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Abstract

Neuroimaging techniques allow to acquire images of the brain involved in cognitive
tasks. In traditional neuroimaging studies, the brain response to external stimulation is
investigated. Stimulation categories, the order they are presented to the subject and the
presentation duration are defined in the stimulation protocol. The protocol is fixed before
the beginning of the study and does not change in the course of experiment.

Recently, there has been a major rise in the number of real-time neuroscientific experi-
ments where the incoming brain data is analysed in an online mode. Real-time neuroimag-
ing studies open an avenue for approaching a whole new broad range of questions, like,
for instance, how the outcome of the cognitive task depends on the current brain state.
Real-time experiments need a different protocol type that can be flexibly and interactively
adjusted in line with the experimental scope, e.q. hypotheses testing or optimising design
for individual subject’s parameters. A plethora of methods is currently deployed for pro-
tocol adaptation: information theory, optimisation algorithms, genetic algorithms. What
1s lacking, however, is the paradigm for interacting with the subject’s state, brain state in
particular. I am addressing this problem in my research. I have concentrated on two types
of real-time experiments: closed-loop stimulation experiments and brain-state dependent
stimulation (BSDS). As the first contribution, I put forward a method for closed-loop stim-
ulation adaptation and apply it in a real-time Galvanic Skin Response (GSR) experimental
setting. The second contribution is an unsupervised method for brain state detection and
a real-time functional Magnetic Resonance Imaging (rtfMRI) setup making use of this
method.

In a neurofeedback setting the goal is for the subject to achieve a target state. Ide-
ally, the stimulation protocol should be adapted to the subject to better guide them towards
that state. One way to do this would be modelling the subject’s activity in a way that
we can evaluate the effect of various stimulation options and choose the optimised ones,
mazximising the reward or minimising the error. However, currently developing such mod-
els for neuroimaging neurofeedback experiments presents a number of challenges, namely:
complex dynamics of a very noisy neural signal and non-trivial mapping of neural and
cognitive processes. We designed a simpler experiment as a proof of concept using GSR

signal. We showed that if it is possible to model the subject’s state and the dynamics of



the system, it is also possible to steer the subject towards the desired state.

In BSDS, there is no target state, but the challenge lies in the most accurate identifica-
tion of the subject state in any given moment. The reference, state-of-the-art method for
determining the current brain state is the use of machine learning classifiers, or multivari-
ate decoding. However, running supervised machine learning classifiers on neuroimaging
data has a number of issues that might seriously limit their application, especially in real-
time scenarios. For BSDS, we show how an unsupervised machine learning algorithm
(clustering in real-time) can be employed with fMRI data to determine the onset of the
activated brain state. We also developed a real-time fMRI setup for BSDS that uses this
method.

In an initial attempt to base BSDS on brain decoding, we encountered a set of issues
related to classifier use. These issues prompted us to developed a new set of methods
based on statistical inference that help address fundamental neuroscientific questions. The

methods are presented as the secondary contribution of the thesis.
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(a) Number of negative pictures per run in real-time and control groups.

The mean number of negative pictures per run was balanced between

groups. After each real-time acquisition, the mean number per run was
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not be significantly different. T'he proportion of negative pictures in that

run would be decreased or increased to bring the means at the same level.

Number of negative pictures for each subject per run are shown in Fig.

[5.5a. (b) Relative error in runs 2-4 for real-time and control groups. In-

dividual error values are rendered in gray, group means are presented in

red. Asterisks show significative p-values. P-values in the control group:

0.824, 0.771 and 0.978 for runs 2,3, and 4 respectively. Repeated measures

ANOVA with 3 degrees of freedom for testing the eftect of time: F-stat

0.04, p-value 0.98. P-values in the real-time group: 0.003, 0.005 and 0.0145
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ject IDs which are the same as in Fig. |5.5a. Figures [5.5a-c illustrate how
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their individual error dynamics.| . . . . . . . .. .. ... 0L,
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6.3  Overlap between the whole OSC ROI and informative voxels identified

by Searchlight in the occipital-temporal cortex for the cross-modal pair of

perception vs. imagery. The ROI (the same as in Figure fig:roi) is shown

in blue. P-values in the Searchlight map are colorcoded. The maps were

thresholded at the conventional significance level of 0.05, and the color code

shows values between 0.95 (corresponding to the p-value of 0.05) in red and

1 (corresponding to the p-value of 0.00) in yellow. The leftmost column

of the figure shows sagitarial (top) and coronal (bottom) slices (at x= 42

and y = -74 correspondingly) where the rectangle shaded in blue delimits

the axial slices turther presented in columns 2 - 4. These are six slices of

the axial plane taken at steps of 8 between coordinates z = -24 and z =

16. We can see that in all these six slices, there are overlaps between the

OSC ROI and areas where Searchlight identified voxels informative about

shared activity patterns between perception and imagery., . . . . . . . . .. 153
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Chapter 1

Introduction

1.1 Summary

Modern neuroimaging methods (functional magnetic resonance imaging (fMRI), elec-
troencephalography (EEG), magnetoencephalography (MEG), functional near infrared
spectroscopy (fNIRS)) capture the signal of the active brain and allow to study the fun-
damental question of neuroscience, that of how the brain processes natural stimuli and
responds to them. Technical progress made it possible to acquire and analyze the brain
data in an online mode, enabling an exponential growth of real-time neuroimaging. Real-
time neuroimaging not only allows to study the brain in a more natural environment,
constant activity mode, but it also introduced a new scientific question in the neuroscien-
tific paradigm: how the current brain state affects the brain response to stimuli. This new
scientific question calls forth for an update in the experimental research, namely the need
for new experimental protocols that would allow to successfully investigate this question
by being adapted in real-time based on the analysis of the subject’s brain activity.
There are three main real-time neuroimaging experiment types that are used to investi-
gate this question (and also in practical applications): Brain-Computer Interfaces (BCI),
Brain-State Dependent Stimulation (BSDS) and Neurofeedback (NF). In neurofeedback
experiments, the goal is to bring a subject into some desired state. While the subject is
trying to reach that state, she is shown how well she is performing up- or downregulation
of her brain activity based on the analysis of her brain state online. In brain-state depen-
dent stimulation, the objective is to study different responses to a stimulus depending on
the current brain state. So, the choice of stimulus is conditioned on the actual brain state.
In brain-computer interfaces, some external device is set into action when the presence
of a necessary brain state is established. The challenge for BSDS protocol design lies in
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1.2. BACKGROUND: REAL-TIME NEUROSCIENCE

most accurate identification of the current brain state. That may involve the mapping
between the measured signal and cognitive states. The main state-of-the art method used
for this purpose, brain decoding, has several issues in real-time settings that I am going
to expose. For BCI and NF, there is need for efficient design in a closed-loop manner that
combines accurate estimation and prediction of the activity states with an optimal choice
of the runtime policy at each step. In the first step of a closed loop experimental setup,
like in BSDS, the current state of activity of the subject’s brain has to be determined
with high accuracy. It can be labeled or it can be assessed in terms of similarity to the
target brain state, but most importantly, next state (or states) of the brain activity have
to be estimated and predicted resulting from the stimulation input. In the next step, an
appropriate optimal action should be carried out (showing stimulus, feedback or running
the device) that maximizes the measure of success in achieving the experimental goal. On
the one hand, we have methods for modelling dynamic systems. On the other hand, we
have algorithms for runtime policy adaptation. However, the challenge lies in combining
both to be able to exert control over the subject’s brain so that we can also control their
behaviour.

In the thesis, I am addressing the two problems described above. First, I am proposing
a new method of determining the subject’s state that is used in a real-time setup for
fMRI BSDS experiments. This contribution was motivated by the need to investigate the
neuroscientific question of top-down attention patterns and how they influence perception.
This question is central for neuroscience as it is fundamental for understanding information
processing in the brain and the interaction of bottom-up and top-down processes. As a
secondary contribution, I propose a new method that also helps to understand interactions
of top-down and bottom up processing. It is a statistical inference test that can be used
as an alternative to brain decodings in addressing this question. As the second main
contribution to address the second problem, I designed and ran an experiment where the
subject’s affective state (arousal) was controlled in a closed-loop manner based on the
recorded Electrodermal Activity signal (EDA), or Galvanic Skin Response (GSR).

1.2 Background: real-time neuroscience

When humans perform cognitive tasks, there is neural activity going on in the brain:
the neurons fire, that is, an electrical charge is sent from one neuron to another. The
firing of neurons is accompanied by a number of metabolic processes as active neurons

consume energy. Neuroimaging techniques are based on our ability to register these
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physical changes in the brain and relate them to our cognitive activity. Each neuroimaging
technique can capture a particular type of physical processes. EEG registers changes in
the electrical fields that are created by the charges of neural firing. MEG is sensitive to
changes in the magnetic field that is the byproduct of the current of neuronal firing. FMRI
detects changes related to brain metabolism and oxygen consumption in the active areas
of the brain via magnetic properties of oxygenated and deoxygenated blood flow. fNIRS
tracks the same changes, but based on a different physical principle: different rates of light
absorption by oxygenated and deoxygenated blood. All these techniques are non-invasive,
which makes them suitable for experimental studies. However, each has its advatages and
downsides. For instance, EEG and MEG have high temporal resolution, i.e. the changes
in the registered signal occur with minimal latency with respect to changes in the brain.
This is not the case with fMRI and fNIRS known for their slow signal: metabolic changes
they track have a quite long delay with respect to neuronal firing underlying the activity
and are not directly related to the timings of firing. On the other hand, fNIRS and fMRI
have a high spatial resolution: they allow to locate the active, firing sites with precision
that is unattainable for EEG and MEG. Finally, EEG and fNIRS are portable technologies
and can be used outside of the lab environment to study the brain workings in the real
world. fMRI and MEG, on the contrary, are bulky machines and can only be run in labs
by qualified technicians. However, all these techniques provide means for investigating
the active brain and help answer the fundamental questions of modern neuroscience about

how the brain processes the external stimuli and reacts to them.

In classical neuroimaging experiments, the data is first collected and then analyzed
offline. During the experiment, the researcher tests participants (healthy subjects or
patients) to know how the brain responds to certain types of stimulation. Experimental
procedures and protocols are defined by the purpose of investigation. For the researcher
to successfully analyze the participants’ data, it is crucial to establish the timings of the
various stimuli to attribute the recorded activity data. Every neuroimaging study starts
with designing a stimulation protocol. It defines the stimulus categories and the time that
the stimulus is delivered to the subject (known as onset), so that this information could
be subsequently used in data analysis. Stimulation is then organized into trials (when a
single stimulus is presented) and runs (subblocks of the experimental session consisting of
multiple trials). Stimulation protocol with all these characteristics (number of stimulus
categories and number of stimuli in each category, onsets, durations, presentation order)
is generally developed before the start of the neuroimaging study. It is fixed for the whole

experiment and does not change in its course.
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Technical developments made it possible to stream, register and analyze neuroimaging
data on the fly, in an online mode as the imaging process unfolds. As this allows to have
access to ongoing brain activity, real-time neuroimaging was discovered to have a huge
potential for practical applications. In brain-computer interface applications, the signal
from the subject’s brain is used to control an external device in real time. In neurofeedback
applications, the subjects get feedback about their brain activity to enable them to up- or
down regulate it so that it could result in changes in behaviour. In brain state dependent
stimulation, magnetic impulses or deep current are delivered to target areas of the brain
when a certain state is detected, to modulate or enhance the activity. However, all these
new real-time types of experiments apart from their practical importance allowed to pose
new research questions in the neuroscientific paradigm, namely about how the response
to external stimuli is conditioned by the current brain state. This question can hardly be
answered with offline data analysis implying the use of standard experimental protocols.

New research questions call forth for new developments in experimental design. Unlike
in the canonical neuroimaging, real-time experiments cannot have a fixed protocol. The
stimulus presented to the subject depends on the outcome of signal analysis. Real-time
neuroimaging has a huge potential for creating interactive stimulation paradigms that
open new perspectives for neurological investigations. Only with this flexibility of design
can we approach this whole new broad range of questions about how we can interfere
with the subject’s brain activity or how the performance in cognitive tasks depends on
the current brain state.

1.2.1 Brain-State Dependent Stimulation (BSDS)

So, the question about how the current brain activity affects the subsequent reaction to
stimulation is central to real-time neuroimaging experiments. In other words, real-time
neuroimaging raises the possibility of manipulating cognitive processing by taking the
online brain activity into account and delivering the stimulus in the moment when the
subject is in a particular state [119]. This approach is known as Brain State Dependent
Stimulation (BSDS). This manipulation can take physical form when Transcranial Mag-
netic Stimulation (TMS) or Transcranial Direct Current Stimulation (TDCS) impulses
are delivered to the subject in real-time based on their brain state as a treatment for
some clinical pathologies [178]. But most importantly, BSDS opens a new paradigm in
neuroscientific research [268|. In the traditional neuroscientific studies, the brain state is
manipulated as a dependent variable with the stimulation that is the independent vari-

able. Real-time neuroimaging allows to study the effect of brain state on behavior - for
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instance, in decision making and action (motion) research, the subject, depending on the
state she is in, can take different decisions or engage in different types of motion. In
this case, the relationship between the dependent and independent variables is swapped:
the brain state becomes the independent variable, while the behavior becomes the de-
pendent variable [268]. To allow for the modulation of stimuli in relation to brain states,
the subject’s current state has to be identified to be used as a control signal to adapt
the stimulus |144]. Therefore, to provide valid conclusions about the impact of the brain
state on behaviour, BSDS has to rely heavily on the possibility of identifying the subject’s
state in a reliable manner and labeling it appropriately.

An important use of the BSDS technique is the investigation into top-down attention
patterns. Top-down and bottom-up are two types of attentional processes distinguished
in neuroscience [87,88]. Bottom-up attentional mechanisms are activated by the salient
stimuli in the immediate environment, e.g. bright light or loud noise. Top-down at-
tentional mechanisms, on the contrary, are those that support our readiness to perceive
certain stimuli because of their inner significance for the person. BSDS provides a handy
technique to study these mechanisms: if we detect this internal readiness in the brain and
send the stimulus in that particular moment when the subject is ready to attend to it,
we can spot behavioural differences (in terms of reaction times or performance metrics,
for example) between these reactions and reactions when no top-down attentional state
is detected.

1.2.2 Neurofeedback (NF)

In neurofeedback applications, the subject learns to upregulate or downregulate the activ-
ity in the particular region of interest (ROI) of the brain. The feedback that the subject
gets is based on the signal coming from this area. The signal is recorded and processed
according to the neuroimaging technique used. Usually, neurofeedback experiments pro-
ceed like this: the ROI for feedback is chosen that is known for its involvement in a certain
cognitive activity, like, for instance, emotion or pain processing (e.g. [268]). The subject
in the scanner performs some cognitive task engaging this area and gets feedback on the
screen that takes into account registered changes in the activity in this area (typically,
in the form of a temperature bar). The subject is instructed to regulate her brain ac-
tivity in such a way, that the feedback screen produces a certain output - e.g.make the
temperature bar go up or down. The cognitive task given to the subject in the scanner
is supposed to facilitate achieveing the desired result. In this way, it is claimed that the

subject can create lasting change in her brain activity pattern which in turn leads to

9



1.2. BACKGROUND: REAL-TIME NEUROSCIENCE

cognitive improvements: self-regulated neuronal activity can influence behavior.

Neurofeedback is being more and more widely used for clinical purposes for its perceived
benefits. The technique has gained huge significance because of a great number of reported
successful studies. It has been successfully used for a wide range of disorders to achieve
improvements: motor rehabilitation and training (e.g., of Parkinson patients - [249]),
pain management |211] and for emotional upregulation |158|, to name just a few. The
use of neurofeedback is very common in depression patients. The goal is to increase
response in the areas processing positive emotions, because the patients perceive this
increased response as improvement of mood. Examples of such studies are quite numerous
- [279], [283], [159]: patients with major depression disorder were asked to upregulate
the activity of areas responsive to positively valenced stimuli by recalling their happy
memories. The authors claim that the patient groups showed clinical improvements as
compaired with controls. Neurofeedback studies are the most common among all real-
time neuroimaging studies, and the number of these studies continues to grow as more
and more disorders are shown to benefit from neurofeedback.

However, in many studies it is noted that in neurofeedback settings the subject should
be deliberately and more efficiently guided towards successful use of the feedback to retrain
the brain. This is because many subjects are not able to figure out the strategy for the
desired regulation. As has been pointed out in [22], patients and healthy subjects often
show a large variability, or even inability, of brain self-regulation. This could be the reason
why neurofeedback has not become an established therapeutical tool despite consistently
reported benefits.

1.2.3 Brain-Computer Interfaces (BCI)

In BCI the subject uses her brain to control external devices, such as attention-based
spellcheckers or robotic hands. [8], [222]. These are mainly meant to restore some missing
capability for disabled people, but there are also BCIs for gaming that create an immersive
virtual reality. For instance, in [182] the subjects learned to control an avatar with their
brain activity, moving it around in a virtual space. Brain activity is analyzed, decoded and
transformed into the control signal that is transmitted to the device. Neuroimaging tools
typically used for BCI include EEG and fNIRS - the first one, for both its high temporal
resolution and portability, the second mainly for reasons of portability. As has been
said, fMRI measures a very indirect correlate of brain activity, Brain Oxygenation Level
Dependent signal (known as BOLD), and has a very low temporal resolution. Besides,

it is not a portable device. For this reason, it cannot be used directly in BCIs, but
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it is claimed to be very practical for training potential BCI beneficiaries to use BClIs -
especially because for many BCI applications, it is crucial, too, to capture a signal from a
well-defined area in the brain. In [222] it is shown that still BCI control can be performed
even with such seemingly slow tool as is real-time fMRI. Training subjects in the fMRI

for BCI use could be regarded as a special case of neurofeedback experiments.

1.3 Motivation of the study: need for adaptive protocols

Neuroimaging techniques help address neuroscientific questions about the workings of the
brain. However, the difference between classic neuroimaging and real-time neuroimaging
does not just lie in the differences of data acquisition. These two methods answer two
fundamentally different scientific questions. The first one is about how brain reacts to
stimuli where the researcher manipulates the dependent variable (measured activity) with
experimental stimuli (independent variable). In real-time experiments, as has been said,
the question is about how brain state can condition reactions to stimuli, and the relation-
ship between the variables is reversed: brain activity is the independent variable, while
the stimulation becomes the dependent one. This change in the experimental paradigm
requires a different experimental design, a design where the stimulation can be adapted
to the changes in brain activity in real time based on the experimental goal.

1.3.1 Adaptive protocols for BSDS

In BSDS, the goal is to demonstrate how performance is different between stimulation sent
when the subject is in the target state and the random stimulation or stimulation when the
target state is not present. To be able to perform inference on this data, the researcher has
to possess robust methods for the state identification, so that the behavioural differences
in the aforementioned types of trials could be reliably attributed to different brain states.
Identifying the brain state implies mapping a certain pattern of activity to some cognitive
state label - e.g., emotional or attentional state. The state-of-the-art of establishing such
mapping is Multivariate Pattern Analysis (MVPA), or brain decoding [106]. This analysis
consists in using Machine Learning classifiers in a supervised manner: the classifier is
trained on some portion of data labeled corresponding to the detectable states and then
tested on the unseen portion of the data to predict the state label. An example of
decoding to detect an attentional state in BSDS is [56]: the subjects were shown two
overimposed images and were asked to attend to one of them in a sustained manner; in

the meantime, a logistic regression classifier was run to monitor their attention state and
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to detect attention lapses when the subject was found to attend to the wrong image.

1.3.2 Closed loop adaptive protocols

In BCT and neurofeedback, detecting the subject’s current state is just the first step of the
process. The real challenge lies in the fact that the subject’s brain actively interacts with
the stimulation system, and the stimulation has to be constantly interactively adapted
to reach the experimentation goal. In the course of interaction either the subject con-
trols the external device (BCI, neurofeedback), or we try to control the subject’s brain to
drive behavioural changes (neurofeedback). The latter interaction type can be regarded
as a case of control in terms of control theory. Control means we are trying to intro-
duce changes into the system from some external system. Control theory distinguishes
between open loop control and closed loop control. They differ with respect to the use of
adaptation. In the former, the control system performs control without getting feedback
from the controlled plant. In the latter case, after the control input the plant receives the
feedback from the controlled system and adjusts the next input respectively to achieve
the desired control result. Closed loop control strategy comprises two elements. The
first is system identification: the current state has to be estimated and the next state(s)
resulting from control input predicted. This can be done, for instance, using state space
models and Kalman filter [264], |[265]. The second element is the choice of optimal input,
or runtime policy. The choice of runtime policy for real-time protocol adaptation can be
represented as the problem of optimal control [10§], policy search algorithms (MDP &
RL) or it can be framed as an optimization problem: choosing the optimal protocol with
the scope of the experiment in mind. That of reinforcement learning [253] could, too, be a
fruitful framework for neurofeedback experiments. In fact, in [151] the authors performed
a neurofeedback study in the context of reinforcement learning. The participants learned
to upregulate the signal from the anterior insula because it is involved in multiple clinical
conditions related to emotional and affective dysfunctions. The researchers worked out a
reward-related reinforcement learning model of neurofeedback with real-time functional
Magnetic Resonance Imaging (rtfMRI). The starting point hypothesis was that in the
target group, unlike in the controls, a positive linear increase of signal will be observed
in the activation of the right anterior insula and no such linear increase was expected in
the controls that were provided false feedback. The study confirmed the expected results.
However, it is worth noting that this recent study is unique in its use of the reinforcement
learning model for neurofeedback, despite its obvious relevance in the field.

The optimization problem can be restated as the problem of “finding an optimal de-
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cision z in order to maximize a measure goodness(x)“ [19):2. So, in this case we have to
define our choice of options x = {x1,...,2,}, work out a quantative assessment of the
“goodness“ function and hand over the goodness model to an algorithm that will search
for an optimal choice at each step of the algorithm. In case of neuroimaging experimental
setups, x is a set of experimental design choices that we expect to have impact on the
activity we study. This could be the list of stimulus categories (e.g. pictures of people,
houses, food and instruments) or stimulus features (e.g. the degree of stimulus noisiness -
50, 25, 15, 5 %). This can be also the space of timing choices (e.g. the moment at which
the stimulus is delivered).

Now, how can we measure the “goodness“? In [184]: 3 the problem of design opti-
mization is formulated as ”finding a design d* that maximizes some utility function U(d)
that quantifies the quality of design d”.

d* = argmax U(d)
d

However, it can be noted that although a plethora of methods have been proposed
for protocol adaptation, they do not aim at interacting with the subject in a closed
loop manner, so that the utility function does not maximize the chances of the subject
getting into a certain state. The goals of adaptation are different. For instance, in a
series of works ( [184], [224], [53], [40] ) design optimization procedure has been worked
out for online hypothesis testing: the idea behind this framework is finding a design
choice that at each timepoint provides best discrimination between competing models of
the subject’s activity in response to stimuli. It offeres us a measure that quantifies the
utility of each design choice from the viewpoint of model selection and thus for efficient
sampling procedure: the utility function is defined in terms of information theory. In other
studies, optimization algorithms (stochastic optimization, Bayesian opimization, genetic
algorithms, swarm optimization) have been used to optimize the design for better quality

of data or for ROI selection.

1.3.3 Generalization of protocol adaptation schemes in real-time neuroimag-
ing

So, in this section, we will try to generalize the schemes of protocol adaptation in various

real-time experiments. A principal distinction here is between interactive, closed-loop

and non-interactive, open-loop protocols. BSDS is largely open-loop: we detect the state

and send the stimulation. The effect of stimulation sent in real-time when the subject is

or is not in the target state is often estimated offline with a separate inference method.
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BCI and NF allow both interactive and non-interactive approach. If we consider them
from the subject’s viewpoint, both are inherently interactive and closed-loop: the subject
learns to control feedback or external device. However, modelling the subject’s behaviour
in both types of interactions is a separate, however interesting, problem, which is outside
of the scope of the present study. If we view BCI or NF experiments from the perspective
of the second agent, namely the computer setup executing the stimulation, here both
open and closed loop scenarios are possible. The non-interactive, open-loop scenario is
similar to that of BSDS: we get the signal, detect the state and send the command to the
external device in the case of BCI. In the case of NF, we get the signal and show it back
to the subject in some other form, e.g., as a temperature bar. However, both BCI and NF
allow an interactive scenario where the computer setup interacts with the subject - and
this is the situation of the closed loop control. It is the computer now that gets feedback
from the subject in the form of comparing the obtained measurement to the target state
and choosing the input to the subject based on the error between the two. The presence
of this feedback loop distinguishes interactive, closed-loop scenarios from non-interactive,
open-loop ones. This difference is summarized in Figure [1.1]

The main challenge in the non-interactive scenario is brain state detection - decoding.
In the interactive scenario, it is the design of such closed loop interactive protocols, that
can actually execute control over the subject’s state. For this control to be meaningful
and beneficial, we need to have profound knowledge about the mapping of brain states
and behaviour, and here the BSDS paradigm is fundamental, as it can largely inform the
development of closed loop interactive protocols.

1.4 Problem statement

So, at the moment the challenge in real-time neuroscience is designing adaptive protocols
that are based on the subject’s state detection and can be updated interactively. In a
BSDS experiment, the investigator wants to monitor the changes in the subject’s brain
state. In the experimental trials, the stimulus has to be shown to the subject when a
certain state is identified. In control trials, the stimuli are shown at random. The effect
of the BSDS shows in significant differences in behavioural performance between BSDS
and control runs. The main challenge in these experiments lies in identifying the subject’s
current state in real-time with high accuracy so that a valid comparison could be made
between those and control runs. The fact that the state identification occurs in real-time

imposes certain requirements on the methods deployed for state identification: first, we
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Figure 1.1: Different types of adaptive stimulation in real-time neuroimaging. Non-interactive scenarios
(top) are based on most accurate detection and identification of the current brain state (this step is
optional for neurofeedback). In the interactive scheme (bottom), an additional step is necessary to decide
on the input to the subject, namely comparison of the current and next (estimated) state to some target

state and then acting upon the error. 15



1.4. PROBLEM STATEMENT

should be able to deal with a limited number of samples, and second, the learning method
should be incremental, as it does not have access to all data of the session. Once the state
is reliably identified, the runtime policy is trivial and consists in presenting the stimulus
with minimal latency. However, at the moment the neuroscientific community possesses
limited tools for this purpose. Brain decoding, or the use of supervised machine learning
classifiers to label brain states, has several drawbacks, first and foremost, the curse of
dimensionality in view of limited data usually available from experiments. In real-time
settings, these drawbacks become even more pronounced. The development of robust
methods for brain state identification to be used in real-time settings for online data
processing can largely contribute to the promotion of the new, highly promising research
paradigm of BSDS.

Control of a subject’s state is the ultimate goal of many real-time neurofeedback ex-
periments. However, in such experiments it is the subject who is trained to control her
emotional state, up- or down-regulating the activity in some targeted brain area. In these
experiments the control is performed by the subject and only indirectly by the external
intervention. Exerting control over the subject’s state in a closed loop manner could
be required, especially in clinical context or when the subject is unable to learn to reg-
ulate the brain activity. Designing control strategies to achieve certain states of mind
through experimental manipulation is thought to be a frontier of mind control, though
possible [176]. To successfully implement a control strategy, a clearly defined target state
is needed as the goal of the neural control. For the control intervention to be benefi-
cial, it has to be defined in terms of cognitive representations ("mind”), but at the same
time control strategy is executed at the physical level ("brain”), such as neural substrates
and/or measured signal. For that we need an accurate mapping between neural (brain)
states and states of mind. This is is seen at the moment rather as a challenge driving
cognitive neuroscience [176] and a debated topic, not a solved issue. Another open chal-
lenge is estimating the physical system dynamics and determining its state in a way that
we can evaluate the effect of various stimulation options and chose the optimized ones,
maximizing the reward or minimizing the error. This is more achievable in an invasive
manner, with the direct access to the neuronal measurements [228]. However, in view
of limited applications of invasive control as well as general difficulties of measuring and
modelling such noisy systems as human brain, we have to rely on other means of brain
state definition, based on the analysis of non-invasive neuroimaging data. So, even though
we have means for protocol adaptation, such as policy search, optimization algorithms

and control theory approach, a meaningful definition of the subject state is at the core
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of the protocol adaptation problem. That would allow dynamic system identification and
the application of various models, e.g. state space models. Successful state definition
requires collaboration with neuroscientists so that they could also formulate the exper-
imental goal that could be formalized and modelled according to the chosen approach.
Taking into account all this complexity, it might be preferable to strive for guiding the
brain rather than controlling it in a compelling manner [100]. Even in the absense of an
ideal control strategy, simplified control strategies built with limited access to the system
and drawing upon the brain’s natural dynamics could still provide benefits for the clinical
scenarios [176].

1.5 Contributions

The contribution of the thesis consists in proposing new methods for the interaction with
the subject’s cognitive state in real-time. First, we propose a method for conducting
brain-state dependent stimulation experiments. We show that the reference method for
identifying brain states - brain decoding, or the use of supervised machine learning classi-
fiers - has serious drawbacks which present particular limitations in the online mode. We
propose to use an unsupervised clustering method - Gaussian Mixture Model (GMM) -
to distinguish between activated and non-activated state. To enable real-time application
of GMM, we use online clustering algorithm: only the model is kept in memory and up-
dated with each incoming datapoint. We validate the method on a data from an fMRI
experiment that shows that this method allows to present the stimulus on the majority
of trials and thus fulfils the requirement of reliable brain state identification. We also
present the real-time setup that implements the runtime policy: the stimulus is shown to
the subject in the moment the state is identified with negligible latency. We discuss also
some particularities of the use of GMM in real-time fMRI contexts.

Next, we designed and ran a proof-of-concept experiment to show how we can control
the subject’s affective state (arousal) in a closed-loop manner. In a visual task, the sub-
jects were viewing sequences of negative and neutral images, while their level of arousal
was measured with Galvanic Skin Response (GSR) sensors. GSR signal was used be-
cause it allows for a rather straighforward mapping of the signal level and affective state
(arousal) and also for meaningful target state definition. A predictive model was applied
to estimate the expected signal for each prospective sequence of stimulation images, which,
in turn, allowed to compute the error between the predicted signal and the target signal.

Then, the runtime policy consisted in choosing the sequence that minimized the error

17



1.6. STRUCTURE OF THE THESIS

between the predicted signal and the target signal. The error calculated for overall signal
of the session with respect to the target signal was reduced significantly in the real-time
experimental group as compared with the control group, although the mean number of
negative pictures shown in a session at the group level was not significantly different for
the groups. These findings suggest that it is possible to steer the subject’s emotional state
towards the desired target state.

Finally, as a secondary contribution, we propose a test for the analysis of shared
patterns between different cognitive modalities. This test was the outcome of our inves-

tigation into supervised brain decoding for the purposes of BSDS.

1.6 Structure of the thesis

The thesis is divided into two main parts: Part I (Dissertation) and Part II. The former
part summarizes the two main contributions of my PhD research and is structured as

follows:

e Chapter [2| starts with an overview of the paradigm of real-time neuroscientific exper-
iments mainly concentrating on real-time functional Magnetic Resonance Imaging.
It outlines the main research question that is answered within this paradigm and
presents three types of real-time experiments (Brain-State Dependent Stimulation,
Brain-Computer Interfaces and Neurofeedback) run to answer this question. We
show how the need for adaptive protocols arises in this context and what kind of
adaptation is requested for each experiment type. Then we also show what methods
and algorithms for protocol adaptation have been proposed in the literature.

e In Chapter [3| we present the problems that we set forth to tackle. We show where
the main challenge lies in designing protocols for BSDS studies on the one hand and
for neurofeedback and BCI on the other.

e Chapter [4] presents our solution for protocol adaptation in the context of BSDS.
It is a real-time unsupervised clustering method that allows to detect the subject’s
activated state. This method is used to design a neuroscientific experiment aiming
at studying top-down attentional patterns.

e Chapter |5 describes our second contribution, a closed-loop protocol that was also
used in an experimental setting to control the subject’s affective state (arousal). In
this experiment, the subject’s Galvanic Skin response signal was recorded while they

were viewing a series of images. This sequence of images was adapted in a closed loop
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manner in the experimental group, but followed a random presentation pattern in the
control group. We show that this closed-loop intervention allows to reduce variability
in the measured Electrodermal activity and conclude that this is a proof-of-concept
of a feasible control strategy.

e Chapter [0 outlines the secondary contribution of the thesis that was the outcome
of the work on the project ”Characterizing and improving brain mechanisms of at-
tention”. It is a statistical hypothesis testing procedure meant to identify shared
patterns of the activity between different cognitive modalities. This question is of

fundamental importance in neuroscience.

e Chapter [7] concludes the thesis. It recalls the main results presented before and

comments them by focusing on the related implications, limitations and future works.

