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Abstract

Researchers have been interested in studying the connection between emotion and memory for
decades but much remains unknown due to the elusive nature of the human brain. Furthering
our understanding of the phenomenon is crucial for improving the treatment of neurological
disorders associated with emotion dysregulation, as well as for enhancing autonomous systems
that interact with humans, such as robotic prostheses and artificial intelligence. A promising
approach to studying cognitive processes is developing computational models of brain activity,
which have the potential to uncover the underlying neural mechanisms.

This master’s thesis presents a novel dynamical model of the neural activity underpinning
the process of emotional associative memory encoding. This type of memory is especially
complex and poorly understood as it requires memorizing the relationships between various
environmental stimuli that may elicit distinct emotions. To model this phenomenon, the thesis
proposes a network model using the Dynamic Causal Modeling (DCM) framework, focusing
on the Amygdala (Amy), the Hippocampus (Hip), and the Orbitofrontal Cortex (OFC) due
to their central roles in emotional associative memory. Furthermore, the thesis provides an
analysis of network state coordination and state error stability, deriving analytical bounds
for state error dynamics that illustrate how the model’s properties are linked to improved
memory encoding.

The dataset used to estimate the DCM comes from a functional Magnetic Resonance Imag-
ing (fMRI) study conducted by Zhu et al. at Donders Institute for Brain, Cognition, and
Behaviour [1], where participants were asked to memorize pairs of two emotionally potent im-
ages (group Emotional-Emotional (EE)), two neutral images (group Neutral-Neutral (NN)),
or one neutral and one emotional image (group Neutral-Emotional (NE)). The DCM model
developed in this thesis reflects how the neural dynamics differ among the groups and among
the modeled brain regions, corroborating many of the behavioral results of the experiment
and bringing novel insights. Group NE is found to exhibit the best overall information flow,
leading to the best subsequent memory, and the coupling between Amy-Hip is shown to play
a key role in the improved memory encoding. Conversely, the connectivity between Hip-OFC
in all groups appears to be the weakest but the most sensitive to external stimuli, indicating a
key role of this connection in responding to the environment. Moreover, there is considerable
evidence that the external inputs enter the network through the OFC in all groups.
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Another important contribution of this thesis is the extensive overview of DCM in Chap-
ter 2, which discusses the mathematical foundations, the system identification algorithm,
criticism raised against the method, studies of its statistical validity, and advice on imple-
mentation. Additionally, Appendix B presents the first guide for DCM script development in
the Statistical Parametric Mapping (SPM12) toolbox in MATLAB. Furthermore, this thesis
compares the performance of four different variations of DCM, proving that Stochastic DCM
achieves superior results in experimental paradigms with brief emotional stimuli. The suc-
cess of this approach is believed to stem from its capacity to handle model misspecification
and neuronal noise. Overall, the Stochastic DCM developed in this thesis is considered to
provide the most comprehensive representation of neural dynamics governing the encoding of
emotional associative memory when compared to other existing dynamical models.
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Chapter 1

Introduction

Emotions play a crucial role in shaping our memories - we tend to remember things more
vividly when they are tied to strong emotions like significant life events. While joyous or
traumatic experiences are generally remembered better, emotions can also have a detrimental
impact, distorting or blocking associated memories. The two brain regions that are typically
considered to be the most crucially involved in emotional memory are the Amygdala (Amy)
and the Hippocampus (Hip). The amygdala is responsible for the acquisition and expression
of conditioned emotional responses, that is the association of stimuli from the sensory cortex
with an emotional value [2]. Furthermore, the hippocampus serves a key role in declarative
memory, which is the conscious, intentional recollection of past events and facts [3].

To gain insight into the exact dynamics of how emotions and memory interact, neuroimaging
data can be used to create computational models of brain activity. The goal of this thesis is to
construct such a model using data from an experiment where subjects were asked to memorize
images that elicit emotional responses. Furthermore, the resulting model is analyzed to draw
conclusions about emotional memory and its neural underpinnings.

The aim of this chapter is to provide the necessary background information and to define
the problem statement for the experimental part of the thesis. The motivation for modeling
emotional memory is explained in Section 1-1, the relevant concepts from neuroscience are
introduced in Section 1-2, the related work is summarized in Section 1-3, the problem state-
ment is introduced in Section 1-4, and the outline of the remainder of this thesis is described
in Section 1-5.

1-1 Motivation

Emotions play a crucial role in human behavior, shaping the way we make decisions, learn,
and interact in a society. Disturbance of emotional learning is at the core of disorders like
depression or anxiety, which are a severe burden to the individual and to society. Modeling
emotional learning can thus give researchers valuable insight into what brain regions are
involved and how they interact with each other, shaping this highly complex process. Research
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2 Introduction

in this field contributes to a better understanding of human behavior, which in turn finds
applications in improving mental health treatment of disorders associated with memory and
emotion impairment, as well as enhancing autonomous systems that interact with humans.

1-1-1 Understanding human behavior

Thanks to the numerous studies on the subject, it is now well-established that emotion sig-
nificantly influences learning. As highlighted in the sections above, this interaction is highly
complex and can either enhance or impair memory. Much remains unknown in this matter
and studies report highly task-dependent and sometimes conflicting results. It is thus im-
portant to keep studying the phenomenon to understand exactly in what situations emotions
help or disturb learning, such that findings are not contradictory but rather complementary.

One example of opposing findings is that improved learning and academic achievement have
been linked to both positive and negative emotions. While positive emotions help in learning
by stimulating motivation and self-satisfaction [4], negative states related to confusion around
the study material aid in learning by promoting low-level anger and enhanced seeking of
material explanation [5]. On the other hand, even the same emotion can enhance or impair
memory, based on its intensity and duration. In particular, mild and short-term stress has
been found to facilitate cognitive processes, while severe and chronic stress impairs learning
and memory retrieval [6]. Emotion is thus said to influence hippocampal-dependent memory
in an inverted U-shaped function [7].

Memory impairment caused by emotional arousal is especially noticeable in associative mem-
ory, which is used to learn the relationship between unrelated items. Several studies using
pairs of emotional and neutral stimuli have demonstrated reduced associative memory for
aversive pairs, accompanied by increased activity in the amygdala [8]. One study support-
ing this view has investigated the root of this phenomenon using image pairs [9]. Based
on the evidence from other literature, the authors have formulated two possible hypotheses
for impaired associative learning of emotional stimuli. The authors have observed increased
hippocampal activity for later remembered negative image pairs but generally, associative
memory for neutral pairs was better. These results are in favor of the so-called "bypassing"
hypothesis, which states that hippocampal activity increases when associations can be uni-
tized, improving associative learning of the pair. Unitization is the process by which separate
elements or features of a stimulus are combined into a single, integrated representation that is
easier to remember. The study has suggested that emotionally valenced pairs do not induce
unitization as easily as their neutral counterparts. This is because emotional material has
inherently distracting and arousing properties. Neutral items, on the other hand, have been
found to easily unitize even without cognitive strategies if they form a meaningful or familiar
combination [10].

The hypothesis about unitization enhancing associative learning is only one possible idea.
In fact, there is evidence supporting the second suggested hypothesis as well. This other
theory is called the "disruption" hypothesis. It states that associative memory for emotional
stimuli is impaired because the increased amygdala activity lowers hippocampus activity
and thus, disrupts hippocampal-dependent memory. The study in [11] has used the same
paradigm as [9], yet the authors have found reduced hippocampal activity (opposite to the
other study) and later recall of all negative image pairs, which is consistent with the disruption
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1-1 Motivation 3

hypothesis. The authors of [9] have hypothesized that the contradicting results stem from
different fMRI scanning resolutions, statistical approaches, or the emotional nature of the
images and the emotional involvement of the participants. The differences could also be
caused by the subjects as [9] has examined 84 male participants, whereas [11] has examined
11 female and 9 male participants. There is vast evidence for significant emotional memory
differences between genders, with [12, 13] reporting that men and women activated different
neural circuits during the encoding of emotional material. While men had more activation in
the right amygdala, women had increased activation in the left amygdala. The authors have
also found that females remembered the emotional stimuli better than men.

The study on associative memory of word-image pairs by [14] reports yet another conclusion
wherein associative memory is actually increased for emotional material. The authors have
stated that their result is consistent with previous studies but the ones they have listed
examined only emotional learning for single items, not associative memory. This is not to say
that these results were incorrect but this example illustrates a problematic trend in the field.
Researchers sometimes make a conclusion about the impact of emotion on learning and state
that it is consistent with previous findings, without acknowledging contradictory studies. All
the studies discussed in this section demonstrate how much is still unknown about the nature
of emotional learning and how subtle methodological differences seem to produce discrepant
results.

1-1-2 Improving mental health treatment

Apart from purely advancing human knowledge of neuroscience and psychology, understand-
ing emotional learning is vital for improving mental health treatments for numerous disorders
associated with emotional dysregulation. A common treatment relies on exposure therapy,
which involves gradually exposing the patient to the source of their anxiety or trauma in a
safe and controlled environment [15]. This therapy relies on extinction learning, which is a
decrease in response to a conditioned stimulus that occurs when the stimulus is presented
without reinforcement. Understanding fear conditioning is thus crucial to improve this sort
of treatment. Examples of anxiety disorders include Post-Traumatic Stress Disorder (PTSD),
associated with intrusive memories of traumatic experiences, and Obsessive-Compulsive Dis-
order (OCD), which causes distressing thoughts and ritualistic behaviors performed to alle-
viate anxiety. Yet another disorder that benefits from this treatment is the Substance Use
Disorder (SUD) associated with abnormal reward processing and impaired decision-making
[16].

Apart from behavioral approaches, mental disorders can be treated with neuromodulation,
which involves activating certain brain areas using agents that are electrical (e.g. Deep
Brain Stimulation (DBS) [17] and Vagus Nerve Stimulation (VNS) [18]) or magnetic (e.g.
Transcranial Magnetic Stimulation (TMS) [19]). Developing these techniques relies on knowl-
edge of the neural circuitry and the mechanics of emotional learning. These neuromodulation
techniques have been found effective in treating disorders associated with emotion dysregu-
lation such as OCD, SUD, as well as depression, a disorder that causes people to attend to
negative stimuli and interpret ambiguous information negatively.
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4 Introduction

1-1-3 Advancing neuroengineering and artificial intelligence

Models of various cognitive processes, including emotions and learning, are crucial for the
development of Brain-Computer Interfaces (BCIs). These are systems that enhance the func-
tioning of patients who are affected by various disabilities. BCIs can serve as a direct commu-
nication pathway between the brain and external devices, including robotic limbs and tools
for speaking and writing. This is accomplished by measuring a biosignal and using it to
estimate the person’s cognitive state. Incorporating emotional models into these interfaces
would allow the system to better recognize the meaning of neural activity changes induced by
emotional states [20]. Moreover, it would enable the users to apply more natural strategies
to control the device. Another type of BCIs is neuroprostheses, which enhance the activity
of a neural system in patients who suffered a brain injury that caused cognitive impairment.
As a result of the trauma, various deficits may arise, including memory loss and personality
changes. The subject of detecting and incorporating emotions into BClIs is an active area of
research, with some of the most notable developments summarized in reviews such as [21, 22].

Another application of emotional learning models is in enhancing Artificial Intelligence (AT)
systems as outlined in several reviews [23, 24]. First of all, computational models of emotions
allow Al to generate synthetic emotional responses, which makes them more believable and
able to interact with people on an emotional level. As emotions shape human cognitive pro-
cesses involving decision-making, attention, and memory, adding such features to Al systems
can help them adapt to changing situations or make appropriate decisions based on their
goals. However, incorporating emotions into Al systems is difficult, and much progress re-
mains to be made to create highly complex models that account for varying scenarios, social
and cultural contexts, and internal states.

Secondly, by understanding how the brain learns, researchers can develop bio-inspired algo-
rithms for training AI. One of the most notable developments in this field is the Free Energy
Principle (FEP), which is a unified theory of how biological systems, including the brain,
learn and adjust to the environment. The principles of the FEP theory have been utilized to
create various adaptive learning algorithms that efficiently combine the autonomous agent’s
prior knowledge with sensory inputs from the environment. In fact, the FEP is at the core of
the system identification algorithm utilized in this thesis.

1-2 Background

The amygdala and the hippocampus are located in the Medial Temporal Lobe (MTL) de-
picted in Figure 1-1 and they both play crucial roles in governing emotional memory. A key
study on the two brain regions has shown that the systems are independent, yet they interact
in a complex and meaningful way [25]. In the experiment, patients with amygdalar and/or
hippocampal damage were tested in a classical conditioning paradigm. The participants were
shown multiple slides of different colors, including blue slides, which were followed immedi-
ately by a startling sound. After completion of the conditioning phase, the patients were asked
to name the different colors they saw and indicate which color was followed by a sound. In
the last experiment phase, only blue slides without sound were presented to examine whether
conditioning was acquired. To measure the physiological reaction, the skin conductance re-
sponse was measured. The experiment’s outcome was that different brain lesions blocked
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Figure 1-1: Elements of the Medial Temporal Lobe (MTL) from [26].

different aspects of memory. The patient with amygdalar damage failed to acquire a normal
physiological fear response to the blue slides. She did however recall the slide colors and the
fact that a sound followed the blue one. In contrast, the patient with hippocampal damage
did in fact exhibit fear conditioning but failed to acquire new facts about the stimuli presented
in the experiment. Finally, in the case of the third patient, damage to both the amygdala
and the hippocampus blocked the acquisition of both fear conditioning and facts.

Another study involving subjects with varying degrees of amygdalar or hippocampal damage
has examined brain activation during a memorization task with neutral and aversive words
[27]. Brain signals were measured using a neuroimaging technique called functional Mag-
netic Resonance Imaging (fMRI) and described in detail in Section 2-1-1. While the level of
amygdalar damage predicted memory performance for only emotional words, the severity of
left hippocampal pathology predicted memory performance for both neutral and emotional
phrases. Furthermore, bigger left amygdalar pathology was associated with reduced activ-
ity in the left hippocampus during the encoding of emotional words as compared to neutral
words. Interestingly, bigger left hippocampal pathology predicted a decreased activity in both
the left and the right amygdala. The authors have suggested that the Amy-Hip interaction
is related to the strong, reciprocal anatomical connectivity between the two areas, as shown
in anatomical studies in animals.

The above experiments have confirmed that the amygdala and the hippocampus govern dis-
tinct but linked memory systems that are both crucial for emotional learning. What remains
to be answered is how these systems are coupled. The following sections explore the various
functionalities of the hippocampus and the amygdala, as well as the current knowledge and
hypotheses of how they interact.

1-2-1 The role of the amygdala
The amygdala is responsible for assigning emotional value to highly analyzed stimuli signals
from the sensory cortex [2]. The emotional responses associated with the amygdala include

happiness, fear, anxiety, anger, and aggression. The amygdala also plays a crucial role in the
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6 Introduction

two stages of memory, which are encoding and consolidation.

In the encoding phase, the stimulus is first perceived and attended to. Studies have shown that
emotion has an impact on attention by drawing it in and changing how quickly emotional
inputs are processed upon varying levels of attention [28]. As the amygdala is strongly
connected to the sensory cortices, its signals modulate the mechanisms of ’emotional attention’
[29]. Studies have shown that the amygdala responds to emotional stimuli rapidly and before
awareness, allowing it to enhance perception and thus the encoding of emotional events [30].
For instance, it has been shown that people have the predisposition to direct attention toward
potentially threatening stimuli [31, 32].

The second memory phase is consolidation, during which the encoded memories are fragile and
need time to stabilize [28]. Once memories are consolidated, their retrieval is governed by the
hippocampus. The amygdala has been found to modulate consolidation by regulating brain
regions such as the hippocampus and the striatum [33]. This study has suggested that the
process of memory consolidation is slow to allow the emotional reaction and its physiological
response to influence the memory of the event. Moreover, studies have shown that eliciting
a stress response right after the encoding of a stimulus using pharmacological [34] and pain
[35] stimulation also enhances the memory associated with this stimulus.

Furthermore, several brain imaging studies have shown the involvement of the amygdala
in long-term memory for emotional events. For instance, it has been shown that the level
of physiological response to emotional videos is significantly correlated with the number of
videos recalled a few weeks later [36]. Several animal studies have also demonstrated the
impact of stress on long-term memory. Experiments with rats have shown that administering
an electric shock or injecting with a stress hormone before the task impairs the animals’
retrieval of long-term spatial memory governed by the hippocampus [37].

1-2-2 The role of the hippocampus

The primary role of the hippocampus is forming, organizing, and retrieving declarative mem-
ories [3]. This type of memory is also called explicit memory and it pertains to the recollection
of everyday facts and events. Most of the research about the Amy-Hip interaction in emotional
learning and memory has focused on the influence the amygdala has on the hippocampus.
There is however evidence that declarative memory governed by the hippocampus has an
impact on the amygdala as well.

In classic fear conditioning experiments, subjects acquire a fear response to a neutral stimulus
that was earlier presented to them together with an aversive stimulus. Yet in everyday life,
humans may acquire conditioning to stimuli they have not experienced before but to which
they have assigned a negative emotional meaning through, for example, verbal communication
with someone else [28]. This phenomenon has been studied in an fMRI experiment with a
task called instructed fear [38]. The subjects were told that they would be presented with
a few different slides and that the one showing a blue square would be followed by one or
more mild shocks to the wrist. However, no shocks were actually administered in the study.
When shown the blue square, the subjects showed a physiological response consistent with
fear and increased amygdala activity. Such learning through instruction requires acquiring
declarative memories about the emotional significance of stimuli, which means it is governed
by the hippocampus.
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1-2 Background 7

PREFRONTAL CORTEX =————————>-_
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Figure 1-2: Regions of the Prefrontal Cortex (PFC) from [40].

1-2-3 The role of the prefrontal cortex

The cerebral cortex is the outer layer of the brain and it is where many of the higher-
level cognitive processes such as language and decision-making take place. In contrast, the
amygdala and the hippocampus are part of the subcortex, which is involved in the processing
of more basic or involuntary functions such as emotion and attention. Several cortical regions
have been found to be crucially involved in emotional and cognitive processes [2]. Firstly,
the sensory cortices send their highly processed signals about the perceived stimuli to the
Amy-Hip complex. They are typically not modeled directly as part of the emotional learning
circuit and serve solely as a source of an exogenous input. Furthermore, the Prefrontal
Cortex (PFC) is involved in a number of cognitive functions related to emotion regulation,
attention, working memory, and reward processing [39]. It is thus commonly considered as
a key element of the emotional learning circuit. The PFC can be subdivided into (at least)
three regions depicted in Figure 1-2, namely the Dorsolateral Prefrontal Cortex (DLPFC),
the Ventromedial Prefrontal Cortex (vinPFC), and the Orbitofrontal Cortex (OFC).

The PFC is crucially involved in "top-down" processing concerned with complex behavior
driven by internal states and intentions. Conversely, "bottom-up" processing is responsible
for simple behaviors that are "hardwired" in the brain and can be performed quickly and
automatically like orienting oneself toward an unexpected noise. The "top-down" processing
is illustrated well in the classic study using the Stroop task [41]. In this paradigm, the
subjects are asked to read words for colors written in different colors. As the rules change,
the participants have to adjust their goals and behavior. The task is especially hard in the
case of conflicting stimuli like the word "red" written in blue, where goal-directed behavior
has to be applied to fight the tendency to select the more automatized response (naming the
font color) if it is irrelevant for the task (reading the word).

To aid the goal-oriented control, the PFC is responsible for parts of working memory concerned
with the active maintenance of the goals and rules of the task [39]. As a result, the PFC plays
an important role in associative learning. By keeping track of goals and performing the
relevant behaviors, the PFC is capable of inhibiting associations that are no longer rewarded
[42]. As the amygdala is concerned with learning from primary reinforcement, the PFC is
crucial to regulate it when the reinforcement is no longer present. The OFC appears to
be crucially involved in this by detecting the absence of expected rewards and driving the
extinction of learning in the amygdala [2].
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Figure 1-3: Visualization of the inputs, states, and outputs modeled by DCM.

1-3 Related work

The modeling framework utilized in this project is Dynamic Causal Modeling (DCM) [43].
The motivation for selecting this approach is explained in Section 2-1-2 and the method is
introduced in detail in Section 2-2. In brief, DCM is a method for creating a dynamical model
of a brain network that responds to external stimuli (e.g., sounds or images) and collectively
gives rise to neural activities. These activities can be measured using various brain imaging
techniques summarized in Section 2-1-1. The data used in this project was obtained using the
fMRI technique. Figure 1-3 depicts a visualization of the inputs, network states, and outputs
in DCM. In this project, the relevant brain regions that should constitute the network are
the Amy, the Hip, and the PFC. Since the PFC is a large region, one of its subregions should
be selected to focus only on the most relevant area.

Several studies have applied DCM with fMRI data to model emotional memory in different
brain regions and using different experimental paradigms. A recent review includes a com-
prehensive list of DCM studies, divided into categories based on which brain regions were
modeled [44]. Furthermore, another recent review has collected all the studies about emo-
tional networks and synthesized their findings [45]. Based on the two reviews and additional
research, four studies about Amy-Hip interactions have been found with tasks concerning
emotional encoding [46], suppression of intrusive memories [47], elaboration of emotional au-
tobiographical memories [48], and emotional associative memory retrieval [49]. Moreover, one
associative memory encoding study has been found, which included the amygdala and two
regions of the PFC [14].

Firstly, [46] has investigated the facilitatory effect of positive and negative pictures during
memory encoding between the Amy and the Hip. The behavioral results indicated that the
emotional material was better recalled than the neutral one, which is a common finding in
item memory tasks. Moreover, positive images were rated on average as less arousing than
their negative counterparts but they were better remembered. The DCM study revealed that
the influence of the amygdala upon the hippocampus is more than ten times stronger than
that of the hippocampus upon the amygdala. During the encoding of positive and negative
pictures, the mutual connections between the amygdala and the hippocampus were stronger
than for neutral images. Furthermore, statistical tests revealed that remembered pictures
were associated with an increased connection strength between the two nodes. However, in
the case of not remembered images, negative material had a bigger impact on connection
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strength than positive items.

Another DCM study of emotional memory encoding has studied associative learning using
pairs of neutral and emotional words and pictures [14]. The network consisted of the Amy
and two regions of the PFC, namely the Inferior Frontal Gyrus (IFG) and the Medial Frontal
Gyrus (MFG). The study has revealed that the IFG was driving the interaction between itself
and the Amy. Furthermore, bidirectional connections between the PFC regions and the Amy
were found, with a higher connectivity strength from the cortical regions to the subcortical
one. Furthermore, the reciprocal connection was higher during the encoding of positive and
negative pairs than for neutral pairs. Additionally, the subsequent memory of the emotional
stimuli was better than that of the neutral ones.

