding accuracy for most recorded 

sessions. 

To obtain the firing rates, we binned the spike trains in 50ms windows and convolved them with 

a rectangular kernel. 

3.7.3. Behavioural Task 

The monkeys performed a modified colour-cued center-out delayed saccade task. During this task 

a custom computer program controlled the stimulus presentation and monitored eye position 

signals (SR Research, Ottawa, Canada). Visual stimuli were back-projected on a screen using a 

video projector (NEC WT610, 1024×768 pixels, 85Hz). The screen was positioned 100cm from 
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the animal’s eyes. The animal initiated a trial by maintaining fixation on a central fixation point—

a square of length 0.2 deg located in the middle of the screen—for 700ms. Two target boxes of 

length 5.1 deg, symmetric with reference to the fixation point, then appeared in two of eight 

locations. The potential target locations were the 45 deg steps arranged radially 12.7 deg away 

from the middle of the screen.  A colour cue in the shape of an annulus of radius 1.3 deg then 

appeared around the fixation point 250ms after target onset and remained on the screen for another 

1,000ms. The cue had three possible colours: red, green, and blue. The colours dictate to which 

target (top, top-right, right, or bottom-right vs. bottom, bottom-left, left, or top-left), the monkey 

should make a saccade in order to receive its reward. After the annulus disappeared, the monkey 

maintained fixation on the central fixation point for another 250ms until the fixation point 

disappeared, when the monkey had to make a saccade to the correct target box (Figure 3.1c). The 

monkey was required to fixate on the target location for 250ms to receive the reward. The rules 

associated with the target location and the colour cue changed randomly after the monkey learned 

the rule. For each task event, the stimulus presentation software sent digital signals to both the 

neurophysiology and eye tracker systems for offline synchronization (Figure 3.1b). 

3.7.4. Statistical Analysis 

The normality of the distribution of each result was tested by D’Agostino and Pearson’s method 

[41]. Based on this test, the non-parametric or parametric tests were used to confirm the hypothesis. 

A post-hoc test was carried when we found statistically significant results. Highly significant 

results are marked with * in the figures. A summary of the tests for different analyses and figures 

can be found in Table 3.1. 
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3.7.5. Generalized additive model 

A generalized additive model (GAM) is a technique to simultaneously estimate the relationship 

between a response variable and multiple predictor variables. Unlike generalized linear models, 

GAMs can account for arbitrary nonlinear relationships between predictors and the response. Since 

the relationship between stimulus variables and spikes is often nonlinear and nonmonotonic, 

GAMs are an attractive option for modeling neural responses. In neuroscience experiments, the 

neural response may be influenced by external inputs – which may either be continuous-valued 

signals (e.g., velocity, position) or discrete (e.g., target onset, colour cue, reward) – as well as 

neuron’s response in the past (spike history). In its most general form, the model can be written 

as: 𝑔(𝐸(𝑦)) = ∑ 𝑓𝑖(𝑥𝑖)
𝑁𝐶
𝑖=1 + ∑ (𝑢𝑘 ∗ 𝑧𝑘)𝑁𝐷

𝑘 =1 + ℎ ∗ 𝑦, where 𝑥𝑖 is the i-th continuous-valued input 

variable, 𝑓𝑖(. )  is any generic nonlinear function operation on 𝑥𝑖, 𝑧𝑘 is the k-th discrete value, 𝑢𝑘 is 

the temporal filter operating on 𝑧𝑘, ℎ is the spike-history kernel, 𝑔(. ) is the link function, 𝐸(. ) is 

the expectation value of the response, and 𝑁𝐶, 𝑁𝐷 denote the total number of continuous- or 

discrete-valued inputs respectively. 

Given the response 𝑦 and inputs 𝑥𝑖, 𝑧𝑘, the goal is to recover 𝑓𝑖, 𝑢𝑘, and ℎ under some assumed  

link function 𝑔. This can be solved by computing the maximum a posteriori estimates as {𝑓, 𝑢̂, ℎ̂} =

