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Abstract 

Recent advances in technology allow us to examine brain network dynamics in fMRI on a large-

scale. Our lab has recently developed a data-driven method, the neural transition metric (Tseng 

& Poppenk, 2020), which allows us to identify transitions in individuals’ mental states. My 

project employed the neural transition metric to 1. investigate the distinction between the 

externally and internally driven transitions (i.e., transitions induced by task stimuli vs resulted 

from internal mind-wandering), and 2. examine cognitive dynamics between the novel and 

repeated viewings of naturalistic movie stimuli. I found that there was no difference in brain 

correlates for the internally and externally driven transitions, whereas the event related 

transitions were associated with distinct profile of brain activations compared to the others. 

Moreover, through comparing the properties of neural transitions between the novel and repeated 

viewing, I found that movie stimuli are less effective at aligning viewers’ cognition in repeated 

viewing. This suggests that with repeated viewing, participants’ thoughts became more 

idiosyncratic and more internally driven. Additionally, degree of conformities (i.e., the alignment 

of transitions timing between the individual and the group) in the novel and repeated viewings 

were correlated with volumes of the anterior/posterior hippocampus (a/pHPC) and amygdala, 

such that individuals with bigger aHPC and amygdala displayed higher conformity in the novel 

run, whereas individuals with bigger pHPC have lower conformity in the repeated run. This 

collectively demonstrated that our neural transition metric could have a broader application in 

experiments involving naturalistic stimuli by offering unique insights into our cognitive 

dynamics.  

Keyword: fMRI, Brain network dynamics, Novelty, Hippocampus  
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Chapter 1 

Introduction 

The goal of neuroscience is to understand how activations in the brain lead to 

behaviours through neural computation (Carandini, 2012). In order to achieve this, the 

first step is for researchers to identify the consistent brain activations evoked across 

behaviours. Functional magnetic resonance imaging (fMRI), which is one of the most 

commonly used techniques in the realm of neuroscience, investigates how blood-oxygen-

level-dependent (BOLD) signals change over time. Observing the change of BOLD 

signals enables researchers to establish the correlation between brain activations and 

behaviours, as well as to test various models of the brain (Berman et al., 2006). Contrary 

to task-driven fMRI which investigates the fluctuations of the BOLD signals associated 

with task stimuli, there has been growing interest in the analysis of resting-state fMRI (rs-

fMRI) in recent years (Lee, Smyser, & Shimony, 2013; Lv et al., 2018). Rs-fMRI 

involves the spontaneous BOLD signals of low frequency in the absence of external task 

stimuli. The low task demands of rs-fMRI make it particularly appealing in clinical 

settings, as it provides researchers with opportunities to examine brain activities in 

patients struggling with task instructions. Considering the fact that we spend considerable 

time mind wandering in our daily lives (Mason et al., 2007), it is of great interest to 

examine the spatiotemporal patterns of BOLD activations in natural states. 
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1.1 Network Connectivity Analysis in fMRI 

1.1.1 FC and mental experience  

Although early investigations have been focused on the one-to-one mapping 

between brain region and behaviours, later studies have demonstrated that the distributed 

patterns of activations in the brain are critical for psychological functions (Berman et al., 

2006). Recent efforts have been devoted to the investigation of functional connectivity in 

networks of interactive regions (Van den Heuvel & Hulshoff Pol, 2010). Functional 

connectivity (FC), which is the correlation of activities among different brain regions, is 

often used in neuroimaging studies to explore the functional structures of various brain 

regions. As researchers have traditionally believed that the FC is static in time during 

resting-state, connectivity among brain regions was measured across the entire fMRI 

scanning phase (Chang & Glover, 2010). However, recent studies have demonstrated that 

there are consistent fluctuations in the FC, and growing research has then been focused 

on the investigation of dynamic functional connectivity during resting state and tasks 

fMRI (dFC; Braun et al., 2015; Chang & Glover, 2010; Preti et al., 2017). Previous 

studies have demonstrated that there were changes in functional connectivity in rs-fMRI 

for people with greater meditation experience, which was correlated with cognitive skills 

such as attentional engagement (Hasenkamp & Barsalou, 2012). Moreover, activations in 

different brain network differ for mind wandering with vs without subjective awareness 

(Christoff, et al., 2009). This illustrates that fluctuation in FC was accompanied by 

changes in mental experience. Rs-fMRI and FC have been used as tools to investigate the 

connectivity abnormalities in clinical populations. Furthermore, researchers have found 

that there are systematic differences between patients and healthy control groups in rs-
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fMRI. For example, network connectivity in schizophrenia is reduced, particularly for 

patients with hallucination symptoms (e.g., Miller et al., 2016), and different clinical 

populations tend to display distinct profiles of functional network connectivity in rs-fMRI 

(Rashid et al., 2016). This evidence collectively suggests that there are meaningful 

patterns of brain activations underlying spontaneous mental experience, and it is 

worthwhile to further examine the dynamic cognitive states on a larger scale.  