Moving on to the studies of memory retrieval, [47] has examined whether stopping the retrieval
of distressing memories impairs their affective content. The authors modeled the interaction
between the Amy, the Hip, the Parahippocampal Cortex (PHC) (region adjacent to Hip), and
the Middle Frontal Gyrus (MidFG) (region of the PFC, not to be confused with the Medial
Frontal Gyrus (MFQG)). Analysis of the fMRI data revealed that suppressing distressing
memories increased the activity in the MidFG and at the same time, inhibited activity in the
Amy and the Hip. The results have suggested that suppressing memories not only interrupts
episodic retrieval in the hippocampus and parahippocampus but also inhibits the emotional
response in the amygdala. Furthermore, all these reactions are mediated by the MidFG.
When incorporating the behavioral results into the analysis, it was revealed that this pattern
was more pronounced for subjects who were subjectively more successful at suppressing their
memories and reported reduced distress from these thoughts.

Another memory retrieval study has modeled the connectivity between the amygdala, the
hippocampus, and the vinPFC during the elaboration of emotional autobiographical memories
[48]. When retrieving emotions, they are first constructed (searched for and accessed) and then
elaborated (memory details are integrated into a vivid construct) giving a subjective sense
of reliving them. The results have suggested that during the elaboration phase, the activity
in the vmPFC increases proportionally to subjective ratings of the emotional intensity of the
memories. Moreover, the vimPFC has been found to serve a central role among the modeled
nodes by driving the activity in the hippocampus and the amygdala. Contrary to common
findings about memory encoding, the study has found that during memory elaboration, the
connections to the hippocampus are much stronger than those to the amygdala. In fact, in the
case of positive memories, the connection strength from the vimPFC to the amygdala was so
low that it failed the statistical significance test. On the other hand, while retrieving highly
emotionally intense memories (both positive and negative), the effective connectivity from
the vinPFC to the hippocampus increased. These results have suggested that the emotional
aspects of autobiographical memories are mostly processed and represented in the vinPFC,
which then sends this information to the rest of the emotional memory network.

Finally, an associative memory retrieval study has modeled the interactions between the
amygdala, the hippocampus, the OFC, and the fusiform gyrus (included to serve as a visual
input area for the network) [49]. The goal was to examine the neural activity during the
retrieval of emotional associative memories of previously encoded pairs of neutral and emo-
tional objects. Most notably, the retrieval of emotional stimuli, as compared to the neutral
ones, increased the strength of the connection from the fusiform gyrus to the hippocampus,
and bidirectionally between the hippocampus and the amygdala. Furthermore, the influence
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of inputs on the OFC was also increased, enhancing the activity in both the amygdala and
the hippocampus. The results have suggested that the OFC appears to modulate the activity
between the amygdala and the hippocampus. This cortical region is functionally related to
the vmPFC, which also appeared to serve this role in the study in [48] discussed above.

In conclusion, five related DCM studies have been identified and may serve as a reference
when developing and analyzing a model in this project. One of the reasons for analyzing the
related studies was to decide which of the PFC subregions to include in the model in this
project. Five different PFC subregions have been modeled in the related studies but two of
them, namely the vinPFC and the OFC, are closely functionally related and are sometimes
treated as the same region. While the two brain areas serve similar roles, the OFC is an
anatomically defined region, and the vimPFC is only functionally defined, making it harder
to identify in the brain. Furthermore, the OFC has been found to be crucially involved in
associative learning (see Section 1-2-3), which is the type of learning that is studied in this
project. Consequently, the OFC is chosen as the third region of the modeled network, together
with the amygdala and the hippocampus.

1-4 Problem statement

The goal of this thesis is to develop and analyze a dynamical model of neuronal activity
involved in encoding emotional memories. Based on the literature, the most crucial brain
regions responsible for this cognitive process are the Amygdala (Amy), the Hippocampus
(Hip), and the Orbitofrontal Cortex (OFC). These regions shall be modeled as a network
that captures how the nodes are connected, how they interact, and how they collectively
give rise to the measured signal. The model shall be derived based on fMRI data from the
experiment performed by Zhu et al. at Donders Institute for Brain, Cognition, and Behaviour
[1] (see Section 3-1-1 for details). The experiment has studied emotional associative memory,
which is the memory of relationships between concepts. In the study, participants were asked
to memorize pairs of images with varying emotional values: both images were emotionally
neutral (group Neutral-Neutral (NN)), both images had a negative emotional value (group
Emotional-Emotional (EE)) or one image was neutral and one was negative (group Neutral-
Emotional (NE)). In order to study how these different combinations of emotional stimuli
affect neuronal activity, a separate model shall be derived for each group.

The three data-driven models shall be developed using the Dynamic Causal Modeling (DCM)
framework, which is considered to be the most suitable for this application (see Section 2-1
for discussion). In DCM, fMRI data is modeled using a bilinear differential equation that
describes the activity in the chosen brain regions (here, Amy, Hip, and OFC). There are
several variations of DCM (see Section 2-4) that shall be utilized in order to identify the best-
suited approach. Furthermore, after the computational models have been developed, they
shall be analyzed and compared to the behavioral results found by [1]. The aim is to identify
properties of the models that are aligned with the behavioral findings and that explain why
and how emotional memory differs across the three groups (NN/NE/EE).

Based on these goals, the following research questions have been formulated:

1. What are the underlying neuronal dynamics in the Amy-Hip-OFC network during the
encoding of emotional associative memory?

W. Dziarnowska Master of Science Thesis



1-5 Thesis outline 11

2. What are the mathematical foundations of DCM and how to apply the method in
practice?

3. Which formulation of DCM reveals more detailed and complex dynamical properties of
the problem at hand?

4. What are the differences between DCM models estimated for the three experimental
groups: NN, NE, and EE?

5. Can analyzing the identified models explain when and why emotion either enhances or
impairs memory encoding?

1-5 Thesis outline

The aim of this report is to present the work done to research the problem at hand, under-
stand the selected modeling framework, develop a computational model using experimental
data, and analyze the results. So far, Chapter 1 has motivated the need for modeling this
cognitive process, introduced concepts from psychology and neuroscience, summarized related
work, and presented the problem statement. Subsequently, Chapter 2 begins by explaining
how brain activity is measured and what methods are available for data-driven modeling of
neuronal dynamics. The most suitable approach is then selected and introduced in detail, in-
cluding its mathematical foundations, practical considerations, limitations, and variations of
the method. Furthermore, Chapter 3 presents the experimental paradigm and the approach
for building a model based on data from the experiment. It also explains and motivates the
various design decisions involved in setting up the model. Then, Chapter 4 presents and
analyzes the modeling results, including parameter values, stability properties, and other dy-
namical properties. Finally, Chapter 5 concludes the project by discussing what the various
findings tell us about the neural underpinnings of emotional memory and how they compare
to the behavioral results of the experiment. Moreover, the chapter proposes several directions
for future research aimed at refining the results of the thesis and obtaining new insights.
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Chapter 2

Theoretical framework

This chapter introduces various data-driven models of brain activity and describes in detail the
selected framework. First, Section 2-1 explains how neural activity is measured and provides
an overview of generative brain modeling approaches. After considering the available options,
the Dynamic Causal Modeling (DCM) framework is chosen and this decision is motivated.
Furthermore, Section 2-2 provides a detailed description of DCM, including the mathematical
foundations and a guide for applying the technique in practice. Then, Section 2-3 discusses
the limitations and validity of the selected framework. Finally, Section 2-4 introduces several
variations of DCM that may be useful in the project.

2-1 Data-driven models of brain activity

The mechanism of neuron firing was identified and consolidated into the famous Hodgkin-
Huxley model [50] in the 1950s. The remaining question was then how to model the collective
behavior of neurons. Researchers have taken inspiration from other phenomena caused by
joint macro-scale behavior rather than individual units, namely magnetism and fluid dynamics
[51]. These fields have had long-established frameworks that unify the behavior of units using
the so-called "mean field" approach. From here, a multitude of data-driven brain modeling
frameworks have been developed for use in various applications.

2-1-1 Brain imaging techniques

Brain imaging (or neuroimaging) techniques differ in how they measure and visualize infor-
mation about the brain. They are classified into two types: structural and functional brain
imaging. Structural imaging techniques are used to study the anatomical properties of the
brain, which helps diagnose structural abnormalities in the brain such as tumors and le-
sions. Methods in this category include structural Magnetic Resonance Imaging (sMRI) and
Computed Tomography (CT).
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Functional imaging techniques, on the other hand, are used to study brain activity and func-
tion. These methods measure changes in the brain’s activity level, blood flow, or metabolism
to understand how different regions of the brain are involved in specific tasks or behav-
iors. Examples of functional imaging techniques include Positron Emission Tomography
(PET), functional Magnetic Resonance Imaging (fMRI), Electroencephalography (EEG), and
Magnetoencephalography (MEG). The purpose of this project is to model neural activity in-
volved in emotional learning so applicable imaging techniques belong to the functional imag-
ing category. Among the different functional neuroimaging techniques, fMRI was deemed the
most suitable for this project and was used to obtain the data for developing a model. The
following subsection explains the working principles of fMRI and why this technique has been
selected.

Functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging (fMRI) measures changes in blood flow and oxygena-
tion to identify areas of the brain that are active during a specific task like reading or while
at rest. For instance, Figure 2-1 depicts visual representations of brain activity measured
with fMRI during reading and writing tasks [52]. The technique is safe and non-invasive,
making it one of the most popular neuroimaging methods to study cognitive processes such
as attention and memory, as well as the neural basis of neurological and psychiatric disorders
such as Alzheimer’s disease and depression.

Overlap between reading and
writing in Fnelish

LMFG '

9

Figure 2-1: Brain activation measured with fMRI during reading and writing in English and
Chinese from [52]. LMFG and Exner's are brain regions that were evidently the most active
during these tasks.
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Figure 2-2: Typical shape of the Hemodynamic Response Function based on [53].

The fMRI scanner is a cylindrical tube with a powerful electromagnet that affects the magnetic
nuclei of atoms in the brain. This neuroimaging technique acquires a readout of brain activity
by measuring the consequences of blood flow and oxygenation on the magnetic field. The
level of blood oxygenation dynamically changes in response to neuronal activity, affecting the
magnetic field. Changes in the deoxyhemoglobin (hemoglobin without oxygen) content are
correlated with the so-called Blood Oxygenation Level-Dependent (BOLD) signal, which is
an indirect measure of brain activity.

The BOLD response is characterized by the Hemodynamic Response Function (HRF) whose
typical shape is depicted in Figure 2-2. It should be noted that the HRF varies across
different brain regions and can also be affected by various factors, such as age, gender, and
health status. The BOLD response is based on the fact that when neurons in the brain become
more active, they require more oxygen to function. This initially causes the signal intensity to
drop. Then, to meet the increased demand for oxygen, blood flow to the active brain regions
increases, delivering more oxygenated blood to the area. The signal intensity peaks after 3-6
seconds, after which it slowly drops back down to baseline within 12-30 seconds [53]. As a
result, the fMRI measurements occur several seconds after the cognitive activity itself, which
is why the imaging technique is said to have a low temporal resolution. It does however have
a very good spatial resolution typically down to millimeters, which is significantly greater
than other techniques such as EEG. The high spatial resolution of fMRI is one of the crucial
reasons why this technique has been chosen for the experiment analyzed in this project. The
goal of the study is to identify how the Amygdala (Amy), the Hippocampus (Hip), and the
Orbitofrontal Cortex (OFC) interact and respond to experimental stimulation. To study the
activity of these specific brain regions with high precision, high spatial resolution is required.
What is more, the Amy and the Hip are located deep in the brain, making them especially
hard to reach for techniques other than fMRI.
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2-1-2 Modeling frameworks

In the words of one of the top scientists in the field, "As yet, there is mo broadly accepted
mathematical theory for the collective activity of neuronal populations.” [51]. All the existing
models come with different strengths and weaknesses and it is up to the user to pick the most
suitable one. In this project, the goal is to develop a dynamical model that represents the
time evolution of state variables in a network. The network consists of three brain regions,
i.e., the Amy, the Hip, and the OFC (see Section 1-2 and Section 1-3). The three brain
nodes interact and collectively mediate the process of learning upon emotional arousal. It
should be noted that the term "dynamical model" has different meanings depending on the
scientific community. In the field of control engineering, a dynamical system is one that uses
differential or difference equations to describe how states and their rates of change evolve over
time. Dynamical models are also generative in nature. This means that not only do they
predict a response but they also generate new data that is similar to the training data [54].
They thus require leveraging prior knowledge about the process to build a representation
that encompasses the underlying neuronal dynamics. After fitting the model to data, the
representation can answer the scientific questions and on top of that, reveal novel insights
that point to the generation of new questions.

A recent review by [54] provides an overview of generative models in neuroscience. The
authors have distinguished three model categories, based on the level of detail that the model
captures, the amount of necessary prior knowledge, and the size of the training dataset. The
three categories and some example modeling frameworks are depicted in a Venn diagram in
Figure 2-3. On one end of the spectrum are biophysical models whose aim is to capture
realistic biological assumptions and processes. They require a high level of prior knowledge
and can become very complex. However, when constructed well, they can provide detailed
insights about the studied phenomenon. On the other end of the spectrum are agnostic
computational models. These require few biological assumptions and can be powerful data-
driven tools when the training dataset is large. Their drawback is that they are so-called
"black-box" models, meaning that their mathematical description is difficult to interpret and
is physically uninformative. In between the two extremes are phenomenological models, which
require some priors on system dynamics but not detailed biological descriptions. They use
tools from statistical physics and dynamical systems theory to estimate parameters that
describe the overall signals observed in the data. They typically encompass neuronal dynamics
into a state space model, which reveals information about collective system dynamics such as
stability properties.

A natural choice for this project is to select a phenomenological model. Approaches in this
category are rooted in dynamical systems theory, do not require large amounts of data (the
dataset for this project includes 70 subjects), and are not based on detailed biological de-
scriptions (which are not the main interest of this thesis). They reduce the dimensionality of
the problem and leverage statistical methods to model the same collective behavior. These
models usually treat neuron populations as distinct nodes in a network that jointly medi-
ate a certain process. The influential reviews by [55] and [56] have paved the way for using
neuroimaging data to model the brain as a complex network. Networks are studied using a
branch of mathematics called graph theory and are defined as a set of nodes (vertices) linked
by connections (edges). Most real-life networks, including the brain, are complex networks
with non-trivial topological features. These properties include tightly-knit groups of nodes
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Figure 2-3: Diagram of generative models of neuronal dynamics from [54].

with dense connections (high clustering), the tendency of nodes to connect with nodes of
similar properties (assortativity), and small-worldness, which is when most nodes are not
neighbors of one another but they can be reached from every other node through a short
path.

In large-scale brain networks, nodes typically represent brain regions, whereas links reflect
different types of brain connectivity depending on the data and the application. One of the
most common ways to describe brain connectivity is in terms of either functional segregation
or integration [57]. Functional segregation, also called structural connectivity, refers to the
anatomical segregation of functionally specialized brain areas. In turn, functional integra-
tion refers to the interaction and coupling of distinct brain regions. The two main types
of functional integration are functional connectivity, which refers to the symmetrical statis-
tical dependency between neuronal systems, and effective connectivity, which refers to the
directed or causative ties between system elements. Hence, there is a fundamental difference
between these two notions in that functional connectivity considers dependencies between
observed signals, whereas effective connectivity is the influence one neuronal system exerts
over another.

As this thesis is concerned with modeling brain activity and not its anatomical properties,
applicable methods are those that model functional integration. Furthermore, this project
aims to apply tools from systems and control engineering, which requires creating a dynamical
model. This leads to the conclusion that the modeled network shall express effective connec-
tivity. Among the commonly used phenomenological models are the Kuramoto [58] and the
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Van Der Pol [59] oscillators, as well as DCM [43] and Granger Causality Mapping (GCM)
[60]. The oscillator models have not been selected for this project because they do not appear
to be as commonly used for modeling learning as some other methods. Furthermore, GCM is
a method for modeling causal relationships between measured signals, not nodes, which is not
the intention of this thesis. Finally, DCM is the most popular method for modeling effective
connectivity between brain nodes and has been chosen as the most suitable approach for the
project. The method’s popularity has led to various valuable studies about its validity and
limitations [61, 62, 63, 64], as well as multiple extensions to the method including stochasticity
[65], a model of excitatory and inhibitory populations [66], and a nonlinear formulation [67].
There have also been numerous studies that employed DCM to model emotional learning (see
Section 1-3), giving plenty of resources and comparative results for this project.

2-2 Fundamentals of Dynamic Causal Modeling

Dynamic Causal Modeling (DCM) [43] is a framework for system identification of nonlin-
ear input-state-output systems. It is a form of systems neuroscience that uses statistical
techniques to identify the underlying mechanisms that drive brain activity. DCM involves
building a mathematical model of the brain that can be used to simulate how different brain
regions interact with one another and how these interactions give rise to various behaviors
and cognitive processes.

The approach uses Bayesian inference to estimate the hemodynamic parameters and the
coupling strengths between regions of interest in the brain. Inputs are treated as known,
deterministic signals, whereas the outputs are the electromagnetic or hemodynamic responses
of the brain measured with techniques such as fMRI or EEG. Since the original paper was
published, numerous variations of the method have been proposed. The purpose of this section
is to introduce the classical DCM framework described in [43].

2-2-1 Dynamical model

The dynamic model is based on the Balloon model [68] and the Windkessel model [69]. It
consists of m inputs and [ outputs, with one output per region. The m inputs are the designed,
experimental signals. Typically, the extrinsic effects of inputs are limited to a single input
region. Furthermore, each of the [ regions generates a measured output that matches the
BOLD signal measured with fMRI. Every region is modeled with five state variables that
involve the hemodynamic and the neuronal parameters. The former are the four variables of
the hemodynamic model presented in [70], which are necessary to model the observed BOLD
response but are not influenced by the states of other regions and are thus not the main
interest in DCM. What is the primary concern in DCM is estimating the neuronal variables,
which are equivalent to coupling parameters, with one per region.

Neuronal state equations

T

The underlying neuronal activity modeled with neuronal states z = [z1,..., 2]  evolves over

time according to
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2= F(z,u,q), (2-1)

where F' is some nonlinear function, u are the extrinsic inputs, and « are the parameters of the
model. The exact function F' is unknown but can be approximated using partial derivatives
resulting in the bilinear form
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Here, matrix A represents the context-independent connectivity between brain regions result-
ing from anatomical connections. Matrices B model the change in coupling caused by the
j-th input, whereas matrix C represents the direct influence of inputs on neuronal dynamics.
Figure 2-4 depicts a graphical representation of the meaning of each of the matrices. Alto-
gether, these coupling matrices form the parameter §¢ = {A, B/, C} that is to be estimated.

e

dz

il C
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Figure 2-4: Graphical meaning of matrices in the neuronal model in DCM, with some arbitrarily
drawn connections. Blue arrows correspond to influences that nodes exert on each other (matrix
A), red arrows represent the influence the extrinsic input has on node connections (matrices B7),
and yellow arrows represent the direct impact the extrinsic input exerts on the neuronal states of
network nodes (matrix C).
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Hemodynamic state equations

The hemodynamic state variables describe how neuronal activity influences hemodynamic
responses. Their dynamical equations form the Balloon-Windkessel model proposed by [68,
69, 71]. These variables correspond to the vasodilatory signal s;, inflow f;, normalized blood
volume v;, and normalized deoxyhemoglobin content ¢;. Their dynamics are governed by

$i=z —Kisi— % (fi—1)
fi= s
. 1/

T = fi — v;

7iqi = fi £ (fi, pi) [pi — Uil/a%'/%

(2:3)

where k; is the rate of signal decay, ~; is the rate of flow-dependent elimination, 7; is the
hemodynamic transit time, flow E(f;, p;) = 1 — (1 — p;)// is a function of the resting oxygen
extraction fraction p;, and «; is the Grubb’s exponent [72]. These comprise the biophysical
parameters 0" = {K,7,T,p,a} that are estimated by the system identification algorithm.

Full model

The states of the full dynamical model are all the neuronal and hemodynamic states combined
x ={z,s, f,v,q}, resulting in

= f(z,u,0)

v = Aa), &4

with parameters 6 = {6¢, 9"}. To evaluate the output y, the state equation has to be integrated
and passed through some (unknown) nonlinearity A. This is equivalent to convolving the
inputs with the system’s Volterra kernels, according to

hi(u,e):Ek:/ot.../ot/if(al,...,ak)u(t—al),
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where h;(u,0) is the estimated BOLD response in region i and mf is the k-th order kernel
in region i. The Volterra convolution can be evaluated either numerically or analytically
through bilinear approximations explained in the appendix of [70]. This output response
approximation is needed in the parameter estimation scheme discussed below. In principle,
h(u, 8) has to be reevaluated at every time step but fortunately, input signals tend to change
infrequently so the gradients can be reused until a change in the input occurs.

For estimation, the observation model is augmented with a term expressing error ¢ and
confounding effects X with unknown coefficient 3, resulting in
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y=h(u,0)+ X5 +e. (2-6)

The error € is considered to have a Gaussian distribution with a zero mean. Furthermore,
designing the confounding effect signal is up to the user. The authors of the original DCM
paper defined X using a low-order discrete cosine, which models low-frequency response drifts.

2-2-2 System identification

The parameters and hidden states of the model are estimated using a Bayesian approach
based on the Free Energy Principle (FEP). The FEP is one of the most prominent theories
of how the brain learns and adjusts to the environment [73]. The theory models how biolog-
ical systems, including the brain, try to minimize their surprise (free energy), which is the
difference between their internal models and the sensory input from the environment. The
FEP was created by Karl Friston, who is also the creator of DCM in general, but the theory
has found applications in various other fields. For instance, in the field of Artificial Intel-
ligence (AI), FEP has been extensively utilized for developing adaptive learning algorithms
that mirror the principles observed in biological organisms.

The system identification algorithm used in DCM is called Expectation Maximization (EM).
It is an iterative scheme that updates prior distributions to obtain posterior distributions that
minimize the free energy according to FEP. A prior distribution includes the expectation 7y
and the covariance denoted by Cy. Priors of hemodynamic parameters 6" are established based
on empirical data, whereas priors of neural coupling parameters 6¢ are designed to enforce
that the parameters remain stable. The iterative scheme is based on a linear approximation
of the observation model in Equation 2-6. The model is approximated by expanding the
equation about a working estimate of the conditional mean ny|,, resulting in

y%h<uvn9|y> +J(0_770|y)+Xﬁ+5
=h(wm,) + |7 X] [ ’ _5n9|y

S oh (Z,gngy)

+e (2-7)

This function depends on the difference between true system parameters 6 and current con-
ditional expectations of them 7y, as well as the estimated confounding effect X3 and error
€. Subsequently, the linear approximation of network dynamics enters the EM scheme. This
iterative process calculates the posterior distributions by repeating the so-called "E-step" and
then, the "M-step" until the convergence criterion is met.