Table 3.1. Summary of Statistical Analyses 

Figure 
Normal 

Distribution 
Test 

Hypothesis 
Test 

Post-
Hoc 
Test 

Monkey JL Monkey M 
N = (DoF+2)/2 

p H/T F DoF p H/T F DoF 

2C 
Not 

Gaussian 
Kruskal-
Wallis 

Dunn 
4.3e-

11 
43.45 479.7 122 n/a n/a n/a n/a Number of single units 

3B 
Not 

Gaussian 
Kruskal-
Wallis 

Dunn 0.019 5.46 9.95 6 0.029 4.74 7.50 6 Number of sessions 

4D 
Not 

Gaussian 
Kruskal-
Wallis 

Dunn 
8.9e-

4 
11.04 32.08 38 

1.7e-
7 

27.27 195.74 38 Number of trials 

5D 
Not 

Gaussian 
Kruskal-
Wallis 

Dunn 0.02 5.33 9.48 6 0.02 5.39 9.71 6 Number of sessions 

6C 
Not 

Gaussian 
Kruskal-
Wallis 

Dunn 0.01 5.47 9.96 6 0.02 5.46 9.94 6 Number of sessions 
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𝑎𝑟𝑔𝑚𝑎𝑥(𝐿(𝑓,𝑢, ℎ |𝑦,𝑥) 𝑃(𝑓, 𝑢, ℎ)), where 𝐿(𝑓,𝑢, ℎ |𝑦, 𝑥) = 𝑃(𝑦|𝑥; 𝑓, 𝑢, ℎ) is the model 

likelihood and 𝑃(𝑓, 𝑢, ℎ) is the prior over the model parameters [30]. 

Analyzing the changing rules, saccades, and colours in our task, given the single channel neuronal 

spiking activity, shows which inputs can explain the activities better. The inputs with the highest 

likelihood, which explain the highest fraction of the spike occurrence, are chosen as the best model 

by the algorithm [42]. 

3.7.6. Decoding methods 

We compared the performance of our deep RNN-based model against multiple popular approaches 

using scikit-learn [43]. The first method was regularized logistic regression [44], [45]. For time-

series signals, we may have many features relative to the number of training examples which could 

lead to overfitting. We used L2 regularization to help mitigate overfitting. 

The second method that we tested is the support vector machine (SVM) algorithm. SVM translates 

the input data into a higher dimension space and then tries to find the hyperplanes that separate the 

data to multiple classes with the least possible error rate [46]–[48]. Furthermore, by applying the 

appropriate kernel to SVM, we can turn a linear model into a non-linear model to better fit our 

data. In the SVM model, we used radial basis function (RBF) as the kernel with the gamma 

coefficient of 1/(𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 × 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒(𝑋𝑖𝑛𝑝𝑢𝑡 )). Here, the 𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  is the number of time 

samples in each trial. 

The third approach tested is the random forest method. Random forests comprise multiple 

relatively uncorrelated trees that predict the desired outcome for inputs based on various features 

and, ultimately, vote for the most popular result [49]. This method has proved to perform well due 
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to the ensemble nature of the approach, which takes multiple aspects of input data into account 

[50]–[52]. 

We trained, evaluated, and tested all methods in a 10-fold scheme, recording the validation 

accuracy as the model’s performance. 

3.7.7. Deep neural network parameters 

Model definition, training, and evaluation were implemented in Tensorflow (2.2) using the Keras 

API. To read the data for our model, we start with a sub-model inspired by EEGNet [53]. The data 

are spatially filtered and then temporally filtered using a sequence of convolutional layers, yielding 

a lower-dimensional transformation of the input data. The output from this sub-model is then fed 

to a recurrent neural network (RNN). RNNs are frequently used to decode time-series signals, and 

we tested three different RNNs: simple RNN, gated recurrent unit (GRU) [54], and long short-

term memory (LSTM) [55]. GRU and LSTM yielded the same results for our purposes, and we 

chose to work with LSTMs. The LSTM outputs were fed to two sequential non-linear layers to 

produce a prediction of the intended saccade target (Figure 3.5a). 

The model weights were trained using backpropagation with the NAdam optimizer to minimize 

the loss. The cost function is defined to calculate the multi-class loss between model output and 

signal labels. To this end, we used the cross-entropy loss: 𝐶𝐸𝐿𝑜𝑠𝑠𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 (𝑌,𝑆) =

 − ∑ 𝑦𝑖 log 𝑠𝑖
𝑐
𝑖 , where C is the number of classes, 𝑦𝑖 is the ground truth for the i-th class and 𝑠𝑖 is 

the model’s score for the i-th class. 

The LSTM layer in our network uses L2 regularization for both input and recurrent kernels. This 

method adds the square magnitude of coefficients to the cost function to avoid overfitting. The 

ridge regression changes the cost function into 𝐿 = 𝐶𝐸𝐿𝑜𝑠𝑠𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑌,𝑆) +  𝜆∑ |𝑤𝑖|
𝑁
𝑖=1 , where 
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𝑌 is the true label, 𝑆 the score vector for classes, 𝐶𝐸𝐿𝑜𝑠𝑠𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛(𝑌,𝑆) the original cross-entropy 

loss function, 𝜆 the L2 regularization weight and 𝑤𝑖 the i-th coefficient. 