1.1.2 Review of Previous Methods in Literature  

Alongside these growing interests in the analyses of rs-fMRI, recent developments 

in fMRI analysis techniques allow us to investigate the network connectivity using a 

whole-brain approach. Although researchers have used various methods to characterize 

network connectivity in rs-fMRI on a larger scale, there were some potential problems 

associated with these methods in general. 

Jafri et al. (2008) were among the first groups of researchers who were analyzing the 

FC network connectivity. Briefly, with the use of independent component analysis (ICA), 

a method which extracts the high order components in such a way as to maximize their 

independence (Calhoun, & Adali, 2006), Jafri et al. (2008) discomposed the rs-fMRI 

scans and then selected seven components to characterize the differences between groups 

in network connectivity. Although this method captured the difference in FC between 

schizophrenia patients and the control group, it required the manual inspection of 

desirable components, and could not describe the FC in a succinct manner. Miller et al. 

(2016) approached this question from another angle: after obtaining the components from 

ICA, they further discretized the time course and obtained the time-varying network 

dynamics. This method again illustrated a significant difference in brain dynamics 
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between schizophrenia patients and healthy controls (Miller et al., 2016). Various 

attempts in this field have proven to be fruitful and opened new directions to examine 

cognitive dynamics from a global perspective. However, these methods usually required 

a priori assumptions, and more importantly, researchers have generally not yet 

established the psychological relevance of these measures (Calhoun et al., 2014; Jafri et 

al., 2008; Miller et al., 2016). Without knowing the psychological experience behind 

these measures, it creates more barriers to link the psychological phenomenon to the 

brain correlates. Thus, it is valuable to further develop the analysis of cognitive dynamics 

on a larger scale and addressing the limitations in future methods. 

1.2 Overview of Neural Transition Metric 

To develop new techniques characterizing cognitive dynamics, researchers in our 

lab have recently developed and validated a method named neural transition metric, 

which consistently identified the transition in individuals’ mental states in rs-fMRI, 

representing a big change of network configuration (Tseng & Poppenk, 2020). Briefly, 

this method used a data-driven approach to obtain 15-dimension networks through ICA, 

and then further reduced the 15-dimensional networks to 2-dimensional trajectories. 

Finally, the neural transitions were characterized by locating the neural peaks on the 2-

dimensional trajectory (Figure 1; Reproduced from Supplementary Figure 1b-c, Figure 1c 

in Tseng & Poppenk, 2020; Figures are Under Creative Commons Attribution 4.0 

International License & reproduced with permission from J. Tseng). Compared to 

previous methods in the literature (Jafri et al., 2008; Miller et al., 2016), this method 

enables us to directly observe transitions of neural states on a low dimensional space and 

is completely data-driven. The most exciting aspect of this method is that researchers 
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were able to establish the psychological relevance of the transitions between networks 

(Tseng & Poppenk, 2020), which was a significant improvement over previous methods 

(Calhoun et al., 2014; Jafri et al., 2008; Miller et al., 2016). After applying the neural 

transition technique to fMRI data where participants were watching movie clips, the 

researchers found that these neural transitions corresponded to the event boundaries in the 

clips, which were identified by expert raters (Figure 2; Reprinted from Figure 2a-b in 

Tseng & Poppenk, 2020; Figures are Under Creative Commons Attribution 4.0 

International License & reprinted with permission from J. Tseng). 

 

 

Figure 1: The procedural for computing neural transitions. The individual’s 15 node 

timeseries was reduced to 2 dimensional timeseries in the t-SNE space. The 2d 

thought trajectory shows how participant’s network configuration changes over time. 