The second part (Part [lI) contains references to the literature.
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Chapter 2
Background

In this section, I am going to present the problem of protocol adaption in neuroscience
and the computer science methods that have been used to address it. 1 will present
various types of protocols in canonical neuroscientific experiments and the demand for
protocol adaptation in real-time experiments. I will be addressing such types of real-
time experiments, as neurofeedback, BCI and BSDS. I will also introduce the notions of
decoding and closed loop real-time stimulation. I will overview technical methods that

have been proposed in the literature for protocol adaptation.

2.1 Real-time neuroscience

When humans perform cognitive tasks, there is neural activity going on in the brain:
neurons are firing, that is, sending an electrical charge from one neuron to another to
excite or to inhibit the activity of the receiving neuron. Changes in the electric potential
of the neural cell membrane are called post-synaptic potential and represent the exita-
tory and inhibitory input that these neurons receive. Neuroimaging techniques are based
on our ability to register these physical changes in the brain and relate them to human
cognitive activity. All these techniques are non-invasive, which makes them suitable for
experimental studies. However, each has its advatages and downsides. Electroencephalog-
raphy (EEG) and magnetoencephalography (MEG) directly track the electrical activity
of brain cells by measuring its effects on the electrical and magnetic fields just outside the
head, following a cognitive event, such as stimulus presentation. They allow researchers
to record brain activity at a very high temporal resolution (milliseconds), close to the ac-
tual timescale of neural computations. These scalp potentials represent the bulk electrical

activity of many pyramidal neurons depolarizing in synchrony (waves of neural activity)
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measured in voltage/time (up to 2000 Hz), and they can be registered with electrodes
placed all over the scalp. As the charges are quite weak, an amplifier is needed to distin-
guish the signal. Typically, between 64 and 256 electrodes are used. Higher number of
electrodes allows to get more precise estimations of the signal source. EEG waves that
accompany cognitive events can have different frequencies; most of the time our brain is
emitting alpha waves, which are of a regular frequency (8-12/sec) and high amplitude.
The response to external events measured by EEG is known as event-related potential. It
is obtained by averaging the signal of many trials where the same stimulus was presented.

MEG measures the magnetic counterpart of that same electrical activity. As is known
from physics, an electrical current always generates a magnetic field in the space around
it. So, the current produced by firing neurons is also accompanied by a magnetic field,
though quite weak. Changes in the cerebral magnetic field are measured through sensors
named SQUIDs (superconducting quantum interference devices), which must operate at
extremely low temperatures, close to absolute zero. A modern MEG scanner contains
typically between 150 and 300 sensors, arranged as a helmet around the head and im-
mersed in liquid helium. As both EEG and MEG signal is directly related to neuronal
activity, they both have a very high temporal resoultion (up to a millisecond scale), that
is, they allow the researcher to establish the timings of neural events with high precision.
On the other hand, the disadvantage of both techniques is that they have quite low spa-
tial resolution and do not allow to pinpoint the source of the signal with the same high
precision. This is because the locations of activated brain regions must be estimated from
the distribution of the signal outside the head. Estimation of the signal source is referred
to as the inverse problem and it is mathematically ill-posed in the sense that there is,
in principle, an infinite number of source configurations that can generate the observed
signals. Therefore additional assumptions (e.g., diffuseness of sources) are necessary to
estimate a unique solution. A mathematical model of the head is used to generate a for-

ward model of how electrical activity at each point affects the signal distribution outside

the head.

The firing of neurons is accompanied by a number of metabolic processes due to energy
consumption. FMRI detects changes related to brain metabolism and oxygen consumption
in the active areas of the brain via magnetic properties of oxygenated and deoxygenated
blood flow (fMRI is described in more detail in a dedicated section below). Functional
Near Infrared Spectroscopy (fNIRS) tracks the same changes, but based on a different
physical principle: different rates of light absorption by oxygenated and deoxygenated
blood. First, a near infrared light pulse is sent into the brain by an optical fiber - the
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light can easily penetrate the skull. Because living organisms significantly scatter light,
near infrared light introduced by optical fiber is scattered by various types of tissue. Then
the light, after being absorbed and scattered at the cerebral cortex, is condensed by the
optical fiber again from the surface of the head. However, at this point some portion of it
has already been absorbed by the hemoglobin in the active parts of the cortex. Some of
this scattered light reaches the optical fiber in the light receiving probe, and is then guided
to a photomultiplier where it is converted to electrical signals so that we can know where
most of the light had been absorbed. That indicates the location of the most responsive
brain area. Unlike EEG and MEG, where the changes in the registered signal occur with
minimal latency with respect to changes in the brain, fMRI and fNIRS are known for
their slow signal and relatively low temporal resolution: metabolic changes they track
have a quite long delay with respect to neuronal firing underlying the activity and are
not directly related to the timings of firing. On the other hand, fNIRS and fMRI have
a high spatial resolution: they allow to locate the active, firing sites with precision that
is unattainable for EEG and MEG. Finally, EEG and fNIRS are portable technologies
and can be used outside of the lab environment to study the brain workings in the real
world. fMRI and MEG, on the contrary, are bulky and costly machines and can only
be run in labs by qualified technicians. However, all these techniques provide means for
investigating into the active brain and help answer the fundamental questions of modern
neuroscience about how the brain processes the external stimuli and reacts to them.

Because my work was mainly focused on the fMRI data, the rest of this chapter will
be largely dedicated to fMRI research with only a few examples from other neuroimaging
methods.

2.2 Experimental design. Design of neuroscientific experiments

Data collection starts with a research question. As an answer to the research question, a
hypothesis is formed which states how experimental manipulations are expected to impact
the measurements in the data, and an experiment is set up to test the link between
the hypothesis and the data in a controllable and controlled way. The hypothesis must
predict the outcome of the experiment and it cannot be confirmed, but only disproved.
The hypothesis to be disproved is called the null hypothesis, and it usually predicts a
negative outcome of the experiment, i.e. it states that the experimental intervention does
not evoke any stimulation related changes in the data. In a controlled experiment, some

aspect is manipulated, and the data is collected before and after manipulation to see
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if the manipulation had an effect. In neuroscientific experiments, the measurements of
brain activity are taken as experimental data. The controlled manipulation is a temporally
ordered collection of stimuli that are meant to evoke perceptual or cognitive activity in the
brain. Usually some aspect of the stimulus is manipulated - categorical (different objects in
pictures) or parametrical (easy vs difficult mathematical task) [113]. The way stimuli are
chosen and organized in an ordered sequence is called experimental design. The changes in
the measurements caused by stimuli are subject to statistical inference procedure meant to
disprove the null hypothesis. The design is efficient if the null hypothesis can be disproved

even when the experimental manipulations have a very small effect.

Manipulated aspect is the independent variable, measurement is the dependent vari-
able. Conditions in the experimental design are different values of the independent vari-
able, and they are usually categorical or parametrical. Another type of manipulation is
between groups vs. within group manipulation. In the first case, experimental groups
are constructed based on some group parameter (age, gender, healthy vs. patients) or
manipulations parameter (medication vs. placebo, real feedback vs. sham feedback) [3].

So, by disproving the null hypothesis we intend to show that manipulating the IV will
cause changes in the measurements. However, how can we tell slight fluctuations from
changes that are big enough to claim that the manipulation worked? The null hypothesis
is formulated as ”Manipulation does not cause any changes in the measurement”, and
then we use statistical inference in the form of tests to disprove it. The outcome of tests
is the value of the metrics - p-statistic or t-statistic - that is indicative of the effect of
the manipulation. P-value is the probability to get the experimental measurements under
the null hypothesis that manipulations do not have any effect. The purpose of design is
to ensure that you can perform valid inference procedures on the data. An important
characteristics of the design is its statistical power, i.e it should allow to reject the null
hypothesis even when the effect is small.

Data acquisition has been studied in statistics under the topic of experimental design:
the dataset must be constructed in such a way as to provide the possibility for statistical
inference based on the data [83]. The dataset should contain as many subjects as possible
for group inference, and as many data samples (trials) as possible for a single subject.
Efficient design is the design where conditions are different in just one aspect, but it
strongly allows to detect differences even with few data samples.

So, in the traditional design independent variables are stimulus categories, dependent
variables are brain responses. The choice of stimulus type (factorial or parametrical)

largely depends on the problem investigated. There are, however, more general choices
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to make in the experimental design. These choices are motivated by the characteristics
of the brain response signal, and their purpose is better capturing the properties of the
response. One such choice is the choice between block or event-related design in fMRI
experiments [195]. In blocked designs, stimuli are presented in blocks with short intervals
between stimuli within the block and longer intervals between blocks. In event-related
design, stimuli are presented as single events, but usually with varying intervals between
events (duration is randomly distributed with the mean at 4 seconds, which is known
in fMRI research as jittering). Each of these designs has its advantages with respect
to capturing the signal. Block design has a good detection power to use with the fMRI
BOLD signal: block duration of 12-20 seconds allows for the BOLD signal to reach certain
strength. In event designs, the duration of stimulus presentation is less, but there is more
variance in the responses to stimuli, which is an advantage for estimating the BOLD
response shape. Jittered, i.e. varying-length intervals between stimuli are meant to better
disentangle responses to different stimulus categories. Block or event related design with
the stimulus presentation timings is the second characteristics of the experimental protocol
design in fMRI. Time-locking of the stimulus presentation is important to be able to relate

signal changes to the stimulus properties.

2.3 Functional Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) has become a powerful tool in neuroscience and a
major workhorse in experimental research. This neuroimaging method is based on the
magnetic properties of hydrogen protons that make up the majority of protons found in
the brain. These protons spin around the axis that aligns with the direction of the strength
of the scanner magnetic field - this phenomenon is known as precession. When a radio
pulse is sent that resonates with the frequency of their spins, the energy transmitted
gets the protons in the high energy state, and if no new impulses come, they start to
come back slowly to the initial state, giving back energy: this is known as relaxation.
Electromagnetic coils measure this energy that they give back - this is the signal that
comes from the brain in the MRI scanner. In order to reconstruct 3D images, in the MRI
scanner there are also gradient coils - transmitters that send impulses whose frequency
varies in a constant way along one of the 3 axes - x, y or z. The signal is measured from
the carefully timed sequence of gradient and radio pulses, and the sampling frequency in
the MRI context is known as Repetition Time, or TR. In functional Magnetic Resonance

Imaging (fMRI, see next paragpraph) TR needed to acquire the image of the whole brain
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is usually around 2 seconds.

MRI allows us to get high quality anatomical images of the brain, and is widely used
e.g. for diagnostic purposes. However, functional Magnetic Resonance Imaging (fMRI) is
employed to get the images of the brain in action, i.e., while performing cognitive tasks.
These tasks can involve processing of sensory information (visual, auditory, tactile etc.),
motor control, memory formation, language, social interactions, emotion etc. FMRI is
based on different magnetic properties of oxygenated and deoxygenated blood. When
a certain area in the brain is active, neurons need energy for firing, and the cerebral
blood flow rich in hemoglobin brings oxygen to the site of activity. This oxygen is then
consumed, which results in higher concentration of deoxygenated blood in the active area.
Deoxygenated blood is paramagnetic, and relaxation rate increases within the areas where
it is concentrated. These differences in the magnetic field perturbation properties lead to
signal variations that can be captured by the MRI coils. This signal is known as BOLD
signal, or Blood Oxygenation Level Dependent signal. As we can localize the source of
the signal with very good precision because of the gradient pulses, fMRI is known to have
excellent spatial resolution. However, for the MRI signal to peak, a certain concentration
of hemoglobin must be achieved, and this does not come before a lag of 6 seconds, as it
takes time for the blood to be delivered to the working areas. This delay of 6 seconds
is known as hemodynamic lag, and because of these particular properties of the BOLD
signal, fMRI has rather poor temporal resolution. Another problem related to the BOLD
sigal is its noisy nature: signal change in the activated area is very small, about 1-1.5
% [36] and subject to noise injected by head motion, physiological processes (respiration
and heartbeat), thermal sources in electronics, baseline variations due to differences in
vascular structures [97]. Signal losses and distortions can arise due to differences in
magnetic susceptibility of various tissues, and indirect relationship between neural activity
and hemodynamic response called neurovascular coupling can render spatial localization

of activations less precise [252].

The introduction of functional MRI in the early 90s has had a huge impact on neurosci-
entific research. The number of papers using fMRI to investigate the functional organisa-
tion of the brain has been growing exponentially, so that we can state that it has become
one of the fundamental tools of modern neuroscience. It is non-invasive, relatively easily
available and relatively low-cost, but its main advantage is its high spatial resolution. In
the course of the years technical issues related to the noisy signal, such as low contrast-
to-noise ration, image distortions, signal dropouts have been successfully dealt with [97].

Functional MRI is also widely used for clinical purposes - such as pre-surgery mapping of
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cognitive functions [97], [36], |[44]. However, its clinical use is relatively small with respect
to its significance in research: the method now is the mainstay in the experimental study
of a wide range of cognitive capacities and their neural underpinnings [160].

In neuroimaging experiments the researcher tests participants (healthy subjects or
patients) to know how the brain responds to certain types of stimulation. For fMRI it
means looking into how the BOLD response reveals active areas in the brain as a result
of experimental manipulation. Experimental procedures and protocols are defined by this
purpose of investigation. For the researcher to successfully analyze the participants’ data,
it is crucial to establish the timings of the various stimuli to attribute the slow BOLD
response [113]. Every neuroimaging study is designed with a stimulation protocol. It
defines the stimulus categories and the time that the stimulus is delivered to the subject
(known as onset), so that this information could be subsequently used in data analysis.
An experimental session, i.e. the time that the subject passes in the scanner, typically
lasts 60-90 minutes. For the data collection, tasks are organized in groups called runs.
Each run lasts 7-10 minutes with short breaks between runs, so that the homogeneity of
the data is not affected. Stimuli usually come in blocks (block design), or each stimulus
can be regarded as a separate event (event-related design). Stimulus categories (e.g.
images of faces vs. houses, positively or negatively charged emotional stimuli etc.) should
be carefully balanced, that is, we should have equal quantitative representation of all
categories in the protocol. The order of stimuli presentation is typically randomized
(unless the design requires a certain presentation order). Stimulation protocol with all
these characteristics (block design or event-related design, number of stimulus categories
and number of stimuli in each category, onsets, randomization) is generally developed
before the start of the neuroimaging study based on the research question. It is fixed for
the whole experiment and does not change in its course.

The classical analysis of the experimentally obtained fMRI data is the univariate anal-
ysis. The time series of each voxel is analyzed separately under the null hypothesis that
its time course is not affected by the stimulus presentation. To reveal task related effects,
General Linear Model (GLM) approach is used to quantify linear correlations between
the voxel time course and the reference model, where the box car function representing
the experimental design is convolved with the hemodynamic response function [84], [169).
Each voxel is then assigned a probability to register this time course if the null hypoth-
esis is true. Whole brain maps computed in this way with regard to the experimental
manipulation are called statistical parametric maps [83]. Statistical inference can also be

performed on contrasts between model parameters for two categories of stimuli, resulting
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in the sets of voxels that selectively respond to a particular kind of stimulation [36]. This
type of analysis allows to receive very precise answers to questions about the localization

and mapping of various cognitive activities.

The introduction of the multivariate pattern analysis (MVPA) as an alternative to
the traditional General Linear Model based univariate analysis in early 2000 allowed to
obtain new insights into the functional organization of the cerebral cortex |[106]. Unlike
the univariate analysis performed voxelwise, MVPA takes into account the fine-grained
pattern of activity of all voxels in a selected region. If the univariate analysis locates
very specifically the source of activity in the brain, MVPA extracts information about
the content of activity from the activity pattern in a particular area or in the whole brain
- the content of activity can be both a stimulus category or a cognitive process. For
this reason, the term ”brain decoding” is often used as a synonim for MVPA. MVPA
typically makes use of machine learning classifiers. The classifier (support vector machine
(SVM), linear discriminant (LDA), k-nearest neighbour etc.) is trained on the samples
of brain data along with labels, corresponding to the stimulus category. The samples
of data are obtained based on the protocol timings and correspond to the duration of a
block of stimuli or an event in event-related design. A 4D fMRI image reconstruction
is a collection of time series coming from each brain voxel. Each time series represents
a feature in the learning process. Next, the trained classifier is tested on brain activity
data to predict the stimulus labels. Typically, for testing the cross-validation procedure
known as “leave one run out“ is used: the data of all runs but one is employed in training,
and the classifier is tested on the remaining run, so that we consequently use one by one
all runs of the session for testing. Whole brain decoding uses all time series as features.
However, it is possible to effectively reduce the number of features by identifying most
relevant regions of interest. At the group level, the mean cross-validation accuracy is used
as a metrics that is tested for significance. To establish the subject-independent pattern
at the group level cross-validation can be performed leaving out the data of one subject
for testing. The procedure is performed on the whole dataset leaving out each subject
once for testing, and sometimes is termed cross-subject decoding [126].

To localize areas containing information about the presented stimuli, Searchlight anal-
ysis is widely used to explore the spatial structure of the brain responses [140]. The
Searchlight method is of a hybrid nature, combining features of both univariate and mul-
tivariate analyses. The outcome of the Searchlight analysis are maps, where each voxel
is assigned some qualitative measure of information about the stimulus contained in the

sphere centered around this voxel. The maps produced with Searchlight are of the same
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nature as the maps obtained with the univariate GLM approach, but they are based on a
more fine-grained pattern identification from multiple voxels and better reflect the spatial
properties of the BOLD signal (that is, adjacent voxels have similar activation patterns).
Most commonly used information measure to produce Searchlight maps is classification
accuracy obtained with cross-validation. The maps are obtained in the following way. As
a starting point of the analysis, a sphere is formed centering on a particular voxel con-
taining all voxels around the center. Time series for all voxels in the sphere are extracted,
and an SVM or sometimes an LDA classifier is trained on a part of this data. When it
is tested on the new, unseen part of the data, the resulting cross-validation accuracy is
assigned to the center of the sphere as an information measure. The procedure consists
in probing all voxels, so that a whole brain map is produced as the output where each
voxel is assigned a value. [2,/71]. Maps are first calculated individually for each subject
and then pooled together to run group analysis. In the group analysis, the significance
of the obtained values is tested at the group level. The most common method here is
running t-tests voxelwise [244].

2.4 Real-time functional Magnetic Resonance Imaging

Functional magnetic resonance imaging in real-time was first introduced in 1995 [46].
The authors claimed that the method allowed to control for activations in real-time,
thus assuring the quality of data acquisitions and choosing the best stimulation options
[34], [270]. Real-time fMRI (rtfMRI) applications allow to access brain activations in the
online mode by providing image analysis as the imaging process unfolds. The challenge of
rtfMRI data processing consists in time constraints: all operations on the volume should
be performed within the time that the next volume is acquired and reconstructed - usually
around 2 seconds (1 TR). This is a significant limitation of rtfMRI as compared to offline
analysis. However, in the past years, acquisition methods have improved significantly to
permit this kind of access: higher-field MRI scanners were introduced, fast data acquisition
sequences developed, methods of immediate image pre-processing have been proposed,
statistical analysis techniques and activation visualization methods have been adapted to
the real-time setting [261], [89], [240], [180]. All this made rtfMRI an important tool and
also an important area of research in neuroscience and neuroimaging [241]. As a tool,
real-time fMRI provides valuable insights on how the brain works by allowing to access
and influence the ongoing brain activity [119].

Fig. from [145] shows how real-time fMRI works. In rtfMRI acquisition process,
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Figure 2.1: A scheme of a real-time fMRI setup. Stimuli are sent to the subject in the scanner, where
images of their brain activity are acquired. The images are then reconstructed by the image reconstruction
PC, and the process is managed by the MRI console. The reconstructed images are then sent to the real-
time processing PC that performs preprocessing and analysis of the images. The results are shown on

the real-time display.
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the raw data from the MRI scanner are directly transfered to a real-time PC for further
processing as soon as the volumes are acquired. Data processing needs to keep pace with
the data acquisition, and now it is possible because of faster acquisition speed, special data
transfer techniques, and computation capacities and algorithms [34]. Unlike in canonical
fMRI studies, rtfMRI experiments do not have a fixed stimulation protocol. The stimulus
presented to the subject depends on the outcome of signal analysis. When the rtfMRI
was first introduced in 1995 [46], the authors saw its potential for creating interactive
stimulation paradigms that open new perspectives for neurological investigations. This
flexibility of design allows to approach a whole new broad range of questions about how
we can interfere with the subject’s brain activity or how the performance in cognitive
tasks depends on the current brain state.

The fundamental challenge in real-time fMRI is related to the fact that at the moment
of analysis the full data are not available as the acquisition is in progress [180]. To
overcome this challenge, various incremental varieties of the traditional GLM method have
been developed along with visualization techniques that allow to see gradually recomputed
activation maps in real-time. In incremental GLM, model parameters are reestimated
along with the arrival of new data [261], [109], [274], |[57]. An alternative method consists
in computing correlations between the measured signal and the reference model vector in

a "sliding window” manner: the computations involve only a few latest datapoints [89].

MVPA is also used in rtfMRI: machine learning algorithms are applied to decode the
subject’s brain state volume by volume. However, the cross-validation procedure is not
applicable in real-time settings unlike in offline analysis. There is a variety of scenarios of
how training and testing can be organized in the decoding pipeline. In many studies, the
classifier is trained offline on the data obtained in a pre-real time session and only tested on
the data obtained in the real-time session. This is advantageous because it allows to fit the
analysis into a 2 second interval, but can carry unwanted batch effects between sessions.
An example of such as study is [225]: they present an FSL integrated BCI toolbox, where,
however, there is only the option for offline classifier training. Another extreme scenario
is to carry out both training and testing online. In this case, the experiment can be
performed in a single session, but the classifier has to be retrained with each volume.
There is the danger that computations will increase with each step. The methodology of
online learning is meant to tackle this challenge. The studies of this type were carried
out, for instance by [238]. The authors decoded the subjects’ emotional states (happiness,
anger and disgust) in real time using a procedure they developed for feature selection that

they termed Effect mapping. The SVM classifier was also trained online.
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In the mixed scenarios, the classifier can be trained offline after the pre-rt session and
adapted online before carrying out predictions. In this way, the time-sensitive computa-
tions can be carried out properly and also batch effects can be neutralized. An example of
a recent real-time decoding experiment is the study by [188|. In this study, the classifier
was trained on the fMRI data from subjects, watching images of faces and places. Next,
in the real-time it was adapted to decode the subject’s attention either to the face image
or to the place image in superimposed images. The mixed scenario at the moment is the

most common one among real-time decoding experiments because of its advantages.

In real-time settings data processing is usually carried out on a single subject basis.
However, a fascinating line of research is the use of multiple subject data in the real-
time studies. That means, that the classifier can be trained on the data from X subjects
and tested on X-+1 subject data. That can be advantageous if the training data with
X subjects can be collected offline and only tested in real time with subject number
X+1. As an example I can cite the study by [210] where the authors propose a toolbox
for subject independent classification. For example, when working with patients and
neurofeedback, the toolbox allows you to avoid training the classifier on the abnormal
patient’s brain activity. Instead, it can be trained on healthy brains and used for real-
time classification and feedback with patients. They successfully trained a classifier on a
group of healthy volunteers to distinguish between happy and disgust emotional states,
and then demonstrated its robust performance on participants’ data who were not part
of the training group.

As has been mentioned above, the principal advantage of fMRI is its high spatial
resolution. As we can access brain activity in an online mode, targeting a certain area
with high precision, rtfMRI has a huge potential for practical applications in spite of its
slow signal. Examples of such applications include Brain State Dependent Stimulation
(BSDS), Brain-Computer interfaces (BCI) and neurofeedback (NF). In BCI the subject
controls external devices with her brain: attention-based spellcheckers, robotic hands,
game avatars etc. [§], [222]. In neurofeedback applications, the subject learns to upregulate
or downregulate the activity in a particular area of the brain. Usually, neurofeedback
experiments proceed like this: there is a region of interest (ROI) that is known for its
involvement in a certain cognitive activity, like, for instance, emotion or pain processing
(e.g. [268]). The subject in the scanner performs some cognitive task, involving this area,
and gets feedback on the screen based on the registered changes in the activity in the
target area (for instance, in the form of a temperature bar). In this way, it is claimed

that the subject can create lasting change in her brain activity pattern which in turn
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leads to cognitive improvements. Neurofeedback is being more and more widely used
for clinical purposes because of its preceived benefits. Notably numerous are studies on
major depression patients that were claimed to show clinical improvements as a result of
the neurofeedback intervention [279], [283].

Apart from clinical uses presented above, real-time fMRI is also a valuable tool in
research. With rtfMRI we can ask questions that can hardly be answered with offline
analysis which opens up new avenues of research. A very important type of questions we
can answer with rtfMRI is about how the current brain activity affects the subsequent
reaction to stimulation. RtfMRI creates a new paradigm in experimental studies [268].
In the majority of traditional neuroscientific studies, the brain state is manipulated as a
dependent variable with the stimulation that is the independent variable. Real-time fMRI
allows to study the effect of brain state on behavior - for instance, in decision making and
action (motion) research the subject, depending on her state, can take different decisions
or engage in different types of motion. In this case, the relationship between the dependent
and independent variables is swapped: the brain state becomes an independent variable,
while the behavior becomes a dependent variable (ibid.). This approach known as Brain
State Dependent Stimulation (BSDS) and it consists in delivering the stimulus in the
moment when a particular state is detected in the brain. In the clinical context, that
means delivering a physical pulse (magnetic or electrical) to elicit desired changes in the
brain activity [17§].

So, we can see that in spite of the delay between the activity in the brain and the
moment it is captured in the data, real-time fMRI is a very helpful tool for practical
applications and also an important contribution to the research.

In the next sections I am going to give a more detailed overview of the main three
applications of rtfMRI: BSDS, BCI and NF. However, each of these is a major direction
of research, and could be worth writing a dedicated chapter, if not a book, on the topic.
In my presentation, I will only highlight a few points, first, to understand the concept,
and second, to put my research in a context.

2.4.1 Brain State Dependent Stimulation

The main principle of brain-state dependent stimulation consists in introducing stimuli
in real-time as the function of the current brain state [119]. In the clinical context, cer-
tain brain states are recognized as beneficent for delivering stimulation that can actually
elicit or enhance positive changes. In this case, stimulation does not consist of just cog-

nitive stimuli, but takes the form of physical interventions into the brain activity, such
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as Transcranial Magnetic Stimulation (TMS) or Transcranial Direct Current Stimula-
tion (TDCS). In [178] several interactive real-time TMS protocols are reviewed for the
treatment of major depression and schizophrenia. The patients perform tasks involving
emotional response so that they can get into the state where a specific EEG pattern of
alpha rhythm is recognized. It is in this moment that the TMS pulse has to be delivered
for it to create the desired effect on the brain. In [167] several studies are listed that use
TDCS in the same manner to treat alcohol and drug addictions. Another clinical context
is neurorehabilitation: in [95] TMS was applied concurrently with motor-imagery to in-
duce specific neural plasticity during motor training for neurorehabilitation of a patient
lacking residual hand function. The authors significantly increased the excitability of
the stimulated area by coupling TMS pulses to ipsilateral sensorimotor desynchronization

during motor-imagery, while this effect was not observed in non-BSDS protocols.

In the research context, the idea is to investigate the functional role of brain states by
delivering stimuli in real time, depending on the actual physiological state of the subject’s
brain. The differences in behavioural performance resulting from different brain states
at the moment of stimulus presentation are attributed to the impact of the moment-to-
moment changes in the brain activity. A series of neuroscientific studies on perception was
driven by the interest in brain-state fluctuations and how the pre-stimulus state affects
perception. These studies mostly concentrated on alpha oscillations recorded with EEG
and reported their effect on perceiveing an induced phosphene - light dots perceived in
the absense of light [219], |[104]. In another series of studies, the effect of phase of alpha
oscillations on perception was investigated: visual stimuli were flashed with a short delay,
and were delivered to the subject in various phases of alpha oscillations, depending on
which they were perceived either as two flashes or as a moving light [96]. Also response to
auditory stimuli was shown to be determined by pre-stimulus alpha phase [143]. However,
perception is affected not only by pre-stimulus fluctuations. It has been shown that the
brain develops a predictive code for perceptual events that are most likely to occur [251].
This is due to a strong autocorrelation in the perceived signal, e.g. the scene you are
seeing usually does not change fast enough to generate a completely new sensory input.
The role of such a predictive signal would be to distribute the computational burden
between pre-stimulus and post-stimulus processing, thereby limiting post-stimulus pro-
cessing: once a stimulus has been presented, bottom-up sensory information is matched to
a predictive code rather than being processed anew in feedforward succession. Predictive
coding implies that the brain anticipates the forthcoming sensory environment, gener-

ating a template against which to match observed sensory evidence. In [250] a neural
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representation of predicted perception was observed in the medial frontal cortex, while
human subjects decided whether visual objects were faces or not. Moreover, perceptual
decisions about faces were associated with an increase in top-down connectivity from the
frontal cortex to face-sensitive visual areas, consistent with the hypothesis of matching
of predicted and observed evidence. But this kind of predictive coding for the expected
stimulus is just one of many other top-down processes in the brain that can be fruitfully
investigated with BSDS; for instance, activity state has also been shown to have impact
on higher cognitive processes, such as memory [274]. In this study, parahippocampal area
of the subjects was monitored with real-time fMRI, and different states were recognized
as "good” or "bad” for memory formation. The authors showed images of the natural
scenes to the subjects both when they were in the "good” and in the "bad” state, and

recall for scenes shown in the "good” states was significantly better.

Most important among these top-down processes is top-down attention. Top-down
and bottom-up are two types of attentional processes distinguished in neuroscience [130].
Bottom-up attentional mechanisms are activated by the salient stimuli in the immedi-
ate environment, e.g. bright light or loud noise. Top-down attentional mechanisms, on
the contrary, are those that support our readiness to perceive certain stimuli because of
their inner significance for the person. Top-down attention is the key mechanism that
prioritizes processing some stimuli over other by restructuring cortical information flow,
thus sorting out behaviorally relevant over irrelevant and distracting information. The
behavioral consequences of attentional restructuring of information flow are striking. At-
tended sensory inputs are processed more rapidly and accurately and with higher spatial
resolution and sensitivity for fine changes, while nonattended information appears lower
in contrast and is sometimes not perceived at all [88]. One of the most fundamental ques-
tions in neuroscience is about establishing neural correlates of these top-down attentional
patterns because of their extermely important role in perception. BSDS is a powerful
paradigm to investigate this question: if we formulate a hypothesis about these patterns,
we can test the hypothesis by presenting the stimuli when the relevant state is detected;
in this way, we can demonstrate behavioural differences between ”in-state” trials and ”out
of state” trials, thus validating the hypothesis.

So, BSDS is a valuable technique not only for clinical applications, but also in neu-
roscientific research context. However, the success of this approach heavily relies on the
answer to the following question: what reliable brain activity markers could be used to
detect the relevant state? The state-of-the-art answer to this question is that of pattern

analysis-based decoding of neuroimaging data, or supervised machine learning (e.g. clas-
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sification and regression) and brain state prediction. Decoding fMRI data in real time
allows for the modulation of stimuli in relation to brain states, that is, the decoded state
is used as a control signal to adapt the stimulus [144]. An example of the use of decoding
to adjust stimulation in real-time is [56]: the subjects were shown two overimposed im-
ages and were asked to attend to one of them in a sustained manner; in the meantime, a
logistic regression classifier was run to monitor their attention state. When an attention
lapse was detected (the subject was found to attend to the wrong image), a more difficult
stimulus was shown for the same task, with less strong signal.

The set of studies mentioned above illustrates how BSDS has been applied in clinical
context and in research in order to gain new insight into the functional role of ongo-
ing brain activity. Given the growing interest in the online stimulation based on brain
states, BSDS is likely to become a more frequently used tool in cognitive neuroscience.
Most importantly, BSDS informs other types of real-time experimental studies - BCI and

neurofeedback - that are going to be overviewed in the next two sections.