To avoid both overfitting and overconfidence in our deep network, we used another regularization 

technique called label smoothing [56]. This technique mixes the labels from binary values of one-

hot encoded vectors with a uniform distribution to make the gap between correct and incorrect  

classes less obvious: 𝑌𝐿𝑆 = (1 − 𝛼) × 𝑌𝑜𝑛𝑒−ℎ𝑜𝑡 +  𝛼/𝐶, where α determines the amount of 

smoothing. 

Theoretically, there is not much limit on how deep a multi-layer network can get. Successful 

models have many different numbers of layers, usually higher than three [57]–[60]. We tested 

multiple architectures different in the number of convolutional and RNN layers. This is an 

additional step towards generalizing our approach, which differs from the hyperparameter 

optimization that usually occurs when the model architecture is decided. After choosing the best -

performing architecture, several methods were used to ensure the network did not produce unreal 

and non-deterministic results. The chance level was calculated using the label shuffling technique. 

The model is trained and validated using a 10-fold cross-validation scheme. During each run, we 

save the model with the highest validation accuracy. Our model hyperparameters were the number 

of units in the RNN layer, the learning rate, the L2 regularization weight, the label smoothing ratio, 

the number of RNN layers, and the number of units in the fully connected layers. We optimized 

the hyperparameters using a hold-out data set. The final hyperparameters are listed in Table 3.2. 

Deep neural networks tend to perform differently with different weight initializations. Due to the 

process of loss minimization and the search for the global minima in the loss landscape, it is 

important where we start. We always initialize the random generators to a fixed seed in our 

program to avoid this. We ran the training and evaluation process for 100 run to verify whether 
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our model performance was deterministic. If the results do not show a large variance, the 

initialization is not playing a major role in the model’s performance. The decoding results showed 

a maximum of ~5% variance. 

Table 3.2. Optimized Hyperparameters 

Hyperparameter Optimized Value 

Number of Units in LSTM layers 64 

Convolution Kernel Length 25 

Learning Rate 0.001 

Dropout Rate 0.4 

L2 Regularization Weight 0.001 

Label Smoothing Ratio 0.2 

Number of Units in the Dense layer (Bottleneck) 64 

 

3.7.8. Rule similarity score algorithm 

The following pseudo-code shows the principle governing the assignment of the rule similarity 

score to a new block of trials: 
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3.7.9. Latent space distance 

In each session, the dimensions of the colour cue period of the learned trials are reduced to 100 

points using the PCA method. First, 20 principal components are extracted through time, then 5 

principal components are extracted from different channels, i.e., space. Thus, each trial is 

represented by 100 principal components to capture all the necessary dynamics of the cue period. 

Target Group 1 = {Right, Up Right, Up, Up Left}; 

Target Group 2 = {Down Right, Down, Down Left, Left}; 

N = number of blocks in current session; 

RSS = 0; 

 

for colour in block colours: 

  if colour is repeated: 

 if repetition occurs more than N/2 blocks before: 

      r = 2; 

    else: 

      r = 1; 

    if target is 0 deg apart: #same target 

      RSS = 1; 

     break; 

  else if target is 180 deg apart: #opposite target 

     RSS = -1; 

      break; 

    else if target is 45 deg and in same group: 

      RSS += 0.5/r; 

    else if target is 45 deg apart and in other group: 

      RSS -= 0.5/r; 

    else: 

      RSS += 0; 
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As each block of trials consists of two rules, we defined the following variable as the distance 

between trials of two blocks: 

𝐷 = ‖
𝐴1

𝑇𝐴1

𝑁𝐴1

−
𝐵1

𝑇𝐵1

𝑁𝐵1

‖ + ‖
𝐴2

𝑇𝐴2

𝑁𝐴2

−
𝐵2

𝑇𝐵2

𝑁𝐵2

‖ , where 𝐴1 and 𝐵1 are the transformed trials with the same 

colour cue in the two blocks (since we only have 3 different colour cues, at least one colour cue is 

repeated between blocks), 𝐴2 and 𝐵2 are the transformed trials with the second rule in the two 

blocks (with the same colour cue or different) with number trials noted with 𝑁𝐴1
, 𝑁𝐵1

, 𝑁𝐴2
, and 

𝑁𝐵2
 respectively, and  ‖. ‖ is the matrix norm. 