The goal of the "E-step" is to update the conditional parameter expectation |, and covariance
Cg|y- The update equation for p(f]y) is derived using the Bayes rule

p(0ly) o< p(y|0)p(0). (2-8)

Furthermore, based on Equation 2-7, the error is given by
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Under the Gaussian assumption, the error and prior distributions are given by
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Now, plugging the distributions in Equation 2-10 into the Bayes rule given by Equation 2-8,
results in the following equation for the posterior distributions of model parameters

p(0 | y) x exp {—; (9 — naly)T C¢9_|y1 (9 - ney)}

Moy — 770|y + A779|y

[ A779|y ] _ Ce|y (ch—fs—1g)

N8y ]
J= i i )g ] (2-11)
= i y—h(779|y) ]
Lo = Toly
c. = _ Z)(\)iQi (,99 ]

Cop = (7TC10)

The above update equation simply rearranges the terms from Equation 2-10, grouping them
into several augmented matrices. The equation for the augmented error covariance C. includes
one new term, which models error covariance. It parameterizes it with error hyperparameters
Ai, which scale matrices @); that define the contribution of error covariance components in

every i-th region. Calculating and optimizing the error hyperparameters \; is the goal of the
"M-step".

To find the optimum error hyperparameters, the "M-step" maximizes the log-likelihood In p(y|\)
using the free energy given by

FQA) =Inp(y | A) = D(q@)p(0 [ y; M), (2-12)

where D denotes divergence, ¢(f) is the approximate posterior distribution, and p(0 | y, A)

is the real posterior. Since divergence is always positive, F' creates a lower bound for the
log-likelihood
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F(A) <Inp(y | A). (2-13)

The goal is to maximize the free energy, thus minimizing the divergence, rendering ¢(f) a
suitable approximation of the actual distribution. F is optimized by updating the hyperpa-
rameters A under a Fisher-scoring scheme. This scheme quantifies how much information I
about the data the estimate carries by assuming that it’s proportional to the inverse of the
variance. The Fisher scoring scheme updates the hyperparameters such that the estimation
carries maximum information. Following this iterative scheme, the hyperparameter update
equation is

N2/ oA

oF 1 1
- = PQ; 7*TPT Py
o 5 T {PQit + 5y PP QiPy

0*F 1
— ) = ——tr{PQ;PQ;

P=Cot = Cot Gy, et

2p\ ' oF
)\<—)\—<a > or

(2-14)

The "E-step" and the "M-step" are repeated consecutively until a convergence criterion is met,
typically, until the sum of the squared change in 7y), falls below 1076.

Prior distributions

This section begins with a detailed explanation of how the neuronal dynamics priors are
designed, followed by a description of how the priors for hemodynamic equations have been
obtained empirically. Then, the section discusses how all the priors are combined for use in
the EM estimation algorithm.

First of all, priors on the coupling parameters are designed to ensure that neuronal activity
has the correct dynamic properties. What this means is it should not diverge to infinity and
it should decay to baseline with the correct time constant. In order to simplify the derivation
of priors, matrices A and B’ are reparametrized according to

-1 ais
AsocA=c| a1 —1

; ; 2-15
by by (2-15)

Bl 5 oB =¢ b, - ,

which results in scalar ¢ and normalized, adimensional coupling matrices. This factorization
assumes the same self-connection for all regions, which is a valid approximation according to
the authors as intrinsic dynamics in each region do not differ significantly.
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Figure 2-5: Prior probability density functions of temporal scaling factor o from [43]. The left
image shows a Gaussian distribution, which becomes a skewed distribution depicted on the right
when transforming o into the characteristic half-life.

Firstly, parameter o corresponds to the intrinsic decay or self-inhibition, which means it con-
trols the characteristic neuronal time constants. The authors of the paper set this parameter’s
expectation 7, to 1 second, based on empirical studies. To ensure that o is positive, its vari-
ance v, is chosen to make the probability that the parameter is negative suitably small. To
do so, the variance is calculated with

2
_ Mo _
o= <¢>;V1<1 —p(a») ’ (2-16)

where p(o) is the probability of o being negative (1072 in the paper), and ¢ is the cumulative
normal distribution. This creates a Gaussian distribution centered around 1 with a majority
of the mass falling close to the mean. To express the time constant as a function of the
half-life, the mean and probability are transformed into 7,(c) = lnn% and p(7,) = p(a)%,
respectively. This results in a skewed distribution, which shows that time constants range
from a few hundred milliseconds to several seconds. Both the Gaussian distribution and the

transformed skewed distribution are depicted in Figure 2-5.

Furthermore, priors on the components of coupling matrices are set to ensure that neuronal
dynamics do not diverge to infinity, i.e., they are stable. The parameters of coupling matrix
C are of relatively low interest here, and they are defined as having a zero expectation and
a unit variance. What is crucial for the dynamical properties of the system are the priors on
the parameters of the A and B matrices. To render the system stable, these matrices should
have all negative eigenvalues. To ensure this, coupling parameters a;; and bf‘j are assumed to
be identically and independently distributed with prior expectations n, = 7, = 0 and prior
variances v, = 14 that make the probability of having positive eigenvalues suitably small. To
achieve this goal, variances are designed according to

1(1—1)
¢x (1 = plemax))

Vg, Vp =

; (2-17)
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where [ is the number of modeled regions, p(emax) is the probability of the largest eigenvalue
emax being positive (1073 in the paper), and @y is the cumulative X12(1—1) distribution. Finally,
part of pre-designing the model of neuronal dynamics in DCM is deciding which connections
are worth exploring and which ones should definitely be precluded. In order to remove a
certain connection from the model, its variance should simply be set to zero.

Moving on to the biophysical priors, these values were calculated by the authors based on
empirical data. According to the authors, the means and variances they provide in the seminal
paper [43] should be sufficient for general purposes.

Finally, prior distributions of all parameters should be combined so that they can be used in
the EM estimation scheme. Stacking the parameters together gives

6= 0ok |, (2-18)

which is distributed with mean 7y and covariance Cy defined as

Vo
Ca

no = ,Cp = Cp , (2-19)

o O O

S

0 Cy

where matrices C4 and Cp are diagonal matrices with values equal to corresponding variances
Vga, Vp for connections that are allowed to vary. Similarly, matrix Cg‘ contains the biophysical
parameter variances on the diagonal, in the appropriate order.

2-2-3 Practical considerations

The mathematical basis of DCM presented in the previous section has been implemented
and made part of the open-source Statistical Parametric Mapping (SPM) software [74]. To
aid researchers in applying the method in practice, the authors also published an article
entitled "Ten simple rules for dynamic causal modeling" [75]. The purpose of this section is
to summarize the parts of the paper that are relevant to this project.

First of all, researchers interested in applying DCM should establish whether the method is
suitable for them, what hypothesis they want to test, and what sequence of analysis they
should apply to achieve their goal. DCM was designed to model the underlying neuronal
dynamics in a network that responds to various external stimuli. Due to this nature of
effective connectivity models, DCM is meant for testing hypotheses about specific tasks in
the presence of experimental manipulations. Conversely, the classical version of DCM is not
a suitable method for datasets collected in the absence of experimental interventions (e.g.,
resting state or sleep, for which a variation of the method has been developed by [76]).
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Furthermore, DCM can be used to obtain two different types of inference: model structure and
model parameters. The former is useful when the researcher is not interested in estimating
any values in the model but wants to find out some aspects of the structure of the model.
For instance, the question might concern through which node the extrinsic input enters the
network or whether a certain inter-region connection exists. The other form of inference
is applicable when the goal is to determine brain dynamics encoded by model parameters.
The identified parameters can help answer questions about which connections are stronger
and which nodes are the main drivers in the network. However, even if the main goal is
inference on model parameters, the first step is usually to identify (some aspect of) the model
structure through Bayesian Model Selection (BMS). BMS is a well-known statistical method
that computes the model evidence p(y | m), which evaluates how well a model explains the
data while having a minimal structure complexity. As less complex models tend to overfit
to data less, the model evidence is also a measure of generalizability. For inference on model
parameters, one typically first defines all plausible model structures and uses BMS to find the
optimal one.

This leads to the next important consideration, which has to do with defining the relevant
model space. When modeling networks with only a few nodes, it is feasible to compare all
possible structures. However, as model complexity increases, investigating all combinations
becomes increasingly hard or even computationally impossible. In such cases, it is necessary to
first define a set of plausible architectures motivated by previous neuroimaging studies. Then,
a comparison is done either between all individual models or between families of models. The
latter is useful when models can be grouped based on some shared characteristic, for example,
the extrinsic input entering the network through a given node. One might be then interested
in only investigating the significance of this characteristic, for example, to see whether the
presence or absence of a certain connection improves model performance. Furthermore, EEG
or MEG data may also be used to infer which brain regions to include in the model. This is
because when using these imaging methods in DCM, the data is always the same irrespective
of the chosen set of modeled nodes. Conversely, in DCM with fMRI data, it is not possible
to select the nodes through the modeling process. The reason for this is that fMRI data has
to be pre-processed to include only the regions of interest for DCM.

When modeling data from multiple subjects, one must also decide between two methods.
To visualize how to choose the appropriate approach, Figure 2-6 depicts a useful flowchart.
The first option is Fixed-Effects (FFX), which is used when it is reasonable to assume that
one model structure is optimal for all subjects. This might be the case when studying a
basic physiological mechanism that is not expected to vary much across subjects, such as
the mechanisms of vision. In such situations, FFX selects the optimal model by applying
BMS and checks which model has the highest sum of log-evidences across subjects. When
the assumption that the mechanism does not vary across subjects is not valid, the second
method, namely the Random-Effects (RFX), is used. This might be necessary when studying
mechanisms in subjects on a spectrum of neurological disorders such as autism. In such cases,
RFX computes how likely it is that a given model generated the data of a given subject. As a
result, the optimal model may vary per participant. In this project, the FFX method is used
because the aim is to find one model that can be used to draw conclusions about the neural
underpinnings of emotional memory.

After identifying the optimal architecture(s) across all subjects, one may want to fit the
model(s) and analyze the parameters for all participants. There are again two possible choices
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definition of model space

[ inference on model structure or inference on model parameters?

4

inference on inference on
individual models or model space partition? parameters of an optimal model or parameters of all models?
A ¥ I
optimal model structure assumed comparison of model optimal model structure assumed BMA
to be identical across subjects? families using to be identical across subjects?
FFX or RFX BMS

yes no
yes no
[ FFxBMs | [ RFx BMs |
FFX BMS | | RFX BMS FFX analysis of RFX analysis of
parameter estimates parametel’ estimates
(e.g. BPA) (e.g. t-test, ANOVA)

Figure 2-6: Typical sequence of analysis in DCM from [75].

at this stage, which are depicted in the right branch of Figure 2-6. When assuming that one
model structure is optimal for all subjects (so after applying FFX), the parameters of this
architecture are "averaged out' over all subjects. This is done with Bayesian Parameter
Averaging (BPA), which computes the joint posterior distribution by taking the posterior of
one subject and treating it as the prior for obtaining the posterior of the next subject. On the
other hand, when each subject has an assigned optimal architecture (so after applying RFX),
this sort of averaging is not meaningful. Instead, second-order frequentist tests (such as a
t-test or Analysis of Variance (ANOVA)) may be applied to test the significance of differences
in parameter estimates between subjects. As a final note, there is one more method used
to infer model parameters, namely Bayesian Model Averaging (BMA), which neglects any
subject- or structure-specific analysis. Instead, it computes weighted parameter averages over
all the feasible model architectures. The weight is equivalent to the posterior probability of
each model structure. This approach may be useful when no model architecture or family is
a clear winner of the comparison. Additionally, instead of applying BMA over all possible
models at once, the technique can be applied separately to families of models to compute
family averages.

2-3 Limitations and validity of Dynamic Causal Modeling

DCM has gained considerable popularity within the neuroimaging community but it has also
faced serious criticism, sparking heated debates over its validity. Various studies have reviewed
the foundations of the approach and the practical issues associated with it. In particular, a

Master of Science Thesis W. Dziarnowska



28 Theoretical framework

Nodes Models Seconds Hours Years
2 5184 2.53
3 272 million 37
4 1.15% 17,911
5 3.9823 6,168,272,683,438

Table 2-1: Estimated time of system identification for varying sizes of models from [62].

review of DCM by [62] expressed such criticism that it sparked a series of articles written in
response to it [63, 64]. Nevertheless, DCM remains the most common approach for modeling
the dynamics of a network of brain regions, with almost 5000 citations of the seminal paper at
the time of writing this thesis. Therefore, this section aims to discuss the common critiques
to identify possible pitfalls and elements of the framework that should be executed with
particular care.

2-3-1 Biophysical foundations

A few years after publishing the original DCM article, some of its authors summarized the
common critiques in an exhaustive review [61]. The article discusses comments pertaining to
both the biophysical and statistical foundations of the method. The authors have stressed
that due to the nature of fMRI, DCM analyses with this imaging technique lack detailed rep-
resentations of neuronal mechanics and are thus incapable of modeling several phenomena.
These unobservable effects include internal neuronal noise that may have an impact on the
macro-scale, as well as the continuously changing activity-dependent efficacy of signal trans-
mission between neurons. There are however a few details that the BOLD signal does show
but the DCM approach fails to model anyway. For example, the framework ignores the role
of glial cells, which support neurons and maintain their environment. It also does not account
for task-related physiological influences of neuromodulators and endocrines. The extent to
which these simplifications affect the model has not been studied directly. Instead, studies
and critical reviews have been more concerned with the validity of the statistical methods in
DCM. It is also beyond the scope of this project to examine the biophysical foundations of
the method so the focus of this section is on the system identification procedure.

2-3-2 Statistical foundations

A common critique of DCM is that its number of parameters and model complexity preclude
robust system identification. The critical review by [62] has provided quantitative illustrations
of the problem. The authors have estimated the time necessary to identify all parameters in
networks consisting of varying numbers of nodes, as shown in Table 2-1. The estimate was
based on the assumption that there are around 2™ possible arrangements for each of the
neural state matrices (with dimensions nxm) and that [77] has approximated that identifying
one parameter takes around 0.0005 second.

In response to this critique, [63] have argued that the comment is based on a misconception
of DCM. The critical review has calculated the time to identify the entire model space,
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while the aim of DCM is not to examine every single possible model to find the one "best"
model. Instead, the goal is to define a much smaller subset of plausible models based on prior
knowledge and to examine their common trends. This can be done through Bayesian family
comparison, which is used to compare families of models with a shared characteristic, e.g.,
the node through which the extrinsic input enters the network. This approach is much less
computationally heavy so the calculations from Table 2-1 are not applicable. What is more,
in large model spaces, many models can come out as equally probable so comparing single
models is in fact uninformative and thus, should be avoided.

Another critical note pertaining to parameter estimation has to do with the search strategy of
the optimization algorithm. The EM scheme performs a greedy search, which means that it
always selects the best direction at the current step, without considering whether the current
best option is the best for the overall result. Considering that greedy search does not evaluate
the entire solution space, the time estimates in Table 2-1 are again not valid as they assume an
exhaustive search. The authors of [64] have argued that greedy search algorithms may end up
in local optima far away from the global optimum so the solution may not be good and there is
no way of knowing if it is unique. This critique is a common problem with greedy algorithms
so it is not specific to DCM only. Unless the model is linear, most optimization schemes are
capable of finding only the local optimum. This makes them sensitive to the starting point,
which in DCM is the prior distribution of parameters. The EM scheme has also been found to
have a bias toward overconfidence [61], i.e., the posterior mean is correct but the variance is
too tight. Nevertheless, the algorithm has several advantages, including being easier to design
and faster to compute than more exhaustive search strategies like dynamic programming.

Furthermore, model comparison relies on comparing a set of potentially plausible models
against each other, meaning there is no guarantee that any of them is actually good. The
authors of the critical review [62] have performed a combinatorial study of this problem as
well. The experiment involved taking data from another DCM study where a winning model
was identified (called model A), generating a large model set with all the combinatorial
options, and checking if the previously winning model would still come out as the best one
compared to the entire model space. In line with the discussion in the previous section,
the authors have found that model A was outperformed by numerous other models that
even included biologically implausible ones. They have concluded that the model evidence
metric is not trustworthy and that the choice of the optimal model is highly sensitive to the
candidate model set. In response, the authors of [63] have again pointed to the fact that model
comparison in DCM is a relative measure. The approach should thus involve comparing only
models that are equally plausible a priori rendering their prior distributions all the same.
Furthermore, it should be largely focused on family comparison to avoid searching for the
single best model.

Another common concern is that while the metric used for comparing models (i.e., model
evidence) was designed to penalize complex models, it is not a direct measure of how well
the model generalizes to data [62, 61]. To establish true generalizability, it is necessary to
validate the model on a dataset that was not used for training. This is not common practice
in DCM, in part because brain imaging datasets are small so all the data is used for fitting
the model. When working with small datasets, cross-validation can be used instead [61]. This
technique involves splitting the dataset into k£ blocks and fitting the model multiple times,
using different subsets of the data. In each iteration, k — 1 blocks are used to fit the model
and the remaining block is used for validation. Figure 2-7 depicts an example of splitting
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Figure 2-7: Example of splitting data for cross-validation from [78].
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the dataset across several iterations. As a final step, the average error across iterations is
calculated to evaluate the model.

Apart from avoiding overfitting, good models should also not underfit, meaning they should
explain the training data sufficiently well. This can be quantified using the R? metric defined
as

>ilyi— f i)2
Sy —y)?’
where y; is the measured response at time ¢,  is its mean, and f; is the predicted response
at time . The relation between the model R-squared value and the model evidence has been
examined, revealing that the models selected using BMS do not always have high R? in all
nodes [62]. A common result is that models exhibit significantly different fits among the
network nodes, which can only be seen by analyzing the R-squared values for each node. A
possible reason for this is that the nodes exhibited different levels and types of noise. The
creators of DCM have stated that it is typical that different brain regions generate different
amounts of noise [63]. In some cases, measurements may be so noisy that a given node should
be excluded from the experiment. Noise in neuroimaging data is unavoidable so from the
statistical point of view, the only thing that can be done is to improve how the error is
modeled. In the classical DCM formulation, noise, as well as all the parameters, are assumed
to have a Gaussian distribution. This is a strong assumption that was not made based on
biological knowledge but rather in order to simplify computation [62]. In fact, measurement
noise often has a uniform distribution, i.e., all values are equally likely, which is clearly very
different from the Gaussian distribution.

R2=1- (2-20)

To conclude, the statistical foundations of DCM have been challenged on several grounds.
While some critiques seem to be excessive (like the combinatorial explosion studies) and can
be salvaged by properly applying guidelines from articles like [63, 75], several limitations are
unavoidable. These include the disadvantages of the local optimization algorithm, sensitivity
to priors, potentially unreliable results of model comparison, and problems with underfitting
and overfitting. These are serious issues but so far they have not stopped the neuroimaging
community from widely applying DCM. Researchers should be simply aware that the esti-
mated parameters are in no way "true" and the focus should be on identifying the high-level
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dynamical properties of the modeled network. In the words of the critical reviewers of DCM,
"the detection and analysis of networks in the human brain is still very much an open problem.
None of the existing methods are as yet wholly satisfactory.” [62]. Based on the reviews of
brain modeling methods discussed in Section 2-1, DCM appears to be the only dynamical
systems approach for modeling effective connectivity across brain regions, suited to represent
learning phenomena. Therefore, DCM remains the chosen modeling technique in this project.

2-3-3 Framework validity

To assess whether the DCM framework is sound, several studies have examined its validity.
This included investigating whether the model appears to represent neural dynamics correctly
(face validity), to what degree it actually models the process correctly (construct validity),
and whether it can predict future outcomes (predictive validity). Face validity is the most
informal and subjective measure so its findings should not be considered decisive. Construct
validity aims to provide a more reliable measure of the quality of the technique. The most
common way to do it is by comparing the technique to similar approaches. Finally, predictive
validity is the hardest to establish, especially when data is scarce like in DCM.

Face validity has been assessed in the seminal paper [43] by modeling the system in several
difficult situations. Simulations indicated that typical fMRI noise levels of 0.5 — 1.5% do not
compromise the accuracy and precision of system identification. This is because when the
data becomes noisy, the algorithm relies more on the prior distributions. Furthermore, the
authors have studied the effect of misspecification of input timing. They performed simu-
lations using shifted input signals and found that DCMs can handle timing misspecification
of up to around +1 second, which is acceptable for most fMRI studies with a high tem-
poral resolution. In studies with a low temporal resolution (> 1 second), the signal may
have to be realigned. DCMs are relatively insensitive to timing misalignments as these are
easily absorbed into the model parameters that implicitly express timing relationships. For
instance, as the input is delayed, the output response seems to evolve too early. However,
this is compensated for by increasing the temporal scaling parameter o, which accelerates the
response. Finally, the model’s sensitivity to incorrect priors was examined. In DCM, the nor-
malized coupling strengths are of key interest, while the temporal scaling and the biophysical
parameters serve only to complete the model. These supporting parameters are initialized
using empirical values that may differ per brain region and per subject. It is thus important
to establish how much misspecification of the temporal and hemodynamic priors affects the
estimation of the coupling strengths. The authors have found that biophysical priors that
are two standard deviations away from the correct values have a negligible effect on coupling
posteriors. Moreover, varying the temporal scaling prior by up to 2 seconds from the correct
value led to a poor estimation of said parameter but the coupling strengths were estimated
well.

One of the most comprehensive studies of construct validity has been done by [79]. In the
paper, the authors have compared DCM to another method for inferring effective connectivity
from fMRI data, namely Structural Equation Modeling (SEM). This approach relies on
identifying a static model of neural dynamics, meaning that it does not model the time
evolution of signals like DCM does. However, SEM can be considered as a special case of
DCM where the dynamics have reached an equilibrium and so the rates of change are zero.
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Figure 2-8: Standard deviation of the observation error across the 3 modeled regions (Al, A2,
and WA) for each of the 10 datasets (shades of grey) from [43].

The authors have applied these approaches to model how attention (extrinsic input) influences
the dynamics in a network of three nodes mediating the visual motion processing. The two
approaches led to consistent conclusions. Therefore, the study has provided evidence for
DCM’s construct validity but more research would be required since SEM is not a dynamical
model so the comparison is not valid when rates of change are nonzero.

Predictive validity is the hardest and most important validity notion to prove. The first study
of this measure was performed in the classic DCM paper [43] by comparing models fitted on 10
independent datasets from the same experiment. The paradigm involved a passive listening
task of single words used to model the connectivity in the auditory network consisting of
3 nodes. The estimated connections in the coupling matrix A were consistent among the
winning models from each of the 10 training datasets. There was more discrepancy in the B
matrix connections but the authors have considered them "relatively consistent" nonetheless.
They have illustrated the reproducibility of the results by calculating the standard deviations
of observation error across the modeled nodes for each of the 10 datasets. The estimated
error variances are depicted in Figure 2-8. The figure shows that parameters were estimated
with very similar degrees of error (0.8 — 1.0%).