2.4.2 Brain Computer Interfaces

Brain-Computer Interface (BCI) is a system that allows for an external device to be con-
trolled directly by the brain signal, without other mechanical or physical intervention.
The primary role of BCIs is practical and clinical: augmenting the possibiltieis of interac-
tion with the environment for people with disabilities [39]. BCIs can have either assistive
or restorative function [94]. In the former case, they replace the function permanently lost
to disability, for instance, the communication function. Assistive spellers belong to this
category [1,256]. In the latter, case, BCI is used as a neurorehabilitation device helping
to restore the impaired or temporarily lost function, such as limb mobility. In [275] stroke
patients with severe motor deficits practiced rehabilitation exercises with the assistance
of a BCI and showed significant clinical improvements.

Apart from restorative and assistive BCIs for neuroprostethics and communication,
there are also other types: gaming (providing augmented reality) or probing into con-
siousness of vegetative state patients. External devices that are controlled by the brain
signal can be robotic arms, spellers, game avatars [182] or even robots [7]. EEG is the
neuroimaging modality largely used for BCIs because of its high temporal resolution. Be-
sides, fNIRS can also be used because it is portable [165]. There is a debate on whether it
makes sense to use fMRI BCIs because of the slow fMRI signal and hemodynamic response
delay [152,237,269]. However, fMRI still allows for some types of BCI and besides, turns
out to be a valuable tool to train potential BCI users to successfully use BCIs [236], [222].
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Figure 2.2: A typical BCI system translating input from brain signals into commands to an external

device - from [223].

BCIs are designed as any communication or control system: they take input signal
(i.e. electrophysiological activity) and transform it into output (i.e. feedbacks, device
commands). Translating input into output involves such intermediate steps as signal
acquisition, preprocessing (or signal enhancement), feature extraction, classification. The
protocol that determines timing and decision-making on the interaction is part of the
device’s control interface [223]. A typical BCI system is shown in Fig.

BCI works because it recognizes a specific set of patterns in brain signals necessary to
execute control, mostly they rely on electrophysiological brain signals. Decoding brain
signals in real time is challenging: one has to be capable of making efficient and robust
inference online based on very limited, complex and noisy observations. Large efforts have
recently been put into developing and improving signal processing, feature selection and
classification methods [60], [212], [133], as well as acquisition hardware techniques and
dedicated software environments [114}/146,282].

Methodological and technical progress has largely solved the challenge of processing
these signals online. The main issue that remains, however, is the identification of a reli-
able mapping between electrophysiological (or other neuroimaging) measures and relevant

states of mind. This is a common challenge for all real-time neuroimaging applications,
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and this is why BClIs, as well as neurofeedback and brain-state dependent stimulation,
are highly dependent upon advances in cognitive neuroscience and neuroimaging research.
Actually, if BCI research has not yet produced many successful new therapies with a rou-
tine application, it is exactly because of this challenge of interpreting brain activation
from the signal given the hidden neural code [223]. BCI can be an important platform
for the new experiments on brain and behaviour that can inform neuroscientific research
about this problem of mapping neural code to behaviour. On the one hand, BCIs need
to decode a wide range of cognitive activities of high order [254] (speech segments, the
desired object kinematics, motor planning, goals of eye movements, the internal repre-
sentations of auditory and visual percepts, and decisions being made by the subject),
on the other, they have to choose the strongest and most reliable signals for that [119].
This is a convenient testbed for neuroscientific hypotheses about neural underpinnings of
these processes. Besides, certain areas of BCI research, such as motor imagery or covert
attention [§], contribute to the neuroscientific understanding of these processes as much
as to neurorehabilitation purposes, if not more [119].

Apart from this challenge, common for all real-time neuroimaging applications, BCIs
present a very particular challenge arising due to the fact that there are two adaptive
controllers, the computer system and the user’s brain. BCI signal features will be affected
by the device commands they are translated into: computer outputs will affect computer
inputs [76]. Inappropriate action choice on the part of the computer could seriously impair
performance of BCI protocols. Because the BCI interaction involved these two adaptive
controllers, the users brain and the computer system, its design is among the most difficult
problems confronting BCI research [223].

BCI context could significantcly modify the way that we will conduct future experimen-
tal studies, because it provides a dynamic, interactive environment for basic neuroscience
that calls for computational models of psychophysiological functional mechanisms to en-

sure efficient investigation of neuroimaging markers involved [85].

2.4.3 Neurofeedback

Humans regulate their behaviour receiving feedback from the environment: this is the
fundamental learning mechanism. When the feedback is positive (the individual receives
an expected reward for her actions), the behaviour is reinforced. In case of negative
feedback (the reward is not up to expectations) the behaviour is adjusted to get the ex-
pected reward. This learning mechanism is employed in biofeedback interventions when

the person learns to regulate her physiological processes such as heartbeat. A case of
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biofeedback I am going to analyze here is neurofeedback, when the physiological process a
person learns to regulate is her brain activity [174]. The goal of neurofeedback is inducing
behavioral changes that result from regulating the brain activity. These changes can be
twofold. In clinical populations, neurofeedback is meant to revert some abnormal func-
tioning by retraining the brain and bringing it towards the desired functioning. Examples
of conditions that have been treated with neurofeedback include affective disorders [278§],
chronic pain [41], unhealthy eating patterns [257], addictions [47]. In healthy subjects,
neurofeedback helps to improve performance on various cognitive tasks - e.g. working

memory [281] or perceptual sensitivity [227}232].

Neurofeedback keeps gaining interest both from clinical and research perspectives. In
clinical perspective, neurofeedback studies are inspired by the reported success in treat-
ing such conditions as major depression, post-traumatic stress disorder (PTSD), autistic
spectrum disorders and schizophrenia [91},197], so it could be an alternative to medication.
From research viewpoint, neurofeedback is an exciting paradigm for studying how brain
state affects behaviour [239,266].

Although there is great variety in neuroimaging modalities used to provide neurofeed-
back (EEG, fNIRS, fMRI etc), signal processing methods and means of providing feedback
(visual, auditory, tactile etc), the scheme of a neurofeedback experiment can be general-
ized. This generalized scheme is shown in Fig. from [239]. First, a region of interest
is chosen to target based on the knowledge about its functions. For instance, in the treat-
ment of affective disorders, amygdala is often chosen as target ROI. In targeting cravings,
the ROI selected can be the anterior cingulate cortex because it is known for its involve-
ment. Next, the signal from this region is obtained by the neuroimaging setup - fMRI,
EEG, fNIRS. The signal is then preprocessed by the state-of-the-art techniques of the
chosen modality. In fMRI feedback, the signal amplitude is targeted as the performance
measure. In EEG, the targeted signal parameter is most often a certain frequency in the
frequency domain. Then the signal is analyzed and converted to some form that can be
presented to the subject - e.g. changing temperature bar or auditory signal pitch. As
an optional step, the signal can be compared against the desired performance or targeted
state and only then converted to the feedback form. Visual feedback usually is shown as
a temperature bar that goes up or down dependening on how well the subject is doing in
reaching the desired state of brain regulation. Auditory feedback is typically presented
as a sequence of sounds varying in pitch, so that higher pitch signals more success in
brain regulation. Sometimes neurofeedback is given in the form of gaming environment

or virtual reality [10].
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Figure 2.3: Generalized representation of a neurofeedback experiment (from ) First, neural activ-
ity is detected and observed with neuroimaging methods (EEG, MEG or invasive electrocorticography
(ECoG); hemodynamic imaging methods include functional MRI (fMRI) and functional near-infrared
spectroscopy (fNIRS)). The grids on canonical neural tissues provide a qualitative reference for the rel-
ative spatial resolutions of the various imaging technologies. Sample signals that are extracted from the
sensor channels provide a qualitative representation of the difference in temporal resolution. Then signal
is extracted; calculation of coherence or connectivity between two channels as a measure of functional
connectivity is another common feedback method. Features from a set of sensors, such as the power at
a frequency window or the level of activation, can be classified as multivariate patterns of activity (MV-
PAs). The calculated measure of signal quality is then presented to the individual via visual, auditory,

haptic or electrical stimulation feedback, allowing the user to alter neural function and complete the loop.
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Neurofeedback experiments can employ a plethora of methods for signal processing. In
its simplest form, the raw signal is taken after some necessary preprocessing. To minimize
the impact of random fluctuations, Kalman filter can be applied to the signal to reflect
only those changes that correspond to the regulation effort [138]. At the next stage
of complexity, multivariate decoding can be used to detect the target brain state [231].
Neurofeedback can be given based on the signal from a single ROI or it can reflect the
changes in brain networks if correlations between ROIS or other measures of involvement
of several ROIs are taken into account [136].

The choice of the neuroimaging setup depends on the neurofeedback scope. Usually,
when a particular ROI is targeted, fMRI is chosen for its spatial precision and inspite of its
slow signal (then it has to be accomodated in the experimental setup). For instance, nearly
all affective disorder neurofeedback interventions are fMRI based because of the need to
target amygdala (only a recent study found the way to do it with EEG [276]) [190,198271].
EEG neurofeedback is preferable when a particular frequency has to be targeted [131}202],
as, for instance, in experiments with PTSD [280].

Although there have been a lot of studies showing the effectivenes of neurofeedback
interventions [197], it is still in the center of debate [255]. First, not all conditions can be
efficiently treated with neurofeedback - a case in point is ADHD [285]. Second, there is a
question about the lasting character of the changes induced by the neurofeedback [216].
Third, it is not quite clear what are the prerequisites for the neurofeedback treatment
to succeed. For instance, a large percent of subjects cannot learn to regulate their brain
activity on their own and need assistance because they cannot work out the strategy of
the regulation when left to themselves [22]. However, little is known about what the
"winning” strategy should really be like. Still, the number of studies demonstrating the
benefits of neurofeedback is large enough, and it is expected that the research in this area
will be quite intensive. The field is also moving in the direction of combining different
neuroimaging modalities (like EEG and fMRI) to improve the quality of the feedback
interventions [172,206).

2.5 Motivation of the study: reasons for protocol adaptation

Neuroimaging techniques help address neuroscientific questions about the workings of the
brain. However, the difference between classic neuroimaging and real-time neuroimaging
does not just lie in the differences of data acquisition. These two methods answer two

fundamentally different scientific questions. The first one is about how brain reacts to
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stimuli where the researcher manipulates the dependent variable (measured activity) with
experimental stimuli (independent variable). Standard experimental design is meant to
study the brain response to external stimulation and provide data on which robust infer-
ence can be performed. The foundation of design in this case, as has been said, is that the
stimulation categories are the values of the independent variable while measured brain
response becomes the dependent variable. As real-time neuroimaging is closer to natu-
ral environment and is not restricted to controlled lab environment, real-time analysis of
brain activity is strongly driven by the development of practical applications. However,
real-time brain imaging is also a testbed for a new research paradygm of investigation
into the relationship between brain activity and behaviour where brain activity is the
independent variable and cognitive performance and/or behaviour are dependent vari-
ables [239]. In real-time experiments, the question is about how brain state conditions
reactions to stimuli, and the relationship between the variables is reversed. This change
in the experimental paradigm requires a different experimental design, a design where
the stimulation can be adapted to the changes in brain activity in real time based on
the experimental goal. Real-time experimentation methodologically is not meant for data
collection with the purpose of conducting inference in the same way as offline analysis.
For one, it is much more single-subject oriented [246]. Group inference also is mainly
based on between group comparison. It should allow to investigate a different, funda-
mental research question about how current brain activity affects behaviour. To create
experimentation investigating into that question we need new protocols that can be up-
dated in the real-time mode based on the ongoing analysis of the brain activity. Protocol
adaptation in real-time neuroimaging is the tool of interacting with the environment in a
controlled and optimized fashion taking into account dynamic aspects of brain responses

- such as learning, adaptation, plasticity etc.

2.5.1 Adaptive protocols for BSDS

In BSDS, the goal is to demonstrate how performance is different between stimulation sent
when the subject is in the target state and the random stimulation or stimulation when the
target state is not present. To be able to perform inference on this data, the researcher has
to possess robust methods for the state identification, so that the behavioural differences
in the aforementioned types of trials could be reliably attributed to different brain states.
Identifying the brain state implies mapping a certain pattern of activity to some cognitive
state label - e.g., emotional or attentional state. The state-of-the-art of establishing such

mapping is Multivariate Pattern Analysis (MVPA), or brain decoding [106]. This analysis
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consists in using Machine Learning classifiers in a supervised manner: the classifier is
trained on some portion of data labeled corresponding to the detectable states and then
tested on the unseen portion of the data to predict the state label. Brain volumes are
the input to a trained model and the outputs are the predicted brain states. However,
fMRI data are rather unique from the point of view of machine learning: not only is the
number of features relatively large (current whole-brain studies can have 10 to 30,000+
voxels), but also the relative ratio of features to observations (ranging roughly from 100 to
1000 time samples) is atypical of many machine learning problems. This is known as the
curse of dimensionality. To cope with this issue in MVPA, further advances are needed
in visualizing and interpreting predictive fMRI models, evaluating preprocessing issues,
maximizing information extraction, and characterizing signal-to-noise properties of fMRI
data [144].

2.5.2 Closed loop adaptive protocols

In BCI and neurofeedback, detecting the current subject state is just the first step of
the process. The real challenge lies in the fact that the subject’s brain actively interacts
with the stimulation system, and the stimulation has to be constantly updated to reach
the experimentation goal. In the course of interaction either the subject adapts to the
external device (BCI, neurofeedback), or we try to adapt to the subject’s brain to drive
behavioural changes (neurofeedback) [82]. We want the subject to alter her brain activity
in order to affect the behaviour in some way. In standard neurofeedback situations, the
subject is shown the feedback and is supposed to figure out a strategy to perform better.
However, not all subjects are capable of learning to do it. In this case, we should exert
some form of control in order for the subject to reach the state so that the behaviour
changes in the desired way. Instead of the linear, reductionistic ”stimulate and record
response” approach, a more modern approach is taking hold: closed-loop neuroscience.
It respects the inherent loopiness of neural circuits, and the fact that the nervous system
is embodied, and embedded in an environment. By interposing our own technology in
some of these loops, we can achieve unprecedented control over the system being studied
and explore the functional consequences. In closed loop stimulation, the researcher gets
the feedback from the subject by analyzing their activity and chooses the next stimulus
for the subject to move towards the target state [209], [284]. In the next few sections we
will analyze methods and techniques proposed in the literature for protocol adaptation to
discuss which of them have been used in this particular kind of closed loop context that

interacts with the subject’s brain state.
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In the majority of works discussed below, the problem of protocol adaptation can be
regarded within the framework of optimization approach. The optimization problem in
other words is the problem of “finding an optimal decision x in order to maximize a
measure goodness(z)“ [19]:2. So, in this case we have to define our choice of options
r ={xy,...,z,}, work out a quantative assessment of the “goodness* function and hand
over the goodness model to am algorithm that will search for an optimal choice at each
step. In case of neuroimaging experimental setups, x is a set of experimental design
choices that we expect to have impact on the activity we study. This could be the list
of stimulus categories (e.g. pictures of people, houses, food and instruments) or stimulus
features (e.g. the degree of stimulus noisiness - 50, 25, 15, 5 per cent). This can be also
the space of timing choices (e.g. the moment at which the stimulus is delivered).

Now, how can we measure the “goodness“? In |184]:3 the problem of design optimiza-
tion is formulated as ”finding a design d* that maximizes some utility function U(d) that
quantifies the quality of design d”.

d* = argmax U(d)
d

The ”goodness” is defined with regard to the experiment scope: it is the design choice
that allows us to best attain the experimentation goal. Protocol adaptation in the studies
discussed below varies with respect to optimization purposes (ROI selection, model selec-
tion, data quality) and methods (Information theory, Optimization algorithms, Genetic

algorithms) used.

2.6 Adaptation based on Information Theory

Adaptive optimization procedure has been proposed recently in a series of works, mainly
for EEG experiments [184], [224], [53], [40]. It has been termed Adaptive Design Opti-
mization (ADO). The idea behind this framework is finding a design choice that at each
timepoint provides best discrimination between competing models of the subject’s activ-
ity in response to stimuli. It offeres us a measure that quantifies the utility of each design
choice from the viewpoint of model selection and thus makes the sampling procedure more
efficient. So, in |184]:3 the utility function is presented as "measure of model dissimilarity
or distinguishability between two models” that each design choice provides. The utility
function will be the larger, the more the models are dissimilar to each other. Generally,
ADO works as follows: we have some evolution function that describes a sequence of

hidden states, in our case, it is the dynamics of the subjects’ behaviour. ADO chooses
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the design options that have most statistical power, i.e. allow to identify the underlying
model with minimal error.

The purpose of experimentation in this case is discriminating between candidate theo-
ries of mappings between physiological markers and mental states. As the starting point
for the design optimization, each model under consideration should be formulated as a
”statistical model defined as a parametric family of probability distributions, p(y|theta, d),
each of which specifies the probability of observing an experimental outcome (y) given a
parameter value (theta) and a design value (d). That is, the data vector y is a sample
drawn from the probability distribution (often called the sampling distribution) for given
values of the parameter vector theta and of the design vector d” [184]: 6. The subsequent
procedure is a sequential process consisting of a series of optimization-experimentation
stages. First, the optimal design is chosen based on the current state of knowledge en-
coded in the prior. As ADO is essentially a Bayesian framework, it requires definition of
priors for model parameters. Next, this design is used to obtain a sample of the data.
Based on the observed outcomes, the priors are then updated to the posterior, which in
turn becomes the prior on the next iteration of the optimization process. As the design
is optimized at each step, it involves solving an optimization problem described in [184],
where the optimal design parameter maximizes the utility function as follows:

d* = argmax U(d)
d

However, in [224], [53] a revision of the design optimization procedure has been pro-
posed. It involves calculating the Chernoff Laplace bound for each design choice as an
approximation of error due to the wrong model choice (and consequently of the utility
function as well). This procedure does not involve the optimization of the utility function.
The Chernoff-Laplace bound is an information theoretical criterion that yields upper and
lower bounds to the error due to selection of the wrong model. So if P, is the probability
of selecting a wrong model, it depends both on the data sampled (y) and the experimental
design (u) used to sample the data. It can be written as

P.=1- mﬁxp(M@,u)

The task of design optimization, according to [224]: is then “to reduce the effect of
data sampling process upon the overall probability of selecting the wrong model”. In

other words, we want to optimize the design, minimizing the model selection error Ej, .
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u* = argmin Fpy ) [P

The authors claim that the Chernoff bound they propose to minimize here can be
efficiently computed in the online experiments.

So, the optimization procedure proposed in [184], [224], |53], can be generalized as
follows:

1. Running the variational Bayes (VB) inference (or Bayesian logarithmic factor like in
[137]) For each of the concurring models based on past observations and experimental

design variables;
2. Updating the model priors to posteriors calculated with the obtained data samples;

3. Computing the Laplace-Chernoff bound for each possible value of the experimental
design variable, u, to assess its efficiency in the design;

4. Selecting the optimal design for the next trial [224].

The ADO procedure and its differences from the standard protocol are summarized
in Fig. from [224]. ADO framework described in the previous section allows us to
adapt stimlation also in an online manner to sample more efficiently for the purposes of
hypotheses testing.

2.7 Optimization for design and data quality

So, as has been mentioned above, the general idea behind design adaptation is that we
have a space of experimental design parameters and an algorithm that explores it in order
to choose the optimal one with the experimental scope in mind. In the previous example,
the goal was selecting the model that best fits the observed data, and the criterion for
exploration of the design space was based on information theory: the design parameter was
selected that was most informative about the choice of the model. In the next sections, we
will examine protocol adaptation methods that aim at optimizing various constituents of
the experimental design: statistical power, ROI selection, data quality (contrast). These
methods are based on various optimization algorithms that I will present in the next
sections. For each method, I will try to highlight the optimization objective, as well as
input to the optimization algorithm, measure of fit and algorithm details. The objective is

to demonstrate the range of available methods and to position our research among them.
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Figure 2.4: Left: sequential ordering of traditional steps of experimental data analysis. Right: adaptive
approach with design optimization online for the purposes of hypothesis testing.
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Genetic algorithms are a subset of a larger class of optimization algorithms, called
evolutionary algorithms, which apply evolutionary principles in the search through high-
dimensional problem spaces. Genetic algorithms code designs or candidate solutions to a
problem as a digital chromosomea vector of numbers in which each number represents a
dimension of the search space, and the value of the number represents the value of that
parameter [111]. The elements of a design vector in a genetic algorithm are parameters
specifying how to construct an object, analogous with genes of a biological chromosome.
In [262] genetic algorithms were applied to find optimal sequences for event-related de-
sign in fMRI. Event-related design of fMRI experiments is powerful, but is somewhat
mitigated by serious limitations posed by the shape and linearity of the BOLD response.
The statistical power of effects in rapid event-related fMRI depends greatly on the timing
parameters, the particular sequence of events chosen, and how these variables interact
with signal nonlinearities, temporal noise autocorrelation, and psychological factors re-
lating to the consistency and magnitude of the expected neural activity across trials. So,
finding optimal event-related design could seriously improve the quality of the data for

the inference purposes.

In fMRI design, the chromosome is a vector of N time bins, and the values in each
slot represent the type of stimulus presented at that time (or the absense of it). Thus,
the space of design parameter is created by temporal parameters: interstimulus intervals
and jitter - varying interstimulus intervals, which is an important feature of event-related
design. The design matrix is constructed based on the BOLD model taking into account

signal autocorrelations for the contrast of stimuli.

The next feature of the genetic algorithms to be selected is a numerical measure of
fitness on which the selection of design operates. Design vectors must be translatable into
single numbers that represent the suitability of the design. In fMRI, there are several
metrics that the researcher might want to optimize: e.g. maximize the efficiency of
estimation of several contrasts and the efficiency of estimating the hemodynamic response
for statistical reasons, minimizing at the same time stimulus predictability, so that the

subject could not guess the stimulus to come.

The genetic algorithms operation consists of three processes that mimic the processes
of the natural evolution: selection, crossover, and point mutation. The algorithm starts
with a population of randomly generated design vectors, tests the fitness of those vectors,
selects the best ones, and recombines the parameter values (i.e., exchanges some elements)
of the best designs. The designs can then be tested again, and the process is iterated until

some stopping criterion is reached. The process of exchanging elements among successful
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designs is termed ”crossover” because of its biological analog. Although there are many
ways to exchange design elements, one of the simplest is for successful (i.e., high-fitness)
vectors to be paired together, like biological chromosomes, exchanging the half of their
parameters that lies above a randomly selected point along the vector. The third process
is random reassignment of the values of a small number of design elements to other
values, similar to biological mutations of DNA components. The functional value of this
process in the algorithm is to ensure that the population of designs as a whole remains
heterogeneous, because this heterogeneity determines how much of a search space the
algorithm covers. Crossover relies on it as well. Random mutations alone are unlikely to
generate high-quality designs, but random mutations in combination with crossover can
be very effective.

Figure from [262] illustrates the workings of a genetic algorithm as applied to the
design of fMRI experiments.

In the authors’ approach, the design vectors are design matrices constructed as ex-
plained above, and psychological factors (stimulus frequency and randomization) are taken
into account in the form of hard and soft constraints. The resulting fitness measure is
calculated as a weighted sum of efficiency, randomization measure and frequency measure.
Next it is transformed with a sigmoid to produce a soft cutoff point. When the measure

is above the mean, the design is selected for crossover.

Using the algorithms, the authors arrive at an optimal set of parameters for the event-
related design to ensure quality data: interstimulus intervals should be 3 seconds or
jittered around 6 seconds. The algorithm confirmed that for contrast efficiency block
design is optimal, while for HRF estimation efficiency event-related design with 4 second
intervals between same type events (or for estimation efficiency 6 secs) is preferred. It
appears that it is difficult to simultaneously optimize response detection and response
shape estimation, while counterbalancing the ordering of events in a stimulus sequence.
However, GA optimization seems to produce designs that are much more effective in these

aspects than random ordering of the event sequence.

However, this algorithm works in an offline mode. To optimize the design in an online
mode for better activation detection a procedure was proposed based on a sliding window
computation of correlation between the fMRI signal and the reference vector [89)]. Based
on the optimization of cost functions, the authors have developed a real-time algorithm
that combines the correlation analysis in a computationally efficient manner with detrend-
ing, the sliding window technique, and with an optimization of the reference vector. The

sliding-window technique provides constant sensitivity to changes in functional activation

49



2.7. OPTIMIZATION FOR DESIGN AND DATA QUALITY

stimulus list delta function regressors filtering design matrix
#l #2 #3 ‘ i b g ' Py
I 2 1 i Nl —
234 T e ) resample . .
4 2 3 ’ | f adi AVl
:lz ‘11 ; 4 i AT ) high-pass '
1 2 4 ' R i
31 2/ I e ) low-pass
Build design
Generate ) g
matrices

stimulus lists
Test fitness

1 3 1
2 4 2 :
of designs
: 4 3 g Select
] :
3 1 4 | designs
S 3z ! | ‘ | Crossover of
4 1 3 g’ ’ | stimulus lists
2 4 2 g, { ‘
3 i1 3 , . 5 3 e; 1
4 ! 3 2
11 f I - B 4 4 3
2 2 3 Design realization 3 0: 1 1 2
4 3 3 I 1 3 4
3 3 2 Oeﬂwri\nuu;n 3 @ 2 4
4 1 3
2 4 2
3 1 3
1 4 2
1 1 1
. 2 2 3
Iterate over generations 4 3 3
4 3 3 2

Figure 2.5: Scheme of GA in operation. Design vectors are transformed into model matrices, that
are tested for fitness. Matrices were constructed by convolving a canonical HRF, normalized, with the
stimulus delta function for each series. Selected designs undergo crossover, and the resulting children are

retested iteratively until the algorithm is stopped.

50



CHAPTER 2. BACKGROUND

during the entire scan. The reference-vector optimization facilitates online computation
of physiological parameters, such as delay and dispersion of the hemodynamic response
function, but, most importantly, also allows for the possibility of quickly changing ele-
ments of design (over a time period corresponding to the length of the sliding-window)
during a measurement.

With the sliding-window technique, it is possible to restrict the correlation computa-
tion to only the most recent data samples, which is very important in real time. The
reference vector depends on a set of parameters, such as the time of the gradual increase
or decrease of blood flow. This signal is modeled by convolution of the design with the
hemodynamic response function, which should take into account time delay and smooth-
ing of the blood flow regulation. To increase the correlation with the measured data,
either the hemodynamic response function or the reference vector can be optimized with
respect to parameters that describe these effects. Since the reference vector can always be
generated by convolution of the paradigm with a response function, the authors choose
the former optimization option. The cost function to be optimized is as follows [89]:

E = |z} — a7l (w))l’

where w is the set of parameters of the reference vector, 77 is the signal vector, and «
is a linear parameter based on the correlation between signal vector and reference vector

.

2.8 Optimization algorithms for ROI selection

ROI selection is an important part of neuroimaging experiments. It is about identifying
an area in the brain where the signal is going to be analyzed. For many experiments
the area is selected based on brain atlases that outline the functional organization of the
brain. In the context of MVPA, we would try to further refine our selection and pin down
most informative voxels within the area as features for classification analysis. MVPA is a
high-dimensional pattern classification problem where classification (or prediction) model
based on the fMRI BOLD signals is trained, and brain voxels are identified as features
in response to different conditions as class labels. As has been mentioned, neuroscientific
data is prone to the curse of dimensionality: the number of samples is significantly fewer
than the number of voxels in the brain. Therefore, various advanced feature selection

and sparse optimization techniques were proposed to enhance the classification efficacy
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by selecting most informative voxels - e.g. [168]. It leads to a two-fold objective: (1)
the number of voxels included in classification models has to be minimized while (2) the
classification accuracy needs to be maximized.

In real-time experiments, the target area is typically selected beforehand based on rel-
evant studies. However, in the context of all real-time experiments, it might be beneficial
to perform ROI selection in real-time as well. An example of such study is [166]. To se-
lect a ROI for signal extraction in real-time, an extra step, such as localizer experiments
and /or expert suggestions are required. The authors developed two unsupervised compu-
tational techniques based on the general linear model (GLM) and independent component
analysis (ICA) of rt-fMRI data to automate this step. Decoding performances from the
automatically defined ROIs were comparable to supervised methods.

In [161] optimization algorithms were used to create a protocol online, in which ROIs,
that were most responsive to certain stimuli, were identified. In the first experiment, the
goal was to traverse the two-dimensional parameter space for the algorithm to automati-
cally learn the combination of audio-visual stimuli that best evokes a certain target brain
state. Figure (figures - all come from [161]) presents feature space in terms
of image complexity, while in Fig. features of the auditory stimuli are shown. Fig.
contains brain ROIs, for which most activating stimuli were being selected by the
optimization algorith. To define the objective function, the authors took the difference of
BOLD between two target regions in response to a complex audio-visual stimulus, sam-
pled from the design space, and used a gradient approximation method - Simultaneous
Perturbation Stochastic Approximations (SPSA) algorithm. The cycle of protocol adap-
tation is shown in Fig. After two successive audio-visual stimuli, the BOLD was
estimated for each and compared to an a-priori defined target brain state. The algorithm
was regarded as converged when it was sampling the same combination of stimuli for three

consecutive iterations.

In the second experiment, Bayesian optimization algorithm was applied with the same
stimuli and ROIs. The goal was to optimize an unknown objective function (no analytical
expression). The experiment proceeded according to an iterative scheme: subjects were
presented with a stimulus, then BOLD was measured. BOLD activation was provided as
feedback in real-time to learn a probabilistic model of the subjects target region activation
as a function of both the auditory and visual stimuli. The model is employed to propose a
new combination of auditory and visual stimuli, which is likely to increase activation in one
of the target regions. The algorithm learns the distribution of the latent objective function,

which is a relationship between the BOLD signal in the two regions for the grid space of
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Figure 2.6: Design space of the visual stimuli used in the experiment.

design parameters (stimulus features). Prior distribution for the latent objective function
was modelled as a Gaussian Process. The function to determine which combination of
stimuli to play next was the expected improvement acquisition function. This function
tries to maximize the expected improvement (the difference in BOLD between regions)
over the current best. Together with GP, they are claimed to provide a closed form
solution. In a later study Bayesian optimization was applied to dissociate not just single

ROIs, but network regions [162].

2.9 Reinforcement learning

A fruitful framework for neurofeedback experiments would be that of reinforcement learn-
ing , because, unlike in the previous studies, here the protocol is adjusted to interact
with the subject’s state. In fact, in the authors performed a neurofeedback study in
the context of reinforcement learning. The participants learned to upregulate the signal
from the anterior insula, as it is involved in multiple clinical conditions related to emo-
tional and affective dysfunctions. They were instructed to only choose from a set of given
strategies to upregulate the signal, and their process of decision making was modelled
as an n-arm bandit problem, typical for reinforcement learning. The feedback they were
given was temporally discounted reward, also standard in reinforcement learning prob-
lems, that correlated with the BOLD signal. The authors worked out a reward-related
reinforcement learning model of neurofeedback in rtfMRI. The starting point hypothesis
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Figure 2.7: Design space of the auditory stimuli used in the experiment.

Figure 2.8: Targeted ROIs: visual and auditory cortex.
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Figure 2.9: The cycle of protocol adaptation in the experiment.
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was that in the target group, unlike in the controls, a positive linear increase will be
observed in the activation of the right anterior insula, while no such linear interaction
was expected in the controls that were provided false feedback. The study confirmed the
expected results.

Another series of experiment used the reinforcement learning framework to adapt stim-
ulation protocol for a different setting [186], [23], [20]. In these studies, the task difficulty
for the participant was adjusted with the purpose of creating a restorative BCI for post-
stroke rehabilitation. The subjects performed kinesthetic motor imagery of opening their
left hand, while threshold-based classification of beta-band desynchronization resulted in
proprioceptive robotic feedback. Electroencephalography was used to examine the corti-
cal activation patterns during the training sessions. The participants rated their perceived
mental effort nine times per block. In the adaptive block, the threshold was adjusted on
the basis of these ratings, whereas adjustments were carried out at random in the other
block. The perceived mental effort was correlated with the difficulty threshold of the
neurofeedback training. The classifier used was a linear discriminant analysis classifier
(LDA), and its threshold was adapted with a threshold adaptation strategy informed by a
Bayesian reinforcement learning model. Adaptive threshold-setting reduced mental effort
and increased also the classification accuracy.