The trial matrices of  𝐴 and 𝐵 have dimensions of 𝑁𝐴 × 100 and 𝑁𝐵 × 100, which makes 𝐴𝑇𝐴 and 

𝐵𝑇𝐵 100 × 100 matrices. Also, to eliminate the effect of the number of trials with each rule, the 

𝐴𝑇𝐴 and 𝐵𝑇𝐵 matrices are divided by 𝑁𝐴 and 𝑁𝐵 respectively. 

In each session, the normalized distances are divided by the maximum value of calculated 𝐷 to 

have values between 0 and 1. Then, the distances are categorized based on the RSS between the 

two blocks and pooled across all sessions to analyze the correlation between the distances and the 

RSSs. 
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Chapter 4:  

Volitional Control of Beta Activities in Parkinson’s Disease Patients 

4.1. Abstract 

Patients diagnosed with Parkinson’s disease (PD) have difficulty initiating and executing 

movements due to an acquired imbalance of the basal ganglia thalamocortical circuit secondary to 

loss of dopaminergic input into the striatum. The unbalanced circuit is hyper-synchronized, 

presenting as larger and longer bursts of beta-band (13-30 Hz) oscillations in the subthalamic 

nucleus (STN). As a first step toward a novel PD therapy to improve symptoms through beta 

desynchronization, we sought to determine if individuals with PD could acquire volitional control 

of STN beta power in a neurofeedback task. We found a significant difference in STN beta power 

between task conditions, and relevant brain signal features could be detected and decoded in real-

time. This demonstration of volitional control of STN beta motivates the development of a 

neurofeedback therapy to modulate PD symptom severity. 

4.2. Introduction 

The basal ganglia are brain regions clustered deep inside the brain, and they are important for 

motor control [1], especially in goal-oriented movements [2], and in gating movement onset [3].  

In PD, the loss of dopaminergic input to the striatum unbalances the basal ganglia–thalamocortical 

circuit. Subsequently, the unbalanced circuit results in pathological movement inhibition. 

Microelectrode recordings from the STN of the basal ganglia are abnormal in PD, and the 

magnitude of abnormality correlates with motor impairment severity [4]–[6]. The pathological 

state is characterized by abnormally large amplitude and long-duration bursts of the beta band (13–

30 Hz) synchronized activity in the STN [7] and the motor cortex [8]. Beta activity in PD 
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desynchronizes in response to L-Dopa [9], or deep brain stimulation (DBS) therapy and the 

desynchronization magnitude is proportional to symptom improvement [10]. Furthermore, beta-

triggered DBS provides equivalent therapy to always-on DBS with fewer side effects [11]. 

Given the association between STN beta-band synchronization and PD symptom severity, we 

propose that targeted STN beta-band desynchronization should improve PD symptoms, and this 

could be a novel therapy for PD patients. However, it is unknown if pathological STN beta can be 

modulated volitionally. 

Real-time neurofeedback of brain signals enables participants to modulate their brain activity over 

weeks and months with concomitant changes in ADHD severity [12], [13] or epilepsy seizure 

frequency [14], [15], and over seconds as a form of alternative communication in a BCI [16]. 

Moreover, studies have shown that BCI-based volitional control of motor cortical beta oscillations 

affects reaction time in healthy individuals [17]. In addition, others have demonstrated volitional 

control of motor cortical beta oscillations in PD patients [18]. In this study, we sought to 

demonstrate the rapid acquisition of STN beta control in PD patients.  

 

Table 4.1. Information on recorded sessions, and patients’ PD conditions 

Patient/Session 
Number of Trials 

Age Sex UPDRS 3 
Improvement on Meds 

(%) 
Calculated Beta Band  

Orange Blue 

P008 13 15 59 M 48 67 15-30 Hz 

P009 14 14 47 F 31 74 15-40 Hz 

P010 10 13 57 M 40 45 25-40 Hz 

P014 33 24 63 F 56 63 20-35 Hz 
P015 9 14 69 M N/A N/A 25-45 Hz 

P017 9 11 54 M 44 43 20-40 Hz 

P018 8 14 73 M 45 53 20-40 Hz 

P019 13 13 67 F 51 65 25-45 Hz 

P020 13 13 50 F 48 85 15-30 Hz 
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We tested the ability of nine PD patients undergoing DBS implantation surgery (Table 4.1) to 

acquire volitional control of STN beta-band oscillations. The post-hoc reconstructed recording 

sites used to drive the feedback (Figure 4.1A, red dots) were mostly in or around the motor part of 

the STN (Figure 4.1A, orange part of nucleus). The other recorded sites not used to drive the 

feedback (Figure 4.1A, yellow dots) were also in the STN. Significant modulation of beta power 

was not observed in the other two recorded channels that were not used to drive feedback. 