According to the critical review by [61], the most far-reaching study of DCM’s predictive
validity was done by [80]. In this validation study, the authors have performed a DCM analysis
using both fMRI and intracerebral EEG measurements of neural activity during epileptic
seizures in rats. By comparing results using the two types of data, the study has provided
supportive evidence for DCM’s validity. For instance, models identified using different types
of data identified the same node as the main driver in the network. However, the relevance
of the study has been challenged by [62], where the authors have argued that epilepsy in rats
may not be comparable to cognitive functions in humans.

W. Dziarnowska Master of Science Thesis



2-4 Developments in Dynamic Causal Modeling 33

2-4 Developments in Dynamic Causal Modeling

Since the influential original DCM paper, multiple variations of the method have been pro-
posed to tackle different problems. A common concern in DCM is that the number of model
parameters grows quadratically with the number of nodes, making the problem intractable.
To address this issue, [81] has proposed an efficient method for modeling large networks, which
rests on designing priors to constrain the number of free parameters. Another approach that
tackles this problem is Regression DCM developed by [82]. This framework casts model in-
version as a Bayesian linear regression problem, which accelerates system identification by
several orders of magnitude. Furthermore, since different brain imaging methods offer differ-
ent insights into brain activity, [83] has introduced an approach that allows DCM to generate
both hemodynamic (e.g., fMRI) and electrophysiological (e.g., EEG) measurements. This
enables the fusion of the two types of responses, which in turn gives access to much richer
neuronal dynamics.

Undoubtedly, three of the most influential variations of DCM are Nonlinear DCM [67], Two-
State DCM [66], and Stochastic DCM [65, 77, 84]. They all offer an extension to the neuronal
state equations, making the model more biologically plausible. Several DCM studies of emo-
tional memory have either used or strongly recommended using Two-State DCM [46] and
Nonlinear DCM [49, 48]. While no Stochastic DCM studies of emotional memory have been
found, the approach offers a more robust system identification approach, which is an attrac-
tive property. Hence, these three approaches are of particular interest in this thesis and shall
all be applied to identify the one that fulfills the project’s goal best.

2-4-1 Nonlinear DCM

The neuronal model in DCM is based on the assumption that the true underlying dynamics
are expressed by some unknown nonlinear function F' that can be approximated by the Taylor
expansion,

dz oF OF 0*F 0*F 2?
F =—=xF —_— —_— —+ ..
(z,u) (0,0) + 8zz+ 8uu+8zauzu+ 9.2 9 + ..

(2-21)

where z and u are the neuronal states and inputs, respectively. The classic version of DCM
includes only first-order derivatives. Consequently, the resulting model is capable of repre-
senting the influences the nodes exert on each other, the influence the extrinsic input has
on node connections, and the direct impact the extrinsic input exerts on the neuronal states
(see Section 2-2-1). One important aspect that this model does not include is "neuronal gain
control". This is the phenomenon by which the activity in one node directly influences the
connection between two other nodes, expressed by the second-order derivative with respect
to z (last term of Equation 2-21). This effect is especially crucial for learning and attentional
modulation, which is the ability of the brain to selectively enhance or suppress the processing
of specific sensory signals based on their relevance. To incorporate the gating mechanism, the
authors of the seminal paper proposed a nonlinear extension to DCM [67], where the neuronal
dynamics model is given by
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Here, non-zero entries D};l indicate that the causal connection from node k to node [ depends
on neural activity in node i. To visualize the meaning of the coupling matrices, Figure 2-9
depicts a graphical representation of the model.

dz
- c.- R
2~ e+ D+ O+

Figure 2-9: Graphical meaning of matrices in the neuronal model in Nonlinear DCM, with some
arbitrarily drawn connections. Blue arrows correspond to matrix A connections, green arrows to
the connections of matrices B7, yellow arrows to matrix C connections, and red arrows to the
connections of matrices D?.

The rest of the analysis is almost identical to that in the original DCM framework. The
nonlinear neural dynamics model is combined with the hemodynamic model described in
Section 2-2-1 and the full model is identified using the EM estimation scheme explained in
Section 2-2-2. Priors on the parameters of the D! matrices are derived exactly the same as
for the A and B7 matrices, as discussed in Section 2-2-2. There is however an added difficulty
when estimating system parameters in that the D’ matrix is now a function of the states,
which change continuously. The D matrices are needed to evaluate the state equation, which
has to be integrated to obtain the state at the current time step that is then fed into the
output equation. In the classic DCM formulation, all coupling matrices are dependent only
on the input signals. Due to the typical sparsity of inputs in fMRI, the functions need to
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be reevaluated only when the inputs change. However, with the addition of the D term, the
state equation continuously changes and thus has to be reevaluated at every time step.

2-4-2 Two-state DCM

The neuronal model in the seminal DCM paper involves one state per node. This means that
the neuronal activity within a given brain region is pooled and considered as a single signal.
This is a rather simplistic approach that neglects many important processes. One detail that
it fails to model is that neurons in the brain can have either an excitatory or an inhibitory
nature. Most of the brain’s neurons are excitatory, meaning that when they fire, they excite
other neurons and propagate signals through the brain. Some neurons are however inhibitory,
which means they inhibit other neurons, making them less likely to fire. To incorporate these
effects into DCM, [66] has proposed a two-state neuronal model. The authors argue that
the two-state model can represent more complex dynamics than its single-state counterpart,
including periodic and harmonic oscillatory modes. Furthermore, single-state DCM ensures
system stability by imposing shrinkage priors (prior variances that guarantee negative real
parts of Jacobian eigenvalues). This precludes identifying systems that are close to instabil-
ity. However, when using the more biologically plausible two-state model, the dynamics of
excitatory and inhibitory neurons inherently grant more stability.

In the approach each brain region i is modeled with an excitatory state z” and an inhibitory
state z/. This means that the system’s Jacobian matrix J = A + 3" Uj BJ changes to accom-
modate the extra state per region, resulting in

=7z + C'u
~EI ~EE E
gt C o w0 i
Jll 0 O Zl
= .. : y z = ( )
~EE  ~EI E 2-23
0 - Jyn Inn ZN

357 = wijexp(Af] + >y, B**(k)) pi; exp(A Hexp ukB ~(k )), x € {E,I}.
The coupling matrix J consists of 2 x 2 blocks corresponding to intrinsic (within-region)
connections on the diagonal and extrinsic (between-region) connections off the diagonal. Re-
garding the intrinsic coupling, all possible connections are allowed, including self-connections
E — FE and I — I, as well as interstate connections £ — [ and I — E. Furthermore,
connections £ — E, E — I, and I — I are set to be negative (i.e., JZ¥ JEI 31 < 0) to
ensure that they mediate a dampening effect on the response.

Furthermore, anatomical studies suggest that long-range connections between inhibitory pop-
ulations should not be allowed. This means that extrinsic connections should be mediated
only through the connections of excitatory populations £ — FE, which are assumed to be
positive (i.e., ’JZ-E]-E > 0). The authors have set the prior mean of the extrinsic connections to

,ug-E = 0.5. Finally, the authors have set the variance of all the parameters of the A and B
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matrices to v = 1/16. This allows the prior to be scaled by up to a factor of two, which is
"mildly informative", according to the authors.

The two-state variation of DCM changes the number of neuronal states but the general form
of the state equation remains the same. The remaining steps of the framework are also the
same as in classical DCM: the two-state neuronal model is combined with the biophysical
model (see Section 2-2-1) and then the EM scheme is applied to estimate model parameters
(see Section 2-2-2).

Single-state DCM Two-state DCM

x=3x+Cu
(1] (1] L1} L1
x=3x+Cu Sy = u; exp(A4;" +uB;")
Sr;r = Ay, + uBU,
[ EE El EE T L ET]
n Sy IN 0 X
IE 1 I
By = ey X, T B 0 0 !
3=| ¢ 1| x=|: 8=| L " I | *=|:
A EE S EE EI E
D = D Xy S Pm 0 N/ VAN NNy Xy
/ Vg IE u | !
i L 0 0 "7 P w [ XN ]
% Extrinsic (between-/ % Intrinsic (within-  /

region) coup\ing__.-"' region) couplinglx.’

Figure 2-10: Comparison between the classical single-state DCM and the two-state DCM [66].

2-4-3 Stochastic DCM

The classical formulation of DCM models brain dynamics as a deterministic system, which
means that it does not account for any randomness or model fluctuations. However, the brain
is known to exhibit a large amount of "neuronal noise", which refers to the random firing of
neurons and variations in transmission between neurons, arising from inherent stochasticity
at the cellular and molecular levels [85, 86, 87, 88]. Neuronal noise plays an important role in
adapting and responding to environmental cues, affecting decision-making and information
processing. To account for this phenomenon, researchers have developed Stochastic DCM
[65, 77, 84], which models noise in neuronal system states. Apart from rendering the model
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more biologically plausible, this approach also offers more robustness to model misspecification
and improved convergence in system identification.

Just like in the classical formulation of DCM, the stochastic approach models observation
error ¢ in the output equation

y = h(u,0) +e. (2-24)

On top of that, Stochastic DCM also models neuronal noise as additive noise o in the neuronal
state equation

zZ= Az—l—Zuijz+Cu+w. (2-25)

By accommodating fluctuations in neuronal states, Stochastic DCM faces several challenges.
Firstly, it is self-evident that there is a considerable increase in the number of unknown
variables. As a result, there is less information in the data per unknown variable, making the
algorithm more sensitive to priors. Moreover, the activity in the network is now considered
to be caused by both experimental input v and neuronal noise w. Therefore, the system
identification algorithm has to determine the extent of contributions of the two sources,
which becomes increasingly challenging as the noise-to-signal ratio increases. Because of the
increased difficulty in identifying the system, fitting a Stochastic DCM takes approximately
30x more time than fitting its deterministic counterpart [84]. While this makes the approach
considerably more computationally expensive, the resulting models have been shown to be less
overconfident, providing a less biased fit to the data [84]. They can also capture phenomena
not explained by the simplistic deterministic model approximation and can deal better with
incorrectly specified model structures.

To identify the parameters, hidden states, and error hyperparameters of this new model,
Stochastic DCM can apply one of the following two methods: Dynamic Estimation Maxi-
mization (DEM) [89, 90] or Generalised Filtering (GF) [65, 91]. The focus of this section is
on DEM as it is the original scheme used in Stochastic DCM, and it bears more resemblance to
the EM algorithm applied in classical DCM, explained in Section 2-2-2. The DEM algorithm
and its relation to EM are especially thoroughly discussed by [73], who have reformulated the
algorithm for the control systems community and provided missing derivations. The following
discussion aims to summarize the most important aspects of DEM, and the detailed proofs
can be found in [73].

The two system identification algorithms are both based on the Free Energy Principle (FEP),
which is a unified theory of how the brain combines prior knowledge with stimuli from the
environment to learn and adapt. Using this principle, the EM and DEM algorithms find the
optimal parameters by maximizing the free energy defined as

F=Inp(y) = D(q(@)[lp(V | y)), (2-26)

where J = [zu 0 )\]T is the vector of all hidden states, parameters, and hyperparameters.
Furthermore, Inp(y) is the log-evidence, D denotes the Kullback-Leibner divergence, ¢(9) is
the approximate posterior distribution, and p(¢ | y) is the real (unknown) posterior. Since
divergence is always positive, F' creates a lower bound for the log-likelihood
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F <Inp(y). (2-27)

The goal is to maximize the free energy, thus minimizing the divergence, rendering ¢(f) a
suitable approximation of the actual distribution.

While both EM and DEM are based on the above principles, they have two significant dif-
ferences. What the DEM algorithm introduces are the use of generalized coordinates and
a mean-field approximation for modeling the free energy. Both of these additions are cru-
cial for handling complexities associated with estimating parameters in systems with state
noise. In the ensuing discussion, two operators are used to denote a variable in its generalized
coordinates (tilde operator ~) and a time integral of a variable (bar operator 7).

First of all, DEM models the time evolution of states using generalized coordinates, meaning
that the states are expressed using their higher-order derivatives, i.e., 2 = [z 2/ 2”...]T. As
a result of using the generalized coordinates, DEM tracks the trajectories of states instead of
their point estimates like EM does. This is crucial for handling state noise, as it allows DEM
to model the correlation between noise derivatives, providing a more accurate estimation
under state noise.

Furthermore, DEM employs a different approximation of the free energy. When the unknown
variables include both time-invariant and time-varying parameters, the free action F is used
as the objective function, instead of F'. The free action is defined as the integral of the free
energy over time,

F=V©®) +HD) = / (U (y,9)) oyt + / H (D)9, (2-28)

where V(9) = (U(y,9))q(9) is called the Variational Free Energy (VFE). The internal action
U is expressed as a sum of the log-likelihoods of the posterior output distribution and prior
parameter distribution, given by

U(y,9) =Inp(y | 9) + Inp(I). (2-29)

By assuming that the densities of the parameters constituting v are independent of each
other, i.e.,

q(0) = q(2)q(@)q(0)q(N), (2-30)

the formula for the internal action U(y, ) can be simplified using the second-degree Taylor
series expansion near the mean ;ﬂ = { wE ,ue, ,u/\}, resulting in,

00:0) =0 ) + 3 (=) 0 (1), (0-0). @30
i=1j=1

The above approximation of the internal energy may now be substituted into the formula for
the VFE, giving,
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V =U(y, ) —|—/Wdt

LA (2-32)

— ]
W= 2 Z tr [Z U (y,u )91‘93} '
3,7=1

Here, W is called the mean-field term and represents the second important addition of the
DEM algorithm. In comparison, the EM scheme neglects the mean-field terms. Since the pa-
rameters in ¥ are independently distributed, the covariance between them is zero, simplifying
the equation to

V =U(y,p’) + /[Wi + W+ WO+ WAt
L . ) (2-33)
w :§tr [ZU(y,M )eim}'

This formulation of the VFE may now be substituted into the formula for the free action
given by Equation 2-28, concluding the derivation of the objective function. The resulting
iterative scheme is given by three distinct steps:

1. D step: generalized state and input estimation,
2. E step: parameter estimation,

3. M step: noise/error hyperparameter estimation,

where the E and M steps are equivalent to the EM algorithm.
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Chapter 3

Model development

This chapter provides an overview of the work carried out to obtain a model of emotional
memory that fulfills the project objectives. Firstly, Section 3-1 introduces the dataset and
the experimental setting. Additionally, all the design decisions involved in Dynamic Causal
Modeling (DCM) are described, such as input signal modeling and choice of equations de-
scribing the system. Then, Section 3-2 summarizes all the steps performed in MATLAB to
pre-process the data, fit the DCM model, and analyze the results.

3-1 Modeling approach

The goal of the project is to use functional Magnetic Resonance Imaging (fMRI) data from
the experiment described below to build a dynamical model of the neural underpinnings of
emotional memory. The selected modeling framework is DCM, which models neural dynamics
in a network of pre-selected brain regions that respond to external stimuli and collectively
give rise to the signal measured with fMRI. Based on the literature, the selected nodes are the
Amygdala (Amy), the Hippocampus (Hip), and the Orbitofrontal Cortex (OFC), see Section
1-2 and Section 1-3.

3-1-1 Experimental paradigm

The dataset used in this thesis comes from an experiment conducted by Zhu et al. at Donders
Institute for Brain, Cognition, and Behaviour [1]. The purpose of the experiment was to study
associative memory of neutral and emotional images. It should be noted that the experiment
studied both the encoding and retrieval phases of memory, whereas the focus of this thesis is
only on the encoding phase. In the study, 70 healthy adult subjects were asked to memorize
48 so-called "ABC triplets" of images, while having their brain activity measured using fMRI.
An "ABC triplet" consists of three images, where:

e "A'" corresponds to a neutral cue (one of 48 distinct locations in a cartoon map)
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o "B" and "C" correspond to differently valenced images including neutral images (e.g., a
building) and negative images (e.g., an angry barking dog).

To study the effects of different emotional values of visual stimuli, the participants were
divided into 3 groups, based on the type of images they would see:

o group Neutral-Neutral (NN), where images "B" and "C" were neutral,
o group Emotional-Emotional (EE), where images "B" and "C" were emotional,

o group Neutral-Emotional (NE), where image "B" was neutral and "C" was emotional.

The experimental design is depicted in Figure 3-1 using an example of an "ABC triplet',
where the map location with the house with a blue roof ("A") is associated with an image of
skyscrapers ("B") and an image of a barking wolf ("C"). Images "B" and "C" are not displayed
simultaneously. Instead, the cue is shown with each image separately, indicating that the
images should all be associated with each other. During each trial, the entire map was first
shown for 0.5s, after which the cue was highlighted on the map and presented for 1s. Then,
only the highlighted cue remained side-by-side with the paired image for 2.5s. Finally, there
was a break lasting between 0.5-1.5s, followed by the next trial.

‘ First association ‘ ‘ Second association ‘

EZI.;’HT -.!*f% E:.J\’HT -‘!ffa
Map: 0.5s I 250 ﬂ ¥, H E

N1 - L =N L

highlighted =

cue: 1s £y 2 i“lL

. . e

ue +

picture: 2.5s . + &
o k e

Break: 0.5-1.5s,
then next pair

Map with D.J\"ET '~ ,! ! f«, E:-S’HT & .! f f‘w
1=
fﬂ? E

Figure 3-1: Experimental design used to obtain data for this project [1].

The 48 triplets were shown in 4 runs, each run including 12 different triplets. Within each run,
all 12 first associations ("A" 4+ "B") were shown first, followed by all 12 second associations
("A" + "C"). After all the triplets had been shown once, the entire process was repeated such
that each triplet was shown exactly twice. Once all triplets were displayed twice, a run was
completed and the next run with 12 new triplets commenced.
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3-1-2 Input signal

In DCM, the input signal used to fit the dynamical model is a step function equal to 1
when an external stimulation is present and equal to 0 otherwise. Since the experiment used
in this project includes several different types of images (map — map with highlighted cue
— cue and image), a decision has to be made on what should constitute the input signal.
Undoubtedly, the most relevant part of each trial is the last one, when the cue is presented
next to an image. Hence, the input signal for model fitting is a step function equal to 1 while
the cue and image are presented (for 2.5s) and 0 otherwise (the breaks are also about 2.5s
long), see Figure 3-1 for details on experiment structure. Moreover, a distinction is made
between the first associations (cue + image B) and the second associations (cue + image C),
corresponding to two input elements u; and usg, respectively. Figure 3-2 depicts a visualization
of input signals in a dummy example with 2 "ABC triplets".

2.5s «~2 55> 2.5s «~2 55> 2.5s «~2 55> 2.5s
=N H iy
I < s | k ! [ | :
Ay B, Ay C;
u |
U2

Time (s)

Figure 3-2: Example of input signals u; and us used for fitting DCM in a dummy case with only
2 triplets in group NE. The graphic is not to scale.

3-1-3 Model space

DCM requires the user to specify which model connections are present/allowed. If a con-
nection is allowed, the algorithm will update its value during model fitting. However, if a
connection is not allowed, its strength will remain at 0. Since the actual model structure
(allowed vs. non-allowed connections) is rarely known beforehand, DCM users typically de-
fine a model space of plausible model structures that should all be fitted. The model space
choice should be rooted in biological assumptions and results from similar past studies. Then,
Bayesian Model Selection (BMS) is performed to identify the optimal structure, see Section 2-
2-3 for details. Having to fit multiple models just to find the best structure is computationally
expensive, which is a common point of criticism of DCM.

The size of the model space in this project is kept to a minimum because the dataset includes a
large number of subjects and the computational power is limited. The idea is thus to first focus
on the small model space and see if any of the models fits the data sufficiently well. Firstly, all
connections in the A matrix are allowed, which is supported by similar studies introduced in
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Section 1-3. The related studies modeled (a subset of) the network consisting of the Amy, the
Hip, and one or more subregions of the Prefrontal Cortex (PFC). The connections identified
in these studies are summarized in Table 3-1, where the various PFC subregions are treated as
one node. As can be seen in the table, most studies found bidirectional connections between
all nodes, with the exception of [49], where only top-down connections with the PFC were
found. Based on these results, it is expected that the nodes in the network modeled in this
project should also all be interconnected. Furthermore, the self-connections corresponding to
the diagonal matrix entries should also be allowed, as they serve an important biological role
in inhibiting neural activity from reaching too high magnitudes [92]. Overall, this means that
all the models fitted in this project have A matrices with all connections allowed.

Study in [46] | Study in [14] | Study in [47] | Study in [48] | Study in [49]

Amy «+ Hip Amy + PFC Amy < Hip Amy «+ Hip Amy «+ Hip
Amy < PFC Amy < PFC Amy < PFC
Hip <+ PFC | Hip +s PFC | Hip + PFC

Table 3-1: Between-region connections in the A matrix found in similar studies. The double-
sided arrow <+ means a bidirectional connection was found, and the one-sided arrow < means
only a connection in the specified direction was found. Not all studies modeled all three Amy,
Hip, and PFC, hence the empty entries.

Moving on to the B matrices, it is reasonable to assume that both inputs affect the same
connections so B; and By should have the same structure. This is because the inputs corre-
spond to the same type of external stimulation, i.e., viewing pairs of images. Consequently,
all connections in the B matrices should be allowed such that the different influences of inputs
(emotional vs. neutral) can be reflected in the strength of the connections. This approach has
also been adapted by [14], which is the only other found DCM study of emotional associative
memory in a similar network.

Similarly, both columns of matrix C' should have the same allowed connections such that the
two inputs affect the same nodes. In this case, however, not all connections should be allowed.
All of the related studies ([14, 46, 47, 48, 49]) found that the input acts directly on only one
of the nodes. This can be seen as the external stimuli entering the brain network through one
node, which passes on the influence of the input to the other nodes. As a result, three possible
C matrices should be explored in this project, reflecting the external input acting directly on
the Amy, the Hip, or the OFC. This concludes the definition of the model space. The allowed
connections of the 3 models to be fitted are summarized in matrix form in Equation 3-1 and
visually in Figure 3-3.

d=_ |
dt 1

1
A B, B (3-1)
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Figure 3-3: Model structures to be fitted. The arrows symbolize connections, whereas the dots
correspond to the modulatory influences of the inputs on the connections.