So, we can see that in the context of BCI and Neurofeedback protocol adaptation
should be based on interaction with the subject’s state as inferred from the measured
signal. However, it can be noted that although a plethora of methods have been proposed
for protocol adaptation, the majority of them do not aim at interacting with the subject
in a closed loop manner, so that the utility function does not maximize the chances of the
subject getting into a certain state. We can conclude that technical solutions available to

implement protocol adaptation for this kind of real-time neuroimaging are insufficient.
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Problem Statement and Proposed

Contributions

In the previous chapter, I reviewed the modern paradigm of real-time neuroimaging and
its three main experimentation types: BSDS, BCI and NF. I have also shown that this
new paradigm needs new experimental protocols that allow adaptation in real-time in an
interactive manner based on the subject’s state. This is because the principal research
question that this paradigm is answering is about how the brain state affects behaviour,
and in this paradigm the brain state is the independent variable, while stimulation is a
dependent variable. This is a reversed relationship with respect to traditional neuroimag-
ing with offline data analisys, where the stimulation is an independent variable, and the
brain measurement is the dependent variable. In this chapter, I will outline and discuss
the challenges I am addressing in my research. The main challenge for BSDS stimulation
protocols is finding reliable neural markers for distinguishing the different states of the
brain and tracking their changes in real time. I will present this challenge in more detail
in using as a case study the neuroscientific problem of top-down attention. For BCI
and NF, it is the development of real-time protocols that could be adapted in the course of
interaction with the subject’s brain state. In section [3.2.3]T will discuss in more detail how
we can approach this challenge at the theoretical level and what are the prerequisits for
practical implementations. As I am discussing in [3.2.3.4], for the successful development
of interactive protocols for BCI and NF we have to rely on BSDS studies that address the
mapping between neural signal and cognitive states and processes. By addressing these
challenges, we give neuroscientists methodological tools to both investigate into the neu-
roscientific questions and to further advance the development of real-time neuroimaging

protocols.
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3.1 Study of top-down attention patterns with BSDS

3.1.1 Neuroscientific background of the study

Top-down attention patterns mediate attention biases during perception and affect be-
havioural performance in attention related tasks. In case of visual attention, these pat-
terns can be revealed in visual search experiments via activity during preparatory delays.
Visual search experiments are most common experiment used to study visual attention:
the subject is cued to search for some object, then, after a certain delay period an image is
shown, and the subject should respond with a button press of she detected the presence of
the cued object. High-level top-down attention patterns have been actively studied in the
category-related object selective areas [248] that process categorical information about
the perceived natural objects. Several studies attempted at demonstrating the high-level
nature of the preparatory patterns [200,201,248]: it is considered to reveal itself in the
fact that these patterns are established in response to certain stimulus categories (ob-
ject categories) independent of the sensory or cognitive process that operates with these
categories (i.e., perception, imagery, visual search). Brain State Dependent Stimulation
protocol is a perfect experimental tool to investigate into these patterns and to show that
they do affect behavioural performance. That is, if we can send an attention engaging
task, such as visual search stimulus, in the moment when the top-down attentional state
is detected, we would expect that this would result in behavioural improvements, such as
higher accuracy of detection or faster reaction times.

The state-of-the-art approach to demonstrate that a pattern is of high-level, modality-
independent nature, is to cast the problem of identifying common activation patterns as
a supervised learning or brain decoding problem [107,/126]. The data of one cognitive
modality (e.g. perception) is used to train the classifier to distinguish category related
patterns (e.g. people vs. cars) in the data coming from a different cognitive modality
(e.g. imagery). In [187] it is pointed out that successful classification in this setting
implies that neural patterns elicited by relevant cognitive factors in one modality gen-
eralize accross to the patterns in the other modality. A low misclassification error on a
modality which is different than the one used to train the classifier provides empirical
evidence that a given region of interest is related to the cognitive task encoded in both
modalities. Such approach is referred to in the literature as cross-modal decoding analysis
(CMDA). Statistical significance of this approach can be computed using a ¢-test on the
accuracy obtained by the classifier [135[170], or by a permutation test to compute the
null distribution [70,{124,259] of such statistic.
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The patterns of brain activity that are shared between the processes of perception
and imagery have been the subject of quite numerous studies. The question investigated
was if we can arrive at abstract, top-down object representations [116}213] containing
distinguishing features [112,218] that will have common neural substrate both for viewed
and imagined object categories [218]. To test for the presence of shared patterns, many
studies used cross-modal decoding - namely, multivariate pattern analysis with SVM
classifiers [45,153,213]. Significant cross-modal classification accuracies were taken as the
evidence in favour of shared activity patterns. What emerged from these studies was
the view that, indeed, visual imagery activates the same areas that contain information
about visually perceived stimuli [74,218|, and shared patterns for stimulus categories in
these two processes can be established [5},[45,/153,/199,213,247]. The areas where these
common representations were found include the ventral temporal pathway, lateral occipital
cortex [45,/153,1213,1247] and extrastriate cortex |116}[153,/199,247]. These conclusions
influenced the selection of ROI in our study. The question about if these patterns are to
be seen in attention tasks as top-down activity has been mainly investigated using cross-
modal analysis with perception and visual search [200}]201}248]. However, as object
representations in the brain obtained during imagery tasks are thought to be closer to
high-level top-down representations of objects in visual cortex [199,218], the hypothesis
naturally suggests itself that we should use imagery data to detect these high level patterns

during visual search preparatory periods.

3.1.2 Offline experiment to test state identification

In order to be able to apply BSDS approach to the study of top-down attention, we need
to a) define the marker of the relevant brain state; b) select tools that would allow us to
detect this state marker in a real-time experimental setting and ¢) choose a runtime policy
triggered by the detected markers. We hypothesized, based on the literature analysis,
that the preparatory attentional state in visual search reveals itself as a high-level object
category pattern in the object selective cortex that is independent of a cognitive modality.
According to the literature, this should be closer to an object category pattern that
shows up in imagery, i.e. when we imagine objects. We ran an experiment engaging all
three cognitive processes (perception, imagery, visual search) that used the same object
categories (whole-body images of people vs. cars). We performed empirical analysis of the
data coming from this experiment with the goal of investigating the following questions:
a) if cross-modal decoding analysis can reveal top-down modality independent object

category pattern between such cognitive processes, as perception, imagery and visual
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search; b) to test whether these patterns can be used as reliable markers of top-down
state for the purposes of a brain-state dependent stimulation experiment; ¢) to verify
whether we can perform real-time decoding of top-down states in a BSDS experiment
using cross-modal decoding approach and whether this approach can be the basis of the
runtime policy. fMRI data were collected to investigate object categorization during
preparatory activity in a visual search experiment, designed in a similar manner to the
one illustrated in [200]. The expriment is presented below.

3.1.2.0.1 Participants. 24 participants (8 male, mean age 27.1, st.dev. 4.3 years) were
recruited and accessed the research facility. All participants, before starting the experi-
ment, signed a form confirming their informed consent to participate in the experimental
study. FEach participant was instructed in advance about undergoing 2 experimental
sessions (S1, S2) on two different days. The data on all three modalities in question
(perception, imagery and visual search) were acquired in the same session, S1. Out of all
24, 22 completed a significant part (6/22) or the whole (16/22) of S1. During both S1
and S2, participants were also given other tasks, which we do not report here. Out of
16 participants that underwent the whole S1 only nine participants completed 4 runs of
both perception/imagery task and visual search task (8 functional runs in total). Other
participants failed to reach 4 runs at least in one of the task types. So, for the analysis
we are using the data of the 9 participants that have the total of 8 functional runs each.

The tasks are explained in the next section.

3.1.2.0.2 Stimuli. Two distinctive stimulus categories were presented to the participants
throughout the tasks: people (whole body image) and cars. Participants were instructed
to deal with these categories in three different ways: in perception modality, they had
to attend to 8 presentations of 16 seconds long blocks of different instances of the same
category (people, here depicted by whole body figures with no face, or cars), interspersed
with 16 seconds long fixation periods. Participants were equipped with a two-button
box. They were requested to perform a one-back task - i.e., to press a specific button
whenever they detected the same image repeated twice in a row. In tmagery modality
participants were instructed to close their eyes and mentally visualize instances of the
category, indicated by the letter cue shown at the beginning of the trial. They had to press
the response button whenever they achieved a mental image that was sufficiently detailed,
and then they had to switch to mental visualization of another instance of the same
category. At the end of the 16 seconds block, an auditory cue told the participants to open
their eyes and go on with the experiment. Perception and Imagery blocks were randomly
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Figure 3.1: Bilateral Object Selective Cortex (OSC) group map in temporal-occipital cortex delineated
based on the functional localizer (intact vs. scrambled objects). Its right part is shown in red, left in
blue. X, Y and Z locate the coordinates of the slices.

presented within the same functional run. In wisual search modality, participants were
briefly (450 ms) shown images representing natural scenes (e.g.: crowded places, urban
landscapes, etc ...). They were instructed through a visual cue (letter) to look for instances
of one of the two categories within the scene. After scene presentation, they had 1.6 s
to attend to the presentation of a mask and to give a positive or negative response by
pressing a button. Visual search preparatory periods occurring between the presentation
of the cue and the presentation of the scene had different lengths: 2, 4, 6, 8 or 10 seconds.
Participants did not know in advance neither the lengths of preparatory period, nor their
order of presentation throughout the task, which was random. Participants also had to
perform a block-designed task, where we alternated presentation of images of intact and
scrambled everyday objects, in order to functionally define an object selective region of
interest (ROI) localized in the temporal - occipital cortex (Fig. [3.1). So, for perception
and imagery the overall number of trials was 32 per modality (8 trials per 4 runs). Each
visual search run consisted of 40 trials, where for each particular type of delay duration
there were 8 trials. The total number of visual search trials is 160 (40 per 4 runs), while
for each duration there are 32 trials (8 per 4 runs) in the dataset. All experimental
procedures were approved by the Ethical Committee of the University of Trento.

3.1.2.0.3 Data acquisition. Images were acquired with a 4T Bruker (https://www.bruker.com/)
scanner. For each participant, we started both experimental sessions by acquiring a
structural scan using a 3D T1-weighted Magnetization Prepared RApid Gradient Echo
(MPRAGE) sequence (TR/TE = 2700/4.18 ms, flip angle = 7°, voxel size = 1 mm
isotropic, matrix = 256 x 224, 176 sagittal slices). Perception / Imagery and Visual
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Figure 3.2: In the perception task (left), the participants were viewing blocked images of people’s bodies
and cars; in the imagery task (left top), they were visualizing the same categories when cued until they
heard the sound signal. In visual search task, the participants detected the presence of the cued category

(always people or cars) in images of cluttered scenes.
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Search tasks were performed while acquiring, respectively, 177 and 195 functional scans
with the following parameters: (TR/TE = 2000 / 33 ms, flip angle = 73°, voxel size =
3x3x3 mm, 1 mm slice spacing, matrix = 64x64, 34 axial slices covering the entire brain),
during session 1. Same acquisition parameters were used for 165 scans acquired during

Functional Localizer task in session 2.

3.1.2.0.4 Preprocessing. For data preprocessing FSL tools were used along with in-house
built Python code. In all functional runs 5 initial volumes were discarded as dummy vol-
umes. The skull was removed from both functional and structural images to extract the
brain. Functional images were subsequently corrected for slice timing and motion arti-
facts. Transformation of the functional images to standard space was carried out in the
following sequence. First structural scans were coregistered to the mean functional scan
of each experimental run. Structural-in-functional-space images were then coregistered to
standard (MNI) space to finally compute affine parameters. To extract task-related effects
from functional localizer data, beta maps for both localizer conditions (Intact vs. Scram-
bled objects) were computed with linear regression and next fed into contrast analysis
(Intact vs. Scrambled). This analysis resulted in a ROI located in bilateral temporal oc-
cipital cortex. We selected one cluster including 625 voxels from each hemisphere, ending
up with a bilateral ROI with 1250 voxels overall. We applied the ROI mask to functional
data coming from Perception / Imagery and Visual Search tasks and we obtained matri-
ces containing time-series of the ROI voxels. For CMPT analysis, 1250x16 matrices of
Perception / Imagery data and 1250x40 matrices of Visual Search data were considered

per run.

3.1.2.0.5 Results The ROI chosen for the analysis was the Object Selective Cortex
(OSC) map shown in Fig. We analysed separately the performance of a cross-modal
classifier for the left part of the ROI (denoted as L in Table , right part of the ROI
(R in the same table) and the whole ROI (L+R). Encoding of the activation maps was
of two types: raw BOLD and beta maps. For the raw BOLD encoding, the volumes were
selected that corresponded to the peak of the hemodynamic response function (HRF,
as rendered by SPM software - www.fil.ion.ucl.ac.uk/spm/doc/)) convolved with the
boxcar function that represented the experimental manipulation. One volume was selected
per trial. For beta encoding, beta maps were calculated trialwise using linear regression.

Cross-modal decoding analysis (CMDA) was performed by training a logistic regression
classifier with ¢y regularization on the trials of one of the modalities. The regularization

parameter was selected according to a nested cross-validation scheme (leave-one-run out).
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3.1. STUDY OF TOP-DOWN ATTENTION PATTERNS WITH BSDS

Modalities ROI | Encoding | CMDA
Pvsl L+R Bold 0.12
Pvsl L+R Beta 0.08
Pvsl L Beta 0.001
Pvsl R Beta 0.005

V vsI(delay 2s) | L+R Beta 0.272

VvsI(delay 6s) | L+R Beta 0.165

(
V vsI(delay 4s) | L+R Beta 0.387
(
V vs I (delay 8s) | L+R Beta 0.659

V vs I (delay 10 s) | L+R Beta 0.249
P vs V (delay 2s) | L+R Beta 0.44
P vsV (delay 4s) | L+R Beta 0.44
P vs V (delay 6s) | L+R Beta 0.49
P vs V (delay 8 s) | L+R Beta 0.08
P vs V (delay 10 s) | L+R Beta 0.89

V vs 1 (all delays) | L+R Beta 0.012

Table 3.1: Results of cross-modal decoding analysis (CMDA). The values refer to p-value for the discrim-
ination task of body vs. car in each pair of the cognitive modalities listed in the extreme left column,

where P stands for perception, I for imagery (I) and V for visual search.

The accuracy was then estimated on a test set from another modality. The training and
test process was replicated for each subject. Then, the p-value was computed for the group
using the permutation scheme described in [70]. The resulting p-values are reported in
Table B.11

In Table we report only one result related to raw BOLD volume encoding: the
cross-modal analysis between Perception and Imagery. In this case decoding does not
detect a meaningful shared activation pattern. Beta maps encoding on the other hand
seems to be a more efficient representation. Chen and colleagues [42] demonstrate that
using beta values is a way to get rid of intrinsic variabilities of BOLD signal throughout
the brain and, specifically, within a single area. In our case, this means that beta values
are more related to the effect size than raw BOLD signal changes during task-on periods.
For this reason in the presentation of results we only focus on results obtained with data
encoded with beta maps.

Table illustrates the methodological limitations of decoding when applied to the
problem of cross-modal pattern detection. Cross-modal analysis results for perception vs.
imagery with beta maps encoding are significant when the two hemispheres are considered

individually, namely the left and right OSC respectively. When the analysis is extended

64



CHAPTER 3. PROBLEM STATEMENT AND PROPOSED CONTRIBUTIONS

to the joint ROI, the number of trials remain constant, while the number of voxels double.
In this case the classifier is affected by the higher dimensionality of data, and CMDA does
not succeed in rejecting the null hypothesis. If we compare the results for cross-modal
decoding P vs V and I vs V, we can see that there are no significant results in P vs V
decoding. On the other hands, p-value is significant for I vs V (all trials) which could be
an argument in favour of the statement that high-level category patterns are indeed closer
to those that are detected during imagery. However, we have another classifier issue here.
If we consider the cumulative trials of visual search, irrespective of the delays, CMDA
rejects the null hypothesis. When we restrict the cross-modal analysis to single delays of
preparation period for visual search, the number of trials drop from 160 to 32. In this
case CMDA fails to reject the null hypothesis.

The results shown in Table demonstrate, that CMDA is sensitive to the curse of
dimensionality and the number of samples used for classifier training. This is a serious
hurdle for real-time mode, where only limited data is available, and subject indepen-
dent decoding, that increases the number of samples available by using the data of other
subjects, is still a matter of research and has its challenges, too [258|. So, supervised cross-
modal decoding does not provide us with the means of top-down pattern identification
that we could reliably use in the real-time mode. However, the question of cross-modal
patterns in neurosicence is currently a very active area of research: the study of common
representations between different cognitive processes and/or sensory modalities gains mo-
mentum now because it also sheds light on how sensory input interacts with categorical
representations in human brain. This, in turn, is part of a broader, more fundamental
neuroscientific question, namely interaction between bottom-up and top-down informa-
tion processing in the brain in general. As the current reference method of investigation
into these representations, brain decoding, has serious limitations, so as a secondary con-
tribution we proposed a new method that has higher sensitivity. It allows to identify
common activity patterns between various cognitive processes more robustly and thus
achieves more reproducible results. The new method is meant to advance the quest for
abstract, high-level neural representations independent of sensory modalities or cognitive
processes. We illustrate the method with both synthetic data and experimental fMRI
data. The method is presented in Chapter [6]

3.1.3 Unsupervised methods of state identification

So far the overwhelming majority of brain decoding studies have used supervised learning

algorithms where the researcher provides stimuli category labels with the training data

65



3.2. DEVELOPMENT OF CLOSED-LOOP STIMULATION PROTOCOLS

so that the Machine Learning (ML) classifier can predict labels for the test data. At the
same time, there is growing interest in the use of unsupervised learning methods for brain
decoding studies - Principal Component / Independent Component Analysis (PCA/ICA,
e.g. [6]), or different clustering methods (e.g. self-organizing maps [81]), representational
dissimilarity matrices (e.g. [139]) etc, and also hidden Markov models (HMM, e.g. [73]).
Most of the cited papers deal with the traditional offline decoding, but the efficiency of
these methods for real time decoding has been demonstrated, for instance, in [6] and [242].
So, we also tried to approach brain state detection problem for a BSDS study of top-
down attention employing an unsupervised algorithm: real-time application of Gaussian
Mixture Models (GMM).

3.2 Development of closed-loop stimulation protocols

Human brain is a complex physical network system that supports mental function. Some-
times, in order to treat cognitive deficits or enhance mental abilities, an intervention is
desirable that is targeted at modulating human brain activity to achieve beneficial be-
havioural changes. While empirically it was shown that such regulation is possible (e.g.,
cognitive behavioral therapy, deep brain stimulation, neurofeedback are all tools for such
regulation), theoretical frameworks to guide these interventions and to optimize them for
clinical use are fundamentally lacking. This, in turn, does not allow to offer practical so-
lutions for the much needed case. Therefore, we consider it advantageous and well-timed
to address the problem of development of neuroscientific interactive protocols that could
make these interventions possible. As these interventions represent a form of control (one
entity exerts physical influence over another), a promising approach lies in an engineering
discipline known as control theory that investigates the question of how to guide complex
systems from one state to another [123].

A very prominent part of neurofeedback and closed-loop studies are the studies on
affective state regulation. Besides, affective states, such as, e.g., emotional states, are
probably intuitively most readily understood as states, unlike, for instance, cognitive
states. For these reasons, we are choosing to target affective states in the part of our
research dedicated to closed-loop adaptive protocols. We want to make a meaningful
contribution to the field by a) designing a real-time adaptive protocol in the framework
of the control theory and b) implementing a proof-of-concept experiment. To do this,
we are going to explore what has to be in place for such a protocol to be feasible. As

[ am going to show in the rest of the section, we have to be able to 1) meaningfully
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define the target state as a mapping between the signal (brain level) and the subject’s
cognitive state (mind) and to 2) learn an optimal control sequence, namely a sequence
of external inputs that will allow the subject to reach the desired state by interaction
with her internal state dynamics. The first task requires deep neuroscientific insights that
are not available to us at the moment, as will be discussed later in this chapter. So, we
are going to investigate the second possibility, namely how to find the input sequence,
at the theoretical level, assuming that the states and there dynamics are known. We
also assume that the relationship between the two is modular, that is, we can "plug
in” the necessary state definition(s) in the model of control once they are available from
neuroscientific investigations. Still, we need to have condition 1 met if we want to design a
proof-of-concept experiment. For the purpose of designing the experiment, we adopted an
approach of "reduced complexity” in defining the subject’s state(s). We chose the Galvanic
Skin Respose (GSR) (also known as EDA - Electrodermal Activity) for two reasons: first,
it is a unidimensional signal, unlike that of fMRI, and second, GSR signal is known to have
a relatively straightforward linear correlation with the subject’s affective state - arousal.
Because of this correlation, we can avoid modelling separately the relationship between
the signal and the state, as the level of the signal, high or low, corresponds nicely to the
high or low arousal. In a somewhat simplified manner we can even say that by controlling
the signal we are controlling the underlying state. The goal of the proposed experiment
is to test empirically the feasibiulity of the optimal control approach for controlling the

subjects’ internal states.

3.2.1 Foundations of control theory

In the formal terms of control theory, control means applying some input to move a system
from an initial state to a target state. Typically, control is exerted by a controller C' via
control input, u, to change the state of a system (usually called plant P in control theory).
Fig. from [177] illustrates two known control scenarios - so called open-loop (a) and
closed-loop (b) control.

The control strategy is based on a cost function, i.e. it aims at minimizing the distance
between the observed state of the system and the target state, often while also maximizing
technical simplicity and minimizing input [128].

In the context of human cognition, the plant (system) is the physical brain or some
part of it (e.g., a single neuron, an ensemble of neurons, a group of brain regions, or
a single region of interest). As a physical system, the brain is characterized by specific

states - patterns of neural activity. The control or guidance of the brain from one state
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Figure 3.3: (a) A classic open-loop control scheme. The controller (e.g., a system in the environment or
designed device) delivers an input u to the system under control (plant P) to influence the system state
s¢. (b) A classic closed-loop feedback control scheme. The goal is to guide the system (P) to a reference
value r;. The system state s; is fed back through a sensor measurement F' to compare to the reference
value r;. The controller C then takes the error e (difference) between the reference and the output to

change the control inputs u to the system P under control.

to another can either be intrinsic (the brain controls itself [100]) or extrinsic (the brain
is guided externally, for example by brain stimulation [183]). The controller input is
stimulation which can also take the physical form, such as applied current for deep brain
stimulation - e.g. in Parkinson’s disease. In this case, the neural reference state is often
represented in the frequency domain, and the neural control goal is to achieve a target
state of basal ganglia activity. But the control input can also be the sequence of non-
invasive external stimuli that set the brain in action. By employing the framework of
the control theory we address the challenge of designing strategies that interact naturally
with a system’s structure and dynamics. Here, the goal is to induce changes in neural
states that support cognitive functions, i.e. to induce movement from one neural state to
another, so that we can evoke the desired tangible behavioural changes. Control theory
provides us with principled approaches to identifying strategies that influence states in
the context of indirect interactions within the system and produce impact on cognitive

function both in health [179] and disease [35].
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3.2.2 Optimal control

The problem of optimal control consists in optimizing a sequence of actions to attain
some future goal [80}/245]. It views an agent as an automaton that seeks to maximize
expected reward (or minimize cost) over some future time period. If we consider an
example of a hunter who throws a spear to kill an animal, the optimal control solution is
a sequence of motor commands that results in killing the animal by throwing the spear
with minimal physical effort |[128]. The components of the optimal approach are: a) a
dynamical system described by some mathematical model, e.g., differential equations; b)
external control input that is able to influence the system’s dynamics; c¢) some constraints
on the system state or control input (e.g., maximal velocity or brake force of a car) and
d) some objective function, or cost function to be minimized. Fig. from M. Gerdts’
lecture slides based on [90] illustrates how optimal control works. The state of the system
at each time point is described by the state vector x(t). The control vector u(t) allows to

influence the dynamic behavior of the state at time ¢. The differential equation

a'(t) = f(t, (1), u(t))

defines the rate of change of the state vector as a function of the current time ¢, the
current state vector x(t), and the current control vector u(t).

In an open-loop control problem, we are not receiving feedback from the plant. The
solution of an optimal control problem is a time-dependent control u(t) (open-loop con-
trol), which minimizes a given objective function (cost function) subject to constraints.
The controlled dynamic system reads like the following [90]:

(1) = f(a(t); u(t))
z(0) =z

That is, the next state of the system is the function of its current state and the control
input. Open-loop control does not adapt to perturbations, while closed-loop control
receives feedback from the plant and is able to act on perturbations. Closed-loop control
finds a feedback control law of type u = U(t; x) for the control system, such that a given
reference trajectory is tracked. The controlled dynamic system (closed system) is given
by the following equation from [90]:
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Simulation: How does the sy-

stem behave for a given control external input u(t)
input u? (control, time dependent)
math. model: Approximation:
Fiz(t), 2’ (), u(t)) = 0 Fizplt) 2hiti)s up(4)) = 0
7(0) = 3 - 2
real system (initial value problem) {e.g. Euler method)
T validation of results

Figure 3.4: Example of how control task work. We have a physical system - a car. It can be described
by its states, such as positions on a trajectory. Control is applied for the car to change its trajectory,
and the model allows to estimate the effect of the input on the system state. Next, we can track the real

trajectory of the physical car and act on the error.
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In this case, the next state of the system is, again, the function of its current state and
the control input, but now the control input is also the function of time and the current
state of the system. Turning to our example of a hunter with a spear, we can say that if x
denotes the state space (the positions and velocities of the muscles), the optimal control
solution is a function u(z,t) that depends both on the actual state of the system at each
time and also depends explicitly on time [128]. Optimal control problem is usually solved
by using a cost function. In our example, if a motor program is a sequence of actions, this
sequence can be assigned a cost that consists generally of two terms: a path cost, that
specifies the energy consumption to contract the muscles in order to execute the motor
program, and an end cost, that specifies whether the spear will kill the animal, just hurt
it, or misses it altogether.

To illustrate how the optimal control problem is solved, we take a simple example of a
finite horizon discrete time deterministic control problem [12§].

Consider the control of a discrete time dynamical system:

Tpvr = T+ f(E, T, up)
t=01,. .. T—1

x; is an n-dimensional vector describing the state of the system and u; is an m-
dimensional vector that specifies the control or action at time ¢ (we are taking a de-
terministic example, and noise is not taken into account). If we specify x at ¢ = 0 as
xo and we specify a sequence of controls ug.7_1 as ug, uy, ..., ur_1, we can compute future
states of the system x1.r recursively. Next, we define a cost function that assigns a cost
to each sequence of controls:

T-1

C(xo, upr—1) = d(xr) + Z R(s, x5, us)

t=0
R(t,z,u) is the cost that is associated with taking action u at time ¢ in state x, and
¢(T) is the cost associated with ending up in state zr at time 7. The problem of optimal

control is to find the sequence wug.7_1 that minimizes C(zg, ug.7—1):

T-1

J(t,x;) = arg min ¢(xr) + Z R(s, s, us)

Ut:T—1 —0

The solution is usually found by dynamic programming [75].
Optimal control models are presently constructed by guessing the cost function, obtain-

ing the corresponding optimal control law, and comparing its predictions to experimental
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data. Ideally we would be able to do the opposite: record data, and automatically infer
a cost function for which the observed behavior is optimal [108}|128].

Optimal control and optimal estimation are closely related mathematical problems -
the problem of control, in fact, often poses itself as the problem of joint inference and
control [128]. Learning becomes part of the control problem, when there is uncertainty
about probability distributions over the hidden states, parameters or rewards. The opti-
mal action policy has to comprise both actions that optimize the expected future reward
given the current beliefs and actions that improve the accuracy of the beliefs [128]. In
other words, the agent faces the problem of finding the right compromise between learn-
ing and control. This is known as dual adaptive control problem [78]. Examples of dual
adaptive control are Simultaneous Localization and Mapping, SLAM, [33] and Simultane-
ous Localization and Planning - SLAM framework applied to modelling spatial cognition
in the brain [203]. The approaches to this problem can be summarized as filter-based
methods and optimization-based methos [33]. While the optimization methods deploy a
variery of models and algorithms, the filtering methods are mainly based on Kalman filter
to estimate the future state of the system: the new state estimate is deduced from the
previous estimation by addition of a correction term proportional to the prediction error

(or the innovation of the measured signal) - Kalman gain [125].

3.2.3 Protocol adaptation as an Optimal control problem

In sections [2.0]- [2.8 we presented several state-of-the-art methods used in real-time neuro-
science for protocol adaptation. We also showed that they all could be generalized under
the umbrella term of optimization approach beacuse they were meant to find an optimal
design for some desired experimental charachteristic - e.g. data quality or ROI. We also
mentioned that methods for finding an optimal policy for managing the subject’s state are
scarce. So, control theory and especially optimal control look like very promising theoret-
ical framework to address the question of real-time protocol adaptation with the purpose
of driving the subject in a particular state in the same line as other optimization-based
methods.

To approach experimental protocol adaptation problem as an optimal control problem,
we will have to define the state space of the subjects states, the target state and learn the
optimal stimulation sequence that can get us into the target state. We should also be able
to estimate the dynamics of the system and define the cost function that would allow us
to learn the optimal action sequence, or policy. We will also have to address the issue of

learning and inference. In the next few sections, we are going to show how we can tackle
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the problem of control at the theoretical level and establish a theoretical framework to
be able to approach the protocol adaptation problem as an optimal control problem. We
do not claim to have a full-fledged solution here (this could be a whole separate research
project in itself), the purpose of this section is to demonstrate at the theoretical level what
is possible and what is missing in order to put that idea into action. We have already
many key elements in place. For instance, for the estimation part, Kalman filter has al-
ready been used in the context of fMRI signal for system identification and to predict its
state [264], [265]. Next, in we are going to show that we can learn the sequence of
(stimulation) inputs that produced a given sequence of (brain) states interacting with the
system (neural) dynamics, and we can also demonstrate how to address the learning prob-
lem of joint inference and control . We can check for controllability of the system, namely,
the brain, (see , and define cost functions that would allow to learn the control
sequences (see . So, at the theoretical level, we can work out a framework for
addressing the problem of interactive protocols as an optimal control problem. However,
in the last section of this chapter, 3.2.3.4] T am also going to outline the major challenge
that has to be overcome to be able to tackle the real-time protocol adaptation within the
framework of optimal control in practice: meaningful definition of states and the target
state in terms of mapping between neural signal and cognitive performance. I will also
present our solution that we chose to enable setting up a proof-of-concept experiment on

control of the subject’s state(s).

3.2.3.1 Learning control from a sequence of states

In section [2.4.3| of chapter [2| on neurofeedback, I mentioned that neurofeedback exper-
iments targeting affective states are very prominent and frequent in the field. So, to
demonstrate how we can address the problem of learning the optimal stimulation se-
quence and also the problem of joint inference and control in theory, I will conjure a
hypothetical example of such an experiment for merely illustrative purposes. Imagine an
experiment in which we want to drive a major depression patient in a more stable positive
state of mind by providing two types of stimulus inputs: neutral stimuli and positively
charged stimuli. Neutral stimuli have to be there to counterbalance the adaptation effect
that inevitably arrives if we stimulate with positive stimuli only. Putting several positive
stimuli one after another can magnify their effect, but only up to a certain point, when
the adaptation comes into play. That means that positive stimuli will have major effect
depending on their place in the stimulation sequence, which, in turn, depends on the train

of states in the subject’s brain. So, we want to have such a sequence, that the effect will
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be maximal - i.e. we want to optimize our stimulation to be able to drive the patient in
the desired state.

In this experimental setting, we have to learn how the brain states transition as a func-
tion of the stimulation. In an interactive experimental design, to adapt the stimulation
protocol in real-time, we have to learn both the optimal stimulation sequence and the
model of the system under control. We are going to outline a tentative approach using
simulated experiments with Hidden Markov Models (HMM).

Suppose we have a sequence of states S= s, s ... s,. The transition probabilities
between states are contained in the transition matrix Ay. This is the model of the system

dynamics.

At some timepoints on a timeline the experimental stimulus will be used to induce a
certain state. We will refer to the sequence of stimuli as control signal. Here is an example
of a control signal sequence X where 1 denotes the presence of stimulus (positively charged,
in our example) and 0 means no stimulus (or neutral stimulus): X = 0001001000...

The sequence of states induced by the control signal can be regarded as a Markov
chain with the underlying transition matrix A;, containing the probabilities of transitions
between states when the control signal is applied. Each transition probability is a function
of the control signal: A;; = f(x).

The problem is posed in the following way: can we learn the model of state transitions
(i.e., transition probabilities) given the state sequences produced by the control signal?
That is, we have to learn two transition matrices, one for the system and one for control.

In the next few sessions, we are going to show how to do that.