Participants observed a sphere in a virtual reality scene, and the colour of the sphere was controlled 

by a transformation of the instantaneous power of ongoing beta oscillations recorded from a 

microelectrode in the STN (Figure 4.1B). At the beginning of each trial, participants were cued to 

change the colour of the ball toward either orange or blue. Participants were instructed to make 

the colour orange by imagining stiff and slow Parkinsonian-like movements and to change it to 

blue by imagining smooth and easy movements. Still, they were free to explore and use whatever 

mental strategy worked best at controlling the ball's color. 

The experiment aims to determine whether individual participants can acquire volitional control 

of their brain signals, discriminable between target classes. 

4.3. Results 

4.3.1. Change in Beta Power 

The beta band wave is acquired by bandpass filtering the recorded LFP between 13-30 Hz. Figure 

4.1C illustrates one of the beta waves recorded during one session (solid line). The beta wave 

amplitude envelope (dashed line) was acquired by applying a Hilbert transform [26] on the beta 

wave time signal to encapsulate the beta bursts. Moreover, analyzing the LFP in the frequency 

domain provides valuable information for this study. Periodograms provide the signal’s 
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power in different frequencies through time. Investigating the periodogram of each session, the 

frequency band with more varying power through time may yield better information on the 

Figure. 4.1. The procedure to record modulated LFPs in PD patients. 

(A) Microelectrode recording sites from nine participants reconstructed from surgical notes and co-

registration of postoperative CT with preoperative MRI then transformed to template space. The recording 

sites used to drive the feedback are indicated in red, and recorded sites that were note used for feedback are 

indicated in yellow. The anatomical structures from an atlas are the pallidum (external, blue; internal, 

green), the red nucleus (red), and the STN (motor, orange; associative, blue; limbic is not visible)  
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changing condition across trials. Figure 4.1D illustrates the periodogram for one session where the 

power values are persistently high and vary in the beta band. It is important to note that the LFP 

powers are filtered at 60 Hz to avoid the powerline noise affecting the results. The power spectra 

of the filtered LFP are calculated using the Welch method [19]. This method estimates the power 

spectral density (PSD) of time signals by dividing the signal into successive blocks, forming the 

periodogram for each block, and then averaging. Separating the PSD into different trials, we sorted 

the trials into two categories based on the colour of the cue presented to the patients. The number 

of trials for each condition is not always equal and varies across sessions (Table 4.1). To compare 

the PSD levels based on the trials’ conditions, we averaged the trials of the two conditions to obtain 

two separate PSD distributions for the orange and blue trials. Across all sessions, the orange trials 

had significantly higher signal powers, specifically in beta frequencies, compared to the blue trials 

(Figure 4.2A) (p<0.02 Kruskal-Wallis [20], and Dunn [21] post-hoc) (Table 4.2). Significant 

results (statistically tested and resulting p < 0.05) are marked with * in Fig. 2. Moreover, the 

Fig 4.1. Continued. 

(B) During the DBS surgery, the patient donned a VR headset and performed a task to change the color 

of a central sphere.  One of the two targets eccentric to the sphere, changed colors indicated the target 

color. The patient then imagined one of two opposing scenarios to change the color of the sphere to 

match the cued target color. (* The patient’s image is taken during another task which required  the VR 

controller). 

(C) LFP recorded during one sample trial is filtered to the beta band (solid line). The beta waves are 

enveloped using the Hilbert transform (dashed line) 

(D) The spectrogram of a session showing the changing LFP power in different frequency bands. The 

beta band (13-30 Hz) shows significant change in modulation through time. 
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Figure 4.2. The varying modulation of beta between the two task conditions. 

(A) The average power of the two conditions is significantly different in certain frequency bands. However, 

the beta power peaks appeared in different windows (The green rectangular). 

(B) The beta power peaks are detected using a FOOOF model. Grouping the beta powers of the two 

conditions results in two sets of separated features across trials. The features can be used as the input to a 

decoding model, separating the orange and blue conditions. 