Finally, as elaborated on in Section 2-4, apart from the classical formulation of DCM, other
variations that are relevant to this project are Nonlinear DCM, Two-State DCM, and Stochas-
tic DCM. The aim is to fit all 4 types of DCM and identify which one is best suited for the
goal of this thesis. Most of these variations do not require making changes to the model
space. The exception is Nonlinear DCM, which requires specifying which nodes are assumed
to modulate the connections between other nodes. This modulatory influence is reflected by
the > szj z term, which in this case contains three matrices D1, Do, and D3 since there are
three neuronal states z. In this project, it is assumed that only one node may exert modula-
tory influence on the other connections, which is consistent with the findings of related studies
[48, 49]. Furthermore, it is assumed that the modulatory influence affects both connections
between the other nodes, to avoid exploring too many combinatorial possibilities. This means
that there are three possible structures of the D matrices, summarized in Equation 3-2 and
depicted in Figure 3-4. Since there are also three possibilities for the C matrix, there are
3 x 3 =9 Nonlinear DCM models to be estimated.

d
£ = Az + Biui1z+Bousz + C Zl 4+ Diz1z2 + Dozoz + D323z,
2
[0 0 0]
where D1 = |0 0 1|,Dy= D3 =[0],
_O 1 0_
[0 0 1] (3-2)
OI“DQZ 0 00 ,D1:D3:[0],
_1 0 0_
[0 1 0]
OI‘D3: 1 0 0 ,D1:D2:[0].
_O 0 0_
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Figure 3-4: Structures of the D matrix to be fitted in Nonlinear DCM. The black arrows
symbolize connections in the A matrix, which may be modulated by other nodes through the
green connections.

3-2 Model fitting

DCM has been implemented in the Statistical Parametric Mapping (SPM12) toolbox [93] in
MATLAB, which is a commonly used tool for analyzing functional imaging data. DCM model
fitting requires several steps, including extracting time series from the relevant brain regions,
fitting all models from the model space, and comparing the fitted models to find the optimal
one. The model fitting procedure applied in this project is based on an example from the
SPM12 manual [94]. The goal of this section is to summarize and explain all the modeling
steps performed in MATLAB. Furthermore, scripting in SPM12 is not well documented (not
even in the manual) so one of the contributions of this thesis is the quick guide to SPM12
DCM scripting in Appendix B.

3-2-1 Data pre-processing

To begin with, the first 10 values from each run are removed because they correspond to the
initial 10 seconds, during which the scanner was still being set up. Furthermore, it has been
decided to fit the models using data from only the first out of the four runs of each participant.
The runs were recorded separately, each involving 12 different ABC triplets displayed over a
time span of around 250 seconds. As there is a considerable number of subjects and model
structures to fit, and DCM is generally computationally heavy, reducing the size of the dataset
is necessary. In fact, even with this smaller dataset, the entire model-fitting process takes
around 24 hours on a powerful data-processing server that uses an Intel Xeon Silver 4314
processor.

The next stage in pre-processing data is estimating a General Linear Model (GLM). In the
context of neuroscience, GLM is a statistical framework that aims to capture the relationship
between the observed signal (fMRI data) and the experimental conditions [94]. This step
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Figure 3-5: Example of a GLM observation model.

serves to denoise the data and identify the neural responses that correspond to experimental
stimulation. The model assumes that the observed data is a linear combination of the input
signal, a constant mean value, and noise or error. An example of a GLM model is depicted
in Figure 3-5. During the estimation process, the observed data is separated into the 3
components such that each component represents the contribution of its associated variable
(experimental conditions, mean, and noise). This step requires specifying the experimental
conditions (here, u; corresponding to the first associations and ugy corresponding to the second
associations), their timings (here, step functions as explained in Section 3-1-2), as well as the
sampling frequency of the fMRI machine used to collect data (here, 1 second [1]).

After the GLM has identified the data components that correspond to external stimulation,
the next step is to define the brain areas of interest, known as Volumes of Interest (VOIs).
In this project, there are three brain regions to be modeled, namely the Amy, the Hip,
and the OFC. The goal is to identify the relevant voxels (units on a 3D grid) for each
of the brain regions. As depicted in Figure 3-6, each VOI is defined as the voxels that
constitute the anatomical region and that show significant responses to both inputs. The
anatomical locations of selected brain regions are specified using WFU__PickAtlas [95], which
is implemented as a MATLAB toolbox that generates brain masks based on brain atlases.
The atlas used in this project is the Automated Anatomical Labelling (AAL) atlas [96]. As
Amy and Hip are bilateral (located on both sides of the brain), it is important to decide which
side to include in the model. Here, only the left Amy and Hip are selected because they are
known to play a more important role in emotional memory and it is common practice to
restrict the DCM analysis of emotional memory to the left side only [46, 48, 49].

Furthermore, identifying voxels that respond to external stimulation requires specifying T
and F contrasts [94]. These contrasts are mixtures of GLM parameter estimates assessed
in relation to some null hypothesis. Firstly, T-contrasts test whether a specific parameter
in the GLM has significant importance. Here, two T-contrasts are applied to test whether
each individual input (u;, ug) has a significant effect on the given brain region. Then, an
F-contrast is applied to test whether a set of experimental conditions (u; and ug) has a joint
effect on neural activity within a VOI. Applying the T and F contrasts requires specifying

Master of Science Thesis W. Dziarnowska



48 Model development
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Figure 3-6: Venn diagram visualizing the definition of what voxels constitute VOls.

their p-values. The p-value approach is a statistical significance test that checks whether
there is evidence to reject the null hypothesis [97]. In this project, the p-value is set to 0.05,
which is a commonly used p-value in other DCM studies as well as in the example in the
SPM12 manual [94].

Finally, by applying the T and F contrasts on each anatomical region, relevant voxels are
identified for all three VOIs. The last step is to obtain a mean of the signals from voxels in
each VOI, resulting in three 1-dimensional time-series corresponding to the Amy, the Hip,
and the OFC. This procedure is carried out for all 70 subjects but for some of the people, no
significant voxels are found in at least one of the brain regions. These subjects are excluded
from further analysis, leaving 22 people in the NN group, 20 people in the NE group, and
23 people in the EE group. Furthermore, Figure 3-7 depicts a histogram that shows the
distribution of the number of relevant voxels found in each VOI for all subjects. The figure
shows that for all nodes, around 90% of the values are within the first 3 bins with overall
ranges: 0-1500 for Amy, 0-3000 for Hip, and 0-600 for OFC. Furthermore, the averages of
the bins constituting the top 90% highest values are 589 for Amy, 1277 for Hip, and 257 for
OFC.

3-2-2 Subject-level DCM

The goal of DCM in this project is to obtain one optimal model per group (NN/NE/EE) that
explains the data of all subjects within that group sufficiently well. This requires performing
a subject-level analysis first, meaning that all models from the model space (see Section 3-1-3)

are fitted for every person. The model space consists of 18 models including 3 classical DCM
models, 3 Stochastic DCM models, 3 Two-State DCM models, and 9 Nonlinear DCM models.

At this stage, the step-function input signals are convolved with a canonical Hemodynamic
Response Function (HRF) (see Figure 2-2). This is a crucial step in modeling how neural
activity translates into the observed hemodynamic response in fMRI data. Furthermore, two
timing parameters need to be specified, namely the Echo Time (TE) and the slice timings.
The former is a property of the fMRI machine used to collect data and in this case, it is equal
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Figure 3-7: Histogram of the distribution of the number of relevant voxels found in each brain
region for all subjects.

to 0.04 seconds [1]. Moreover, slice timing refers to the process of correcting for the time
differences in the acquisition of different slices while obtaining fMRI data. This is necessary
because fMRI machines sequentially capture the activity in 2-dimensional slices to obtain a
full 3-dimensional image. During the sampling period (here, the Temporal Resolution (TR) is
1 second), the consecutive slices are obtained at slightly different times and so a slice timing
correction has to be applied to reduce the errors caused by the mismatch. In this project, data
is shifted to correspond to the middle of each slice (TR/2 = 0.5 seconds), as recommended
in the SPM12 manual. As a result, 18 DCM models are estimated for all 65 subjects. This
concludes setting up the subject-level DCM analysis.

3-2-3 Group-level DCM

The next step is identifying which one of the 18 types of models fits the data of subjects from
each group (NN,NE,EE) best. This analysis is carried out by performing Bayesian Model
Selection (BMS), which is a statistical method described in Section 2-2-3. The approach
computes the log model evidence Inp(y|m) of each model structure, which is a metric that
assesses the model’s ability to explain the data with minimal structural complexity. If the
difference in log evidence between one model and all the other models is at least 3, it is
considered that the evidence is strong that this model is optimal.

When applying BMS, the user must decide whether to assume that one model structure is
optimal for all subjects in a group (Fixed-Effects (FFX)) or if every subject might have a
different optimal model (Random-Effects (RFX)). In this project, FFX analysis is applied
because it is assumed that there is an optimal model that fits all subjects from a group. This
assumption is valid because all participants were exposed to the same experimental conditions.
In contrast, if conditions varied across subjects, it would not be reasonable to assume that
one model should fit all people within a given group.

After BMS has revealed the optimal model structure for each group, it is time to estimate
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the parameters of these optimal models. This is done by performing Bayesian Parameter
Averaging (BPA), which takes the models with the optimal structure and obtains "average"
values of model parameters. To obtain the "average" values, BPA computes the joint posterior
distribution by taking the posterior of one subject and treating it as the prior for obtaining
the posterior of the next subject. In this project, the average optimal models are obtained
separately for each type of DCM (Classical, Nonlinear, Two-State, and Stochastic). As a
result, each group (NN,NE,EE) has 4 optimal models, one per DCM type. The purpose of
the following chapter is to examine which DCM variation results in the best average model.
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Chapter 4

Results and analysis

In order to obtain a nonlinear dynamical model for the Amygdala (Amy)-Hippocampus (Hip)-
Orbitofrontal Cortex (OFC) network, several variations of the Dynamic Causal Modeling
(DCM) framework are utilized, including the Classical, Nonlinear, Two-State, and Stochastic
formulations. This chapter presents all the developed models, compares them, and provides
an analysis of the chosen model. First, Section 4-1 discusses the performance of each DCM
variation and identifies the most suitable one for the thesis objectives. The chosen model
is then thoroughly analyzed in Section 4-2. This section discusses the estimated structure,
parameter values, and stability properties across all experimental groups. Analyzing these
properties brings insights into how the networks communicate in different groups, which is
an indicator of how well memories form depending on the experimental condition.

4-1 Model comparison

In order to identify the best DCM variation, the Amy-Hip-OFC network is modeled using
Classical, Two-State, Nonlinear, and Stochastic DCM. The last three methods extend the
model and/or the system identification algorithm of the classical approach with different fea-
tures. Specifically, Two-state DCM models two states per node, as opposed to one in the
classical approach, which allows to capture the excitatory and inhibitory neuronal activity.
This renders the model more biologically plausible and showcases more complex dynamical
phenomena. Furthermore, Nonlinear DCM adds a nonlinear term 3 z; D'z to the neuronal
state equation, making the model capable of describing how a node can modulate the connec-
tivity between other nodes. Lastly, Stochastic DCM abandons the deterministic assumptions,
allowing for more error, neuronal noise, and system misspecification, leading to a more robust
model.

For each of the DCM variations, subject-level and group-level analyses are performed to
identify the optimal model structure and average parameters that capture the dynamics of
all subjects within a group. First, the optimal model structure is identified by performing
Bayesian Model Selection (BMS), where several structures are fitted and compared. The BMS
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procedure chooses the model structure with the highest model evidence, which is a metric that
assesses the model’s ability to explain data with minimal structural complexity. Then, the
parameters of this model structure are obtained during Bayesian Parameter Averaging (BPA),
which is an approach for estimating average parameters that explain the data of all subjects
within a group. This approach is discussed in detail in Sections 3-2-2 and 3-2-3. As a result,
3 optimal models (one per each group) are found for each of the 4 DCM variations.

Classical, Two-State, and Nonlinear DCM all result in a poor fit. The simulated responses
of the average optimal models are depicted in Figure A-1, Figure A-2, and Figure A-3. The
responses are plotted against the average measured signal for each group. By looking at the
figures, it is clear that most of the models fail to capture any details of the system dynamics.
At best, the models roughly follow a rolling average of the data. Omn top of that, as it
turns out, none of these approaches are capable of incorporating the initial conditions of the
system. As a result, the simulated responses always start at zero and continue to attempt
to follow system dynamics with a large offset. While the initial conditions could in principle
be incorporated into the system equations, it is difficult to estimate the initial conditions of
all the hidden states in the first place. Estimating the values of these states is one of the
goals of the Bayesian inference in DCM. Therefore, it appears that a zero initial condition is
an assumption of the DCM framework and the toolbox does not allow the user to generate
responses that start elsewhere.

Conversely, the optimal models fitted with Stochastic DCM generate responses that match
the measured data considerably better, as seen in Figure A-4 and Figure A-5. Not only does
the response follow all the data oscillations but also, the model deals a lot better with non-
zero initial conditions. While the responses still start at zero, they immediately jump to the
correct level and continue to follow the measured signal without an offset.

To better quantify how the different DCM variations perform, their R-squared value is cal-
culated according to

oo iy — fi)? i
L W R 1)

where y; is the measured response at time ¢, 3 is its mean, and f; is the predicted response at
time ¢. This metric assesses how much of the data’s variance is explained by the model - the
higher the value, the better the fit. Furthermore, a negative value indicates that the model
does not explain any of the variance in the data and fits the signal worse than a horizontal
line. Table 4-1 presents the R-squared values calculated for the optimal models for each
DCM type. Most of the values for Classical, Nonlinear, and Two-State DCM are negative or
have a very low positive value. On the other hand, the R-squared values are mostly positive
with significantly higher magnitudes for Stochastic DCM, with the exception of the OFC in
the Neutral-Emotional (NE) and Emotional-Emotional (EE) group. The relative fit among
the groups for Stochastic DCM is further examined in the following section but it is clear
that this DCM variation gives the best overall fit. Based on this quantitative comparison
and qualitative analysis of the model fit figures, the model obtained with Stochastic DCM is
considered to be the best model and is further analyzed in the subsequent section.
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Rimy R2Hip R%FC

Clussica] 70U NN [ -6.7550 -7.8580 -3.1585
Deng Group NE | 29134 -2.0622 -1.5884
Group EE | -3.3053 -3.2494 -0.0100

Nonlinear GToup NN [ -0.0411 -0.8667 -0.2948
et Group NE | -0.0422 -0.0120 -0.0272
Group EE | 0.0075 0.0154  0.0005

Group NN | -0.0411 -0.8667 -0.2948
ng’glf/?te Group NE | 0.0241  0.0065 0.0088
Group EE | -1.9679 -2.1009 -0.0840

Stochastic 01oup NN [0.6493 07626 0.3101
benr - Group NE | 0.3889  0.2011  -0.0344
Group EE | 0.4802 0.5599 -0.6269

Table 4-1: The R-squared between the response of the optimal average models and the average
measured data, calculated per group, per node, and per DCM variation.

4-2 Analysis of the selected model

The optimal models identified using Stochastic DCM give the best fit and are therefore
selected and further analyzed. This section presents various aspects of the selected models,
including their structures, estimated parameters, stability properties, and state evolution
properties.

4-2-1 Model structure

The network model includes 3 nodes, namely zamy, 2Hip, and zorc that give rise to neural
activities described by

2(t) = Az(t) + ) _ui(t)B'z(t) + Cu(t), (4-2)

where the A, B’, and C matrices explain how the nodes influence each other and how the
external stimulation w(¢) impacts the network connectivity. The structure of these matrices
(which connections and influences are present) is unknown so a set of plausible model struc-
tures is defined and compared during Bayesian Model Selection (BMS). In this thesis, the
model set includes 3 distinct structures, where the A and B matrix structures are constant
but the C' matrix structure is allowed to vary, see Section 4-2-1 for a detailed explanation.
This is intended to identify how the external stimulation and input from the rest of the brain
enter the modeled network. The C matrix has 3 possible structures that model the external
inputs entering through the Amy, through the Hip, or through the OFC. In the remainder
of the discussion, the different model structures are named based on their corresponding C
matrix (Amy/Hip/OFC).
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Bayesian Model Selection

Bayesian Model Selection (BMS) calculates the log model evidence for each model, which
quantifies how probable it is that a given model generated the measured response and how
far the estimated parameters are from the priors. As a result, this metric is meant to prioritize
model structures that have a high probability of having generated the data, while having the
lowest model complexity. The log evidence values estimated for each model in this project
are summarized in Table 4-2.

Absolute log model evidence
Group NN Group NE Group EE

Model 1: Input to Amy -0.0002 -32.0000 -11.4785
Model 2: Input to Hip -32.0002 -32.0000 -0.0242
Model 3: Input to OFC -8.5119 -0.0000 -3.7351

Table 4-2: Absolute log model evidence for models Amy, Hip, and OFC, estimated during BMS.

However, it is easier to analyze these values on a relative scale where the lowest log model
evidence (ME) is subtracted from the other log model evidences:

ME relative, model i = ME absolute, model i — Il’lll’l{ME absolute}~ (4'3)

This is done because the absolute log evidence metric assumes negative values so the most
plausible model has the least negative log evidence. Furthermore, it is usually considered
that there is strong evidence for a model being the optimal one if the difference between its
log evidence and the log evidences of all other models is at least 3.

The relative log model evidence values are plotted in a bar graph depicted in Figure 4-1. For
each group, there is one model structure with log evidence greater by at least 3 compared to
the other models:

e group NN - input to Amy (log evidence greater by 8.5),

o group NE - input to OFC (log evidence greater by 32),

o group EE - input to Hip (log evidence greater by 3.7).
Undoubtedly, the results are the strongest for group NE, where the difference is the largest
and there is no relative evidence for the other models. Conversely, the results are the least
decisive for group EE, where the difference between the two best models barely exceeds the

threshold of 3. Interestingly, in all groups, there is considerable evidence for the model, where
input enters through the OFC, even if this model is not always the winner.

Comparison of coefficients of determination

As discussed in Section 2-3-2, it has been shown that the optimal model structure selected
with BMS does not necessarily fit the data well in all network nodes. To examine which
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Figure 4-1: Results of BMS for Stochastic DCM. The bars depict the relative log model evidence
of different model structures.

model structure has the best fit, it is useful to compare the coefficients of determination, also
called R-squared values, of all the models, not only the one that is found to be optimal by
BMS. Table 4-3 presents the R-squared values calculated separately for each node (Amy, Hip,
OFC) in each of the 3 model structures (input into Amy/ input into Hip/ input into OFC)
for every group (NN, NE, EE). The higher the R-squared value, the better the model fits
the data. Several interesting insights can be drawn from analyzing the table. Firstly, when
considering only the models that were found optimal by BMS, the R-squared values are the
highest in group NN. This may suggest that emotional images might lead to more intricate
and less predictable patterns in neural activity, making the signal harder to explain with a

dynamical model.

Group NN
R?Amy RI%Iip R2OFC
Model 1: Input to Amy (BMS optimal) | 0.6493 0.7626 0.3101
Model 2: Input to Hip 0.4631 0.6996 0.0277
Model 3: Input to OFC 0.4632 0.6996 0.0278
Group NE
R?Amy RIZ-Iip RQOFC
Model 1: Input to Amy 0.2719 0.0304 -0.5625
Model 2: Input to Hip 0.2717 0.0305 -0.5625
Model 3: Input to OFC (BMS optimal) | 0.3890 0.2011 -0.0344
Group EE
RzAmy RI%Iip R(Z)FC
Model 1: Input to Amy 0.4730 0.5534 -0.5530
Model 2: Input to Hip (BMS optimal) | 0.4802 0.5599 -0.6269
Model 3: Input to OFC 0.4730 0.5535 -0.5518

Table 4-3: R-squared values in each node (Amy, Hip, OFC) for all average Stochastic DCM

models.
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Secondly, the R-squared value in the OFC for all the model structures in groups NE and EE
is negative, which means that in this node, the model does not explain any of the variance
and it fits worse than a horizontal line. This may be because the time series used to estimate
the group-optimal average models during BPA contain different numbers of significant voxels,
as seen in Table 4-4. Groups NE and EE contain significantly fewer voxels in the OFC,
indicating either that this region is not as relevant in the process as previously assumed or
that the statistical significance threshold has been set too high and important voxels have
been omitted. Showing a lower activity does not necessarily mean that these voxels are less
important in the network because they may still exert important influences on the emotional
memory circuit, as evidenced by the analysis of coupling strengths in Section 4-2-2. However,
it is also likely that the OFC is simply not as crucially involved in the process as the Amy
and Hip so it is strongly recommended to reevaluate the node choice for future research in
this direction.

Number of significant voxels in BPA
Group NN Group NE Group EE

Amy 177 729 217
Hip 347 212 421
OFC 509 69 7

Table 4-4: Number of significant voxels in the Volumes of Interest (VOls) used to estimate
group-optimal average models during BPA for all groups.

Finally, it can be observed that in groups NN and NE, the R-squared values are the highest
for the model that was found to be optimal by BMS. It means that the R-squared and the
BMS analyses provide consistent results for these two groups. Conversely, the R-squared
analysis for group EE does not reveal a clear winner, as all models have similar values for
each node. Similarly, BMS for this group also showed the least confidence that any of the
models is significantly better than the others. This again points to the conclusion that group
EE experiences the most interference and noise.

Analysis of model generalizability

The R-squared metric explains how close the data is to the fitted regression line (the model).
Since the analysis reveals values smaller than one, all models exhibit some level of underfitting.
The next important aspect to assess is the level of overfitting/generalizability, i.e., how well
the models perform on unseen data. In the case of generative models, this can be assessed
by simulating how the model responds to the inputs from a dataset that was not part of
the training dataset. In the case of DCM, neuroimaging data is challenging to obtain so the
entire dataset is used for training. Instead, cross-validation may be performed (see Section
2-3-2 for details) by splitting the dataset into n sections and using n-1 of those sections for
training and the remaining section for validation. The procedure should be repeated n times,
each time using a different section for validation.

Before performing a cross-validation study, it is also interesting to check how the average
group-optimal models respond to the inputs of individual subjects from the corresponding
group. To clarify, the average group-optimal models have so far been compared to the average
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signal across a given group. It is thus important to evaluate whether the models represent
the individual subjects’ dynamics well, which also reflects the level of generalizability.

Figure 4-2 depicts an example of how the optimal model of group NN responds to the external
stimulation of one of the subjects from this group. Unfortunately, it can be seen that the
generated response fits the data very poorly. In fact, all the optimal models perform equally
badly when simulating responses to the inputs of all the subjects from the corresponding
group. Since the average models fail to generate correct signals to data of individual subjects,
they are expected to perform even worse for unseen data. For this reason, a cross-validation
study is not been carried out.

A

Response of the Average Model to inputs of Subject 1
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Figure 4-2: Example of how the average optimal model (here, of group NN) responds to the
external stimulation of a subject that belongs to the group (here, subject 1 from group NN).

The poor level of generalizability suggests that the DCM framework is not capable of iden-
tifying models that generalize well. Such generalizability analysis does not appear to be a
common practice in DCM - the literature survey has revealed a lack of studies employing
this approach. DCM is mostly used to test hypotheses about average network connectivity,
rather than to find one model that can simulate well the neural activity of several people.
Especially when dealing with emotional stimuli, people’s responses to the same material may
differ considerably so there might not exist one truly optimal model.