3.2.3.1.1 Approach outline So, we propose to view the state transition matrix A as
the softmax function of the control sequence. We introduce new parameters - linear
coefficients a and b.

i +bi;
A = St
However, the slope coefficient is only present in the case when the transition is induced
by the control signal. When the states transition without the control being applied, the
slope a is equal to 0: a;; = 0. The function behind the transition matrix of the system
states in the absense of control (i.e. describing the system dynamics) would be as follows
in this case:
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ebii
T
Let’s denote the former matrix Ay and the latter that describes transitions depending
on controls as Aj.
The matrices Ay and A; are constrained in the following way: 1) A;; > 0, 2) > . A,=1.
Next, we propose learning the model parameters by maximizing the likelihood of the

observed states chain given the data.

3.2.3.1.2 Implementation details In implementation of the parameter update we will
follow |17]. The authors parametrize the transition probabilities with a softmax function
in the following way:

eAwij

Zk e/\wik

As a starting point, we could follow the update they propose for the parameter w;; (in

tij =

the batch version of the algorithm), where O stands for an observation:

1

Basically, at the core of this update is the difference between the number of transtions
between s; and s; in the data n;;(O) that can be estimated, for instance, by the forward
pass of the Viterbi algorithm, and the number of the transtitions from the state s; pre-
dicted by the transtition model: n;(O) is the number of observed states s;, and t;; is the
transition probability from this state defined in the equation above. Lo(M) is the likeli-
hood of the model given the data. The A parameter is the learning rate. In the paper,
it is claimed that it corresponds to the gradient descent on the negative log likelihood.
So, to learn the parameters of transition probabilities, we will also take the difference
between the number of observed transitions between states s; and s; and the number of
transitions from states s; and s; predicted by the model.

Our method does not need the forward step because our states are fully observed,
but we need to distinguish between states produced with or witout control signal. We
will distinguish between n(s;) that denotes the occurences of state s; in the absense of
control and n(z;) that denotes the occurences of state s; under the induction of control.
Then, n;; will denote the number of transitions between states s; and s; without control,

and accordingly n(x;;) stands for the count of transitions between states s; and s; in
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the presence of control. In the same way, we will calculate separately the number of
transtions predicted by the matrix A° and A! depending on the absense vs presence of
the control signal in the transition. O,, will stand for an observation chain of length T
where 1 < m < M, M being the overall number of chains in the training data. We will
use two different updates: one for the intercept that does not necessarily depend on the
control signal z, and one for the slope. In the latter case, we should take into account
only transitions that occured in the presence of control:

Abij + > 1 i (Om) — (Q_p_q nwi(O )Ailj - r nsi(Om)A%)

Abig = A M*T
o )\Abw + 27116 (Om) = 3 _p_q na(O )Azlj + > nsi(Om)A% 31
n MxT (3.1)

To update the slope, we just take the difference between the count of a transition under

control and the number of transitions under control predicted by the model:

(Aaij + > r n2ij(On) — > 1Azljnxi(0m))
MxT

Aaj = A (3.2)
3.2.3.1.3 Experiment 1: description and results In the learning experiment, we will first
simulate the observation sequence where transtions are functions of the control signal.
Suppose we have K = 5 states and a 5x5 transition matrices. We set the intercept b =1
and produce a 5x5 matrix of random numbers for the slope coefficient a. Then we obtain
the matrices A° and Al as the softmax values from our 525 coefficient matrices where

PR
T
K€"
Al _ eaijl‘-i-bij

ij W
Then, we generate a control sequence as X = 0001001000... with the probability of
control signal py.
Finally, from this matrices and the control sequence we generate M observation se-
quences of length T" with K states where all states are equally probable as initial states
(i.e. no particular initial state distribution). When there is no control, the transition hap-

pens with probabilites from A°, and when the control is present, transition probabilities
are those of A®.
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Figure 3.5: Error as function of the amount of training data. Training chain length is shown on the z
axis, and number of the training chains on the y axis. We can see that, as expected, the error tends
to be the lowest in the top right corner of the map (darker heat map), corresponding to more extensive

training data - more chains and/or longer chains.

In the second part of the experiment, we use the generated sequences as the training
data and try to learn the coefficient matrices A% and A!. We start by a random guess
and update the matrix according to Eq. and Eq. until convergence.

We tested the learning curve as function of different parameters: number of training
elements (length of the training chain 7" and the number of chains M) and number of
state in the transition matrix. The tests conformed with the expected outcomes. First,
when more training data is available (more chains, longer chains), the error is reduced
considerably - Figure [3.5] Second, the models with more states are more complex and
harder to learn, and the error grows proportionally to the number of states in the model

- Figure 3.6

"
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Figure 3.6: Error as function of the number of states. As expected, models with more states are learned

with higher error.
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3.2.3.1.4 Expectation Maximization (EM) algorithm: Experiment 2 In this part of the
experiment, we will try to learn both the control sequence used to generate transition
chains and the model - transition matrices. In this way we simulate an experimental
situation, when we have to both perform inference about the system and search for an
optimal stimulation strategy. We will do that by running an Expectation Maximization
algorithm (EM). At the Expectation step, we will estimate the control sequence that
generated the chains, and then at the Maximization step we will try to learn the transition
matrices with the estimated control sequence. These transition matrices will then be used
to estimate the control sequence at the next algorithm iteration, and the cycle will continue
until convergence.

Let’s introduce the notation z;; where j € [0, 1]: x4 means position ¢ where xz; = 0,
and accordingly z;; means position ¢ where x; = 1. Elements of the control sequence will

be denoted as s.
p(Z1..1,51.7| A%, AY) =
- HtT=2p(§t|5t717 T1.7, A% AY) =

— HtT:QHffj (A?j)ztosm-%t_u(Allj)mﬂstj%t_u
We maximize the posteriors with respect to z, selecting between the two matrices the
one that is active at step t.

1, 517 A%, AY)
| | AO Al :p(QZl,T,Sl.T| )
plrvlp(sir, AL AT = = oA

The denominator is just a constant, so for further we can ignore it. Let’s calculate the
log likelihood of the control sequence:

log p(z1.7, s1.7| A% AY) =

T
= Z Z T405¢jSi—1i10g A?j + T415¢551-15 10g Aij
t=2 ij
So, we want to understand which of the matrices was most likely to produce the current

state. Then, the matrix is the one that maximizes the following equation:

zy = argmax{A? Al ,},q€{0,1}
q
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3.2.3.1.5 Experiment 2: description and results In this experiment, we will generate the
data the way it was generated in Experiment 1 in [3.2.3.1.3] Next, we will start with
random matrices and try to learn the control signal from them as the expectation step.
With this control, we will enter the maximization step described in and then
repeat the Expectation step.

As it has beed said, data generation will be the same as in Experiment 1, but we will
use particular matrices A%, A! so that they match the most plausible conditions in real
experiments. For instance, the system transition matrix without control A° is typically a
diagonal matrix with some non-diagonal elements. As the matrices are softmax matrices,
the sum of the rows should be equal to 1 (constraints described in [3.2.3.1.1). Let’s choose
values of transition probabilities in the A° matrix in the following way: a = 0.99, b =
0.005, so that one corresponds to the diagonal transition, and the other - to the non-
diagonal transition. For the matrix to follow the softmax constraint, we constrain a and
b in the following way:

a+b=~1

and the example matrix should look like the following:

Table 3.2: Example of a transition matrix

a|lb|0]0|Db
bla|b|]0]|O0
bi{b|la|0]O0
O|b|b|la]oO
b{O|b|b]|a

Figure and figure show that it is possible to learn the control signal by choosing
which matrix was active at each step. A° shows state transition probabilities in the
absense of control, while A! is the matrix of state transition probabilities under control.
The comparison of the ”ground truth” matrix A' ( A true in the figure) with the learned
matrix A' ( A est in the figure) demonstrates that the model is learned quite well. The
figure shows the matrices that allowed to achieve the best performance, those defined as
mentioned above - AY strongly diagonal and A! somewhat noisy. Again, the comparison
of and shows that more training data in the latter case (3.8]) allows to learn the
model faster.
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Figure 3.7: Learning curve of the control sequence, with 100 training chains of the length 1000. A° is

the matrix of state transition probabilities in the absense of control, A' is the matrix of state transition

probabilities under control. A° true and A' true are the ground truth matrices, A% est and Al est are

the learned matrices. The red curve in the upper left corner shows the error dynamics while learning the

model. The green curve in the bottom left corner is the error curve for learning the control sequence.
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Figure 3.8: Learning curve of the control sequence, with 100 training chains of the length 1200. A° is
the matrix of state transition probabilities in the absense of control, A! is the matrix of state transition
probabilities under control. A° true and A' true are the ground truth matrices, AY est and A! est are
the learned matrices. The red curve in the upper left corner shows the error dynamics while learning the

model. The green curve in the bottom left corner is the error curve for learning the control sequence.
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3.2.3.2 Controllability

In we set out to show how it was possible to learn the model of the system under
control and the control sequance that allows to produce a certain chain of states. However,
before diving deeper into designing control systems for human brain, we might want to
actually check if the system (the brain) is controllable at all. In this section, we are going

to propose the apparatus for this purpose.

If we model the state dynamic in the subject with the application of control signal, we
can describe it with a filter equation:

Z(t+1) = Az(t) + Bu(t) + &(t),

where z variable corresponds to the subject states, and u - to the control signal. For

simplicity, we assume that the states are fully observable, so Z(t) = z(t).

If we take the partial derivative of this equation with respect to x, we get a differential
equation of the form:

where ¢ = A — 1.

If we pass to the time step form, we get:

T =qr U €
5t t t

If we then integrate both parts, we get:

inf
z(t) = / kyuyde

— inf

where k is a kernel matrix k = e~ 9.

We are interested in the properties of this matrix because it shows the relationship
between the control signal and the subject’s state. If it is a full rank matrix, we can say
that the subject’s states are controllable. If it is rank deficient, then controllability is an
issue. So, we need to check for non-zero eigenvalues.

The matrix can be learned from the data of the subject’s states and corresponding

control sequences by applying the Expectation Maximization (EM) algorithm as described
in [92], [194].
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3.2.3.3 Cost Functions

As was explained in |3.2.1} if we want to learn the optimal sequence of control inputs,

we have to define a cost function meant to minimize the error between the measured

state and the target state. In the next two sections (3.2.3.3.1]-|3.2.3.3.2)) we are going to

contemplate what a cost function could be like in case of controlling human brain based

on the neuroimaging signal.

3.2.3.3.1 The simpliest model In the simpliest case, we represent the current signal
(corresponding to a certain state of the subject) as a function from the previous state z
and the applied control signal a (which can be 0 or 1):

2t +1) = f(x(t),a(t))

Let’s assume that in a hypothetic experiment described in|3.2.3.1] we have two types of
stimuli: the control signal 1, evoking a response (e.g. an arousing positive stimulus) and
the control signal 0, evoking a weak or no response (e.g. a neutral non-arousing stimulus)

that makes the signal decay, so:

z(t+1) < 2z(t)
if a(t) = 0, and

B(t+1) > 2(t)

if a(t) = 1.

We can see from the signal, that if no stimulation of type 1 (arousing positive) is
administered, the signal level descends gradually over time. Because of that, we introduce
a decay constant - let’s set it to 0.1. Then, each next state will decay by 0.1 if there is
no arousing control input and grow by 1 discounted for decay of 0.1 = 1 - 0.1=0.9 in the
presence of positive arousing input:

x(t+1)=2z(t) — (0.1 —a(t))

So, the expected signal at some point will be equal to the accumulated neutral stimu-
lation minus accumulated arousing stimulation:

E=) ((2°(t) —«'(1))’
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As neutral stimulation can be expressed just in the decay constant, we can model the
signal at any timepoint ¢ as the difference between administered arousing stimulations
minus decay constant multiplied by the number of timepoints as the expression of the

non-arousing stimulation:

p(t) = (-0.1) xt + Y _a'(t)

Based on that, we can formulate the error between actual and predicted signal as:

E= Z Ol*t—i—ZaT

And we have a cost function that can be minimized.

3.2.3.3.2 Control Theory and Filter Equation approach On the other hand, the signal
can be modelled linearly with GLM. The canonical response function adopted for several
types of human response signal ( [13,52,83]) gets convolved with the vector of zeros and

ones representing the design matrix, and model parameters are obtained.

x(t) = BTy x a(t) + €(t)

In a standard GLM analysis, h, % a(t) is given, and we try to learn the parameters
B. For our task, we have 8 and h, but we need to figure out the design matrix (i.e. the
control signal) that will give us the desired level of the signal x(t). How can we do it?
One tentative way would be starting with the filter equation:

z(t+1) = Fa(t) + Gu(t + 1),

z(0) = xo.
This can be regarded as a difference equation. Let’s consider the general form of a
difference equation:

Ty = a1 + by

The solution of the difference equation has a form of:

Hafxxo—i—znxb

=1

85



3.2. DEVELOPMENT OF CLOSED-LOOP STIMULATION PROTOCOLS

t
t t
— 2= 1080 5 g 4 E e2v=11980u 5 |

T=1
If we introduce the transfer function H(s) |10§| relating the input and the output, we

can regard it as the solution of our difference equation:

t

w(t) = H(F,G,m)u(r)+ Y _ Fg

71=0 7=0

At the same time,

H(F,G,7)u(t) = 8T h; * a(t)

That is, we can estimate this part from the data with the GLM.
Then our reward or error (that we are going to minimize or maximize correspondingly)

is going to be like:

R=) (x(t)—r(t))

t
where 1 is the reference level of the signal.

If we plug in the expression with the transfer function ,we get:

t 1— Ft+l

R = Z(Z H(F,G,7)*u(r) + I X% r(t))?

Now, we have the error to minimize:

[F,G,u(t)] = argmin(R)

In our experimental process, we can assume that F and G are known (they are model
parameters), and so:

u(t) = argmin(R)

and the error to minimize to find u(t) would be ordinary least squares error:

E=7) (a(t+1) = (F(x(t) + G(u(t))))’
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At this point, we can outline an expectation maximization algorithm: start with ran-
dom control, estimate F and G and then iteratively reestimate control and consequently
F and G.

3.2.3.4 The challenge of state definition

As we have seen in the previous sections, we have theoretical tools in place to frame
protocol adaptation for BCI and NF as a closed-loop optimal control problem. We can
learn the sequence of (stimulation) inputs that produced a given sequence of (brain)
states interacting with the system (neural) dynamics, and we can also demonstrate how
to address the learning problem of joint inference and control (sectio. We can
check for controllability of the brain system (Section, and define cost functions that
would allow to learn the control sequences (section . However, there is one huge
missing piece: defining state space and the target state in terms of meaningful mapping
between neural signal and its measurement on the one hand and cognitive and mental
states on the other (examples of these mental states are the levels of arousal, fatigue,
emotion, workload or other variables). Defining control goals for neural applications is
challenging because the mapping from neural states and state transitions to cognition is
presently incomplete. First, neural processes are extremely complex, relevant brain states
are present at multiple time scales (i.e. circadian rhythm, alpha oscillation phase etc.),
and a major challenge for any mind control goal is to identify which aspects of neuronal
activity actually form a brain state. Next, in clinical contexts, we often know that we
want to guide behavior away from a particular pattern, but we might not necessarily be
able to define the target state we want to achieve [228]. Moreover, optimizing intervention
protocols to individuals will require knowledge of neural representations within a single
individual. Both researchers and clinicians must carefully evaluate our models of health,
neuropathology, and neural repair in light of the problem of brain and mind control if we
want to solve it [177].

The ability to detect states of the system is the critical component in the controller-
observer (feedback sensor) cycle of closed-loop control. In case of human brain, this
is easier to achieve invasively, when the sensors and controllers have direct access to
neurons - e.g. with implanted microsensors or optogenetics. However, these have limited
application, especially in experimental neuroscioence. Still, the problem of modelling
brain states in terms of mappings between neural code and signal, on the one hand, and
cognitive and behavioral labels, on the other, is at the core of control problem and has

to be addressed. For instance, human behaviour in several studies has been modelled
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using state space models |[120,204]. Some studies have defined states in the neuroimaging
data (EEG or fMRI) - [191], [93], [243]. But for coupling behaviour and cognition with
neural signal we need to make neuroscientists think in these terms so that we can apply
the control approach. While cognitive neuroscience can inform the development of real-
time applications such as BCls, the reverse also holds. Actually, the development of
closed loop protocols brings to us several new opportunities to investigate functional brain
hypotheses in detail. Broadly speaking, it pushes neuroscientists to refine and identify
clear hypotheses about the mapping between brain signal and neurophysiological markers,
on the one hand, and cognitive processes and mental states on the other. In this light, the
paradigm of BSDS is the fundamental tool that would inform immensly the development
of closed-loop control protocols for human brain.

Given the difficulties in measuring neural states, modeling system dynamics, and es-
timating signals within noise, simplifying assumptions can be useful to facilitate insights
into control of brain function. Encouragingly, neural control strategies can be designed
with limited information about neural systems. Thus, while an ideal control strategy
would include precise mapping between neural codes and the mind, numerous findings in
brain stimulation research across neural scales suggest that the mind can be influenced,
and not necessarily fully controled, in ways that provide interpretative and practical value.
In other words, the brain can be guided rather than controled in its entirety, and it can
still have positive impact [100]. Even in the absense of an ideal control strategy, ”low-
cost” control strategies could be designed for the clinical and experimental scenarios that
could be highly beneficial [177]. As a proof-of-concept, we are putting forward an exam-
ple of such a strategy with a reduced level of complexity. We are going to show how we
can use closed-loop optimal control approach to adapt the stimulation protocol and drive
the subject toward the target state given that a meaningful state definition is possible.
We propose a closed loop experimental protocol using the signal that has a relatively
straightforward mapping to a cognitive (affective) state, that of arousal: Electrodermal
Activity (EDA) recordings, or Galvanic Skin Response (GSR) signal. We chose the GSR
for two reasons: first, it is a unidimensional signal, unlike the multivariate signal you get
in fMRI, which introduces an extra level of complexity; and second, GSR signal is known
to linearly correlate with the subject’s arousal. Because of this correlation, we can avoid
modelling separately the relationship between the signal and the state and even say that
by controlling the signal we are controlling the arousal. We use a predictive model to
estimate the next state of the system under control based on its current state and to

choose the stimulation sequence that minimizes the error between the target signal and
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the estimated signal.
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Chapter 4

Brain State Dependent Stimulation
for the Study of Top-Down Attention

In this chapter, we are presenting our contribution to the development of BSDS protocols
for the study of top-down attention. As has been mentioned in the previous chapter,
neuroscientists distinguish between bottom-up and top-down attention. When attention
is attracted by external events (e.g. loud noise or unpleasant smell), this is an example of
how bottom-up attention works. Top-down attention implies internal state of readiness
to attend to certain types of objects, e.g. when the person expects to see an object and
is actively screening the field of view in search for it. The study of top-down attention
would greatly benefit from efficient BSDS methods, when we can reliably detect the state
of attentional readiness and adjust stimulation respectively.

With BSDS, we would like to test the hypothesis of the following type: if the stimulus
is perceived in the moment that a top-down attention pattern is active, it is perceived
differently from when it is not active. This is the same as to say that when you attend
to something, it results in a more clear perception of this object. To investigate this
hypothesis in a real-time experiment, we would need to send the stimulus in the moment
when an attentional state is detected, and then we can compare those trials to trials with
no attentional state detected. As a result, we expect to observe behavioural differences
between the two types of trials. Before we can launch the development of the setup, we
have to answer two questions: the first one is about how we can define these patterns to
be detected and the second one about how we are actually going to detect them. Besides,
detection has to take place in real time as we want to be able to send a stimulus in the
moment the state is detected. So, the tools we are going to use should be suitable for a

real-time runtime policy.
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In the previous chapter, we described an experiment where top down attention patterns
were hypothesized to be cross-modal brain activity patterns, i.e., common patterns be-
tween different cognitive modalities - e.g. perception vs. imagery. The task in which the
subject was tested for these patterns was a visual search task: the subject had to search
for an object category in a scene. Attention state was thought to be defined as a high-
level category pattern that shows up in a cross modal fashion. Several studies investigated
these shared patterns between perception and imagery and agreed that imagery results
in a more general and high level pattern. Because of this we, too, expected the top-down
attentional pattern to be similar to imagery signals while the subject was attending to a
given stimulus category. To detect the category we planned to use cross-modal decoding;:
the classifier that was supposed to monitor the subject’s state while they were preparing
for visual search, was going to be trained on imagery data and tested on the preparatory
activity in the visual search task. The attention state was expected to positively affect
performance.

However, in the course of data analysis, it became clear that cross-modal decoding
was not adapted to a real-time BSDS setting. This experiment allowed us to bring to
light methodological limitations of decoding first with regard to cross-modal analysis and
second with respect to online analysis. In an initial attempt to base BSDS on cross modal
decoding we identified various drawbacks of using classifiers for this purpose: for one,
high type II error. Cross-modal decoding is sensitive to ROI size (noise and the curse of
dimensionality) and to the number of training samples. The question of shared activity
patterns between modalities is of vital importance in neuroscience, because it contributes
to the study of such fundamental neurocientific problem as the interaction of top-down
and bottom-up cognitive processes in the brain. So, for the cross-modal analysis we
proposed a different method - a statistical inference test, that is described in Chapter
[0l For the online analysis of top-down attentional patterns, we also propose a different,
unsupervised machine learning method and develop a real-time setup that allows to carry
out real-time BSDS experiments for the study of top-down attention.

4.1 Unsupervised machine learning methods for neuroimaging
data

So far the overwhelming majority of brain decoding studies have used supervised learning
algorithms where the researcher provides stimulus category labels with the training data
so that the Machine Learning (ML) algorithm can predict labels for the test data. At
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the same time, unsupervised learning methods have also been employed for decoding,
and there is growing interest in their application in neuroscience. Unsupervised methods
are reference methods for the analysis of resting state fMRI - collecting neuroimaging
data of subjects when they are not involved in any cognitive tasks and are just awake
and engaged in mind wandering. But as we have been working on task-based fMRI, i.e.,
scanning subjects involved in various cognitive tasks, I will mention a few examples of the
use of unsupervised methods from task-based fMRI. For instance, in [267], an unsuper-
vised transfer method (spectral transfer using information geometry) was tested, which
ranks and combines unlabeled predictions from an ensemble of information geometry clas-
sifiers built on data from individual training subjects. The method is meant to be used
in BCI context for calibration in view of large intra- and inter-individual variability of
brain-signals. In several studies, unsupervised pretraining of Deep Neural Networks to
be used on fMRI data was performed with Restricted Bolzmann machines [118], [59,132].
This kind of unsupervised pre-training scheme is particularly well-suited when the super-
vised training data are limited, which is always the case in neuroimaging studies. Other
examples include PCA/ICA (e.g. [6]), or different clustering methods: self-organizing
maps [81], representational dissimilarity matrices (e.g. [139]), and also hidden Markov
models (e.g. [73]). Most of the cited papers deal with the traditional offline decoding,
but the efficiency of these methods for real time decoding has been demonstrated, for
instance, in [6] where the authors used a combination of hybrid SVM-Markov model and
an Individual Component (IC) dictionary to decode online the state of a nicotine addicted
subject in terms of craving vs. craving resistance. In [242] the authors compared 14 dif-
ferent ICA algorithms from the viewpoint of their performance in real-time experiments
and identified top four in performance. However, they highlight the importance of pa-
rameter choice when using ICA algorithms in real-time experiments. So, we also tried to
tackle brain state detection problem for a BSDS study of top-down attention employing
an unsupervised algorithm: real-time application of Gaussian Mixture models (GMM).

4.2 Gaussian Mixture Models applied to neuroimaging data

The Gaussian Mixture Model (GMM) is a semi-parametric method for high-dimensional
density estimation. It has been widely used across different research fields (such as com-
puter vision, object recognition, tracking, segmentation etc): its flexibility allows for the
modelling of complex and nonlinear pattern variations, it is efficient in terms of mem-

ory load, and there are algorithms for model parameter estimation that are theoretically
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guaranteed to converge [28]. The most common way of fitting a GMM is the Expectation-
Maximization (EM) algorithm [58]. Starting from an estimate of model parameters, clus-
tering of data data is computed (the Expectation step) which is then used to update
the parameters in the maximal likelihood (ML) manner (the Maximization step). This
two-step cycle is repeated until convergence, which is theoretically guaranteed. GMMs

are most often initialized using the K-means clustering algorithm [9].

GMM have also been used with fMRI data in the context of various studies. For ex-
ample, in [229] the authors reconstructed orthonumeric symbols that the subjects were
viewing from fMRI data. In this study, GMM was used to expand their linear Gaussian
framework for percept decoding to better represent the prior distribution of natural im-
ages: different mixture components correspond to different character categories. What
is most important for the present study, GMMs have been fitted to detect activation in
brain voxels, where the two components were corresponding to two voxel states: activated
vs. deactivated. In [171] a generalization of a region based Bayesian detection/estimation
approach was suggested that relied on a 2-class Gamma-Gaussian prior mixture modeling
to classify the voxels of the brain region either as activated or unactivated. In [72], too,
GMM was employed to extract the activation patterns from fMRI data and to model
various activation patterns considering the strength, delay and duration of the epochs.
In |217] a GMM based technique was proposed to estimate the onset and the duration of
the voxel activation in situations where the nature, timing and duration of the psycholog-
ical processes is not known (e.g. studies of drug uptake, emotional states or experiments
with a sustained stimulus). The authors assume that the timing of a subject’s activation
onset and duration are random variables drawn from unknown population distributions.
Then they fit a Gaussian mixture model with two components to each voxel time course,
allowing that the shifts between active and inactive states occur at unknown times, and
that between shifts observations are drawn from the same mixture component. The time
between shifts is treated as missing data. The voxel shifts between states at a series of
change points. This approach also allows for the possibility that some subjects may show
no response which can certainly be the case in experimental studies.

So, following [217] and related line of research, we can model changes between brain
states with GMM. Besides, in a BSDS setting we need to have the clustering work in
real-time. However, real-time incremental learning of GMMs is a surprisingly difficult
task. One of the main challenges here is the model complexity selection which is required
to be dynamic by the very nature of the incremental learning framework. But at the

same time if all information that is available at any time is the current GMM estimate, a
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single novel point never carries enough information to cause an increase in the number of
Gaussian components [9]. Still, incremental real-time techniques are available in robotics
[37,138]: in these studies, they were used to teach robots to imitate human gestures. To
support brain state detection in real-time, we used a direct update method proposed
in [9] and employed in [37,38]. The method consists of a three-stage model update each
time a new data point becomes available. At each time step: (i) model parameters are
updated under the constraint of fixed complexity - i.e., the number of components; (ii)
new Gaussian components are postulated by model splitting and (iii) components are
merged to minimize the expected model description length. Only two GMMs are kept
in memory, with no historical data: current GMM estimate, and Historical GMM - the
oldest model of the same complexity after which no permanent new cluster creation took

place

4.3 State identification: GMM to detect change in Percent Sig-

nal Change data stream

So, our goal is still to detect top-down attentional state in a visual search task, where
there is a delay between the cue to search for an object and stimulus presentation when
the subject has to respond if the object is present in the picture. The hypothesis we
test states that during preparatory periods top-down attentional patterns are activated,
and these attentional patterns correspond to the object category representation. In the
previous experiment, these patterns, though specific for different categories, were found in
the same ROI, OSC. However, they can also belong to different ROIs. For instance, it is
well known that images of faces activate Fusiform Face area (FFA), while images of houses
activate Parahippocampal place area (PPA, e.g. [250]). So, we could take the BOLD signal
in each of these areas and try to detect change during the preparatory period. However,
both areas also respond to the non-congruent object categories - such as houses for FFA
and faces for PPA, but this amplitude is relatively low [251]. If we just take the absolute
BOLD, it is prone to signal fluctuations that are not necessarily indicative of attending
to the congruent category. That is why we should take a relative metrics of activity in
the congruent area with respect to non-congruent area - such as Percent Signal Change
(PSC). PSC will take into account only those changes in the signal that are higher than
signal fluctuations in response to non-congruent category. So, if we detect change in PSC
with respect to non-congruent area during the preparatory period, we are very likely to
detect the expected state, that of attending to the congruent object category.

95
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Following the approach outlined in [217], we propose to fit a GMM model on the PSC
in one area with respect to the other, and PSC is calculated volume by volume during
preparatory periods. We make no a priori assumptions about the nature of changes in
the PSC timeseries. We model it as a two-state system with active and inactive states.
PSC shifts between states at a series of change points. If the number of timepoints in
the PSC vector of one session is N, its time profile is modeled as a sequence of normally
distributed observations y;,7 = 1... N which may at an unknown time ¢ undergo a shift
in mean of unknown magnitude, representing a transition into an activated state. PSC
may return to baseline at time 7; + w;, where w; is also unknown. 7; and w; represent
the onset and duration, respectively, of the activated state (both are random variables
drawn from some distribution, and in theory, could be estimated as well). We started by
fitting a Gaussian mixture model with two components to each PSC time course, allowing
that shifts between the activate and inactivate states occur at unknown times, and that
between shifts observations are drawn from the same mixture component. This analysis
was performed only during the preparatory period, volumes between stimulus onset and
the onset of the next trial are treated as missing data. In the course of experiments,
however, it was noted that the baseline could shift both within the same session and
between sessions - due to low-frequency signal fluctuations and various effects on the
subject’s side - such as learning and adaptation. To accomodate this shift, we increased
complexity of the models, trying various numbers of components between 3 and 5. In this
case, even if the baseline fluctuates, the change from one component to another with a
higher mean will still be detected.

An example of such fitting is shown in Fig. [£.1] We can see that baseline values were
all clustered in Component 1, while values corresponding to preparatory activity and
activated state are beling assigned to Component 2 and 3. Even when the baseline does
not return to Component 1, the change between Component 2 and Component 3 can still
be captured. Another observation we can make with respect to Fig. concerns the fact
that here we present a GMM model fitted on the whole PSC timecourse data, including
both preparatory periods and stimulus presentation periods. We can see that the increase
in PSC during preparatory periods is comparable to that during visual presentation of
the stimulus. Usually the signal corresponding to some perceptual activity is quite strong
even in higher cognitive areas, but at the same time in our experiment visual presentation
was quite short, and that could explain relative parity of the signal strength between
preparatory and presentation periods. The fact that both signals are on similar scale

confirms our expectations to see preparatory activiy in the target areas and to duly detect

96



CHAPTER 4. BRAIN STATE DEPENDENT STIMULATION FOR THE STUDY OF TOP-DOWN
ATTENTION

3-component GMM fit on PSC in FFA wrt PPA

* GM component 1
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* GM component 3
cue onsets
===image onsets
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Figure 4.1: An example of fitting a 3-component Gaussian Mixture Model on the data coming from
1 experimental session of 1 subject. The detection task was face detection. PSC was taken from face
responsive voxels in FFA with respect to house responsive voxels in PPA. Preparatory periods are shown
as grey blocks, while stimulus presentation and response periods together with interstimulus intervals fall
in white spaces. Cue onsets are marked with cyan dotted lines, and the end of the preparatory period

corresponding also to stimulus presentation, is marked with magenta solid line.

it. Another remark concerns the fact that there are only 3 trials in 20 where the change
during preparatory period could not be detected, which gives us a very good accuracy of
about 80 %.

4.4 Runtime policy: GMM clustering in real time

Fig was obtained in an offline mode, when the algorithm had all data available. In
a real-time setting, only one data point will be available at each timepoint. We adopted
implementing incremental online GMM clustering @7 where the GMM is initialized
on a few data points with KNN, and then whenever a new data point arrives, Expectation
Maximization (EM) is run to recompute model parameters; only the model is stored in the

memory and not data points. This method detects change between components on 75-80
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percent of trials, so it can be employed in an experimental setting to ensure that the state
will be detected on the majority of trials, and consequently, the stimulus will be presented.
A demo of this method is available (https://github.com/elena-kalinina/BSDS_GMM_
rt_demo/tree/master)), which demonstrates incremental fitting of a Gaussian Mixture
Model (GMM) using a direct update method. In the demo, a PSC timecourse consisting
of a number of data points is loaded, and these datapoints are presented one-by-one, in a
real-time like manner, to update the GMM parameters by using an incremental version
of the Expectation-Maximization (EM) algorithm in the direct update method (described
in . The learning mechanism only uses the latest observation to update the model (no
historical data is used).