(C) Two SVM models decode the orange and blue conditions using manually selected features (purple) vs. 

automatic features selected by the FOOOF model (green). Both decoders achieved classification accuracies 

(Y-axis) significantly higher than chance level in all patients (X-axis). 
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distribution analysis of the PSD of orange vs. blue trials shows significance separation pooled 

across patients (p=0.004, two sample t-test) (Table 4.2). Thus, the PD patients were able to control 

and modulate their brain activities, manifested by the change in LFP signal power in the frequency 

domain. Subsequently, the significant difference between orange and blue trials enables the 

classification of two conditions given the beta peak powers. 

4.3.2. Explanatory Model 

Across various patients, the beta peaks occurred in different frequencies and sometimes outside 

the 13-30 Hz range. Moreover, in some patients, the gamma peaks appeared to indicate the trial’s 

condition. As a result, we modeled each trial with the “ fitting oscillations and one over f ” 

(FOOOF) method [22] to extract the occurring peaks’ powers and center frequencies as decoding 

features to classify the trials into two conditions. This method divides the signal’s power into 

periodic and aperiodic (1/f-like) components that can be separately analyzed as periodic 

parameters (center frequency, power, bandwidth) and aperiodic parameters (offset, exponent). 

Afterward, we used the periodic parameters as input features to a discriminatory method to classify 

Figure 4.2. Continued. 

(D) The ROC curve depicting true positive rate vs. false positive rate for the binary decoding (orange 

vs. blue) in Fig. 2C for the nine patients. The area under the curve (AUC) for each patient is printed in 

the caption. 

(E) Quantifying the burstiness of the LFP with an index (Y-axis) in different frequencies (X-axis) 

shows that the beta and alpha (8-32 Hz) bursts are significantly higher than other frequencies. 

Moreover, the beta bursts in the two conditions are significantly different in the ~9.2 Hz, 16 Hz, 18.4 

Hz, 24.3 Hz, and 27.9 Hz. The frequencies (X-axis) are selected in a way to give higher resolution to 

lower frequencies. 
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the trials based on their conditions (orange vs. blue). By using the explanatory method, we 

eliminate the need to modify the frequency bands to find the power peaks’ center frequencies. 

4.3.3. Decoding 

We trained two SVM-based classifier models to decode the condition’s colour given the manually 

selected power peak values and the selected power peak values by the FOOOF method. The 

significantly higher-than-chance decoding of manually selected features indicates brain activity 

modulation by PD patients, albeit unsuitable for BCI purposes. However, by modeling the power 

spectra for each trial, we were able to decode the conditions with an automatic feature-selection 

step serving as an appropriate pipeline for a BCI system. We were able to decode the trials’ 

conditions with significantly higher than chance levels (Figure 4.2C) (p=0.0003 Kruskal-Wallis, 

and Dunn post-hoc using manual and FOOOF features) (Table 4.2). Moreover, analyzing the 

normalized powers pooled across all patients, we found a significant separation of the two 

conditions using mixed linear model (MLM) method [23] (p=0.016, MLM) (Table 4.2). The 

performance of the decoding analyses (Figure 4.2C) are quantified using ROC curves (Figure 

4.3C) and confusion matrix pooled across all patients (Figure A3). 

4.3.4. Change in Beta Burst Rate 

We calculated a burst index to quantify the presence of episodic bursts in various frequency bands. 

We separated the frequency bands as fractional exponents of 4 to have higher resolution for lower 

frequencies (𝑓 = 4𝑖; 𝑖 ∈ {1, 1.1,1.2, … , 3.4}). Comparing the burst index in different band 

frequencies, the burst rates are significantly higher in 8-32 Hz compared to other frequency bands 

(Figure 4.2D) (p=4.8e-11 Kruskal-Wallis, and Dunn post-hoc) (Table 4.2). Moreover, separating 

the orange and blue trials, the burst index for the conditions were significantly different (p<0.0006 
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Kruskal-Wallis, and Dunn post-hoc) (Table 4.2) for multiple alpha and beta frequencies (9.2 Hz, 

16 Hz, 18.4 Hz, 24.3 Hz, and 27.9 Hz in one session) (Figure 4.2E). 

4.4. Discussion 

There is increasing acceptance in the research and clinical communities that pathological 

synchronization in the basal ganglia–thalamocortical circuit is an important biomarker for the 

parkinsonian state. Indeed, clinical researchers are currently investigating the utility of subthalamic 

beta as a trigger for adaptive DBS with promising results [11]. Other researchers are already 

beginning to investigate chronic feedback training of motor cortical beta oscillations as a 

therapeutic tool to treat PD. However, they have not yet been tested for effects on motor symptoms 

[18]. However, an fMRI neurofeedback study suggests neurofeedback training can affect motor 

symptoms [23]. 