4-2-2 Estimated parameters

The parameters of the optimal models are obtained using Bayesian Parameter Averaging
(BPA), which estimates average parameters based on the data of all subjects within a group.
The three groups (NN, NE, EE) have different model structures and may also have very
different parameters constituting the A, B, and C' matrices. The estimated parameters of
all matrices for all groups are shown in the Appendix in Table A-1. DCM analysis involves
also estimating the values of the hemodynamic parameters (see Section 2-2-1) but these are
of lesser interest. This is because they only serve to fully model the Blood Oxygenation
Level-Dependent (BOLD) signal but do not constitute the network model of neuronal ac-
tivity between the brain regions. In this project, as in most DCM studies, the focus is on
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analyzing the effective connectivity between the chosen brain regions, expressed by the neu-
ronal equation involving the A, B, and C matrices. To understand the meaning of these
estimates, the remainder of this section analyzes their respective values.

Coupling matrix A

Biologically speaking, A expresses the inherent connectivity of the network in the absence of
external inputs so it should be roughly similar for all subjects across groups. To analyze how
similar the A matrices are in all groups, the possible maximum and minimum values of each
matrix entry are summarized in the form of ranges that reflect the possible values across the
3 groups. The average parameter values are obtained according to

max a; ; + mina; j

avg(a; ;) = 5 ; (4-4)
and the variance values are defined as
var(a; ;) = Max a;,j — Min a; ; (4-5)

2

The parameter ranges of all A elements are depicted in Figure 4-3, where line thickness
symbolizes the relative connection strength, and the colors refer to the sign of the connection
(green - positive sign, red - negative sign).

—0.11 £ 0.01
0.06 £0.01 0.03 + 0.002
0.06 £ 0.02 0.02 + 0.003
0.01 + 0.006
. >
Hip OFC

0.01 +£0.003

—0.09 £ 0.01 —0.07 £0.02

Figure 4-3: Ranges of A matrix values across the groups (NN, NE, EE).
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The possible values of each parameter are mostly within 10 — 30% of the averages of their
corresponding ranges. While these differences are not negligible and the A matrices are
certainly not the same for all groups, the orders of magnitude of all connections are preserved.
First of all, it can be observed that the connections between two nodes have similar magnitudes
in both directions but there are considerable differences in the connectivity of all pairs of
nodes. The strongest between-region connections are observed between the Amy and the
Hip, while the weakest connections are found between the Hip and the OFC. Furthermore,
the self-connections are the largest in magnitude, which indicates a strong self-inhibition of
the nodes, ensuring that the neuronal activity remains bounded.

Coupling matrix B

Perhaps one of the key takeaways from DCM lies in the identification of the B matrix param-
eters. These indicate how psychological factors affect brain connectivity. This is naturally an
important question in this project as the models are developed to identify how different emo-
tional values of images affect neuronal activity. To analyze this, let us consider the parameters
of the A’ matrix, defined as

A=A+ Z u;B;i = A+ u1B1 + usBs. (4-6)

This augmented A matrix expresses the net product of the inherent network connectivity and
the influences the external inputs exert on the connections. As in most DCM studies, the
input signal in this thesis has discrete values. The inputs correspond to the onsets of two
images constituting associations, where each image is shown at a different time. Consequently,
there are 3 possible values of the input vector:

« no image is present — u = [0 0],
o 1st image is present (image "B" of a triplet) — u = [1 0],

« 2nd image is present (image "C" of a triplet) — u = [0 1]T.

The non-zero input vectors can be plugged into Equation 4-6 to create two distinct adjacency
matrices A’. As a result, the model can be viewed as a hybrid system that switches every 2.5s
(the length of viewing an image and the length of the break between consecutive images). The
parameters of adjacency matrices A, A}, and A/, are presented in the Appendix in Table A-
2. As previously discussed in this section, the A matrix (connectivity when no images are
shown) is roughly similar across all experimental groups. Conversely, considerable differences
are observed in the A’ matrices when experimental stimulation is present. The relative changes
between the A’ matrices and the A matrix are depicted in Figures 4-4, 4-5, and 4-6, where the
line thickness indicates the approximate relative connection strength and the colors signify
the sign of the connection (green - positive sign, red - negative sign).

Master of Science Thesis W. Dziarnowska



60 Results and analysis

+0%

-43%

+1 5%/ +43%
7% _25%\‘
"4 N

—-247%47 )
< -109% OFC

+10% -141 cyo +34%

Image 1 (Neutral)

Image 2 (Neutral)

Figure 4-4: Changes in A’ caused by the two inputs in the Stochastic DCM in group NN. The
percentages represent the relative change in the absolute value of the connection compared to

the A matrix.
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Figure 4-5: Changes in A’ caused by the two inputs in the Stochastic DCM in group NE. The
percentages represent the relative change in the absolute value of the connection compared to

the A matrix.
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Figure 4-6: Changes in A’ caused by the two inputs in the Stochastic DCM in group EE. The
percentages represent the relative change in the absolute value of the connection compared to
the A matrix.

In most of the figures, it can be observed that, just like in the A matrix, the strongest
connections are observed between the Amy and the Hip, while the weakest connections are
between the Hip and the OFC. Furthermore, the relative changes between the A’ and A
matrices are typically the lowest between the Amy and the Hip, varying by around +(5% —
20%) compared to the A matrix. This suggests that the connectivity between these two
nodes is the most robust to external stimulation. On the other hand, the connection strengths
between the Hip and the OFC oscillate the most, varying by around £(100%—600%) compared
to the A matrix. Interestingly, the connectivity between the Hip and the OFC is the most
affected by emotions, suggesting a key role of this connection in differently mediating memory
encoding depending on the emotional value of this stimulus.

Furthermore, when comparing the figures for all groups, it is evident that the same type
of images (neutral or emotional) affect the groups very differently. For example, the first
neutral images in group NN cause a decrease in the bidirectional Hip-OFC connectivity and
in the connections Amy — Hip and OFC — Amy. However, the first neutral images in group
NE increase all of those connections, including a significant increase of around 600% in the
connection strength Hip — OFC. This result may seem biologically implausible because, at
this stage, the subjects in both groups are only seeing neutral images so their current brain
connectivity should be similar. This train of thought is however incorrect because all images
are shown twice and the identified models reflect the average connectivity observed during
the first and the second time an image is shown. The experimental paradigm is discussed in
detail in Section 3-1-1 but in brief, the experiment involved multiple triplets consisting of a
cue "A" and two emotionally valenced images "B" and "C". The stimuli were presented such
that cue "A" was always accompanied by only one of the images. The cue served to indicate
that the two corresponding images "B" and "C" form an association. First, all the "A" and "B"
pairs were shown, then all the "A" and "C" pairs, and then, again, all the "A" and "B" pairs,

Master of Science Thesis W. Dziarnowska



62 Results and analysis

and all the "A" and "C" pairs. This means that when the first image of a triplet is shown for
the second time, both images from this triplet have been already shown so an association has
been formed, affecting the connectivity.

Finally, it is interesting to analyze which group has the strongest between-region connections
on average. This can tell us how strongly the nodes influence each other and how well they
exchange information. These average strength values are obtained by averaging over all the
off-diagonal entries of the A matrix and the two A’ matrices for each group. These mean
values are

e 0.0263 for group NN,
e 0.0368 for group NE,

e 0.0327 for group EE.

Evidently, the connections are the strongest in the NE group and the weakest in the NN
group. This result is consistent with the findings of [1] (the dataset comes from this study)
and with related studies of emotional memory encoding [46, 14] (see Section 1-3), which have
also found the strongest between-region connections when emotional stimuli were present.

4-2-3 Stability analysis

It would not be biologically possible for neuronal activity to exponentially diverge to infinity.
This means that dynamical computational models of brain activity should be stable. The
seminal DCM paper [43] states that the framework ensures the model is "stable" but it is
not clear which notion of stability this refers to. The paper explains that the priors on the
neuronal parameters have been designed in a way that should ensure the eigenvalues of the
A matrix have negative real parts, making the model "stable".

The authors might have been referring to the exponential stability of the unforced system,
which is ensured when the A matrix is Hurwitz. This notion of stability is however not very
meaningful when modeling neuronal activity in a small brain network. When reducing the
immense complexity of the brain to a network with a few nodes, the external input « models
not only the external stimulation (here, viewing images) but also the signal from the rest of
the brain. While external stimulation can be approximately zero, the brain is always active so
the modeled network will always receive some non-zero input. Therefore, the authors of the
seminal DCM paper might have been referring to some form of Input-to-State Stability (ISS),
which "roughly states that no matter what is the initial state, if the inputs are uniformly small,
then the state must eventually be small" [98].

The ISS notion of stability may be difficult to prove for real-life systems due to the need to
find several bounding functions. There is however a weaker version of ISS, called Integral
Input-to-State Stability (IISS), which can be directly proven for bilinear systems. In brief, a
bilinear system is said to be IISS if the eigenvalues of the A matrix have negative real parts.
This is exactly the requirement that the seminal DCM paper mentions so it is possible that
this is the stability notion that the framework has been designed for. The IISS property has
been introduced by [98] and is formally defined as follows.
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Definition 1 ([98]). Consider the controlled system @ = f(x,u), where f : R™ x R™ — R"
is continuous, and locally Lipschitz on x for bounded u, and inputs u(-) : [0,00) — R™ are
assumed to be locally essentially bounded.

The system is Integral Input-to-State Stable if there exist o,y € F and € H L so that
the following estimate holds for all initial states & € R™ and all inputs u(-) :

allz(0)) < 50el )+ [ 2(luts))ds
for allt > 0.

(4-7)

If the system satisfies Equation 4-7, then, for any control u such that [5°~v(|u(s)|)ds < oo,
and for any initial state &, it holds for the corresponding trajectory that x(t) — 0 as t — oo.

Furthermore, bilinear systems of the form & = Az + Y u; B'x 4+ Cu are IISS if A is a Hurwitz
matrix, i.e., all eigenvalues have a negative real part [98].

While the seminal DCM paper appears to claim that this stability is always ensured in
the estimated models, most of the optimal models identified in this project using Classical,
Nonlinear, and Two-State DCM have some eigenvalues with positive real parts. This may be
because these DCM variations did not result in models that match the data well and in turn,
they do not represent a true neuronal system. Nevertheless, DCM users should be careful
in this matter and verify the stability of the identified model to ensure that it is biologically
plausible.

In the case of the Stochastic DCM model, the eigenvalues of matrix A corresponding to
group NN (exn), group NE (exg), and group EE (egg) all have negative real parts given in
Equation 4-8. Therefore, all the identified Stochastic models are IISS, which contributes to
their biological plausibility.

—0.1593 —0.1847 —0.0241
exn = |—0.0696| , exg = |—0.0161|, egg = |—0.1424] . (4-8)
—0.0252 —0.0623 —0.1033

Analysis of network coordination

The stability properties of the identified models are also related to the state coordination.
This phenomenon refers to the coordination and alignment of processes within the network
to ensure proper functioning and efficient communication [99, 100]. One way of studying the
state coordination is by considering the eigenvalues of the graph combinatorial Laplacian L,
defined as

L= Dy, — A, (4-9)
where A is the adjacency matrix of the network, and Dj, is the diagonal node degree matrix
with entries equal to the sum of weights of connections going into each node [100]. Matrix L

is a symmetric positive semi-definite matrix and all its eigenvalues are real and non-negative.
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Group NN
Ao of Amy-Hip Ag of Amy-OFC A9 of Hip-OFC  \s of entire graph
A 0.1046 0.0520 0.0225 0.0536
Al 0.1091 0.0582 0.0134 0.0283
5 0.0999 0.0214 0.0195 0.0335
Group NE
A of Amy-Hip g of Amy-OFC Ay of Hip-OFC A9 of entire graph
A 0.1397 0.0502 0.0118 0.0471
4 0.1642 0.0722 0.0395 0.0872
Al 0.1395 0.0325 0.0120 0.0399
Group EE
A2 of Amy-Hip Ag of Amy-OFC )\ of Hip-OFC  \s of entire graph
A 0.0912 0.0437 0.0293 0.0563
A 0.0780 0.0214 0.0120 0.0264
Al 0.1494 0.0707 0.0920 0.1079

Table 4-5: Algebraic connectivity Ao in graphs and subgraphs for all groups when no input is
presented (adjacency matrix A), when input 1, i.e., image "B" in a triplet is presented (adjacency
matrix A}), and when input 2, i.e., image "C" in a triplet is presented (adjacency matrix A}).

Since all rows of L sum up to zero, the lowest eigenvalue is always zero. Moreover, the first
non-zero eigenvalue \s is called the "algebraic connectivity" because it reflects the connectivity
properties of the graph. A graph with a higher algebraic connectivity tends to have better
connected components, making it more robust against disconnections or failures.

The identified models may be viewed as hybrid systems that switch between adjacency ma-
trices defined as A" = A + w1 B1 + usBs, leading to 3 different matrices: A (no input is
presented), A} (input 1, i.e., image "B" in a triplet, presented), and A (input 2, i.e., image
"C" in a triplet, presented). It has been shown that the states of switching systems converge
to similar values (coordinate) with a speed equal to the algebraic connectivity [101]. This
means that higher Ao values lead to a better state convergence. The algebraic connectivity
values have been calculated for the 3 possible adjacency matrices of the full graphs (all nodes
included) and subgraphs (considering separately the coupling of Amy-Hip, Amy-OFC, and
Hip-OFC) and are presented in Table 4-5. It can be observed that Ay of Amy-Hip is the
highest compared to other subgraphs in all groups, especially in group NE, indicating the
highest state coordination and convergence. On the other hand, \e of Hip-OFC is the lowest
compared to other subgraphs in all groups. The connectivity between these nodes has also
been found to have the lowest strength and be the most prone to changing upon varying
inputs. Overall, these results suggest that Hip-OFC are the least coordinated and robust,
compared to other node pairs.

Network’s error dynamics: 1ISS stability and bounds

State coordination is also related to the dynamics of the state error defined by
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ZAmy — ZHip
Ze = |ZAmy — ROFC | - (4_10)
ZHip — 2OFC

A low error between the nodes implies that they are functioning coherently and efficiently
exchanging and integrating information. On the other hand, a high error points to lower
coordination between the nodes, potentially leading to poorer information flow and possible
cognitive impairments. The error dynamics can be derived analogously to the state dynamics
given by

(1) = Az(1) + Z Blu;(1)2(1) + Cu(r). (4-11)

Using the notation, where a;; is the element in the i-th row and j-th column of matrix A, let
us define the state error adjacency matrix

ail — a1 a2 —azx a3 — a3
Ae = |ai1 —a31 a2 —azz a3 —ass| . (4-12)
21 —as;p ag2 —das2 a3 — as3

The same operation may be repeated for the remaining state matrices to arrive at Be1, Beo,
and C.. Now, the state error dynamics can be defined as

Ze(T) = Aeze(T) + Z Blui(7)2e(1) 4+ Cou(T). (4-13)

Lemma 1. The error dynamics corresponding to the network described in Equation 4-13 are
a bilinear system and are I1ISS.

The eigenvalues of A, of group NN (e nn), group NE (e. Ng), and group EE (ec gg) all have
negative real parts given in Equation 4-14. Therefore, the error dynamics are IISS, meaning
that they will eventually converge to zero for sufficiently small inputs.

—1.0510 - 10717 —7.8838 - 1017 —1.3878 - 1017
enn = |—0.0245 +0.1230i| , eng = |—0.0483 +0.0960i | , epg = —0.1881
—0.0245 — 0.1230¢ —0.0483 — 0.0960: —0.1138
(4-14)

To analyze how large the error can be and thus, how synchronized the nodes are, it is possible
to derive bounds for the state error. As this bound depends on the state matrices estimated
through DCM, the bound will differ for every group and indicate which group exhibits better
information flow related to improved memory encoding.

Proposition 1. The bounds for the network error dynamics given by Equation 4-13 obey

1/2 o
lze(®)]| < (—2{?) ( /0 |3 Bii(r)ze(r) + Coutr)| d7)1/27 (4-15)

where M > 1 and w > max{Re(\) : X eigenvalue of A.} are constants that satisfy Lemma 2.
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Lemma 2 ([102]). Let A € C"*™ be a matriz. Then for every w > max{Re(X) : X eigenvalue
of A}, there exists a constant M > 1 such that

HeAtH < Me*! ¥ ¢ >0. (4-16)

Proof. The proof is based on the results in [102]. The bound derivation begins by pre-
multiplying both sides of Equation 4-13 with e~4¢™, observing that the left-hand side is
equivalent to a time derivative of e=4¢7z,(7), and integration both sides, resulting in

e A5 (1) = e AT Aeze (T )+e*AeTZBgui(T)ze(T)+e*AeTceu(T)
e*AeTz'e(T) — efAeTAeze (1) = e AT Z B’ul e*AeTCeu(T)

d
(6 Aerz —AETZBzuZ e'rc u( )

/dT >>d7—/( n(zgzul 7+ Calr))) dr
e Az, ) — Zeo —/ A” ZBZul T) + Ceu(r ))) dr

elt) = Mzt [ (e (Z Biui(r)z(r) + Ceu(r)) ) dr
(4-17)

This expression may be now turned into an inequality by taking the norms of both sides and
using the fact that

lla+ bl < llall + 1o, (4-18)

resulting in the following bound for the state error
t )
2@l = |20+ [ (A0 (S Biur)ze(r) + o) ) dr
0

2@l < ezl + | [ (40 (3 Biws(r)ztr) + Ceatr) ) dr
el < 12 (ol + | [ (74 (3 Biuitr)zetr) + Cou(r) )

(4-19)

).

By applying Lemma 2 on all exponentials, the expression becomes

2 ()] < Mt (”zeQH + H/Ot (Me=< (3 Biui(r)ze(r) + Ceu(r) ) ) dr

) . (4-20)

Now, let us use the Cauchy-Schwartz inequality [103] for a product of two arbitrary integrable

functions f(z) and g(x), given by
< (f1senea) ([ 1s@ipa) ", (o)

| r@)g(a)ds
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to separate terms in the integral expression, resulting in

lee(®)l < M (Hzeoll + ([ e ar) " ([ [ intyzer) + Contr) ar) 1/2) |
(4-22)

Let us now evaluate one of these integrals,

t —wTt||2 1/2_ ¢ —2wT 1/2_ M —2wT ! 1/2_ M —2wt 1/2
([3 |MeT| dT) _</O Me dT) — [—Qwe L —(2w<1—e )) .

(4-23)

Furthermore, let us bring the common denominator of the bound Me“* back into the bracket
and use the expression derived above, resulting in

Jaele)] < ezl 4016 (5 (1 - ))/ ([ |5 Blustmztr) + Coutr)| ar -
(4-24)

Let us further simplify one of the expressions with the exponential functions, to arrive at

weet (B (1)) = ey (M (1 - )

1/2
= ( M%M% (1 - 62Wt)) (4-25)

(A0 )

Plugging this expression back into the bound, we obtain

2 o, | ,
2 ()]| < Me“||zeo|| + <2w (€2m - 1)) (/0 HZ Blui(T)ze(T) + Ceu(T)H d7'>
(4-26)

Let us now analyze the two terms constituting this upper bound, starting with Me“!||zc]].
The requirement for w is that it should be larger than the maximum real part of eigenvalues
of A. Since A, is Hurwitz, w may be chosen to be negative. This means that the first term of
the bound exponentially decays to zero as t — co. Moving on to the second term, we observe
that it is composed of some function of e“! and an integral involving the state error matrices,
inputs, and state errors. The expression given by Equation 4-25 dominates and defines the
rate of increase of the entire term. In the limit, this dominant term reduces to

/2 1/2
. M3 2wt ' M3
lim <2w (e - 1)) =55 - (4-27)
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Now, putting the two limits together, the limit of the bound as ¢t — oo of the state error
becomes

2
|ze(®)| < (—W> (/0 HZ Blui(1)ze(T) + C’eu(T)H2 dT) 2 . (4-28)
]

Before evaluating the limit, the term involving M and w dominated the dynamics because it
involved an exponential function. To compare the state synchronization in different groups, let
us then consider this dominant term. While M can be arbitrarily chosen to satisfy Lemma 2,
w should be larger than Aymax = max{Re()\) : A eigenvalue of A.}. Looking at the eigenvalues
given in Equation 4-14, Ay for groups NN, NE, and EE is

Amax,NN = —1.0510 - 10717
Amax NE = —7.8838 - 10717,
Amax.EE = —1.3878 - 10717,

It can be observed that this eigenvalue has the largest absolute value for group NE and the
smallest absolute value for group NN. The w value may now be arbitrarily chosen to be
slightly larger than these eigenvalues, as long as it remains negative and the inequality in
LEmma 2 holds. Since w is negative, the minuses in Equation 4-28 cancel out, leaving an
expression depending on the inverse of the absolute value of w. As group NE has the largest
absolute eigenvalue, this will result in the lowest dominant term in the bound, compared to
other groups. As a result, the state error has the strictest bounds for group NE. Therefore,
this group is expected to achieve the best synchronization, improving information flow and
memory encoding.

Let us now verify this result by looking at the state error evolution for the group-optimal
DCMs. These state error trajectories are depicted in Figure 4-7 for group NN, in Figure 4-8
for group NE, and in Figure 4-9 for group EE. In every group, it has been estimated that the
input enters the network through a different node (NN: input enters through Amy, NE: input
enters through OFC, EE: input enters through Hip). The states of nodes that receive the
input (e.g., Zamy in group NN) assume higher magnitudes than the other states. Furthermore,
during the experiment, multiple inputs and breaks occur so the adjacency matrix rapidly
changes between A, A}, and Af. This is the reason for the zigzag pattern observed in most
trajectories. Consistent with the bounds derived earlier, the errors of group NE are the lowest
in magnitude. In particular, the Amy and Hip exhibit the highest coordination of all node
pairs across all groups. This finding is in line with the analysis of the eigenvalues of the graph
Laplacian in Section 4-2-3, where it has been shown that nodes Amy and Hip synchronize the
fastest, compared to other node pairs.
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Figure 4-7: State and state-error evolution of the NN group in the Stochastic DCM model. The
states are denoted by 24y, Zmip, and zorc, Whereas the state-errors are the differences between

the states.
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Figure 4-8: State and state-error evolution of the NE group in the Stochastic DCM model. The
states are denoted by zamy, 2mip, and zorc, Whereas the state-errors are the differences between
the states.
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State evolution in Group EE
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Figure 4-9: State and state-error evolution of the EE group in the Stochastic DCM model. The
states are denoted by zamy, ZHip, and zorc, Whereas the state-errors are the differences between
the states.
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Chapter 5

Conclusions

The aim of this thesis has been to develop a dynamical model of the neural activity governing
the process of encoding emotional associative memories. This cognitive process is responsible
for remembering the relationships between stimuli from the environment and assigning an
emotional value to them. By understanding this phenomenon better, researchers can im-
prove the treatment of mental disorders associated with emotional dysregulation, as well as
enhance bio-inspired technologies such as artificial intelligence. However, much remains un-
known about emotional associative memory and studies find discrepant results that are highly
sensitive to the experimental paradigm, the length and intensity of the elicited emotions, and
the examined brain regions. For this reason, developing a dynamical model of the underlying
neural activity is a promising approach that may bright insights that cannot be observed
otherwise.