4.5 Experiments

In this section, we will present two series of experiments carried out to develop our BSDS
real-time setup. It is aimed at investigating the neuroscientific hypothesis about the role
of top-down attention patterns in visual perception. The trials where stimulation is sent
at the moment when preparatory activity is detected in the targeted area, are expected to
demonstrate significant differences in behavioural performance (accuracy, reaction time,
d’-criterion, ROC curve etc). So, the setup has to ensure that both types of trials -
BSDS and control trials with random delay length between the cue and the stimulus - are

collected and equally represented for statistical inference.

4.5.1 Offine experiment

In this experiment, we collected the data to develop and test methods for extracting signal
and calculating PSC. We also tested GMM fitting on this data. The experiment had the
scope of collecting FFA and PPA data in a visual search task and also to establich a
behavioral baseline in terms of accuracy and reaction times. The stimulus categories used
were noisy images of faces and/or houses, areas targeted FFA and/or PPA respectively.
The subject was detecting faces or houses in noisy images, with a varying length delay
period between the cue and the image (between 6 and 10 seconds) when the preparatory
activity takes place. We took the PSC in the congruent area (FFA for faces) with respect
to the non-congruent area (PPA for faces) volume by volume to distinguish between true
activity and random fluctuations, and tested fitting a GMM on this data. In the BSDS
design the stimulus is to be shown with the first activated volume after the cue, i.e. when

the change from one component to another is detected.
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TIMELINE

cue

Response

Figure 4.2: Trial scheme for the visual search experiment where the data was collected for offline analysis.

4.5.1.1 Trial scheme

The trial starts with a letter cue (to induce activity, H for houses or F for faces). Then
comes a delay of varying duration when the screen goes gray (6-8-10 secs delay randomly
varying on different trials). Next, the stimulus is shown for a brief period (300 ms), and
the subject is given 2 seconds to respond if they have seen a face or a house in the noisy
image. The task is a detection task, and the subject has to respond yes or no with a
button press (right and left buttons of the respons box correspondingly). After each trial
there is a fixation period of 6 seconds (when the subject only sees a grey screen and a
fixation cross) to let the signal return to the baseline. The stimuli are pictures where the
image of a face/house is overlaid with noise. On half of the trials, pictures are just pure
noise. Other 50% are divided between different levels of contrast: 70% noise/30% signal,
45% noise/55% signal, 40% noise/60% signal (taking into account light and luminance in
the scanner). In this way, we make sure we cover all sensitive range. The trial scheme is

shown in Fig. [4.2
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4.5.1.2 Experimental setup

The experiment session starts with the functional localizer to identify voxels in PPA and
FFA that are most responsive to houses and faces respectively. The voxels are identified
through the following procedure. The subject sees blocked images of faces and houses,
where each block of 20 images lasts for 14 seconds with 6 seconds fixation periods between
the blocks. The run is broken into short series of blocks, each containing 4 blocks. After
each series, there is a rest period (fixation) lasting 20 seconds. SPM contrast analysis
is run on the data, and then functional masks of FFA and PPA derived by the method
described in [121] are applied to select most responsive voxels within FFA and PPA.
The masks are shown in Fig. During the second run, the subject’s high resolution
anatomical image of the brain is acquired. Subsequent runs (3 - 9) follow the trial scheme
described above with random delay timings (3-4-5 volumes = 6-8-10 secs), but face and
house tasks alternate between runs: all odd runs are face task runs, while even runs are
house task runs. There are 20 trials in a run.

4.5.1.3 Data and model

4 subjects took part in this experiment. Their data was used to test various complexity
levels of the GMM model (2-5 components) and also various training scenarios (training
data coming from the previous session vs. training data coming from the same session).
Examples of ROI timecourses of an fMRI session are demonstrated in Fig. In Fig.
[4.5] we show an example of a PSC timeseries calculated on timecourses from Fig. [4.4]
Figures and illustrate fitting GMM of different complexity (3 and 5 components)
on the data of delay periods only (training data for initialization coming from the same
session). We can see that higher complexity helps deal with the baseline shifts: with the
number of components higher than 2 the change still can be detected. Fig. illustrates
how a 5-component model is robust when facing a baseline change: too high values are
filtered out, and when the baseline goes down, we can still reliably detect 3 clusters in
the data.

4.5.2 Real-time experiment

In this experiment, we developed and tested setup components pertaining to real-time
model fitting and runtime policy. First, we tested various training scenarios. In the
first scenario, previous session was used for initial clustering. However, although we are

working with a relative measure, the baseline changes between sessions, as was explained
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Figure 4.3: Functional masks used to extract responsive voxels: FFA is shown in red, while PPA in green.
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Time courses of responses to category 1 (faces) in 2 regions
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Figure 4.4: Full timecourses extracted from the ROIs obtained by the localizer analysis and functional

masks: FFA voxels timecourse is shown in blue, while PPA voxels timecourse is shown in red.
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Figure 4.5: Percent signal change taken from FFA face responsive voxels with respect to the PPA house
responsive voxels - full timecourse.
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3-component GMM fitted on concatenated preparatory delays PSC, FFA wrt PPA
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Figure 4.6: A 3-component GMM fitted to the PSC timecourse of delay period datapoints only (image

presentation, response and fixation periods between the trials are not included).

5-component GMM fitted on concatenated preparatory delays PSC, FFA wrt PPA
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Figure 4.7: A 5-component GMM fitted to the PSC timecourse of delay period datapoints only (image
presentation, response and fixation periods between the trials are not included).
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Figure 4.8: A 5-component GMM fitted to the PSC timecourse of delay period datapoints only (image
presentation, response and fixation periods between the trials are not included). Although at the begin-
ning there are some high values, they are ”clustered out”, and when the baseline goes dow, the data can

still be clustered in 3 components corresponding to different activity levels.

in [4.3] Another scenario would be using half of the run for training and another half
for BSDS. This is not desirable because we introduce a confound - a position in the run.
BSDS trials will be systematically different by their position in the second half of the run,
and we will not be able to attribute observed behavioural differences unambiguously to
the experimental manipulation. So, in a compromise variant, we use 5 initial trials (of 10
second duration each, that is, 5 preparatory volumes each) for clustering and exclude 5
initial trials from the control runs from comparison with BSDS trials.

Second, we tested different levels of the model complexity, i.e., the numer of GMM
components. Baseline changes within the run as well and not in a linear way (so that we
cannot detrend): we have to deal with slow low-frequency fluctuations in the signal known
to exist for fMRI signal on the one hand, and changes possibly due to various learning
and adaptation effects in the subject on the other. We tested models with the number of
components between 3 and 6, and 5 seems to be the optimal number that allows to still
detect changes even with the changing baseline.

Finally, we tested the latencies. Most importantly, we had to make sure that in the
moment the change is detected, the stimulus is shown with a negligible latency with

respect to the change detection. Our setup conforms to this requirement. Another timing
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issue was training time: initial clustering should not interfere with processing times.
Clustering was performed during interstimulus interval, and in this way did not create

any slowing down in the experiment course.

4.5.2.1 Trial scheme

In the experimental setup, the stimulation computer that shows images to the subject
is connected to the computer performing data analysis in real time by means of the
serial port. Overall trial scheme is similar to the one described in for the offline
experiment. The trial starts with a letter cue (to induce activity, H for houses or F for
faces). Then comes a delay when the screen goes gray, and at this point the stimulation
computer sends a signal to the processing computer to start processing volumes. PSC in
the congruent area with respect to the non-congruent area is calculated, and the resulting
value is assigned to a GMM component. If the value is assigned to a component with a
higher mean that the previous volume, the processing PC sends a signal to the stimulation
PC to show the stimulus to the subject and stops clustering until the next trial onset, when
the signal from the stimulation PS is received again. The volume when the change was
detected relatively to the cue onset (e.g., 1, 2, 3 etc.) is registered in the protocol record.
These timings are then reshuffied and used in the control runs for stimulus presentation.
In this way, we keep the same distribution of delay durations, but stimulus presentation
is uncoupled from the activity state. The volumes between stimulus onset and next cue
onset are treated as missing data. If no change is detected, the analysis goes on until
the timeout of 10 seconds (5 volumes), and then the stimulus is shown. Usually when
the change is detected, it happens earlier than 10 seconds, so when we have a 10 second
delay in the protocol record, we know that it was a failed BSDS trial. The stimulus is
shown for a brief period (300 ms), and the subject is given 2 seconds to respond with a
button press if they have seen a face in the noisy image. The stimuli are pictures of faces
overlaid with noise. On 50% of the trials, pictures are just pure noise. Other 50% are
divided between different levels of contrast: 70% noise/30% signal, 45% noise/55% signal,
40% noise/60% signal (taking into account light and luminance in the scanner). The trial
scheme is shown in Fig. 4.9

4.5.2.2 Experimental setup

The real-time experiment, too, starts with the functional localizer in order to identify
most responsive voxels in PPA and FFA, which is run in the same manner, as described
in[4.5.1.2for the offline experiment. The subject sees blocked images of faces and houses to
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Figure 4.9: Trial scheme for the real-time BSDS experiment with the visual detection task.
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identify voxels in FFA /PPA that respond to faces/houses accordingly. In the second run,
a high-resolution anatomical image of the subject’s brain is acquired; in the meantime,
SPM contrast analysis is performed on the localizer data (1 -1 first for faces and then for
houses), and the identified voxels are masked with the functional masks described above
in . The resulting ROIs are used throughout the subsequent runs to extract BOLD
timecourses.

In runs 3 to 8 the task was limited to faces only. The first 5 trials all had delays of 10
seconds (5 volumes) and were used to perform k-means on the PSC in FFA face responsive
voxels with respect to the house responsive voxels in PPA. In the real-time setup, BSDS
runs were interleaved with control runs - in control runs, stimulus presentation timings
were the shuffled timings from the previous BSDS runs (apart from the first 5 trials that
will have the same delay duration of 10 seconds to control for a potential confound). The
goal was comparing the trials where we send the stimulus at the onset of the brain activity
(BSDS) with the trials where the stimulus timings are in no way related to the activity
onset. If we use shuffled timings from the previous BSDS runs, on the one hand the
timings and frequency on average will be the same as on BSDS runs but the correlation
with the activity timings will be disrupted. In this way, we eliminate potential confounds
consisting in introducing some very different timings on non-BSDS runs. However, we
are assuming that there is enough meaningful variation in FFA /PPA activity in this 6-10

seconds period.

4.5.2.3 Data and model

4 subjects were scanned in this experiment. Each incoming volume was preprocessed
performing slice timing correction and motion correction with respect to the first volume
of the session as reference volume using a customized FieldTrip real-time fMRI prepro-
cessing pipeline [196]. We took PSC in the congruent area (FFA for faces) with respect
to non-congruent area (PPA for faces) during the preparatory period between the cue
and the stimulus. We did it volume by volume on the absolute values (no z-scoring or
other normalization). Next, we fitted a 5-component Gaussian mixture model to detect
subpopulations in the data stream each having their own distribution parameters such
as mean and variance. In this way, we were clustering all the incoming values into low,
middle and high, so that we could say about each incoming data point which cluster it
belongs to. Change, i.e. the rising signal, is detected when we pass from one subpopula-
tion to another with a higher mean, i.e. if the previous value was low and the next one is

middle, or if the previous was middle and the next is high. Initial model is obtained based
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on the k-means clustering of delay period PSC in the first five trials. Starting with the
cue onset, we assigned each value of the PSC to one of the model clusters, and whenever
the next value was assigned to a higher cluster than the previous one, we showed the
stimulus. The stimulus was sent on about 75-80 % of the trials.

These two experiments allowed us to put in place a fully functioning real-time setup
for BSDS experiments for the study of top-down attention. However, for technical reasons
we could not perform the neusoscientific validation of the method, that is, to test if the
two types of trials, control and BSDS, result in any behavioural differences. As we piloted
and adjusted various setup features in the course of real-time experiments, we do not have
a consistent data set that would allow performing valid statistical inference to test the
neuroscientific hypothesis. This is going to be the scope of subsequent experiments.
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Chapter 5

Closed Loop Control of Affective
States

Control of a subject’s affective state is the ultimate goal of many real-time neurofeedback
experiments. However, in such experiments it is the subject who is trained to control
her emotional state, up- or down-regulating the activity in some targeted brain area.
For instance, the aim can be to down-regulate the activity of the amygdala in order
to weaken negative emotions [173] or, on the contrary, up-regulate the activity in the
networks known to process positive emotions to enhance the subject’s positive state of
mind [157]. Or the subject could be suppressing craving responses to tobacco, alcohol
or food [105|115}/134]. In these experiments the control is performed by the subject and
only indirectly by the external intervention. As has been pointed out in [22], patients and
healthy subjects often show a large variability, or even inability, of brain self-regulation.
Ideally, stimulation protocol in a neurofeedback setting should be adapted to the subject
to better guide them towards successful regulation. One way to do this would be modelling
the subject’s activity in a way that we can evaluate the effect of various stimulation options
and chose the optimized ones, maximizing the reward or minimizing the error. However,
currently developing such models for neuroimaging experiments presents a number of
challenges that make the task demanding and overcomplicated. The main obstacle is the
complex nature of the relevant brain states so that it would be hard to define a target
state and compare it to the current state in order to define the steps to achieving the
target state by stimulation optimization. In view of these difficulties we chose to run an
experiment where we could define some relatively (!) straighforward mapping between the
state and the measurements: controlling arousal via recording Galvanic Skin Response
(GSR) signal. This modality has such an advantage that we can define the target state
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in meaningful terms, e.g., as "high arousal” or "low arousal”.

5.1 Background of the study

Emotional control is not only a key concept for affective disorders such as major de-
pression [277], but also in developmental (autism) [163] or mental disorders (schizophre-
nia) [141]. Furthermore, emotional control is no less important in healthy population -
as, for instance, during emotional turmoil in adolescence [122]. Neurofeedback can train
users to exert emotional control [239], with application in major depression [221], Post-
traumatic stress disorder [214] or addictions [129]. However, in neurofeedback training
the subject is assumed to learn a control strategy based on the indirect supervision of
the feedback signal. While adapting neurofeedback stimuli to the subject leads to better
results [21], further improvement would be conceivable if the learning process was more
directly assisted [24,186]. Such efforts should be considered within a context of general
stimulus optimization, e.g., in [23,62,[101].

Much experimental evidence related to emotion can be summarized within the so-
called circumplex model involving the two main dimensions denoted arousal and va-
lence [208]. The two dimensional circumplex representation may be seen as a convenient
reduction of higher dimensional representations and linked to the hierarchy of neuro-
transmitters, see e.g., [18,]164], specifically arousal is hypothesized to be related to nore-
pinephrine /noradrenaline [68,|103]. At the individual level arousal signals immediate or
future relevance of given stimuli for survival and reproduction [102]. From a cognitive
viewpoint, the arousal level is thought to guide attentional resource allocation during emo-
tional stimulus processing: more arousing stimuli (e.g., threat or sexual attraction) have
higher intrinsic motivational value and get more attentional resources as a result [193].

Autonomic reactions, such as increased respiratory rate, heart beat rate or skin con-
ductance response (SCR) are all important aspects of the emotional response. Measured
SCRs register fluctuations in the electrical conductivity of the skin caused by the sweat
released from eccrine sweat glands. These are concentrated mainly on the palms of the
hands and on the soles of the feet and reflect activation levels of the sympathetic branch of
the autonomic nervous system [99]. SCR is found to be a reliable indicator of arousal [4}31]
possibly mediated by norepinephrine/noradrenaline [26]. To study the basic dimensions
of emotional response Lang et al. |150] collected a large set of photographic stimuli (In-
ternational Affective Picture System, IAPS). These pictures were rated by young adults
on the scale of valence (positive - neutral - negative) and arousal (high - medium - low
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arousal). Such ratings allowed to systematically vary valence and arousal during ex-
periments, so that covariation between dependent measures and emotional valence and
arousal of picture stimuli can be analysed [147]. It was shown that significant correlation
exists between the SCR magnitude and arousal rating [148,/149]. However, the causal
relationship between the state of arousal and stimulation is complex. On the one hand,
there is statistical relation at the population level: a viewer is more likely to be aroused
when presented with a strongly negative image. On the other hand, at the individual
level the causal relationship is subject specific [148,|149]. Arousal comes as the result of
the interaction of the stimulus input and the current cognitive state.

SCR has become an important autonomic nervous system (ANS) measure in psy-
chophysiological research [55], which is probably more widely used than any other ANS
measures [175], viz., heart rate variability [226] or pupil size [32]. SCR is considered a
direct and sensitive way to assess affective arousal and to gain insights about sympathetic
nervous system reactions. Moreover, it has a number of advantages as a method: relative
ease of setup, recording and processing, non-invasive nature, comfort for participants, low
cost. Most importantly, it has high specificity in measuring arousal despite its simple
waveform [99]. Besides, SCR recordings can provide information not only about auto-
nomic nervous system activity, but also about brain states and emotional information
processing: the activity of eccrine sweat glands is regulated by multiple brain structures
that govern the autonomic nervous system, such as limbic regions, basal ganglia, and
frontal cortex [65]. For example, measures from the autonomic nervous system can com-
plement brain recordings in order to discriminate between cognitive processes of emotion

evaluation on the one hand and experiencing emotions on the other hand [25].

Because of the observed link between the measured SCR signal and arousal, control
over the level of the SCR measurements permits to gain control over the activity of the
autonomic nervous system. This, in turn, could have significant consequences both for the
study of emotion and also for clinical applications. To address this question, we carried
out an experiment that aims at bringing the subject in the state of arousal with the
desired level of arousal and maintaining the arousal level constant during the duration of
experiment. While the subjects were viewing sequences of negative and neutral images,
their skin conductance response (SCR) was measured with GSR sensors. When arousal
decreases, that shows in low amplitude of the response to the stimulus and baseline
downward shift. When the opposite is true, baseline rises, and so do response amplitudes.
A predictive model was used to estimate the dynamics of the subject’s arousal for the

coming 30-40 seconds. Then the squared error was calculated between the signal predicted
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for each of the possible stimulation sequence for the upcoming trials (3 or 4) and the
target signal. We expect that negative images get the subject into the arousal state,
while viewing a sequence of neutral images induces a less aroused state. The algorithm
was attempting to construct a balanced sequence, where the subject’s level of arousal
was getting high, but was not supposed to get too high by overshooting the target level.
Typically, less negative pictures were presented when the arousal was higher while if the
arousal was decreasing, the subject was seeing more negative pictures.

As has been discussed in Chapter [2] adaptive stimulation in real-time comprises such
objectives as optimization of the sequence for hypothesis testing [54], to obtain better
neural responses [62], or for ROI localization [161]. In all these examples, input from the
subject’s data is used to decide on the next stimulus in the row in order to achieve the
optimization goal. Among these, there are also prominent studies where such closed-loop
intervention is used to interact with the subject’s mental state - for attention training [56]
or for improved BCI use [76]. As the subject’s mental state results from distributed
activity in connectivity networks, a promising line of experiments targets brain networks
to exert control over - for instance, for deep brain stimulation [162,/176}/181]. Our study
marks the first example of closed loop control over a subjects’ affective state by optimizing
stimulation with the goal of steering the subject towards that state.

5.2 Experiment

We carried out an experiment with two groups of participants, the real-time group and
the control group. The experiment involved one session for each participant consisting of
four experimental runs carried out on the same day with short breaks between the runs.
Each run included a number of trials where one picture was shown to the participant on
each trial, either negative or neutral. The first run was constructed in the same way for
the real-time and control groups. The experimental sequence of stimulus pictures was
following a fixed protocol, defined before the experiment start. In runs 2-4, one group
was viewing sequences constructed in real time, while the sequences in the second group
were defined offline before the beginning of the session in the same manner as for the first
run. The subjects were only instructed to attend to the pictures and were unaware of the
difference in the protocols. Each experimental run started with two minutes of baseline
recording, during which the subjects were just viewing the fixation cross. The mean and
the standard deviation of the baseline were used to set the target level for each participant.

This method was chosen because GSR baseline largely varies within participants, and it
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Figure 5.1: (a) Real-time pipeline. GSR sensors were placed on the subject’s left hand. The resis-
tance signal in Ohms was converted to conductance (Siemens) and preprocessed with Moving Average
filter and then with Butterworth filter for online analysis. Based on the cost calculated for the up-
coming trials, the sequence was chosen that produced the least error between the predicted and the
target signal. Overall structure of the experimental real-time run is shown in Fig. The im-
age on the display comes from Wikimedia Commons https://commons.wikimedia.org/wiki/File:
Ljubljana_car_crash_2013.jpg and is distributable under Creative Commons license. (b) Choice of
stimulation sequence. All combinations of negative vs. neutral stimuli for the upcoming three or four
trials were calculated. Only mixed combinations were considered, combinations of all negative or all
neutral pictures were excluded. The predictive model allowed to estimate the signal for each of the
possible sequences, and to compute the cost of each sequence. The protocol was updated during the
fixation period, 2 seconds before the next stimulus onset. Signal estimations show that bringing arousal
to the target level is not only the matter of the number of negative pictures, but mainly of the pic-
ture sequence. The image of the burning car was taken from freely available resources on the Inter-
net https://pixabay.com/it/auto-combustione-relitto-fuoco-872265/ and is distributable under
Creative Commons license.
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is impossible to choose a unified value as target. At the end of each run, the overall
error - Sum Of Squared Errors (SSE) - was calculated between the target signal and the
observed signal of the whole run. Then, for each participant the error values obtained in
runs 2-4 were compared against the error value of the first run. We hypothesized that
the application of the control strategy would reduce significantly the error in runs 2-4
as compared to the initial run in the real-time group. Conversely, we expected that no
such reduction would be observed in the control group that viewed randomized image
sequences unrelated to the state of the subject.

5.2.1 Participants

N = 44 healthy participants took part in the experiments, half of them (22 subjects)
were assigned to the real-time group and the other half to the control group. They signed
an informed consent form for participation and received either monetary reimbursement
or ECT credits. One participant’s dataset was discarded because of the problems during
real-time recording. 2 subjects’ data were removed because of too noisy signal. Subjects
who demonstrated absolute error values more than 10 times higher than the absolute
value of the first run in at least one of the runs had their data removed because these
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Figure 5.2: Structure of the experimental real-time run. The run starts with the baseline recording
for 2 minutes. At the end of the baseline period, the target signal is computed as 2.8 standard de-
viations above the mean of the baseline signal. Then comes a sequence of stimulation protocol up-
dates: the first sequence after the baseline is composed of 4 trials, and the subsequent 6 updates create
sequences of 3 trials each. At the end of the run, there is another baseline recording period of 30
seconds. Finally, the sum of squared errors is calculated for the signal comprising the first 20 trials
of the session. The leftmost and the rightmost images in the sequence were obtained from Wikime-
dia Commons https://commons.wikimedia.org/wiki/File:Asiana_Airlines_Plane_Crash.png and
https://commons.wikimedia.org/wiki/File:PrjC5%AFjem. JPG respectively. Both are distributable
under Creative Commons license.
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error values were largely due to artifacts resulting from deep breathing (6 subjects), but
also cough artifacts (one subject), excessive motion (one subject) and artifacts from the
loud noise in the environment (one subject) [30]. The groups were matched at the group
level for main demographic parameters (age and gender) and handedness. Each group
contains 17 subjects, of which 6 are males in each group. Each group has one left-handed
participant. The mean age in the real-time group was 28 with range between 19 and 50,
in the control group 27 with range between 20 and 40. All participants have lived in
Europe for at least 3 years.

5.2.2 Stimuli

The stimuli were negative and neutral images from the International Affective Picture
System (IAPS) set [150]. The images were chosen in the following way. First, a sample
of images was drawn from the TAPS where negative arousing images were images with
ratings for pleasure less that 2.0 (below the mean) and for arousal more than 6.5 (above
the mean). The neutral non-arousing images were images that received pleasure ratings
between 5.5 and 6.5 (around the mean) and arousal ratings below 3.25, i.e., below the
mean. This sample of images was next tested in a pilot study, where the participants were
also asked to provide feedback about the impact of the images, both neutral and negative.
After the pilot, the final sample of images was manually corrected - the negative images
that were evaluated by the pilot subjects as ”cinematographic” and ”fake” were replaced
with images that the pilot participants judged more arousing. Large part of images
containing people were removed from the neutral sample and replaced with images of
objects as participants admitted that images of people were more arousing than images
of objects.

In the initial run of both real-time and control groups the experimental sequence was
following a fixed protocol, defined before the experiment start, where the negative image
in each trial was chosen with the probability of p = 0.6. In the control group, all other
runs were constructed in the same way, that is, in each trial the negative image appears
with a certain probability. In runs 2-4 the probability was controlled using three levels
of probability p € {0.3,0.45,0.6}, so that the mean number of the negative pictures in a
run for all participants was not too different from the mean number of negative images in
the same run in the real-time group. After each real-time acquisition, the mean number
of negative pictures per session was calculated in the experimental group. In the next
control acquisition, the probabilities of negative images were adjusted, i.e. a higher or a

lower probability was chosen for the run.
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5.2.3 Procedure

All experiments were carried out in the same room with air conditioning, with a tem-
perature of 20 4+ 1.5 degrees. Natural differences in humidity seemed not to affect the
variance in the data since participants recorded on the same day show similar variabilities
as subjects acquired on different days, see e.g., [30]. All experimental procedures had
been approved by the Ethical Committee of the University of Trento and were carried out
in accordance with applicable guidelines and regulations on safety and ethics.

The experimental session consists of 4 runs (a calibration run and three experimental
runs) of about 6.5-7 minutes’ duration each. A run starts with 2 minutes of baseline
recording, and the first run consists of 25-28 trials, where one image is shown on each
trial. In runs 2-4 the number of trials was between 21 and 24 in the control group
and 22 in the real-time group. Furthermore another baseline recording of 30 seconds
was acquired at the end of each session. Images did not repeat between runs. As for
visual stimulus presentation, in GSR experiments its duration can vary from 1 second
in [12] to 8 seconds in [4] depending on the necessary amount of cognitive processing. In
our experiment, images were shown for 3 seconds to allow for some cognitive processing
followed by 7 seconds of fixation cross viewing, leaving enough time for the response to
unfold in accordance with general guidelines of skin conductance experiments [77]. The
experimental setup is visualized in Fig. and b. The full structure of an experimental
real-time run is further illustrated in Fig. [5.2

We note that responsiveness may vary between subjects - for instance, there always are
hypo- and hyperresponders among subjects, independent of the stimulation effects [215].
To account for differences in responsiveness, the mean and the standard deviation of the
baseline were used in the process to set the target level for each participant at 2.8 standard
deviations above the baseline mean. Ideally, the target state in the control scenario should
be defined in cognitive or behavioural terms. As GRS signal measures the person’s arousal,
we should strive to define the target state as a certain level of arousal. However, in this
case we encounter problems related to the elusive nature of such definition in the absense
of strict behavioural metrics and cognitive criteria. For this reason, we set the target
state as a certain signal level in relation to the baseline (2.8 standard deviations above
the baseline, as mentioned above). As we know that GSR signal is very nicely correlated
with arousal level, we can say that this level of signal linearly corresponds quite well to a
certain degree of arousal. However, to further characterise this state of arousal in cognitive
and behavioural terms (especially at the group level), we need additional experiments - I
will talk about that later in Chapter [7]
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5.2.4 Data acquisition

Data was acquired using Shimmer (www.shimmersensing.com) wearable GSR sensors.
The two sensors were placed on two phalanges of the same finger, left index finger, one
under another. During acquisition, the sampling rate was set to 51.2 Hz. The sensor
was sending the signal via Bluetooth to the computer that carried out data preprocessing
and analysis. The resistance signal in Ohms was converted to conductance (Siemens)
and preprocessed with Moving Average filter and then with Butterworth filter for online
analysis. During preprocessing, the data was down-sampled to 10 Hz. Then the data
processing computer was sending instructions to the stimulation computer about the
next sequence to show to the participant. Images were presented with Psychtoolbox-3 and
the ASF plugin for Psychtoolbox [230]. Data analysis was carried out in Matlab (8.5.0,
MathWorks, NatickMA, USA) using Shimmer software package for Matlab (Shimmer
Matlab Instrument Driver v.2.6), customized for the experiment purposes, and additional

custom-made scripts.

5.3 Results

To explore the effect of the protocol adaptation in real time, we analyzed the relative
values of SSE calculated for each subject in runs 2-4 with respect to the values of the
SSE obtained for the first run. To reduce skewness in their distribution, absolute error
values were log-transformed - see Fig. [5.3] We compute the relative error as the ratio of
the error in the first run with respect to error in each of the subsequent sessions to reduce
non-stationarity. A relative error value less than 1 in runs 2-4 demonstrates that the error
is reduced. Finally, the mean relative error was calculated for each group - Fig. [5.4p.
Our hypothesis predicts, that the error will be reduced in sessions 2 - 4 with respect to
the first session, against no such change in the control group. To test this hypothesis, the
error in runs 2-4 are compared with the first run in each experimental group.

We found that in the real-time group, the mean relative error between the target
arousal level and the observed signal was significantly reduced already in the second run
with respect to the first run (P = 0.003, Fig. ) and stays significantly below the
initial error also through sessions 3 and 4 (P = 0.005 and 0.0145 for session 3 and 4
respectively, see Fig. ) The relative error in the control group stays at the same
level throughout the whole experiment ( P = 0.8, 0.78 and 0.98 for sessions 2, 3 and 4
respectively, Fig. [5.4p).

The real-time and the control groups shared common clutural background and were
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Figure 5.3: Relative error values before and after logarithmic transformation in the real-time group (a,
b) and in the control group (¢, d). Figures (a), (c) show the distribution of relative error values with
respect to the first run calculated as the ratio run 1 / run 2,3,4. We can see that both distributions are
skewed to the right. Figures (b), (d) show the relative error values after the logarithmic transformation.
We took the natural logarithm of the absolute error values for each subject in each session and then
calculated the relative error in the same way as it was calculated for the values before transformation.
The distributions result more normal, though one can see differences between the group: in the control
group, the mean is centered around 1 (d), while in the real-time group, the distribution is fatter with the
median around 0.8 (b).
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Factor dF | F-stat | p-value
Within-subject (Time) | 3 3.06 0.03
Between-subject 1 9.261 0.004
Interaction 3 2.614 | 0.0556

Table 5.1: Results of repeated-measures mixed effects ANOVA

not only matched by demographic parameters, such as age, gender and handedness: we
also controlled for the mean number of negative pictures that a group would see in a
session - Fig. [5.4h. As the first session was constructed in the same way for both groups
of subjects, with negative pictures having a certain probability to be shown at each time
point, that resulted in only slight differences in numbers between groups. There were
no significant differences in the mean number of negative pictures shown in sessions 2-4
between groups (see also Fig. . In this way, the differences between groups can be
attributed to the experimental manipulation and the protocol design.

If we look at the shape of the group error curve in Figure [5.4p, we can see that in
neither of the groups there are significant differences between runs at the group level. For
the real-time group that implies that the effect of adaptive stimulation is stable across
runs. If there was an additional learning (or subject adaptation) effect, we would expect
that the subject becomes "resistant” to the control, and the error would grow between the
second and the last sessions. If there was a cumulative effect to expect, i.e. the more we
control, the more ”controllable” the subject becomes, then the error would go down from
session 2 to session 4. At the group level we do not observe any of these. However, with
a closer examination of the individual error curves in the real-time group (in the left part
of Figure [5.4p), we can hypothesize, that with more data in the sample we should see at
least three subpopulations in the group: those who show no effect of control, those who
show the learning effect and those who show the cumulative effect. These subpopulations
are described in more detail in Fig. [5.5b-c.

For between-group analysis, we conducted mixed effects (random-fixed) ANOVA with
1 within (time) and 1 between (protocol) subjects’ factor for between group effect and
interaction effect. We also ran a repeated measures ANOVA separately for each group to
test for the effect of time.