We demonstrated that neurofeedback training of pathological synchronization in the STN is 

possible. The PD patients in this study modulated their brain activities, affecting beta bursts’ power 

and rate. These modulations are statistically different in patients’ two cognitive states and are 

detectable using fast decoder models for BCIs. 

The current study’s outcomes provide impetus toward developing and trialing a clinical therapeutic 

device that is technically already feasible but not yet indicated. Moreover, the post hoc analyses 

of the study’s data provided insight into how such a device and trial should be designed to estimate 

optimal brain signal features to drive the feedback. 
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4.5. Experimental Procedure 

4.5.1. Recruitment 

Participants are recruited from a pool of patients undergoing the surgical implantation of deep 

brain stimulation electrodes to treat Parkinson's disease. During the clinical evaluation for DBS 

implantation surgery, some patients were determined good candidates for participation in the 

research study. The potential participants were informed about the research study and , if interested, 

met the team for more details. Lastly, we performed the informed consent process with candidates 

interested in participating in the research study. 

4.4.2. Inclusion/Exclusion Criteria 

The inclusion criteria for the standard-of-care procedure [24] include any inclusion criteria for the 

research. Potential participants may be excluded from the study if their Parkinsonian symptoms do 

not include bradykinesia of either upper extremity. 

4.4.3. Procedure 

We recruited nine participants from a pool of patients who will undergo a clinical procedure to 

implant DBS electrodes bilaterally into the STN as part of the standard of care treatment for 

Parkinson’s disease. (At our center, this is done using a frameless approach (REF)). Each 

participant will be analyzed independently; no treatment group assignment or blinding is 

necessary. 

Participants were awake and cogent throughout the entire surgical procedure. Immediately prior 

to the clinical procedure, a researcher reminded the participant about the experimental details, 

including the research equipment, what the research team was measuring, and what was asked of 
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the participant. The researcher then fitted and calibrated the research equipment to the participant, 

including a virtual reality headset. 

During the clinical procedure, the neurosurgery team exposed the brain and inserted the 

microelectrodes through the prefrontal cortex down to the STN using a skull-mounted Microdrive 

(Nexdrive). The neurosurgery team paused the insertion at various sites to assess the 

neurophysiology of the structures encountered by the electrodes. The electrodes were connected 

to a medical device designed to monitor electrophysiological activity from human brain tissue 

during DBS electrode implantation. The signals captured by the medical device were available to 

the research computer in real-time. The research computer was always electrically and functionally 

isolated from the medical device. The neurosurgery team paused at several different sites so the 

research team could conduct its experiments using the research computer. 

The standard-of-care clinical procedure duration is 6-8 hours; the research added 40-60 minutes.  

  
Table 4.2. Summary of statistical analyses and the results. 

Non-Parametric Statistics 
(Figure #) 

Hypothesis Test  Post-Hoc Test  P H/T F DoF 

2A Kruskal-Wallis Dunn 0.02 5.3 9.5 6 

2C-Purple Kruskal-Wallis Dunn 0.0003 12.8 46.1 16 

2C-Green Kruskal-Wallis Dunn 0.0003 12.7 46.0 16 

2D-(8-32 Hz vs. rest) Kruskal-Wallis Dunn 4.8e-11 43.23 484.5 54 

2D-(9.2 Hz orange vs. blue) Kruskal-Wallis Dunn 7.1e-6 20.17 109.0 26 

2D-(16 Hz orange vs. blue) Kruskal-Wallis Dunn 0.006 7.52 15.13 26 

2D-(18.4 Hz orange vs. blue) Kruskal-Wallis Dunn 7.0e-6 20.17 108.9 26 

2D-(24.3 Hz orange vs. blue) Kruskal-Wallis Dunn 6.0e-6 20.5 112.4 26 

2D-(27.9 Hz orange vs. blue) Kruskal-Wallis Dunn 3.7e-5 17.0 77.6 26 

Distribution Statistics (Figure 
2A, Pooled Beta Peak 
Power(dB) for All Patients) 

Mean Variance Pooled STD T-test T-critical p 

Orange -2.24 0.58 
0.75 2.9 1.96 0.004 

Blue -2.53 0.54 

MLM Statistics for Orange 
vs. Blue Pooled Across All 

Patients 

Coefficient STD ERR Z P>|Z| [0.025 0.975] 

0.426 0.178 2.402 0.016 0.078 0.774 
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Chapter 5: 

Conclusion and Discussion 

5.1. Conclusion 

Looking inside a black box system controlling and initiating our every move led to remarkable 

findings in human history, which answered many questions yet left many more unanswered new 

ones. Some behaviours and attributes thought to be caused by demons possessing the human body 

were found to be neurological disorders. We have learned much about the brain, but the body’s 

most complex organ still has unresolved mysteries. This thesis explored two brain regions essential 

to movement and modeled said regions as systems with known inputs, unknown uncertainties, and 

measured outputs. Our studies attempted to find the best-describing model, explaining the outputs 

modulations. 