In order to be able to draw conclusions about this cognitive process, the modeling framework
must provide biologically interpretable results. In particular, a thorough literature study has
revealed that the most crucially involved brain regions in emotional associative memory are
the Amygdala (Amy), the Hippocampus (Hip), and the Orbitofrontal Cortex (OFC). When
selecting the modeling framework, it was thus important to find an approach for modeling the
activity in a network of pre-defined brain regions. The most prominent method that satisfies
this requirement is Dynamic Causal Modeling (DCM) [43], where network activity is modeled
using a bilinear, biologically-inspired differential equation with parameters estimated through
Bayesian inference. Furthermore, DCM models how external manipulation (e.g., displayed
images or sounds) affects the brain network and gives rise to the measured signal.

To correctly apply this approach, DCM has been rigorously studied and documented in Chap-
ter 2. This part of the report provides a comprehensive overview of the modeling framework,
consolidating information from over 50 scientific articles that discuss DCM’s mathematical
foundations, the system identification algorithm, critical comments raised against the ap-
proach, studies of its statistical validity, and advice on implementation. Apart from the
classical version of the framework, the chapter introduces three DCM variations that offer
attractive extensions to the modeling framework, namely Nonlinear DCM, Two-state DCM,
and Stochastic DCM. As all these methods provide different capabilities, it has been decided
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to apply them all and identify which one provides the best representation of the problem at
hand.

The dataset used to develop the models comes from a functional Magnetic Resonance Imag-
ing (fMRI) study, where participants were asked to memorize pairs of images including two
emotionally potent images (group Emotional-Emotional (EE)), two neutral images (group
Neutral-Neutral (NN)), or one neutral and one emotional image (group Neutral-Emotional
(NE)) [1]. To understand how the differently valenced stimuli are encoded, it has been de-
cided to develop a separate DCM for each group. The modeling approach and all the design
decisions have been discussed in detail in Chapter 3. In applying the approach in practice,
the Statistical Parametric Mapping (SPM12) MATLAB toolbox [94] has been utilized but
developing the script has proved to be very challenging due to a lack of detailed documenta-
tion. To bridge this gap, one of the contributions of this thesis is the guide to SPM12 DCM
scripting presented in Appendix B, which provides explanations of all the necessary steps.

After successfully developing DCM models of all three groups and using four different DCM
variations, the findings have been presented and discussed in Chapter 4. The results have
shown that the stochastic version of the modeling framework has given far superior results
compared to the other methods. The other types of DCM have all resulted in highly under-
fitting models that generate signals with a large offset from the correct mean value. Many
of these models have also been found to have non-Hurwitz A matrices, meaning that they
are unstable in the absence of external input, which is biologically implausible as brain dy-
namics should retain finite values. Conversely, Stochastic DCM has resulted in models that
fit the data considerably better, are globally exponentially stable when unforced, and are
Integral Input-to-State Stable (IISS), meaning that the states remain finite for sufficiently
small inputs.

Furthermore, the structure, parameters, and stability properties of the optimal Stochastic
DCM models have been thoroughly analyzed in Section 4-2. As the level of network state
coordination is linked to the efficiency of information flow, this property has been meticulously
inspected. By analyzing the graph combinatorial Laplacian matrix L, it has been shown that
the Amy-Hip pair in group NE achieves state coordination the fastest, compared to other
node pairs in all groups. Moreover, the error dynamics have been analyzed, proving that they
are also Integral Input-to-State Stable (IISS) and that analytic bounds can be derived that
show differences between the groups. Consistent with the previous analysis, group NE has
been found to have the narrowest error bounds of all groups, meaning that the differences
between the states are expected to be the lowest, indicating high state coordination. These
findings corroborate the results in [1], where group NE has been found to exhibit the best
memory of the image associations. To further analyze the meaning of the modeling outcome,
Section 5-1 discusses why Stochastic DCM has given the best fit, how the models compare
to the behavioral results of the study, and what the models say about emotional associative
memory.

To conclude, this thesis has successfully answered all the research questions by providing a
detailed overview of the modeling framework, identifying that Stochastic DCM is the most
suitable variation of DCM, estimating distinct models for groups NN, NE, and EE, and
analyzing what the models reveal about emotional associative memory depending on the
emotional value of the stimuli. As a result, this thesis has provided the first DCM model of
the encoding of emotional associative memory in the network consisting of the Amy, the Hip,
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and the OFC. There has only been one other DCM study of the same cognitive process but
the Hip has not been included in the modeled network [14]. This brain region is believed to
be an indispensable part of the emotional memory circuit [28, 7] and has been shown in this
thesis to play a key role in responding to changing stimuli. On top of that, the experiment in
[14] included pairs of two emotional or two neutral stimuli, unlike this project, where also two
differently valenced stimuli were included (group NE). Additionally, the images in this project
have been displayed separately and modeled as distinct inputs, proving that images within a
pair affect network connectivity very differently from each other. Overall, by including the
hippocampus, NE image pairs, and modeling images within pairs as distinct inputs, this thesis
is believed to have provided the most comprehensive representation of the causal connectivity
governing the encoding of emotional associative memory to date.

5-1 Discussion of the results

The following discussion aims to present reasons supporting the assertion that the stochastic
variation of DCM represents the most appropriate approach for modeling the given experi-
mental paradigm. Additionally, the estimated models are compared to the behavioral results
of the experiment, demonstrating a high level of consistency and highlighting the additional
insights provided by the computational models.

Why is Stochastic DCM the most suitable approach for this experimental paradigm?

Stochastic DCM models the measured signal as a reaction to both external stimulation (here,
displayed images) and neuronal noise, which is an integral part of how the brain functions.
As a result, the estimated models have the capability to model random state noise, rendering
them more robust to model misspecification. On top of that, Stochastic DCM employs a novel
system identification method, which has been proven to provide superior results in model
structure and parameter inference, as compared to classical DCM [65, 84]. One of the most
crucial differences between the algorithms is the use of generalized coordinates in Stochastic
DCM. This type of coordinates tracks several time derivatives of each estimated parameter,
as opposed to considering only point estimates. Consequently, much more information about
the shape of the function is considered, allowing the model to correctly represent vastly more
complex signals.

There are three main reasons why Stochastic DCM is believed to have provided superior
results in this project. Firstly, DCM requires specifying the model structure (which connec-
tions and influences are present in the network) in advance, and typically, researchers define
a space with several different structures and compare their performance through Bayesian
Model Selection (BMS). In this project, the model space has included a very limited num-
ber of different model structures to reduce the computational complexity. This approach is
considered a valid simplification because instead of identifying the presence or absence of con-
nections, their relative importance can be reflected by the magnitudes of connection strengths.
However, it may, naturally, lead to model misspecification if some of the aspects of model
structure play a key role in the network dynamics. As Stochastic DCM employs a superior
identification method and includes state noise, the parameter estimates are more precise and
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model structure misspecification may be compensated for by modeling the discrepancies as
noise.

The second possible reason why the stochastic model represents the neural dynamics signif-
icantly better than the other DCM variations is related to the nature of the experimental
paradigm. Firstly, the images were displayed very briefly (each image shown for 2.5s) and
frequently (new images shown every ~b5s), compared to other DCM studies, where signals
typically last for several tens of seconds (e.g., [92]). As explained in Section 2-1-1, fMRI
estimates neural activity by measuring the Blood Oxygenation Level-Dependent (BOLD) sig-
nals. This working principle is based on the fact that when neurons fire, the supply of oxygen
to surrounding neurons increases and peaks after 3-6s and then drops to baseline after 12-
30s. As a result, the measurements are taken several seconds after the activity itself. When
experimental inputs change as often as in this project, their BOLD signals overlap and it
becomes increasingly difficult to differentiate between the impacts of the consecutive inputs.
This challenge appears to be handled much better by Stochastic DCM thanks to its more
efficient system identification algorithm.

Finally, neural noise is believed to increase when the discrepancy between the environment and
a person’s internal model (prediction) is high [85, 86, 87, 88]. In this experiment, this is the
case because images were shown rapidly and elicited emotional responses, which are inherently
highly subjective and nuanced. Consequently, neural noise is believed to be specifically high
in this experimental paradigm, necessitating the use of a stochastic modeling framework.

What do the models say about emotional associative memory of differently valenced
images?

The models in this project have been developed using data from the study performed by Zhu
et al. at the Donders Institute for Brain, Cognition and Behaviour [1], where the authors
have analyzed the fMRI data and the behavioral results of the memorization task. The
overall outcome of the study has shown that emotional information forms stronger and better-
remembered associations with neutral information, while it interferes with the integration with
other emotional information. This finding is consistent with both the facilitation theory, i.e.,
emotionally salient stimuli can strengthen related neutral stimuli, as well as the interference
theory, i.e., overlapping representations of related emotional memories with equal priority
compete with each other and overall suppress their memory integration.

In particular, statistical tests in [1] have revealed that subjects in group NE have exhibited
the best integrated memory (both images in an association remembered correctly). Further-
more, subjects in group EE have shown worse non-integrated memory (one of the images in
an association remembered correctly) of the first images and better non-integrated memory
of the second images, compared to the other groups. This finding indicates that emotional
stimuli interfere with their integrated memory of related events. Moving on to the func-
tional connectivity analysis, the hippocampus has been found to serve a key role, and strong
coupling with this region has been shown to be an indicator of the successful encoding of
integrated memories. Specifically, the experiment has found the strongest coupling between
the hippocampus and other relevant regions (including the amygdala) in the NE group, and
the weakest in the NN group, with the EE group in the middle.
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Average Hip coupling strength
Group NN Group NE Group EE

u1
ug
Avg

Table 5-1: Average coupling strength over the Hip-Amy and Hip-OFC connections in both
directions. The first row (ul) shows the strength when input 1 is presented, the second row
shows the strength when input 2 is presented, and the last row (Avg) is the average of the first
two values. The colors indicate the highest magnitude (red), medium magnitude (orange), and
the lowest magnitude (yellow) in each row.

The models in this thesis support the findings about hippocampal functional connectivity in
[1]. The average coupling strengths over A} (adjacency matrix when input 1 is presented)
and A/, (adjacency matrix when input 2 is presented) between Hip-Amy and Hip-OFC are
presented in Table 5-1. The overall coupling (average over both inputs) is the the highest in
group NE, with a slightly lower value in group EE, and a significantly lower value in group
NN. This is consistent with the study’s finding about the level of functional connectivity of
the hippocampus. Moreover, when considering the inputs separately, group EE exhibits the
most extreme values - it has the lowest coupling of all groups for input 1 and the highest
coupling of all groups for input 2. This is in line with the behavioral results of the study that
state that group EE has exhibited the worst item memory for images 1 and the best item
memory for images 2.

An additional insight that the computational models offer over the data analysis done in [1]
can be derived by looking at the stability and network coordination analysis in Section 4-2-3.
The analyzed dynamical properties and plots of state-error evolution show that group NE
exhibits the highest state coordination and that its Amy-Hip node pair converges to similar
values the fastest. As a result, the network model of this group shows the most efficient
information flow, which is consistent with the finding that this group has exhibited the best
integrated memory. Furthermore, these results indicate an important role of the Amy-Hip
connection in successful memory encoding. Conversely, groups NN and EE have shown a
lower state coordination, consistent with their worse integrated memory results.

On top of that, Table A-2 shows that in all groups, the connection strengths between Amy-
Hip are also the highest with or without external stimulation, compared to other node pairs.
Their magnitudes are also the least dependent on the input since most groups exhibit a
change of only up to around 15% compared to when no input is present. Conversely, while all
groups exhibit the weakest coupling between Hip-OFC, this connection is the most affected
by inputs, changing by up to 600% and even flipping the sign from positive to negative in
one group. Overall, these results indicate that the amygdala and the hippocampus have the
best and most robust to external manipulation information flow in all groups. Whereas the
hippocampus and the OFC, show the weakest but most sensitive to stimulation coupling,
indicating that this node pair plays a crucial role in governing reactions to the environment.
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5-2 Future research

The DCM models developed in this project have answered the research questions and at the
same time, revealed many new directions worth exploring in future work. First of all, the
representation of the neural underpinnings in the experiment could be refined by improving
the selection of brain regions included in the model. In this thesis, the nodes have been pre-
selected based on related studies and the known theory of emotional learning. To address the
issue of potentially excluding important brain regions, an approach called Granger Causality
Mapping (GCM) has been proposed as a method for modeling effective connectivity without
pre-selecting regions and connections between them [60]. The approach uses vector auto-
regressive (VAR) modeling of fMRI time series based on Granger causality [104]. This measure
of causality quantifies the usefulness of the response of one brain region in predicting the signal
of another region. As a result, the method identifies Granger causal maps, which are discrete-
time linear models of voxels that are sources or targets of directed influence. Contrary to the
models used in DCM, GCM is thus less biologically detailed. However, to improve the work
done in this thesis, GCM could be applied first to identify all the relevant brain regions and
the connections between them, creating a base of the DCM model structure.

Furthermore, it is strongly recommended to refine the model space and focus on identifying
the optimal model structure since in this project, very few structures have been explored.
One way of improving the model structure search in DCM is by using the Network Discovery
approach [77]. This method relies on efficiently scoring a large number of model structures
by approximating the log evidence of the reduced models (some connections disabled) from
the log evidence of the full model (all connections allowed). This allows for the exploration of
large model spaces without the need to invert every model structure. The Network Discovery
approach provides additional functionality over GCM in that it is able to also infer how
the input drives the neural activity and how nodes modulate the connectivity (matrix D
in Nonlinear DCM). It cannot however identify the relevant brain regions so GCM is still
recommended as the first step in the analysis.

Moreover, this project has only evaluated the performance of enhancing classical DCM with
either Stochastic or Nonlinear terms but the two concepts can be combined. To gain additional
insights into the neural underpinnings of the experiment, it is recommended to fit a model
that has both state modulatory influences (matrix D) and neuronal state noise (additive noise
w). Based on the related studies summarized in Section 1-3, it appears that the OFC is highly
likely to exert gating (nonlinear) influences on the connectivity related to emotional memory
but it has not been confirmed. The Nonlinear DCM fitted in this thesis has not given a good
fit to data because it does not incorporate the effect of neuronal noise, which has turned out
to be crucial in the project.

Lastly, this project has studied brain connectivity in healthy subjects but it would be an
interesting direction for future research to focus on subjects with brain damage or neurological
disorders. For instance, in a classical conditioning experiment by [25], lesions on the amygdala
have been shown to prevent subjects from acquiring an emotional response, while lesions on
the hippocampus have been shown to preclude the subjects from remembering what stimuli
were presented in the experiment. Furthermore, several neurological disorders such as Post-
Traumatic Stress Disorder (PTSD), depression, or Obsessive-Compulsive Disorder (OCD)
are associated with emotional dysregulation that affects both the anatomical and functional
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connectivity in the brain. Developing a model of effective connectivity in subjects with such
disorders has the potential to improve the diagnosis and treatment through behavioral therapy
and brain stimulation.
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Appendix A

Additional results and figures

Matrix A

A—A H—A O0—A A—H H—H O—H A—O H—O 0—-0

NN | -0.1033 0.0574 0.0190 0.0472 -0.1093 0.0077 0.0271  0.0051 -0.0416
NE | -0.1248 0.0649 0.0191  0.0808 -0.0939 0.0092 0.0321 0.0095 -0.0444
EE | -0.1015 0.0552 0.0229 0.0471 -0.0782 0.0243 0.0220 0.0163 -0.0902

Matrix B1

A=A H—A O0—=A A—H H—H O—H A—O H—-O 0—0

NN | 0.0495 0.0080 -0.0060 -0.0036 -0.0097 -0.0155 0.0122 -0.0204 0.1030
NE | -0.0757 0.0107 0.0126 0.0138 0.0003 0.0076 0.0094 0.0201 -0.0407
EE | 0.0206 -0.0056 -0.0121 -0.0077 0.0154 -0.0044 -0.0101 -0.0130 0.0035

Matrix B2

A—A H—A O0—A A—H H—H O—H A—O H—O 0—-0

NN | 0.0002 0.0037 -0.0133 -0.0084 -0.0336 -0.0112 -0.0172 0.0082 0.0246
NE | 0.0033 0.0037 -0.0140 -0.0039 -0.0120 -0.0049 -0.0036 0.0051 0.0481
EE | -0.0411 0.0310 0.0332 0.0271 -0.0201 0.0436 -0.0062 0.0191 0.0130

Matrix C
up —A ug —A u —H uw —H u —0 ug —0
NN | -0.0042  0.0008 0 0 0 0
NE 0 0 0 0 0.0008  0.0020
EE 0 0 -0.0006  0.0049 0 0

Table A-1: Estimated parameters in the optimal Stochastic DCM models for all groups. The
columns are labeled to indicate which directed connection the corresponding values belong to.
"A" stands for the Amygdala, "H" for the Hippocampus, and "O" for the Orbitofrontal Cortex.
All values are rounded to 4 decimal places.

Master of Science Thesis W. Dziarnowska



80 Additional results and figures

Adjacency matrices in Group NN
A—-A H—-A O—-A A—-H H-H O—-H A—-O H-0O 0-0
A |-0.1033 0.0574 0.0190 0.0472 -0.1093 0.0077 0.0271 0.0051 -0.0416
1 1-0.0662 0.0465 0.0404 0.0625 -0.1084 -0.0121 0.0177 -0.0012 0.0297
Al | -0.1155 0.0417 0.0110 0.0582 -0.1323 0.0164 0.0104 0.0031 -0.0487
Adjacency matrices in Group NE
A—-A H-A O—-A A—-H H—-H O—-H A-O H-0O 0-0
A | -0.1248 0.0649 0.0191 0.0808 -0.0939 0.0092 0.0321 0.0095 -0.0444
1 1-0.1826 0.0922 0.0401 0.0720 -0.0907 0.0234 0.0321 0.0161 -0.0869
51-0.1036 0.0745 0.0270 0.0650 -0.1030 0.0084 0.0055 0.0036  0.0019
Adjacency matrices in Group EE
A—-A H—-A O—-A A—-H H-H O—-H A-O H-0 0-0
A | -0.1015 0.0552 0.0229 0.0471 -0.0782 0.0243 0.0220 0.0163 -0.0902
A | -0.0758 0.0346 0.0159 0.0433 -0.0617 0.0018 0.0055 0.0102 -0.0908
51-0.1376  0.0694 0.0198 0.0799 -0.0972 0.0339 0.0509 0.0582 -0.0812

Table A-2: Estimated parameters of A and A’ in the optimal Stochastic DCM models for all
groups. A] is the coupling matrix when input 1 is presented, and A} when input 2 is presented.
The columns are labeled to indicate which directed connection the corresponding values belong
to. "A" stands for the Amygdala, "H" for the Hippocampus, and "O" for the Orbitofrontal Cortex.
All values are rounded to 4 decimal places.
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Figure A-1: Average optimal models vs. data (average signal for each group) for Classical DCM.
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Figure A-2: Average optimal models vs. data (average signal for each group) for Nonlinear
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Figure A-3: Average optimal models vs. data (average signal for each group) for Two-State

DCM.
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Figure A-4: Average optimal models vs. data (average signal for each group) for Stochastic
DCM.
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Figure A-5: Zoomed-in average optimal models vs. data (average signal for each group) for
Stochastic DCM.
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Appendix B

A quick guide to SPM12 DCM
scripting

Statistical Parametric Mapping (SPM12) [93] is a toolbox implemented in MATLAB meant for
analyzing functional imaging data. Crucially, the toolbox includes various functions necessary
to estimate and compare Dynamic Causal Modeling (DCM) systems.

The creators of the toolbox have released a user manual [94] but the content focused on DCM
is limited. In particular, the only chapter about DCM for functional Magnetic Resonance
Imaging (fMRI) data explains solely how to use the Graphical User Interface (GUI) and
there is no mention of how to access the same functionality through a MATLAB script. Such
manual selection of modeling parameters would take a considerable amount of time, be highly
prone to errors, and require the user to perform the same routine steps for every subject and
every time the user wishes to try some new settings.

There is in fact a built-in functionality for SPM12 scripting but the manual does not explain
how to use it for DCM. The only online tutorial on this matter that has been found is [74] but
even this one does not give a comprehensive overview of scripting in the toolbox. However,
combining the advice from the online tutorial, the sole DCM example script included in the
SPM12 toolbox, and a fair amount of trial and error, a full SPM12 DCM script has been
developed for the use in this project. The goal of this appendix is to briefly explain how to
develop a script to access the functionality necessary to fit DCM models on a subject and
group level.

B-1 Main code

The main code sets up the environment, directories, and experiment parameters, and calls all
the necessary functions.

% Start the script by adding to the path the folder where you have saved
SPM12 and initializing the toolbox.
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88 A quick guide to SPM12 DCM scripting

addpath /home/cogaff/werdzi/Downloads/spml2
spm(’Defaults’,’fMRI’);
spm_jobman (’initcfg’);

% Then set the directory with your fMRI data and the directory where you
would like to save the results of model estimation (conventionally,
this folder is called GLM).

dir_data = ’/project/3013067.02/msc_thesis/Encoding/Data/’;

glm_name = ’/project/3013067.02/msc_thesis/Encoding/GLMs’;

% Now, import your table (or other type of file) that contains the
subject IDs and information on which group they belong to.

sheet = readtable(’/project/3013067.02/Data_analysis/Behavioral_results/
EMC_memory_performance_final.xlsx’,’Sheet’ 2);

% As your analysis will probably show, some subjects do not exhibit high
activation due to external stimulation. As a result, it is possible
that no significant voxels will be found for some of the subjects and
the script would break with an error message. To avoid terminating the

run, the "try and catch" functionality is useful. To record the
success and failure rate, create a structure array.

subjectID = string(table2array(sheet (1:70,1))));

group = string(table2array(sheet(1:70,2)));

groupID = sheet{1:70,3};

status = repmat ('Not attempted',70,1); % This will change to "Success" or

the error message after fitting has been attempted.

info_indv = table(subjectID,group,grouplD, status);

% Now it is time to loop over all subjects and extract their relevant
time series (GLM) and fit DCM models on a subject level. Functions GLM
(id,glm_name,dir_data) and DCM(id,glm_name,dir_data) are explained
later in the tutorial.

for i = 1l:length(info_indv{:,1})

id = convertStringsToChars(info_indv{i,1});
try
% Fit DCM for subject i
GLM(id,glm_name ,dir_data);
DCM(id,glm_name ,dir_data);
% Print a success message
fprintf(’Subject %s analysis completed.\n’, id);
info_indv{i,4} = "Success"';
catch exception
% Print an error message

fprintf (’Error processing subject %s: %s\n’, id, exception.
message) ;

info_indv{i,4} = string(exception.message);

% Continue to the next iteration

continue;

end
end

% Save the structure array.
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save(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name,’/
info_indv.mat’),’info_indv’);

% Now that the subject-level DCMs have been fitted, it is time to find
the optimal group-level models. In this project, the suitable group-
level analysis is Bayesian Model Selection (BMS) and Bayesian
Parameter Averaging (BPA). Refer to Section 2-2-3 of this report to
select the suitable procedure for your case. The BMSBPA(info_indv,
glm_name) function is explained later in the tutorial.