Repeated measures ANOVA conducted separately in each group with 3 degrees of
freedom shows that there is effect of time in the experimental group ( F-stat 4.07, p-value
0.01), but no effect in the control group (F-stat 0.04, p-value 0.98). The results of mixed
effects ANOVA are shown in Table [G.1l
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Figure 5.4: (a) Number of negative pictures per run in real-time and control groups. The mean number
of negative pictures per run was balanced between groups. After each real-time acquisition, the mean
number per run was calculated for both groups and the mean of the control group was adjusted accordingly
in the next control acquisition. That is, the protocol of the coming control acquisition was constructed
so, that the two means would not be significantly different. The proportion of negative pictures in that
run would be decreased or increased to bring the means at the same level. Number of negative pictures
for each subject per run are shown in Fig. [5.5h. (b) Relative error in runs 2-4 for real-time and control
groups. Individual error values are rendered in gray, group means are presented in red. Asterisks show
significative p-values. P-values in the control group: 0.824, 0.771 and 0.978 for runs 2,3, and 4 respectively.
Repeated measures ANOVA with 3 degrees of freedom for testing the effect of time: F-stat 0.04, p-value
0.98. P-values in the real-time group: 0.003, 0.005 and 0.0145 for runs 2,3 and 4 respectively. Repeated
measures ANOVA with 3 degrees of freedom for testing the effect of time: F-stat 4.07 p-value 0.01. Fig.
[B-5p-c, apart from individual error values and group means, show also subject IDs which are the same as
in Fig. [5.5h. Figures [5.5h-c illustrate how the number of negative pictures each subject saw per run can

be related to their individual error dynamics.
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So, we have p=0.004 for between group effect. It means that our groups are different in
their responses. Next, we also see the effect of time. And for the interaction, the p-value
is less than 0.06, which is on the verge of being significant. If it was significant, that would
mean that temporal profiles in the groups were different, that is, we would have observed
the effect of the session. However, as I explained previously, we don’t really see a session
effect in the experimental group (neither cumulative nor adaptation effect). Apart from
the change between the first session and the rest, temporal profiles of the groups are not
different. So, we would not expect a big effect of interaction here. But the between group
effect is quite strong, as expected according to our hypothesis.

We also conducted a power analysis to know what the minimum effect is that we can
test with sufficient (80%) power given the sample size, for this between-group comparison.

As the basis for power analysis, we used Pocock’s formula for sample size:

N =2%0" = (2 — n)* * f(a, )
where « is the desired significance level (0.05) and § is the desired power (0.8). f(a, )
is a table value, and for the given values of significance level and power it is equal to 7.9.
Now let’s denote effect size as x. If u; and py are the two means, and o is the standard

deviation, effect size (Cohen’s formula) is usually expressed as follows:

= (2 — ) +o
Then the non-table part of the Pocock’s formula can be expressed using effect size as
follows:

N =2+2%x f(a, )
Knowing that our sample N = 34 and plugging in the table value we can calculate the

minimal effect that can be detected given the sample size, the power and the significance
level:

34=2=+22%79

r=/(15.8 + 34) = /0.46 = 0.68
Then we used a calculator of effect size givent the F-value https://www.psychometrica.
de/effect_size.html#fvalue to calculate effect size d for the between-group difference
with 1 degree of freedom: d = 1.076,d > 0.68. So, we can say that our sample size gives
us enough power to detect the between-group effect.
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Figure 5.5: (a) The figure shows the number of negative pictures each subject was shown in each run.
The number is color-coded. The subject IDs are the same throughout figures (a)-(c), so that the number
of negative pictures can be related to the error dynamics of each subject. (b)-(c) In these figures, the
error dynamics from run to run is shown for the real-time group (b) and for the control group (c). The
subject ID is next to the error line plot showing the error for this subject. (b) Subjects 7, 12, and 14
potentially form a subpopulation "resistant to control”: they show no effect throughout the sessions.
Subjects 3,4,15,16, 17 could be regarded as the subgroup showing learning effects, as their error goes up
in the last session. Among the rest of the subjects, we see a tendency for the cumulative effect: the error
descends as the experiment progresses.
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5.4 Methods

5.4.1 Model for online data analysis

Let’s say we have a signal of length L, with the number of samples 7 = 1,...L. We
also have a timeline of the control signal, applied with a certain periodicity: t =1,...7T.
Assuming that the short term dynamics of the GSR signal z(t) is linear autoregressive,
with additive control u(t) € {0,6}, we obtain

2(t) = ax(t —7) + ult) (5.1)

where t = 1,...T — 1. Let Z be a vector of states of of length T: z = [2(0)...z(T)]7,
where z(0) is the initial state. If we rearrange to express u(t) which we are interested

in, we get
w(t) = Y arx(t —7) = ult), (5.2)

where x(0) = const, x(t) = 0 for ¢t < 0. Equation is equivalent to a linear matrix

equation if we use polynomial notation:
Gz =1, (5.3)

with 4 = [2(0),u(1),...u(7T)]. From these equations we obtain a matrix G of the form

1 0 0 0

—a; 1 0 0

G= —ay —a; 1 0
—a3 —ag —a; 1 0

0 —ay —ap 1

To predict the signal we must first estimate G in a calibration window. We observe the

linear system under random control and additive Gaussian noise:
GT = i+ (5.4)

where ¢(t) ~ N(0,02). Here @ is known, but G is unknown and can be estimated using
the least squares:
G = argmin||Gz — ul|%. (5.5)
G
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Returning to the initial equation [5.1} we can express G as follows

L
Gt = O — Z a/T(Stft/,T (5.6)
7—1

Basically, it is a polynomial corresponding to the autoregressive process. If we want to
learn the parameters and take partial derivatve for a, we get

T-1 T-1 T-1 T-1 iYe!
tt/l
5 Z Z Gtt’xt’ — Ut = Z Z Gtt’l‘t’ — ut Z Sa gjt// (57)
t=0 ¢'= t=0 t'=0 t'"=0

where 65Ga—t” = —0;_prand t —t" = 7,t" =t — 7. Now we plug in the obtained expression
to get .8

T-1 T-1 T-1 T-1

= -2 Z Z Gtt’xt’ - Ut Z l't//(st tr = —2 Z(Z Gtt’xt’ - Ut)xt_T (58)
t=0 t'= =0 t=0 ¢'=0

As we know that the matrix G is a Toeplitz matrix, we can apply Levinson-Durbin

recursion [64,/156] to solve for a, as it is identical to the first column of G shifted by one
element and with the opposite sign (linear system for a, )

T—1 T—1 T—1
Z ZGtt’xt’xt T Zutfl?t—T (5-9)
t=0 t'= t=0
T—-1T-1 L
= Z Ot — Z ArOt—pr 71 )T Ty 7 = Tr

_ (5.10)
t=0 /=0 =1
Vector r holds the expression for what happens to the system under control

T—1
rr = E Ut Ty—r
t=0

(5.11)
Vector ¢ holds just the temporal dynamics of the system

T—1

qr = Z Tilt—r (512)
t=0
T-1T7-1 L

qr — T+ = Z Z Z aT/(St—t,,T/xt/xt—T (513)
t=0 /=0 7/=1

L T-1
qr — T = Z A Z'rth/xth (514)
T'=1 t=0

128



CHAPTER 5. CLOSED LOOP CONTROL OF AFFECTIVE STATES

T-1
Z Tt 1 Tq = Qrrgt (515)
t=0

So we have another linear system of order L' (= number of timesteps, corresponding to
7',
q—7=Qa (5.16)
Here, the signal z is known, and we can get both the vector ¢ and the matrix ). The
control signal u is known, too, so we can also get the vector . Then we just can solve
the matrix equation for parameters a and obtain the matrix G.
For online analysis we can predict the control for the upcoming trials after having
learnt the system matrix. We know the estimation matrix G until a certain timepoint
=0. At t =0, z(t) = .
GT =i+ (5.17)

where t = 0,..., H. Loss (or cost) is given by the distance to a preferred set of the values
that x could take. We will denote that set as y: y = [zo,y1, - - .yH]T. The expression for
loss is ||z — y||*:

E.(Loss) = E||z — ||? (5.18)

with GZ = @ + €. Turning to u, Gr=u+¢ , so the optimal # can be expressed as:

u* = argminE. ||z — 72 (5.19)

u

with GZ = @ + & From these we derive the optimization formula:
@* = argmin||G~'a — 7| (5.20)

If we optimize over discrete u(t) = (0,6) (known ), then for short horizons H < 5 direct,
exact optimization is possible. For longer planning horizons we may resort to approximate

inference, like, for instance importance sampling or mean field annealing [27],220].

5.4.2 Simulated experiments

So, in this experiment we generate ”ground truth” signal starting with some known control
and known estimator matrix. Then we try to learn the estimator matrix from the ” ground
truth”. It was done in the following way: a) we fixed the experiment parameters as number
of timepoints = 30 corresponding to 3 trials of length 10 seconds. This is going to be the
order L of the linear system; b) we fixed the control sequence as 0 1 1; c¢) we generated

the coefficients as a decaying sinewave as in an autoregressive process - figure [5.6]
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Figure 5.6: Decaying sine wave representing autoregressive coefficients used to generate the signal. The
scale of coefficient values is represented by the values on the Y-axis, while the X-axis consists of consequent

time points.

Next, we interpolated the signal to 150 timepoints simulating the sampling rate of 5
Hz (that is typically used for downsampling the experimental GSR data). The ground
truth signal obtained in this way is shown in figure

Finally, the estimation matrix was learned using the system identification equation of
order L' (= number of timesteps) - Eq. [5.16;

¢—7=Qa

Then, new signal was generated with the learned coefficients and the same stimulation
sequence. The signal is shown in figure[5.8] We can see that the model allows us to obtain
a pretty good estimation of the ground truth signal. Root-mean-square error (RMSE)
calculated as the standard deviation of residuals (i.e the difference between the predicted
signal and the ”ground truth”) is equal to 4.6e — 18, that is, a very small value.

Please note that the amplitude of the response in the signal is equal to one. It is because
we represent the control sequence as zeros and ones. In the eventual expetimental design
1 was replaced with the actual signal amplitude parameter 6 (we can represent control as

1 multiplied by a constant € equal to the amplitude).
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Figure 5.7: ”Ground truth” signal generated with the coefficients shown above and the 0 1 1 control
sequence
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Figure 5.8: Signal generated with the estimator matrix learned. RMSE = 4.6e — 18
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5.4.3 Optimizing control with short horizon

In this experiment, we used the data from the pilot offline GSR experiment with TAPS
pictures where the random stimulation sequence was fixed before the session. One session
data was used as training data for learning the estimation matrix. The data of another
session was used as test data: we predicted what optimal control could be like for this
session given the signal, and then it was compared to the actual control of the session.
The estimator matrix was learned with the data counting 10 trials backwards, and the
control was predicted 5 trials forward. Next, predicted signal was generated using the
design matrix of the predicted control for the whole session and response parameters
obtained with the canonical response model described in [12]. Two examples of compar-
ison between observed signal and estimated signal generated using the learned control
sequence are shown in Fig. [5.10] We can see that the learned control corresponds to the
one used to produce actual signal. Fig. shows cumulative error for all possible binary
sequences encoding controls, and we can see that there is a sequence with minimal error
(it corresponds to the one used to produce predicted response). Fig. plots the whole
error matrix, where the timepoints contained in 5 trials (12 s each, timestep = 500 ms)
are plotted on the x axis, and the error - on the y axis. Different lines correspond to 1
binary sequence each, there are 32 lines in total (2° because only the first position in the
trial is independent and can be 0 or 1, control or no control, the rest is just padded with

0).

5.4.4 Optimizing control with long horizon

When the horizon comprizes the whole session (20 trials), we cannot just test all possible
binary sequences to pick up one with the minimal error, so importance sampling was used
to produce predicted controls. Again, one session data of the offline pilot experiment
was used as training data for learning the estimation matrix and the data of another
session was used as test data. First, a sample of 1000 possible binary sequences was
produced, and the predicted signal was generated using the estimation matrix learned
with the data of the calibration session. Next, the error between observed and predicted
signal was calculated for each of positions in the sequence. Next, cumulated error in each
position served as target function to produce the weight of each element in the position
(in our case, 0 and 1). Then these weights were used to approximate the distribution
while sampling, and a new binary sequence was generated based on the weights of 0 and
1 in each position. This sequence was considered predicted control. We also produced

estimated signal for this sequence using parameter estimates and the canonical response
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Figure 5.9: Cumulative error for each possible binary sequence representing controls.

model. The results are shown in Fig. [5.12] To compare the signal generated with the
learned control with the ground truth, we looked into the temporal correlation between
the two signals. We calculated correlation function between the observed response and
predicted response in a session, which is presented in Fig. [5.13] We also checked for
time lag of the point where the maximum correlation occured, the result is presented in
Fig. [5.14] Correlation function and the lag plot show that there is a very good temporal
correlation between the two signal types.

So, simulated experiments described in this session were performed to see how good
are the estimates of the signal and control sequences produced by the model, and the
results show that the estimation is quite good. However, it should be kept in mind that
the canonical response function model from [12] that we used to genetrate the estimated
signal for illustrative purposes is not a predictive model. It is a statistical model that was
introduced for estimating responses from the data, and it is arguable whether it can be
also used for the purposes of predictive modelling. We just used it in these experiments to
represent schematically the signal that could be produced by the learned control sequences
for mere illustrative purposes.

5.4.5 Model for amplitude parameters

Parameter 6 is generally referred to as the response amplitude [30,55]. As we treat

responses to neutral images as defining the reference condition, # quantifies the relative
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Figure 5.10: Predicted response with learned control and observed response. High peaks in the estimated
signal correspond to the negative images, where high response is expected, while smaller ones - to neutral
images.
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strength of a negative image over a neutral. The typical GSR response looks like a hill-
shaped curve delayed with respect to the stimulus onset of 1-3 seconds [30}[55]. The
amplitude is calculated as the difference between the minimum and the maximum of the
signal taken in the response window (which is usually the time interval between 1 sec and
5-6 seconds after the stimulus onset) [55]. When updating the stimulation in real-time,
we use the mean amplitude of response to negative images from the 3 preceding trials.
However, for the first stimulation sequence of four trials after the baseline no data on
amplitude are available. To obtain the parameter in the first four trials of a real-time
session, we apply the framework of [14], so that we can proceed with error estimation
and protocol selection. The authors propose a canonical response function for the skin
conductance response, which was found to represent experimental data quite well. Model
based GLM analysis for the GSR signal is implemented in the PsPM toolbox for Matlab
(version 3.1, formerly SCRalyze) [11,/15,/16]. Running GLM on the training data from
the previous sessions allows us to obtain parameters for each type of response (negative
arousing picture versus neutral non-arousing picture) and reconstruct predicted responses.
We used only one parameter, that of the canonical response function. As in the design
matrix the stimulus was represented by zeros and ones, we can say that the obtained
parameters represent the response amplitude. However, as already mentioned above, we
only employ the negative response parameter to represent the amplitude of the response
to negative pictures. Figure shows an example of such reconstructed responses from
the data.

As was already mentioned in the previous section, canonical response function model is
a statistical model - it estimates parameters from data. To provide reliable estimates, this
model, as any statistical model, needs enough data samples. This is the reason we only
use this approach to estimate the amplitude of responses to negative pictures in the first
four trials of a run: all trials of the previous session are available. This model cannot be
employed in the same manner to predict response amplitudes for the upcoming trials in
a session because at each time point, only a limited number of trials are available, which
will not permit the model to provide good estimates. This is the reason we only use a
rough estimate - mean amplitude of 3-4 previous trials. We also did not want to use the
same estimate from the previous run throughout the real-time run because we assumed

that response parameters could change between runs.
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Figure 5.15: (a) GSR response and its amplitude. (b) Canonical response function for the GSR signal
rendered by PsPM toolbox. (c) Responses - negative and neutral - estimated from the data with PsPM
toolbox.
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5.4.6 Session SSE computation

At the end of each run, the overall session error - Sum Of Squared Errors (SSE) - was

calculated between the target signal and the observed signal of the experimental block:

E.(Loss) = Y (§— 7)™ (5.21)
T

The real-time stimulation sequence had a fixed length of 22 trials: the initial update for
the first 4 trials that was followed by 6 updates for 3 trials each (we chose to update
the protocol for sequences of trials rather than for single trials). On the contrary, in the
control group the number of trials was varying between 21 and 24 because of the prob-
abilistic protocol creation: when generating a trial, the script was choosing the negative
picture with a given probability, and it stopped generating trials when a certain number
of negative pictures was reached within the run. To account for that difference in the
number of trials between the groups, the performance measure (i.e., the sum of squared
errors) calculation was restricted to the first 20 trials only in each session.

5.4.7 Statistics

Before running statistical tests on the error values, the distribution of values was tested
for normality. As the distributions appeared strongly skewed, the log transformation was
applied to make the data conform to the assumption of normality. Log-transformed values,
indeed, yielded normal distributions of relative error values both in the experimental and
the control group (Fig. . Significance testing of the relative error values was performed
with one-sample one-tail t-test against 1 (the relative error in run 1 with respect to run
1) with 16 degrees of freedom (DoFs) as it was run separately for each group. Repeated
measures ANOVA had 3 DoFs for within-subject effect (time) testing, 1 DoF for between-
group effect testing and 3 DoFs for the interaction effect testing. Repeated-measures
ANOVA was chosen because within each group our measurements are not independent
and come from the same individuals. Both t-tests and ANOVA were performed with
Matlab.

5.5 Data and code availability

A Matlab demo version showing how real-time protocol updating works is available from
a public Github repository https://github.com/elena-kalinina/GSR_demo_NHB with
instructions on how to run it. Full source code is contained in a private Github repository
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5.5. DATA AND CODE AVAILABILITY

https://github.com/elena-kalinina/GSR_RT_experiment and is available from the
author upon a reasonable request. Raw data, preprocessed data and error files can be
downloaded from Google drive usink the links https://drive.google.com/open?id=
OBziIVITY-jdoRjdLcjFvdnhIODAl and
https://drive.google.com/open?id=0BziIVITY-jdoeVU2Y jB2MkFvQOE.
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Chapter 6

A test for cross-modal activation

analysis as an alternative to decoding

Determining the extent to which different cognitive modalities (understood here as the
set of cognitive processes underlying the elaboration of a stimulus by the brain) rely on
overlapping neural representations is a fundamental issue in cognitive neuroscience. In
the last decade, the identification of shared activity patterns has been mostly framed
as a supervised learning problem. For instance, a classifier is trained to discriminate
categories (e.g. faces vs. houses) in modality I (e.g. perception) and tested on the same
categories in modality II (e.g. imagery). This type of analysis is often referred to as
cross-modal decoding. We take a different approach and instead formulate the problem of
assessing shared patterns across modalities within the framework of statistical hypothesis
testing. We propose both an appropriate test statistic and a scheme based on permutation
testing to compute the significance of this test while making only minimal distributional
assumption. We denote this test cross-modal permutation test - CMPT. We also provide
empirical evidence on synthetic datasets that our approach has greater statistical power
than the cross-modal decoding method while maintaining low Type I errors (rejecting
a true null hypothesis). We compare both approaches on an fMRI dataset with three
different cognitive modalities (perception, imagery, visual search). Finally, we show how
CMPT can be combined with Searchlight analysis to explore spatial distribution of shared
activity patterns.
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6.1 Neuroscientific background

Functional MRI recordings enable the investigation of activation patterns that character-
ize the working brain. The main goal is to detect whether the neural pattern of a region of
interest correlates with a cognitive task, like, for example, object category identification.
Such investigations are usually focused on a specific cognitive modality, i.e.: visual per-
ception, real auditory, visual imagery, auditory imagery, etc. A qualitative discrimination
task can be designed to extract relevant information from patterns activated by two (or
more) stimuli categories (like body and car) in one of these cognitive modalities.

Identification of activation patterns that are shared across modalities has been the sub-
ject of numerous neurocognitive studies, with such modalities as mental calculations [135],
sensory /motor stimulation [70] or words and picture-viewing [233], to name a few. The
most common approach here is to cast the problem of identifying common activation
patterns as a supervised learning, or brain decoding, problem [107,127]. Nastase and col-
leagues |187] point out that successful classification in this setting allows to conclude that
neural patterns elicited by relevant cognitive factors in one modality generalize accross to
the patterns in the other modality.

In other words, a low misclassification error on a modality which is different from the
one used to train the classifier provides empirical evidence that a given region of interest is
involved in the cognitive task encoded in both modalities. In the literature, such approach
is referred to as cross-modal decoding analysis (CMDA). Statistical significance of its result
can be assessed using a t-test on the accuracy obtained by the classifier [135[|170], or by a
permutation test based on computing the null distribution [70}/124,259] of such statistic.
However, CMDA suffers from a number of practical issues. As we are going to discuss in
section the accuracy of a decoding model is often low in a cross-modal setting, which
most probably implies an exaggerated amount of Type II errors (failure to reject the null
hypothesis).

Neuroscientific investigations into the activity patterns in the fMRI data studies can
be formulated as “confirmatory” or “exploratory” analysis. Confirmatory analysis is cen-
tered on a pre-established region of interest (ROI). The CMDA method presented above
is often used for the confirmatory approach, when it is run on the data coming from a
predefined ROI (or a set of predefined ROIs). Exploratory analysis aims at localization
of areas containing information about the presented stimuli. Here, CMDA is employed
in conjunction with Searchlight technique to explore the spatial structure of cross-modal
activations [187]. The outcome of the Searchlight procedure are maps, where each voxel

is assigned some quantitative measure of information that the voxel contains about the
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stimulus. The procedure of obtaining the maps consists in applying decoding sphere by
sphere on time series extracted from the sphere voxels, and most commonly used infor-
mation measure to produce Searchlight maps is classification accuracy. Maps are first
calculated individually for each subject and then pooled together to run group analysis,
where the significance of the obtained values is typically established running ¢-tests vox-
elwise with respect to chance level. Classification accuracy and t-tests have been subject
to numerous criticisms with regard to their role in Searchlight analysis [71]. Besides, use
of Searchlight for cross-modal analysis faces interpretation challenges introduced by the
asymmetries both in accuracies and p-values when training and testing on data coming
from two different cognitive modalities [187].

We developed a permutation test for the investigation of shared patterns across modal-
ities that we denote cross-modal permutation test (CMPT). This test builds on a long
tradition of randomization inference in the statistics literature, which can be traced back
to the first half of the 20th century [79,|154,207]. Permutation tests have recently seen
renewed interest in neuroimaging [664(189},272,273| thanks to their minimal distributional
assumptions and the availability of cheap computational resources. We provide empirical
evidence on synthetic datasets that this method reduces Type II errors (failure to reject a
false null hypothesis) while maintaining Type I errors comparable (incorrect rejection of
the null hypothesis) with respect to CMDA. Our results highlight particular advantages
of CMPT in the small sample/high dimensional regime, a setting of practical importance
in neuroimaging studies. Next, we compare CMPT and CMDA on an fMRI study of three
cognitive modalities: visual attention, imagery and perception. We conduct confirmatory
analysis comparing the performance of CMPT and CMDA when identifying the presence
of shared patterns within a functionally defined Region of Interest (ROI). Finally, we
present the results of an exploratory analysis with Searchlight making use of the pro-
posed CMPT test for the information based mapping to explore the presence of common
patterns between different modalities at the whole brain level. The use of CMPT allows
to overcome major methodological drawbacks that had been pointed out for Searchlight
in the literature [71].

6.2 Methods: Cross-modal permutation test (Cmpt)

In this section we describe a statistical test for cross-modal activation pattern analysis
that we denote CMPT. We formulate the problem of assessing cross-modal activation as

a hypothesis testing problem and propose an inference procedure for this test based on a
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permutation schema.

Setting. We assume that the experimental task consists of two modalities (e.g., auditory
and visual perception) and each image in the dataset containing an activation pattern has
an associated condition A or B (e.g., two stimuli categories like human body and car). In
total, we observe n activation patterns for each modality, corresponding to the number
of conditions in the experiment, where each activation image is a mean image (averaged
by the number of trials in the experiment) representative of one condition, and the goal
is to decide whether there is a common condition effect across the different modalities.
Let us formalize this in the language of statistical hypothesis testing. Consider the set
of pairs Z(X,Y) = {(X1,Y1),...,(Xn, Y,)} sampled iid from some unknown probability
distribution P, where X = {X;,...,X,,} (resp. Y = {¥7,...,Y,}) are the activation
patterns corresponding to the first (resp. second) modality, and where the experimental
paradigm is designed such that the X; and Y; are associated with the same condition (but
different modality). Since the image pairs belong to the same condition, as long as there is
a condition effect shared across modality, the sequences X and Y cannot be independent.
We hence formulate the null hypothesis (which we want to reject) that both sequences are
independent and so their joint probability distribution P factorizes over their marginal:

Hy: P=Px x Py, with Py, Py the marginal distribution of P. (6.1)

Test statistic. Given the set of image pairs X = {X;,...,X,,} and Y = {V},..., Y, }
described in the previous paragraph, let A (resp. B) be the set of indices for the A (resp.
B) category. We define X4 = |7%| Y aen Xa (resp. Xp = ﬁ > ven Xb) as the average of
activation patterns in X with index in A (resp. B). Y4 (resp. Yg) are defined in similar
way as the average of activation patterns in Y with index in A (resp. B). Note that the
index set is computed from images of X (and not Y) on both cases. This asymmetry will
be useful when designing the permutation scheme. Consider also that we have access to
a similarity measure between images that we denote by p. For simplicity we will initially
suppose that this measure is the Pearson correlation coefficient, although we will see later
that this can be generalized to any similarity measure between images.

We now have all necessary ingredients to present the test statistic that we propose
to distinguish the null hypothesis from the alternative. This test statistic has values in
[—1,1] and is defined as

(X, Y) = 1 (p(Xa Vi) + plXs, Vi)~ (p(Xa Vi) 4 p(Xe Y2)) - (62)

within-condition similarity between-condition similarity
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At first, its form might seem strange. Let us give two intuitions on the form of this test

statistic:

1. As a difference of similarities. The test statistic can be split as a difference of two
terms. The first term is the sum of similarities for images from the same condi-
tion (and different modalities), while the second term is a sum of similarities for
images of different conditions (and different modalities). Hence, large values of the
test statistic are achieved whenever the within-condition similarity is larger than
the between-condition similarity, bringing evidence for the existence of a condition-
specific activation across modalities.

2. As a singularity test. If we compute all pairwise similarities between the images
X4, Xp, Y4 and Yp, we obtain 4 scalars that can be arranged in a 2-by-2 matrix as
follows:

(X, Ya) p(Xa,Ys)
p(Xp,Ya) p(X5,Yp)|

Under the null hypothesis, the samples X and Y are independent and so Y4 ~ Yz

(6.3)

(recall that the indexing was derived from images in X). Whenever Y, = Yg the
matrix above becomes colinear. A standard way to test for colinearity is through its
determinant. Computing the determinant of the above equation we obtain our test
statistic (modulo the normalizing factor 1).

Statistical inference. We will estimate the distribution of this test statistic under the null
hypothesis from the sample by repeatedly computing the test statistic over a permuted
version of the initial sample, a technique often known as permutation or randomization
test. For this to be valid, it is necessary to identify the quantities that we wish to
permute and verify that under the null hypothesis, all permutations yield the same sample
distribution [155].

Consider the sequence X, which results from a random reordering of the activation
images in X and the sequence of pairs Z(X,,Y). Under the null hypothesis, since the
probability distribution factorizes over its marginal, the permuted sequence is distributed
as Py x Py, where P% is the distribution of X,. Now, by the iid assumption made previ-
ously (which is commonplace in the context of permutation testing), this distribution is
invariant to permutations, and so P, = Px and the condition is verified. After computing
the permuted test statistic for a large number of random permutations (typically around
10000), the significance of this test, i.e., the probability of observing a test statistic equal
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or as large as the one obtained, can be computed as

number of times {T'(X,,Y) > T(X,Y)}
number of permutations

p= (6.4)
Extensions. This test extends naturally to the setting of group analysis. In this case,
the test statistic can be taken as the sum over all subjects of the subject-specific
test statistic. Ideally, the same permutation should be used across subjects to obtain each
value of the permuted test statistic [69]. It is theoretically possible to perform a two-tailed
test using this test statistic. A large negative value of the test statistic would also bring
evidence to reject the null hypothesis of independence. However, since the neuroscientific
interpretation of such negative values is not useful for our practical purpose, we will only
use the one tailed test in this paper.

For simplicity, we have considered p the Pearson correlation coefficient as similarity
measure, but the method remains valid using any other similarity measures. The Pear-
son correlation, being a measure of the linear correlation, works best when the effect is
(close to) linear, but other more complex similarities can be used such as a (negative)
Malahanobis [263] or Wasserstein [98] distance.

Relationship with cross-modal decoding analysis (CMDA). (CMDA can be regarded within
the same hypothesis testing framework outlined before, but with a different test statistic.
In CMDA, the test statistic is the accuracy of a classifier on images from one modality
when it was trained on images from the other modality.

Since both CMDA and CMPT follow the same permutation test approach to computing
significance, both rely implicitly on a label exchangeability assumption behind the data-
generating process. As we have seen in the previous subsection, a sufficient condition for
this is to assume that the data we observe is sampled iid. Note that this iid assumption is
on the pairs from different modalities (X;, Y;) and also on the experimental paradigm but
not on the decoding train/test split, which divides the data by modality and is obviously
not iid. This is a much weaker assumption than the distributional assumptions made by
traditional parametric methods, it is important to keep in mind that permutation tests
are not fully assumption-free methods and at the bare minimum require exchangeability
of the observations.

A practical difference between both approaches is that the cross-modal permutation
test is symmetric with respect to modalities while brain decoding is not. That is, CMPT
would yield the same p-value regardless of the order in which the different modalities are

labeled. This is not true for CMDA, where two possible tests can be performed (train on
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A and test on B or train on B and test on A), and both can (and typically do) yield
different p-values.

6.3 Datasets

First, we used real data of the neuroscientific experiment described in [3.1.1} Next, for
simulated experiments we constructed a synthetic dataset according to a model in which
the signal is a superposition of a modality-specific effect (M, Xy), a condition-specific
effect (C;) and a Gaussian noise (g;):

Xi=a-Ci+p-Mx+e,Yi=a -Ci+5- My +¢

where «, 3 are scalars that regulate the amount of modality-specific and condition-specific
signal in the image, respectively. We then generated a total of 20 different images ac-
cording to this model, considering two different modality-specific signals and two different
condition-specific signals, all of them randomly generated from a Gaussian distribution.
We generate 3 versions of this dataset, one with 10 voxels, one with 100 and another one
with 1000 voxels.

6.4 Results

For the rest of the paper we will refer to the rejection of the null hypothesis with the
traditional significance of 0.05 without explicitly mentioning this number.

6.4.1 Experiments on synthetic data

In Figure we plot the resulting p-value after performing both CMPT and CMDA on the
synthetic dataset described in section [6.2] for varying magnitudes of the condition-specific
effect () and different image sizes. In the case of decoding, this p-value was computed
as described in |192]. For a = 0, the dataset has no condition-specific signal and so the
test is not expected to produce a statistically significant result. Indeed, the p-value of
CMPT is around 0.5. Note that because of the discreteness of the test statistic (test set
accuracy), the average p-value need not converge towards 0.5 as a goes to zero in the
case for CMDA. As the magnitude of the effect (a) increases, the method that yields a
lower p-value has greater statistical power, because it is able to reject the null hypothesis

with a greater probability. We can see in the figure, that in general CMDA p-values are
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Figure 6.1: Statistical power as a function of the effect size. We compare the obtained p-value (y) for
different magnitudes of the condition-specific effect (x) and different image sizes (10, 100 and 1000 voxels).
Shaded areas correspond to the standard deviation. Across these different scenarios, CMPT yields a higher

significance than the decoding-based approach.
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Figure 6.2: The distribution of p-values generated with CMPT (top) and CMDA (bottom) in the absense
of condition-specific effect after 6000 repetitions of the experiment. p-values are on the z axis, while the
frequencies are shown on the y axis. In case of CMPT (top) the distribution converges to the uniform.
The false positive rate (Type I error) for a significance level of 5 is at the expected value of 5. For CMDA

(bottom), the distribution is not fully flat due to the discreteness of the scoring rule.
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higher, which translates into a lower probability of rejecting the null hypothesis under
this approach and hence higher Type II error.

In Figure|6.2| (top row) we can see that in the absence of signal (a = 0), the distribution
of p-values generated with CMPT(for 6000 repetitions) is relatively flat, showing that the
false positive rate (Type I error) for a significance level of 5 is at the expected value of £.
In the bottom row of that figure, we can see the same experiment for CMDA. In this case
because of the discreteness of the test statistic, the distribution is not completely flat.

From the simulation results (Figure we see that the average p-values yielded by
CMPT are always below those of CMDA. This implies that smaller effects can be detected,
and hence, that CMPT has a higher sensitivity than CMDA. Furthermore, this effect is
replicated across images with different number of voxels, highlighting the benefits of CMPT

in the high-dimensional setting, which is of great practical importance in neuroimaging.