Chapter 1 surveyed the background information and history, which can improve the reader’s 

experience in the following chapters. 

Chapter 2 explored intracortical BCIs in more detail as another essential piece of information prior 

to Chapters 3 and 4. The intracortical BCIs address various CNS disorders and benefit millions of 

people once they become more efficient and less costly. 

Chapter 3 studied the PFC of macaque monkeys to explore multiple hypotheses. The saccade 

movements are controlled in the LPFC; additionally, the PFC is involved in memory circuitry, 

making it essential for movement planning and learning. Recording from the LPFC was an attempt 

to simultaneously access activities encoding saccade intentions, learning, and memory. In an 8-

target saccade task, we were able to decode saccade intentions. In addition, we studied the effects 

of learning task rules on LPFC ensemble activities, using which we also classified the different 
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rules acquired by the monkeys. Finally, we demonstrated that monkeys could learn new rules in 

fewer trials if they had previously learned a similar rule. In addition, this finding correlates with 

the distance of ensemble activities in a latent lower-dimensional space. 

Chapter 4 studied the STN of PD patients to explore their ability to control an indicator of PD. 

Nine patients participated in a real-time task attempting to control the beta powers recorded from 

their STN while receiving feedback. In the offline analyses of the recorded activities, we 

demonstrated that their attempts modulated the beta powers and bursts. 

5.2. Discussion 

A freely moving arm would require the real-time processing of motor cortex neurons from the 

shoulder, arm, hand, and fingers, possibly from other cortical areas like the cerebellum and 

brainstem. Capturing this activity within the brain is impossible for many reasons (health risk 

considerations being the most important). Since our brain is never still, another problem is the 

difficulty of controlling the motionless state. For example, suppose the patient’s intention to move 

a wheelchair to the window can be decoded based on activity from the PFC. In that case, it may 

then be possible to execute this intention using a motorized BCI wheelchair without the need to 

decode the required body motion or in conjunction with decoding movement intent from the motor 

cortex. 

Given the vast amount of information encoded in this region, the PFC in humans has yet to be 

explored. Following the study presented in chapter 3, we believe that LPFC can be a significantly 

beneficial source of information added to the primary motor cortex in intracortical BCI studies. 
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Additionally, the research study presented in chapter 4 can be extended to a more prolonged, 

continuous use of the BCI by PD patients to monitor its effects on PD symptoms using the UDPRS 

III metrics. 
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Appendix 

 

B1 B2 B3 

B4 B5 

Figure A1. Two Sessions Recorded from the Same Electrodes, Related to Figure 3.2A. 

To test the persistence of the best decoding channels two sessions (X and Y) were chosen which are 

recorded through the same electrodes from the same monkey. The single channel performance of a rule 

decoder is compared in Figure 3.2A tested on blocks B1, B2, B3, B4, and B5.  
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Figure A2. Single Channel Analysis, Related to Figure 3.2B. 

The normalized rule and saccade log-likelihood of single channels were calculated. White channels have 

lower than chance log-likelihood encoding rule (purple numbers) and saccade (orange numbers). Channels 

with significant saccade log-likelihood are “saccade channels” (orange). Channels with significant rule 

log-likelihood are “rule channels” (purple). A channel can have significant log-likelihood for saccade and 

rule (green channels). The black electrodes are not connected to wires. Comparing the LP and HP trials, 

the number of saccade channels (orange and green) have increased by 26% (38 to 48) in monkey JL and 

60% (25 to 40) in monkey M. On the other hand, comparing the LP to HP trials, the number of rule channels 

(purple or green) have increased by 56% (25 to 39) in monkey JL and 485% (7 to 41) in monkey M.  
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Figure A3. The Binary Classification’s Confusion Matrix, Related to Figure 4.2C.  

Pooling performance of the SVM decoder across all patients, decoding the orange vs. blue trials using the 

beta peak powers. 