BMSBPA (info_indv,glm_name);

B-2 Time-series extraction

The script for extracting time series through a General Linear Model (GLM) and Volume of
Interest (VOI) analysis can be generated using the "Batch" menu from the GUI. The "Batch"
menu allows the user to select the desired functionalities in the GUI and create a script that
may be used in a loop for all subjects or altered to try new settings later.

To open the SPM12 GUI, type "spm fmri" in the command window and the menu will pop
up. Press on the "Batch" button, then select "SPM" from the toolbar. The two menus are
depicted in Figure B-1.

4 Batch Editor @ o B X%
Eile Edit View ESIZEM BasiclO B
Y SPM12 (7771): Menu EBaEd D= | ‘ > Temporal '
Module Spatial * rent Module )
No Modules fMRI model specification I -
Realign (Esti... ~ Slice timing | St | DCM »|  fMRI model specification (design only)
M/EEG 4 fMRI data specification
Coregister (... " Normalise (E... 'J Segment util » Factorial design specification
Tools 4 Model review
Edit Defaults Model estimation
Specify lst-level ‘ Review ‘ ] Contrast Manager
Results Report
Specify 2nd-level ‘ Estimate ‘ Mixed-effects (MFX) analysis »
Bayesian Model Selection > ﬂ
Results ’ Physio/Psycho-Physiologic Interaction |
Set Level test
Dynamic Causal Modelling ‘ ’
SPM for functional MR!
Display 1 Check Reg | Render.. < FMRI -
MATLAB Batch System
Toolbox:  ~ PRIs | imCalc || DICOM Import| Matlabbatch User Interface
Help utils... <] Batch | Quit | * Menu and Toolbar

Figure B-1: The SPM12 GUI for fMRI data: main menu (on the left) and the batch editor (on
the right).

There are several options in the batch editor that are necessary to extract time series for
DCM, namely "Stats — fMRI model specification", "Stats — Contrast Manager"', and "Util
— Volumes of Interest". After all the desired settings have been selected, click on "File —
Save Batch and Script". This will save the script in your current working directory. You can
now open it and copy-paste its content to create your custom script.
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Function GLM presented below has been constructed in exactly this manner. To further
explain the various involved steps, the script includes detailed comments. It should be noted
that there are multiple design decisions to make here so make sure to change all the parameters
in the script to match your modeling approach.

function GLM(id,glm_name,dir_data)

% Add the directory containing the data and the GLM folder to path.
addpath /project/3013067.02/msc_thesis/Encoding

% Every time a GLM is estimated for a subject, a file called SPM.mat is
created and there is no way to change the file name for every subject.
Instead, create a separate subfolder for each subject in your GLM

folder.
dir_glm = strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name
7 /GLM? |id) ;

% Clear matlabbatch to avoid using settings from previous runs
clear matlabbatch

% The code below was generated by the Batch Editor using the Stats ->
fMRI model specification option. This portion of the code specifies
the data directories, timing parameters, and input onsets, and then it

estimates the GLM.

matlabbatch{1l}.spm.stats.fmri_spec.dir = {dir_glm};

matlabbatch{1l}.spm.stats.fmri_spec.timing.units = ’scans’;

matlabbatch{l}.spm.stats.fmri_spec.timing.RT = 1;

matlabbatch{l}.spm.stats.fmri_spec.sess(1l).scans = {strcat(dir_data,id,
_scans’ ,mode,’.nii’) };

matlabbatch{l}.spm.stats.fmri_spec.sess(l).cond(l).name = ’Image 1’;
matlabbatch{1l}.spm.stats.fmri_spec.sess(1l).cond(1l).onset = load(strcat(
dir_data,id,’_onsets’ ,mode,’ _imagel.txt’));
matlabbatch{1l}.spm.stats.fmri_spec.sess(1l).cond(1l).duration = 2.5;
matlabbatch{l}.spm.stats.fmri_spec.sess(l).cond(2).name = ’Image 2’;
matlabbatch{1l}.spm.stats.fmri_spec.sess(1).cond(2).onset = load(strcat(
dir_data,id,’_onsets’ ,mode,’ _image2.txt’));

matlabbatch{l}.spm.stats.fmri_spec.sess(1l).cond(2).duration = 2.5;

matlabbatch{2}.spm.stats.fmri_est.spmmat (1) = cfg_dep(’fMRI model
specification: SPM.mat File’, substruct(’.’,’val’, ’>{}’> {1}, ’.’,’val’
, Ay {1}, 2.2 ,>val’, °{}’ {1}), substruct(’.’,’spmmat’));

% The code below was generated by the Batch Editor using the Stats ->
Contrast Manager option. This portion of the code specifies the T and
F contrasts for time series extraction.

matlabbatch{3}.spm.stats.con.spmmat (1) = cfg_dep(’Model estimation: SPM.
mat File’, substruct(’.’,’val’, {3}’ {2}, >.>,’val’, *{}’ {1}, >.7,’

val’, ’{}’ {1}), substruct(’.’,’spmmat’));
matlabbatch{3}.spm.stats.con.consess{l}.fcon.name = ’Effects of interest’
Y
matlabbatch{3}.spm.stats.con.consess{l}.fcon.weights = [1 0; 0 1];
matlabbatch{3}.spm.stats.con.consess{1l}.fcon.sessrep = ’none’;
matlabbatch{3}.spm.stats.con.consess{2}.tcon.name = ’Image 17;
matlabbatch{3}.spm.stats.con.consess{2}.tcon.weights = [1 0];
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matlabbatch{3}.spm.stats.con.consess{2}.tcon.sessrep = ’none’;
matlabbatch{3}.spm.stats.con.consess{3}.tcon.name = ’Image 2’;
matlabbatch{3}.spm.stats.con.consess{3}.tcon.weights = [0 1];

matlabbatch{3}.spm.stats.con.consess{3}.tcon.sessrep = ’none’;

matlabbatch{3}.spm.stats.con.delete = 0;
spm_jobman (’run’ ,matlabbatch);

% The code below was generated by the Batch Editor using the Util ->
Volumes of Interest option. This portion of the code specifies the
V0Is including their anatomical location and activation assessed using

T and F contrasts.
clear matlabbatch

VOI_names = {’Amy’, ’Hip’, ’OFC’};
VOI_mask_dir = ’/project/3013067.02/msc_thesis/Encoding/V0Imasks/’;
V0I_masks = {’Amy_L.nii’, ’Hip_L.nii’, ’0FC_L.nii’};

matlabbatch = cell(length(VOI_names),1);

for i = 1:length(VOI_names)
matlabbatch{i}.spm.util.voi.spmmat = {strcat(dir_glm,’/SPM.mat’) };
matlabbatch{i}.spm.util.voi.adjust = 1;
matlabbatch{i}.spm.util.voi.session = 1;
matlabbatch{i}.spm.util.voi.name = VOI_names{i};

% Anatomical mask

matlabbatch{i}.spm.util.voi.roi{l}.mask.image = {strcat(VOI_mask_dir,
VO0I_masks{i}) };

matlabbatch{i}.spm.util.voi.roi{l}.mask.threshold = 0.5;

% Level of activation
matlabbatch{i}.spm.util.voi.roi{2}.spm.spmmat = {’’};
matlabbatch{i}.spm.util.voi.roi{2}.spm.contrast = 2;
matlabbatch{i}.spm.util.voi.roi{2}.spm.threshdesc = {’none’ };
matlabbatch{i}.spm.util.voi.roi{2}.spm.thresh = 0.05;
matlabbatch{i}.spm.util.voi.roi{2}.spm.extent = 0;
matlabbatch{i}.spm.util.voi.roi{2}.spm.mask.contrast = 3;
matlabbatch{i}.spm.util.voi.roi{2}.spm.mask.thresh = 0.05;
matlabbatch{i}.spm.util.voi.roi{2}.spm.mask.mtype = 0;

% Expression to combine anatomical mask and input contrasts
matlabbatch{i}.spm.util.voi.expression = ’il & i27;

end

spm_jobman (’run’ ,matlabbatch);

% Files ’V0OI_name_1.mat’ have been created for each of your VOIs.

end

B-3 Subject-level DCM

Now that time series have been extracted from the relevant voxels, a subject-level DCM may
be fitted. The code below has been adapted from an example script from the SPM12 tutorial.
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There is no way to generate the full code for DCM specification and estimation using the

Batch Editor.

This function creates a DCM structure array that contains all the information about the
signal, inputs, timing, and other parameters. This struct is then sent to the ModelSpace,
which assigns the connections and saves separate files for every model structure.

function DCM(id,glm_name,dir_data)

% Add the directory containing the data and the GLM folder to path.
addpath /project/3013067.02/msc_thesis/Encoding

% Specify the GLM subfolder for the current subject.
dir_glm = strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name

,?/GLM? | id);

% Clear the DCM struct to avoid overwriting a previous struct.

clear DCM

% Load the files created by function GLM
load(fullfile(dir_glm,’SPM.mat’));

load(fullfile(dir_glm,’V0I_Amy_1.mat’),’x

DCM.xY (1) = xY;

Y75

load(fullfile(dir_glm,’VOI_Hip_1.mat’),’xY’);

DCM.xY(2) = xY;

load(fullfile(dir_glm,’VOI_OFC_1.mat’),’xY’);

DCM.xY(3) = xV;

% Specify the size of the model
DCM.n = length(DCM.xY); % number of
DCM.v = length(DCM.xY(1l).u); % number of

% Specify the time series

DCM.Y.dt = SPM.xY.RT;

DCM.Y.X0 = DCM.xY(1).X0;

for i = 1:DCM.n
DCM.Y.y(:,1i) DCM.xY (i) .u;
DCM.Y.name{i} = DCM.xY(i).name;

end

DCM.Y.Q = spm_Ce(ones(1,DCM.n)*DCM.v);

% Specify the experimental inputs

DCM.U.dt = SPM.Sess.U(1l).dt;
DCM.U.name = [SPM.Sess.U.name|;
DCM.U.u = [SPM.Sess.U(1).u(l:end,1)

SPM.Sess.U(2).u(l:end,1) |;
% Specify the DCM timing

DCM.delays = [0.5 0.5 0.5];
DCM.TE = 0.04;
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% Create the DCM model space including all the model structures you wish
to fit and compare later. The function ModelSpace is explained later
in the tutorial.

ModelSpace (DCM,dir_glm);

% Load the file with filenames of all the DCMs in the model space,
created by ModelSpace.
DCMfilenames = load(strcat(dir_glm,’/DCMfilenames.mat’)).DCMfilenames;

% Estimate all the DCMs from the model space.

clear matlabbatch
matlabbatch{1l}.spm.dcm.fmri.estimate.dcmmat = DCMfilenames;
spm_jobman (’run’ ,matlabbatch);

end

The function ModelSpace is a custom function that serves as an example of how a large space
can be efficiently created using for loops. The actual connections and other settings depend
on your modeling approach.

function ModelSpace(DCM,dir_glm)

% Constant values - all the models in this model space share these.
DCM.options.nograph = 1;
DCM.options.centre = 1;

% In this project, several DCM types are used: classical bilinear,
nonlinear, stochastic, and two-state. For explanations of the possible
connections, refer to section 3-1-3.
% A & B: all connections always allowed

% C: one row is always all 1s and the other rows are all Os

% D: only one node can exert modulatory influences on both connections
% between the other nodes:

YA Amy Hip OFC Amy Hip OFC Amy Hip OFC Amy Hip OFC
% Amy O * * Amy O 1 0 Amy O 0 1 Amy O 0 0
% Hip = 0 * Hip 1 0 0 Hip 0 0 O Hip 0 0 1
% OFC * 0 0FC O 0 0 OFC 1 0 0 OFC 0 1 0

% Possible D off-diagonal connections
_opts = [1 100 0 0;
00110 0
00001 1];

w)

id = 0;
% Loop over the 3 possible C matrices
for i = 1:3

C = zeros(3,2);

C(i,:) = 1;

DCM.a = ones(3);

Master of Science Thesis W. Dziarnowska



32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
7
78
79
80
81
82

94 A quick guide to SPM12 DCM scripting

DCM.b = omnes(3);
DCM.c = C;
DCM.d = zeros(3);

% Bilinear
DCM.options.nonlinear = O0;
DCM.options.two_state
DCM.options.stochastic = O0;

id = id + 1;

filename = strcat(dir_glm,’/DCM’ ,num2str(id),’.mat’);
save(filename, ’DCM’)

I
o

% Stochastic
DCM.options.nonlinear
DCM.options.two_state
DCM.options.stochastic = 1
id = id + 1;

filename = strcat(dir_glm,’/DCM’ ,num2str(id),’.mat’);
save(filename, ’DCM’)

I
o o

% Two State

DCM.options.nonlinear = 0;
DCM.options.two_state = 1;
DCM.options.stochastic = O0;

id = id + 1;
filename = strcat(dir_glm,’/DCM’ ,num2str(id),’.mat’);
save(filename , ’DCM’)

% Nonlinear
DCM.options.nonlinear = 1;
DCM.options.two_state = O0;
DCM.options.stochastic = O0;
% Loop over the 3 possible D matrices
for k = l:size(D_opts,1)
D = zeros(3,3,3);
D([6 8 12 16 20 22]) = D_opts(k,:);
DCM.d = D;
id = id + 1;
filename = strcat(dir_glm,’/DCM’ jnum2str(id),’.mat’);
save(filename, ’DCM’)
end
end

% Create and save a cell array with filenames of all DCMs
DCMfilenames = cell(id,1l);
for i = 1:id

DCMfilenames{i} = strcat(dir_glm,’/DCM’ ,num2str(i),’.mat’);
end
save(strcat(dir_glm,’/DCMfilenames.mat’),’DCMfilenames’);

end

W. Dziarnowska Master of Science Thesis



o N O Uk W N =

10
11
12

13

14

15
16

17
18
19
20
21

22
23
24
25

26
27
28

29
30
31

B-4 Group-level DCM 95
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Now, it is time to find the optimal model structure per group using Bayesian Model Selection
(BMS) and then, find average parameters for the optimal structures using Bayesian Parameter
Averaging (BPA). The code for BMS has been obtained using Batch Editor — SPM — DCM
— Bayesian Model Selection — Model Inference.

Furthermore, it appears that the Batch Editor does not have an option to generate a script
for BPA so this has to be done manually using the GUIL. To save time, the optimal models
of all participants from a group can be saved in one file. This way, it will be easy to select
all the files from a folder and quickly perform BPA for all groups. The code below prepares
such folders for each group.

function BMSBPA(info_indv,glm_name)

% Make a table to store optimal models per group.
group — [ll NN " ; " NE n ; n EE " ] ;

bestModel = zeros(3,1);

info_group = table(group,bestModel);

% Load the file with filenames of all the DCMs in the model space,
created by ModelSpace.
DCMfilenames = load(strcat(dir_glm,’/DCMfilenames.mat’)).DCMfilenames;

% Make folders to store all models per group for later BPA using the GUI.
mkdir (strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’,glm_name,’/

BPA_NN’));
mkdir (strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’,glm_name,’/
BPA_NE’));
mkdir(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name,’/
BPA_EE’));

% Consider only the subject for whom relevant voxels have been found and
thus, GLM has been successful.
info_indv_success = info_indv(strcmp(info_indv.status,"'Success."), :);

% Loop over the groups to compare the model structure through BMS
for groupID = 1:3
ids_success_group = table2array(info_indv_success(info_indv_success.
groupID =— groupID, 1));

% Find the optimal model structure for the current group.

clear matlabbatch

matlabbatch{l}.spm.dcm.bms.inference.dir = {strcat(’/project
/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name) };

for i = l:length(ids_success_group)
id = convertStringsToChars(ids_success_group(i));
matlabbatch{l}.spm.dcm.bms.inference.sess_dcm{i}.dcmmat = {

DCMfilenames };

end

matlabbatch{l}.spm.dcm.bms.inference.model_sp

matlabbatch{1}.spm.dcm.bms.inference.load_f =
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matlabbatch{1l}.spm.dcm.bms.inference.method = ’*FFX’;
matlabbatch{1l}.spm.dcm.bms.inference.family_level.family_file = {’’};
matlabbatch{l}.spm.dcm.bms.inference.bma.bma_no = 0;
matlabbatch{l}.spm.dcm.bms.inference.verify_id = 1;

spm_jobman(’run’ ,matlabbatch);

% Get the id of the optimal model for this group and save it in the
info_group struct.

BMS = load(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’,
glm_name,’/BMS.mat’));

[~,DCM_bestID]| = max(BMS.BMS.DCM.ffx.model.post);

info_group{groupID,2} = DCM_bestID;

% The BMS file is called BMS.mat so to avoid overwriting it for the
next group, copy the file with a unique name and delete the BMS.
mat file.

save(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name,
>/BMS_’ ,group(groupID),’.mat’),’BMS’);

delete(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’,
glm_name,’/BMS.mat’));

% Copy DCMs with the optimal model structure from the current group
% into one folder. This will make file selection for BPA easier.
for i = l:length(ids_success_group)
id = convertStringsToChars(ids_success_group(i));
copyfile(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’,
glm_name,’/GLM’ ,id,’/DCM’ ,num2str (DCM_bestID),’ .mat’),
strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_~’,
glm_name,’/BPA_’ ,group(groupID),’/DCM_’,id,’.mat’));
end

end

% Save the info_group structure to access the BMS results easily.
save(strcat(’/project/3013067.02/msc_thesis/Encoding/GLMs_’ ,glm_name,’/
info_group.mat’),’info_group’);

end

After the code has run and saved the files in the BPA_ group folders, go to the GUI main
menu, click on "Dynamic Causal Modeling", and select from the drop-down menu "Action:
average" — BPA. A new menu will open, as depicted in Figure B-2. Navigate to the BPA
folder for a given group and select all the files that the BMSBPA function has copied there.
The editor will fit an average model for this group and save it under the specified name.

This concludes the DCM estimation. Now, you may review your results and analyze the fitted
models. Simply load the DCM files and inspect their contents. The estimated A, B, C, and
D matrices can be found in the DCM.Ep field. Furthermore, to visualize the fit of the model,
you may plot the measured signal DCM.Y.y against the simulated signal DCM.y.
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Figure B-2: The SPM12 GUI for fMRI data: BPA menu.
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functional Magnetic Resonance Imaging
structural Magnetic Resonance Imaging
Computed Tomography

Positron Emission Tomography
Electroencephalography
Magnetoencephalography

Blood Oxygenation Level-Dependent
Hemodynamic Response Function
Expectation Maximization

Prefrontal Cortex

Post-Traumatic Stress Disorder
Obsessive-Compulsive Disorder
Transcranial Magnetic Stimulation
Deep Brain Stimulation

Substance Use Disorder

Vagus Nerve Stimulation

Artificial Intelligence

Granger Causality Mapping
Orbitofrontal Cortex
Parahippocampal Cortex

Middle Frontal Gyrus
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MTL Medial Temporal Lobe
vmPFC Ventromedial Prefrontal Cortex
IFG Inferior Frontal Gyrus

MFG Medial Frontal Gyrus

Amy Amygdala

Hip Hippocampus

DLPFC Dorsolateral Prefrontal Cortex
SPM Statistical Parametric Mapping
BMS Bayesian Model Selection

RFX Random-Effects

FFX Fixed-Effects

BPA Bayesian Parameter Averaging
ANOVA  Analysis of Variance

BMA Bayesian Model Averaging
SEM Structural Equation Modeling
BClIs Brain-Computer Interfaces
DEM Dynamic Estimation Maximization
NN Neutral-Neutral

NE Neutral-Emotional

EE Emotional-Emotional

SPM12 Statistical Parametric Mapping
GLM General Linear Model

VOIs Volumes of Interest

VOI Volume of Interest

AAL Automated Anatomical Labelling
TE Echo Time

TR Temporal Resolution

ISS Input-to-State Stability

1ISS Integral Input-to-State Stability
FEP Free Energy Principle

VFE Variational Free Energy

GF Generalised Filtering

GUI Graphical User Interface

ME model evidence

W. Dziarnowska

Master of Science Thesis



111

List of Symbols

« Parameters of exact neuronal dynamics

Q; Grubb’s exponent

I3 BOLD response confounding effect coefficient
Na Prior expectation of elements of matrix A

i Prior expectation of elements of matrix B

No Expectation of o

o)y Conditional expectation of

No Prior expectation of 6

Yi Rate of flow-dependent elimination

K Rate of signal decay

/ff k-th order Volterra kernel

A BOLD function nonlinearity

Ai Modeling error hyperparameters

J Coupling matrix in two-state DCM

Vg Prior variance of elements of matrix A

v Prior variance of elements of matrix B

Ve Variance of o

ON Cumulative normal distribution

Oy Cumulative Xz2(1—1) distribution

Di Resting oxygen extraction fraction

o Intrinsic decay parameter

T; Hemodynamic transit time

72(0) Transformed expectation of o

0 Parameters of the full model

o¢ Parameters of the neuronal dynamics model
6" Parameters of the hemodynamic model

€ BOLD response error

A Coupling matrix of neuronal dynamics

A Augmented A matrix of the neuronal state equation
i Element ¢j of the coupling matrix A

BI Coupling matrix of neuronal dynamics

bf’j Element ij of the coupling matrix B¥

C Coupling matrix of neuronal dynamics

Coly Conditional covariance of 6

Cy Prior covariance of 6

EEE Eigenvalues of the optimal model for group EE
Emax Largest eigenvalue of the coupling matrix
ENE Eigenvalues of the optimal model for group NE
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ENN Eigenvalues of the optimal model for group NN

F Nonlinear function of underlying neuronal dynamics or Free energy optimized
in the estimation algorithm

fi Inflow

h(u,0) Estimated BOLD response

p(o) Probability of o being negative

p(72) Transformed probability of the intrinsic decay parameter being negative

P(emax) Probability of the largest eigenvalue being positive

Q; Contribution of error covariance components in the i-th region

q Normalized deoxyhemoglobin content

R? Model fit metric

Si Vasodilatory signal

U Extrinsic input vector

Vi Normalized blood volume

X BOLD response confounding effect signal

x States of the full model

Neuronal state vector
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