6.4.2 Comparison of CMDA and CMPT on fMRI data

In this section we assess the agreement or disagreement in detecting shared activation
patterns between CMDA and CMPT. The similarity of activation maps for the the dis-
crimination of body vs. car categories was computed for the following pairs of modalities:
perception and imagery, imagery and visual search. The visual search modality was in-
vestigated more in detail by first considering all durations of preparation periods put
together and then analysing separately different delays (2, 4, 6, 8, and 10s). This analysis
was meant to emphasize the issue of small sample size typical for neuroscientific data.
The comparison between CMDA and CMPT took into account additional elements such
as the choice of ROI and the type of encoding of activation maps.

The ROI chosen for the analysis was the Object Selective Cortex (OSC) map shown
in Fig. 3.1l We analysed separately the performance of methods for the left part of the
ROI, right part of the ROI and the whole ROIL. Encoding of the activation maps was of
two types: raw BOLD and beta maps. For the raw BOLD encoding, the volumes were
selected that corresponded to the peak of the hemodynamic response function (HRF,
as rendered by SPM software - www.fil.ion.ucl.ac.uk/spm/doc/)) convolved with the
boxcar function that represented the experimental manipulation. One volume was selected
per trial, and for CMPT the volumes were averaged to produce a single representative
volume per subject per condition per modality. For beta encoding, beta maps were
calculated trialwise using linear regression; for CMPT the maps were averaged over trials,
too, to produce a single beta map per subject per condition per modality.

CMDA was performed by training a logistic regression classifier with ¢, regularization
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Modalities ROI | Encoding | CMDA | CMPT
Pvsl L+R Bold 0.12 0.75
PvslI L+R Beta 0.08 0.001
PvslI L Beta 0.001 0.001
PwvslI R Beta 0.005 0.008

V vs I (delay 2s) | L+R Beta 0.272 0.589
VovsI(delay4s) | L+R | Beta | 0.387 | 0.141
VvsI(delay 6s) | L+R Beta 0.165 0.303
V vs I (delay 8 s) | L+R Beta 0.659 | 0.004

V vs I (delay 10 s) | L+R Beta 0.249 0.461
V vs 1 (all delays) | L+R Beta 0.012 | 0.001

Table 6.1: Comparison of cross-modal decoding analysis (CMDA) and cross-modal permutation test
(CMPT). The values refer to p-value for the discrimination task of body vs. car in each pair of the
cognitive modalities listed in the extreme left column, where P stands for perception, I for imagery (I)
and V for visual search.

on the trials of one of the modalities. The regularization parameter was selected according
to a nested cross-validation scheme (leave-one-run out). The accuracy was then estimated
on a test set from another modality. The training and test process was replicated for each
subject. Then, the p-value was computed for the group using the permutation scheme
described in [70]. The resulting p-values are reported in Table 1.

CMPT group analysis was carried out as described in section [6.2] The similarity
distance between activation maps that we used is the Pearson correlation measure, both
for raw BOLD volume and beta maps encoding. The significance of the proposed test
statistics was computed by a permutation scheme with 10.000 iterations to estimate the

null distribution. The resulting p-values are reported in Table 1.

In Table 1 we report only one result for the comparison between CMDA and CMPT
related to raw BOLD volume encoding: the cross-modal analysis between Perception and
Imagery. In this case none of the methods detect a meaningful shared activation pattern.
Beta maps encoding on the other hand seems to be a more efficient representation. Chen
and colleagues [42] demonstrate that using beta values is a way to get rid of intrinsic
variabilities of BOLD signal throughout the brain and, specifically, within a single area.
In our case, this means that beta values are more representative of the effect size than
raw BOLD signal changes during task-on periods. For this reason in the presentation of

results we only focus on results obtained with data encoded with beta maps.

The results in Table 1 confirm our expectations about the presence of common patterns
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between modalities in Object Selective Cortex. At the same time, CMPT appears to have
higher statistical power and sensitivity in revealing these patterns. The results reported
in Table 1 illustrate two main scenarios: both CMDA and CMPT show significant p-values
or only CMPT. In light of the simulation results we may argue, that since CMDA has a
higher false error rate (Figure , in case of such disagreements the CMPT result is more
reliable. This argument is further supported by the additional empirical evidence that
the false positive rate or Type I error is similar for the two tests, limiting the risk of the
disagreement being biased by a more optimistic rejection of the null hypothesis.

Cross-modal analysis results for perception vs. imagery with beta maps encoding
are in agreement between CMDA and CMPT when the two hemispheres are considered
individually, namely the left and right OSC respectively. When the analysis is extended
to the joint ROI, the number of trials remains constant, while the number of voxels double.
In this case the classifier is affected by the higher dimensionality of data, and CMDA does
not succeed in rejecting the null hypothesis.

The empirical results also support the claim that CMPT is more robust not only in
high-dimensional but also in small sample setting. Simulations show that the Type II
error of CMPT is below that of CMDA in the small sample regime (Fig. . We may
find analogous behaviour for the cross-modal analysis of visual search vs. imagery. If we
consider the cumulative trials of visual search, irrespective of the delays, CMDA rejects the
null hypothesis. When we restrict the cross-modal analysis to single delays of preparation
period for visual search, the number of trials drop from 160 to 32. In this case CMDA
fails to reject the null hypothesis while CMPT does not.

CMPT results are in line with the view that we should expect the presence of shared
activity patterns between perceived and imagined object categories. CMPT analysis also
confirms that the presence of these patterns can be expected in high-level visual areas
processing information about object categories. We are going to further elaborate on this
point in [6.5] On the other hand, CMDA results appear to be affected by the data sample
size relative to the high dimensionality of data.

6.4.3 Exploratory data analysis with CMPT

We ran Searchlight analysis of the whole brain, using CMPT. First, we wanted to show
if and how inserting CMPT as the elementary unit within the Searchlight framework
could identify voxels that store information related to common activation patterns for
two different cognitive modalities. Next, we intended to compare the spatial profiles of

the exploratory analysis with the ROI individuated for the confirmatory analysis.
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To construct group level maps, we referred to the procedure we illustrated in section
Cross-modal Permutation Test (CmPT) at a ROI level. Here we consider the spheres
centered on each voxel as ROIs: we first compute the "true” statistic and then we pro-
ceeded by using permutations. We started by computing single-participants’ CMPT -
Searchlight maps, where each voxel was considered as the center of a sphere (r= 8), and
calculated the T-statistic. Then, we summed up single-participants’ T-values and ended
up with the true group-level statistic. Next, we created N=10000 permutations of the
session labels, and we subsequently constructed 10000 averaged beta maps for each of the
conditions based on the permuted labels - that is, two maps per subject per modality per
permutation. In this way, we made sure that the data coming from different participants
were tested against the same permutations in a uniform way. We then applied CMPT
procedure on these permuted maps by first computing an individual T-statistic and then
by summing up the group values - that is, we constructed an ad-hoc null distribution.
Finally, we simply counted how many times the “true” group statistic was higher than the
permuted group statistic, and we transformed the count in a fraction of the total number
of permutations, obtaining a p-value. This value was assigned to the voxel in the center
of the sphere. The procedure was repeated for each voxel within the gray matter mask.
We ended up with a CMPT Searchlight map of p-values coming from a combination of
permutation-like tests.

In Figure [6.3] we present results coming from the exploratory analysis. We took
the maps for the pairs of cognitive processes where our confirmatory analysis yielded
significant results, namely perception vs. imagery, visual search (delay 8s) vs. imagery,
visual search (all delays) vs. imagery (see Table [6.1)). For merely illustrative purposes,
the maps were thresholded at the conventional significance level of 0.05 (as we are not
aiming at significant cluster identification, no correction for multiple comparisons was
carried out). In the left column of Fig. m we demonstrate the overlaps between the
ROI identified in the course of the group analysis (Fig. and the portions of the map
that signal the presence of information about common patterns between two cognitive
processes for a single slice (z=-16). The fact that the ROI identified contains a high
portion of informative voxels is further illustrated by the histograms in the right column
of the same figure. These are histograms of the p-values of the voxels within the ROI. We
can see that all three histograms have a skewed shape, signalling the presence of a rather
large number of voxels with p-values under 0.05 in the ROI.

For comparison, we also ran CMDA Searchlight with the same sphere size (r=8) for the

same modality pairs: perception vs. imagery, visual search (all delays) vs. imagery, visual
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Figure 6.3: Overlap between the whole OSC ROI and informative voxels identified by Searchlight in
the occipital-temporal cortex for the cross-modal pair of perception vs. imagery. The ROI (the same
as in Figure fig:roi) is shown in blue. P-values in the Searchlight map are colorcoded. The maps were
thresholded at the conventional significance level of 0.05, and the color code shows values between 0.95
(corresponding to the p-value of 0.05) in red and 1 (corresponding to the p-value of 0.00) in yellow. The
leftmost column of the figure shows sagitarial (top) and coronal (bottom) slices (at x= 42 and y = -74
correspondingly) where the rectangle shaded in blue delimits the axial slices further presented in columns
2 - 4. These are six slices of the axial plane taken at steps of 8 between coordinates z = -24 and z =
16. We can see that in all these six slices, there are overlaps between the OSC ROI and areas where

Searchlight identified voxels informative about shared activity patterns between perception and imagery.

153



6.4. RESULTS

search (delay 8) vs. imagery. The analysis was performed with Matlab 8.5.0, MathWorks,
NatickMA, USA using in-house code and Libsvm library (https://www.csie.ntu.edu.tw/ cjlin/libsvm/).
Classifier used for producing the maps was an SVM classifier with a linear kernel as imple-
mented in the Libsvm library. For each subject, two Searchlight maps were obtained for
each modality pair, one where the classifier was trained on the Imagery data and tested on
the other modality data, and one where the assignment of train - test data was reversed.
Then, these two maps were averaged as suggested in [187] yielding a single map per sub-
ject per modality pair. For the group analysis, a one-sample t-test against chance level
(50 %) was performed using SPM software. The resulting group maps were thresholded
at the significance level of 0.05 and cluster size of 10 voxels. Then we compared the group
maps to the OSC ROI selected for the confirmatory analysis. The results are presented
in Table 2. It shows percentages of voxels within the OSC ROI that were identified by
the CMDA Searchlight as informative about shared patterns between two modalities. The
numbers concerning the size of intersection between the Searchlight map and the ROI are
given both as an absolute number of voxels within the ROI and in terms of percentages.
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Modalities ROI | Map Type | Intersection N Vox | Intersection %
Pvsl L mean 4 0.64
Pvsl L single P I 0 0
Pvsl L single I P 239 38.24
Vsl L mean 5 0.8
Vsl L single V 1 0 0
Vsl L single [ V 12 1.92

Vs (delay 8) | L mean 0 0
VvsI(delay 8) | L | singlelV 29 4.64
Vs (delay 8) | L single V' 1 0 0
Pvsl R mean 45 7.2
Pvsl R single P I 13 2.08
Pvsl R single I P 193 30.88
Vsl R mean 0 0
Vsl R single V' I 0 0
Vsl R single I V 1 0.16
Vs (delay 8) | R mean 0 0
VvsI(delay 8) | R | singleIV 10 1.6
Vsl (delay 8) | L | single VI 0 0
Pvsl L+R mean 49 3.92
Pvsl L+R | single P I 13 1.04
Pvsl L+R | single I P 432 34.56
Vsl L+R mean ) 0.4
Vsl L+R | single VI 0 0
Vsl L+R | single I V 13 1.04
V vs I (delay 8) | L+R mean 0 0
V vs I (delay 8) | L+R | single [ V 39 3.12
V vs I (delay 8) | L+R | single VI 0 0

Table 2. Percentage of voxels within the OSC ROI identified by the CMDA Searchlight
as informative about shared patterns between two modalities. The cognitive modalities
are listed in the extreme left column. P stands for perception, I for imagery and V for
visual search. In the second column, it is shown which part of the OSC mask was used
for calculations: left (L), right (R) or the whole mask (L+R). Number of voxels in L+R
ROLI is equal to 1250; each half of it (both L and R) has 650 voxels. The third column
shows which type of map was used for calculations: an averaged map (denoted as mean),
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or a single training - test pair map (denoted as single). In the names of the single maps,
first comes the training modality, and second the test modality. In the last two columns
you can find the numbers concerning the size of intersection between the map in column
3 and the ROI in column 2. In column 4, the intersection size is given as an absolute
number of voxels within the ROI. In the last, extreme right column, it is given in terms

of percentages.

The problem of asymmetry between classifier results when swapping train and test
modalities in a cross-modal setting is well attested for the pair of perception vs. imagery.
The accuracies obtained with the classifier trained on the imagery data have been shown
to be consistently higher than after training on perception data [45,213]. To minimize the
impact of this asymmetry in cross-modal investigations, it was suggested to average the
maps resulting from different train-test combinations for a pair of modalities [187]. How-
ever, the authors of the paper showed that the divergence in accuracy numbers obtained
with different train-test combinations in their data was insignificant. CMDA Searchlight
results in our dataset seem to be rather seriously affected by the issues stemming from the
accuracy asymmetries. First, for the pair of perception vs. imagery, CMDA Searchlight
trained on imagery data identifies a high number of voxels within the OSC mask, both
in right and left OSC. If trained on perception data, the Searchlight finds a much lower
number of voxels within the same area, all of them in the right OSC. In the averaged mask,
the number of the voxels that survive is nearly 10 times lower than that identified by the
Searchlight trained on imagery data (49 against 432). This same kind of asymmetry is
even more prominent for the pair of imagery vs. visual search: Searchlight, trained on
imagery data, identifies voxels within the OSC ROI, while it does not identify any in the
same area if trained with visual search data (neither all delays, nor delay 8). This result
makes us pose a question about the extent to which the voxels idenitified belong actually
to really shared patterns between modalities, or we should rather talk about voxels in
one modality that are informative about the patterns in the other modality. Our overall
conclusion about CMDA Searcchlight is that its use might be questionable in cases when
notable asymmetry is expected, as is the case with perception vs. imagery. For some
modality pairs asymmetry does not seem to be a big issue, as is the case with the data
used in [187], and the use of CMDA Searchlight could be more justified for these data.
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6.5 Discussion

The patterns of brain activity that are shared between the cognitive processes of per-
ception and imagery have been the subject of quite numerous studies. The question
investigated was if we can arrive at abstract, top-down object representations |116}213]
containing distinguishing features [112,218] that will have common neural substrate both
for viewed and imagined object categories |218]. To test for the presence of shared pat-
terns, many studies used cross-modal decoding - namely, multivariate pattern analysis
with SVM classifiers [45]/153},213]. Significant cross-modal classification accuracies were
taken as the evidence in favour of the presence of shared activity patterns. In some studies,
correlation-based analysis was also performed to visualize and estimate similarity between
these patterns in terms of distance [153,213]. What emerged from these studies was the
view that, indeed, visual imagery activates the same areas that contain information about
visually perceived stimuli [74}218], and shared patterns for stimulus categories in these
two processes can be established [5,145,(153}[199,213,247]. The areas where these common
representations were found include the ventral temporal pathway, lateral occipital cortex
[45,153,213]247] and extrastriate cortex [116],/153,(199,247]. The question of shared pat-
terns in early visual areas, such as V1, remains controversial [153,213]. Horikawa [112]
showed that it depended on the feature type: lower visual features had similar representa-
tions for perception and imagery in lower visual areas, while the same was true for higher
visual features in higher visual areas. Cichy [45] arrived at a similar conclusion about
the subdivision of features: although they did not find significant accuracies for decoding
object categories in lateral early visual cortex, they could identify shared representations
of object locations in these areas.

Top-down attention patterns mediate attention biases during perception and affect be-
havioural performance in attention related tasks. In case of visual attention, these patterns
can be revealed in visual search experiments via activity in the category-related object se-
lective areas during preparatory delays [248]. Several studies attempted at demonstrating
the high-level nature of the preparatory patterns through cross-modal analysis, mostly
with visual perception as the other modality [200},201,248]. As object representations in
the brain obtained during imagery tasks are thought to be closer to high-level top-down
representations of objects in visual cortex [199,218], the hypothesis naturally suggests
itself that we can expect these patterns to show up also during visual search prepara-
tory periods. We tried to shed light on this hypothesis using both CMDA and CMPT on
visual imagery and visual search data. Besides, we ran cross-modal analysis separately

for preparatory periods of varying length (between 2 and 10 seconds) to get insights into
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preparatory dynamics. We were expecting that only certain dealys would result signifi-
cant, conforming different hypotheses about this dynamics. For instance, if only shorter
delays (2-4 s) had resulted significant, that could be evidence in favour of transitory and
cue-related nature of the preparatory activity in the Object Selective Cortex. If, on the
other hand, we had seen significant results in the longer delays, that could reveal the fact
that it takes time for the activity to build up. First, we see that both methods confirm
expectations about imagery patterns being more high level than perception. None of the
methods yielded significant results in the pairs of visual search vs. perception. As for the
presence of the shared patterns between visual imagery and visual search, we are faced
again with limitations of CMDA as a method: its results can be significant and it can
reveal the presence of shared patterns between preparatory periods and imagery, but this
type of analysis needs a lot of data. On the other hand, CMPT can reveal shared patterns
even with fewer data as is the case with 8 seconds delay. Further study is needed to
uncover the temporal dynamics of the preparatory top-down patterns. We hypothesize
that delays shorter that 8 s do not allow the preparatory activity to build up, while in
case of 10 s the delay it is too long, and the subject might be loosing concentration after

a certain period of time.

We placed CMPT side by side with other standard data analysis techniques in order to
examine whether this approach could be as informative as others. We have shown that in
confirmatory, top-down contexts CMPT can yield better results than CMDA. However, it
is necessary to mention one limitation of the method. One of the overarching questions
in the study of visual imagery is identifying neural representations of categorical features
in the form of brain activation maps [199}218]. CMPT method cannot provide insights
into the location of the discriminative patterns at a ROI level. Despite being a more
robust test for cross-modal analysis, CMPT is not appropriate to investigate the shape
of shared pattern within a given ROI. In this case, CMPT doesn’t support a sensitivity
analysis at the voxel level needed to compute granular brain maps of activations that are
common between modalities. On the other hand, CMDA (at least when linear classifiers
are used) contains a vector of weights that can give some clues about the relevance of the
input features. However, CMPT combined with Searchlight technique can be a helpful
method to locate brain regions that contain information about common patterns between

modalities.

We took advantage of one strong point of the Searchlight analysis, its “modular”
nature: Searchlight might be thought of as a generic framework of data examination that

can subsume various analysis techniques as elementary units. Searchlight is widely used in
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neuroimaging, but it suffers from a number of issues. Conducting Searchlight analysis has
several major advantages: first, it can be run on the whole brain, no prior ROI selection
is required. Next, it avoids the “curse of dimensionality” of full brain classification, by
reducing the number of features used at each point by the classifier. Finally, it has
proven to be quite successful in identifying subject specific activation patterns [71]. The
maps produced with Searchlight are of the same nature as the maps obtained with the
univariate GLM approach, but they are based on a more fine-grained pattern identification
from multiple voxels and better reflect the spatial properties of the BOLD signal (that
is, adjacent voxels have similar activation patterns). However, major criticisms of the
Searchlight approach regard the use of classification accuracy as the information measure
and the t-test as the method to obtain group significances. As is pointed out in [71],
SVM classifiers can correctly classify even with a few number of highly informative voxels
and when weakly informative voxels are numerous enough. Both of these behaviours can
cause distortions in a map: in the first case, all searchlights overlapping with one of a few
informative voxels will be significant. In this way, the number of informative voxels is
overestimated. In the second case, the cause of distortions is “discontinuous information
detection”: groups of weakly informative voxels will be missed out if their size is below
a certain threshold, but can be judged significant if you just add a single voxel. That
leads to underestimation of the number of significant clusters just because the number of
weakly significant voxels does not reach a certain mass. Efficiency of using classifiers with
Searchlight depends strongly on the classifier parameters and sphere size [2,71]. In [2],
the point is raised against interpretability of classifier accuracy with neuroscientific data:
unlike distance measures, its value depends on the properties of the dataset (amount of
training data and what kind of data is used as test data) and not only on the presence of
a particular effect in the data. Besides, the authors point out that capturing interactions
of several factors in a factorial experimental design cannot be cast as a classification task.
So, addressing these methodological issues for Searchlight can significantly improve this
valuable tool and make its result more scientifically rigorous.

Classification accuracy is not the only way to represent information content. In the
original paper by Kriegeskorte [140] the metrics used was Mahalanobis distance be-
tween the distributions corresponding to stimulus categories. In [2] the authors build
on the probabilistic model of the data proposing a cross-validated multivariate ANOVA
(MANOVA) as the informational content measure. In [263] three various measures - clas-
sification accuracy, Euclidean/Mahalanobis distance, and Pearson correlation distance -

are compared for reliability in the context of Searchlight analysis. In this paper, it was
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shown that continuous crossvalidated distance estimators such as Euclidean/Mahalanobis
distance or Pearson correlation should be preferred for Searchlight because they are more
interpretable from the neuroscientific viewpoint.

Another bunch of critical remarks concerns the use of t-tests for assessing significance at
the group level. Certain properties of neuroscientific data make the use of t-tests question-
able for this purpose, particularly, the low number of observations and the non-gaussianity
of the probability distribution of accuracy. As a consequence, several assumptions of the
t-statistic are not met, rendering the procedure invalid from a theoretical point of view”
[244]. However, it is not the only option here. In [244] a non-parametric test for group
significance and cluster inference was proposed based on permutations and bootstrapping
procedure. Nastase and colleagues [187] also opt for permutation tests in Searchlight

context.

Methodologically, using CMPT in conjunction with the Searchlight technique for cross-
modal pattern analysis has several advantages over the common Searchlight procedure
because it does not rely neither on classification accuracy nor on the t-tests and hence
avoids the common methodological pitfalls. At the same time, we are following the sug-
gestions in the literature that are considered more appropriate for the Searchlight. First,
the test statistic proposed in equation that is used as the measure of information
contained at each voxel is based on Pearson correlation and is interpretable in terms of
similarity. Second, group significance is tested non-parametrically with permutation tests
that do not make assumptions about the shape of the data distribution. We found that
CMPT integrated into Searchlight has proven effective also to explore and, potentially,
confirm what we observed using top-down, ROI-based analysis, which suggests both ro-
bustness and efficiency of the CMPT Searchlight in fMRI data analysis.

However, it is important to note that confirmatory and exploratory analyses report
different p-values. While it is possible to qualitatively compare the outcomes of these
two analyses, plainly putting their p-values side by side might be misleading. CMPT-
ROI p-values come from an extended, functionally well-defined area including 625 or 1250
voxels. CMPT-SL analysis spans over the whole brain sphere by sphere, extracting results
from spheres including about 200 voxels each. This means that p-values coming from
confirmatory and exploratory analysis should not be compared on a purely quantitative
level.

The question of shared patterns between various cognitive modalities is relevant not
only for object categorization in visual processing. It is fundamental in the study of

interactions between top-down and bottom-up processing streams in the human brain
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in general. Further directions of study could include using the CMPT method and the
CwmPT Searchlight technique with a wider number of other cognitive modalities, such as
auditory or linguistic [29,234}235]. Besides, we could investigate other areas that can
share representations with imagery - for instance, working memory areas [199]. Finally,
the CMPT method could be tried with other types of neuroimaging data - as, for example,
EEG motor imagery data for Brain-Computer interfaces [43] or MEG data [61.{110].

6.6 Data and code availability.

Processed data (ROI beta-maps, BOLD volumes and Searchlight maps) are available
from a public repository on Github https://github.com/elena-kalinina/Code_CMPT_
paper. The code used to generate and analyze synthetic data is available from the same
repository along with data analysis code and Searchlight implementation. Sharing the
whole dataset involves the consent of third-parties who participated in the experiment
design. If the consensus is reached, the data could be made publicly available.
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6.6. DATA AND CODE AVAILABILITY.
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Chapter 7

Conclusions and Discussion

The subject of our research was protocol adaptation in real-time neuroscientific studies.
The need to adapt protocol interactively in an online mode stems from the paradigm shift
that takes place in real-time experimental neuroimagning. Data acquisition methods in
these studies are different from those in traditional experiments, because in the former the
dependent variable is the measured brain activity, while stimulation is the independent
variable. Based on these data, the researcher tests hypotheses about how external stimuli
evoke responses from the brain, and the protocol has to be fixed before the study, to enable
statistical inference. In real-time experimental manipulations, the question investigated
is about how the current state of the subject conditions their response to external stimuli.
Fixed stimulation protocols do not allow to study this question, because the relationship
between variables is reversed: the signal becomes independent variable, while stimulation
is adapted based on the signal as dependent variable. For this reason, real-time neu-
roimaging studies do not use fixed protocols (or use them very rarely) and need robust
adaptive procedures for constructing stimulation sequences in real-time along with data
analysis.

We analyzed major types of real-time neuroimaging experiments (BSDS, BCI, Neu-
rofeedback) in Chapter 2 We also gave an overview of available protocol adaptation
methods, where it was noted that real-time adaptation methods for interacting with the
subject’s states are very scarce. In Chapter [3| we outlined main challenges that each ex-
perimental type is facing for real-time protocol adaptation. In BSDS, it is detecting the
subject’s state reliably in real-time, when all samples are not yet available, and choosing
a policy given severe temporal restrictions. BSDS as a method can produce valuable in-
sights about mappings of the measured signal to subject states. These insights are critical

for developing advanced closed loop stimulation protocols for BCIs and Neurofeedback
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studies.

In our investigation of BSDS, we arrived at the conclusion that the reference method
- supervised classification, or brain decoding - has several restrictions on its use in real-
time settings, for a number of reasons, e.g. the curse of dimensionality. We had a very
concrete state detection task in our case study of top-down attention, that involved not
just supervised decoding, but cross-modal decoding, where training and test data were
coming from two different cognitive modalities. This method was supposed to detect
high-level common state patterns for these cognitive modalities, but was also failing,
also because of limitations of supervised classification. So, for BSDS we proposed and
evaluated an unsupervised method of state detection. We also came up with an alternative
method for establishing common patterns between cognitive modalities, as this question
is of fundamental importance in neuroscience. We framed detection of high-level common
patterns as statistical hypothesis testing, and proposed an appropriate test statistic along

with permutation tests schema for establishing significance. The method is described in
Chapter [6]

In Chapter (4] we presented a real-time fMRI setup that allows to detect the subject’s
attentional state (top-down preparatory attention pattern) in a Brain-State-Dependent
Stimulation setting. The method was based on an unsupervised model - GMM - for state
detection, and an incremental variant of the model fitting algorithm was used to classify
brain states in real-time. There are some issues that we would like to be pursued by
future research. First, it is known that GMMs depend heavily on initialization. By trial
and error we adopted the number of initial clusters as 5. In this way, we ensure that even
though baseline shifts during the session, we still detect changes between components.
Other directions for future studies could be learning the optimal number of components
from the data - e.g. using Bayesian Information Criterion [38]. There are also dynamic
models that create and continually adjust a Gaussian Mixture Model consistent to all
sequentially presented data: in this way, they are able to create new components and

"forget” other, unnecessary [67].

Second, as we were piloting an fMRI setup, its various components were tested, and
in the end we do not possess a consistent dataset that would allow to perform good-
quality statistical inference. In other words, we were not able to establish behavioural
differences between two types of trials - BSDS trials and control trials. However, an
additional validation method is needed anyway. If behavioural data would not not show
differences between trials, the reason could be unclear: on the one hand, the method of

state detection could have failed; on the other, the state detected in this way does not
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necessarily have influence on perception. So we still need a separate validation method

to confirm that indeed the desired states were detected.

In order to contribute to the develoment of closed loop protocols for BCIs and Neu-
rofeedback, we designed and implemented an experiment with the scope of controlling a
subject’s affective state (arousal). As our second contribution, we presented this real-time
experiment where the subject’s skin conductance was measured, and stimulation was ad-
justed in a closed loop manner to maintain the signal at a target level. GSR measurements
in real-time are mostly used for monitoring of arousal with the scope of detecting stress or
other dysfunctional states [260]. We proposed and tested a novel method making use of
real-time GSR signal processing for closed loop affective control. With the new approach
we test the limits to controlling arousal by external measures. The results of the experi-
ment, presented in Chapter [ suggest it is quite possible to exert some degree of control
over the subject’s arousal. This work combines and extends several lines of research on
the control of human mind. Designing control strategies to achieve certain states of mind
through experimental manipulation is thought to be a frontier of mind control, though
possible [176]. To successfully implement a control strategy, a clearly defined target state
is needed as the goal of the neural control. For the control intervention to be beneficial,
at least in the case of emotion control, it has to be defined in terms of cognitive represen-
tations, but at the same time control strategy is executed at the physical level, such as
neural substrates and/or measured signal. For that we need a mapping between neural
states and states of mind. This is is seen at the moment rather as a challenge driving
cognitive neuroscience [176] than a solved issue. Another open challenge is estimating
the physical system dynamics and determining its state. This is more achievable in an
invasive manner, with the direct access to the neuronal measurements [228]. However, in
view of limited applications of invasive control as well as general difficulties of measuring
and modelling such noisy systems as human brain, it might be preferable to strive for
guiding the brain rather than controlling it in a compelling manner [100]. Even in the
absense of an ideal control strategy, simplified control strategies built with limited access
to the system and drawing upon the brain’s natural dynamics could still be beneficial for
the clinical scenarios [176]. Control strategy based on GSR signal could be such a way of

efficiently assisting affective state regulation in the brain.

With GSR measurements, we were able to define the target state and capture the
system dynamics due to a very straightforward linear relationship between arousal and
the signal. GSR is a very good correlate of arousal, but arousal is mediated and pro-

cessed in the brain. If we can match activity in emotional networks in the brain with
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GSR measurements, we can have access to control over these brain areas using GSR
signal as an intermediary. Brain activity related to autonomic responses has been the
subject of several studies aimed at identifying brain areas involved in autonomic con-
trol of emotional states. The principal approach here was experimentally perturbing the
signal coming from autonomic nervous system with stimulation, so that increases and
decreases in the autonomic signal could be correlated with the changes in the brain ac-
tivity occurring concurrently [51]. Some of these studies used direct recordings of the
sympathetic nerve activity [117]. However, more numerous studies employed non-invasive
measurements of the autonomic response, such as heart rate, blood pressures and skin
response [51]. This was done in a variety of tasks gambling task [48], the Stroop task [49]
or biofeedback task, when the subject was asked to up- or downregulate arousal based on
the feedback from the screen [50], [185]. The goal was establishing neural underpinnings
of the dynamics of autonomic emotion control in order to shed some light on the dynamic
integration of the visceral and cognitive processes [48]. In particular, that means disen-
tangling brain mechanisms that generate changes in autonomic arousal during behavioral
reactions to stimuli and those which process internal feedback signals to create represen-
tations and bring to awareness subjective feeling states. These neuroimaging studies have
demonstrated that the constructs of emotion are consistently associated with topograph-
ically distinct and recurrent patterns of cerebral activity in humans [205]. The regions
involved comprise orbitofrontal cortex [117,|185], insular cortex [50}51},117]/185,205], tha-
lamus [51,/117], ventromedial prefrontal cortex [185,[205]. Importantly, the amygdala as
part of a more extensive supporting network including prefrontal cortex and striatum,
was found to control arousal by modulating the neuroendocrine responses and the ac-
tivity of noradrenergic nuclei [205]. These are regions evaluating the emotional value of
stimuli, nearly all of them were found to be associated with viscerosensory processing.
On the other hand, anterior/mid cingulate cortex [50,/51.|185/205] has been identified as
the region not only mapping visceral responses, but also controlling emotional arousal in
a volitional manner. These brain areas can be regarded as the system forming an inter-
face between cognitive/volitional behaviour and autonomic bodily responses. GSR signal
can be a "window” into what happens in this system during emotional processing. That
means, it allows to obtain necessary information about the systemic mechanisms involved
in cognitive processing and volitional modulation of peripheral autonomic arousal states,
represented by skin conductance, and it is possible that we can guide the system efficiently
through that window.

The goal of our study was to test an adaptive stimulation protocol that can be applied
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in a closed-loop manner to externally control affective states. This kind of approach could
be beneficial for assisting clinical populations in need of emotion regulation, e.g., in autism
or schizophrenia, as well as for healthy groups in situations where emotional control is
required, e.g. under stress. It would also be interesting to manipulate arousal in order to
control other cognitive states that arousal influences. For one, it would be interesting to
see behavioural or other differences between groups that arise from the changes in arousal
level - e.g. perceptual biases [142] or memory formation [63.(102].

We conclude that our closed loop real-time protocol allows to minimize the error sig-
nal consistently and significantly below that in the randomized sequence. Our results
suggest that brain state control is feasible combining well-known stimuli and rather basic
physiological measures.
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