Figure reproduced from the Supplementary Figure 1b-c, Figure 1c in “Brain meta-

state transitions demarcate thoughts across task contexts, exposing the mental noise of 

trait neuroticism”, by Tseng and Poppenk, 2020, Nature Communication. Minimal 

changes were made to the figures. Figures are under Creative Commons Attribution 

4.0 International License: http://creativecommons.org/licenses/by/4.0/; reproduced 

also with permission from J. Tseng.  
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Figure 2: Top figure: The step distance computed from individual’s timeseries. Neural 

transitions were indicated using green triangles, whereas the metastable points in the 

control conditions were highlighted with black triangle.  

Bottom figure: Neural transitions from movie viewing fMRI illustrated that there 

were close alignments across individuals on the timing of transitions. More 

importantly, transitions tend to occur around the time of event boundaries.  

Figure reprinted from the Figure 2 a-b in “Brain meta-state transitions demarcate 

thoughts across task contexts, exposing the mental noise of trait neuroticism”, by 

Tseng and Poppenk, 2020, Nature Communication. No change was made to the 

figures. Figures are under Creative Commons Attribution 4.0 International License: 

http://creativecommons.org/licenses/by/4.0/; reprinted also with permission from J. 

Tseng. 



 

7 

 

1.2.1 Literature on Event Segmentation  

According to event segmentation theory, we segment our continuous experience into 

meaningful events, and this is an automatic process that can assist our higher-level 

functioning (Zacks & Swallow, 2007). Previous studies have indicated that event 

segmentation is critical in memory organization, such that event boundaries affect our 

memories representations (DuBrow & Davachi, 2013, 2014; Horner et al., 2016). Moreover, 

we have better memories about events happening at the boundaries (Jeunehomme & 

D’Argembeau, 2018) and the hippocampus shows stronger activations at event boundaries 

in fMRI (Ben-Yakov & Henson, 2018). This evidence collectively demonstrates that event 

boundaries play an active role in organizing our continuous mental experience. 

Considering our research findings indicating the close alignment between neural transitions 

and event segmentation boundaries, this suggests that both psychological measures may 

point to meaningful changes in cognitive states. Thus, it is worthwhile to further investigate 

the properties of these neural transitions. 

1.3 Current Direction: Research Question One – The Categorization of Neural 

Transitions 

When we shift our focus to the subtypes within neural transitions, however, our 

method has not yet differentiated various types of neural transitions. While watching a 

movie, some transitions may be induced by external sensory stimuli, such as the action 

scenes in the movie. It is also possible that internal mind-wandering triggers changes in 

mental states (Smallwood & Schooler, 2006). Based on the origin of thoughts, we can 

divide thoughts into the externally vs internally driven categories. As the externally vs the 

internally driven thoughts were examined separately in the literature (Gunther et al., 
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1996; Smallwood & Schooler, 2006), it is important to compare the brain correlates of 

these two types of thoughts in our transition metric as well. Previous studies have 

demonstrated that these two types of thoughts were associated with different profiles of 

brain activation, where the externally driven thoughts are generally associated with the 

present task at hand. However, the internally driven thoughts, such as thoughts arising 

during mind wandering, are correlated with activities within the default mode network 

(DMN). DMN, which was constituted by the ventral medial prefrontal cortex, the dorsal 

medial prefrontal cortex, and the posterior cingulate cortex and precuneus, was activated 

during mind wandering (Poerio et al., 2017; Raichle, 2015; Raichle et al., 2001). Thus, it 

is important to examine if there exists any difference in the brain activations between the 

externally vs internally driven transitions. Using event structure existed in the movie 

stimuli, I categorized transitions proximal to event boundaries as externally driven, and 

the rest transitions happening randomly during movie viewing as internally driven. 

Therefore, the first aim of my master’s project was to investigate the categorization of 

neural transitions, and to examine the difference between externally and internally driven 

neural transitions.  

1.4 Current Direction: Research Question Two – Application of Neural Transition 

Metric 

When we look at the individual differences in neural transitions, our previous study 

has shown that neuroticism was correlated with the degree of individual alignment in 

transition timings with the group (Tseng & Poppenk, 2020). Researchers have found that 

not only individuals with higher neuroticism demonstrated individual neural transitions 

that were less aligned with the group during movie-viewing, they also showed more 
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fluctuated neural transitions in rs-fMRI. This supports the theory that the neuroticism 

leads to noisy mental experience and variation in cognitive behaviours (Robinson & 

Tamir, 2005), and demonstrated that this newly developed method would enable us to 

observe cognition in a more dynamic way. However, before applying broadly to other 

settings, replication of well-known psychological findings using present methods would 

lend further support to the power of our neural transition metric. While previous studies 

have already linked characteristics of neural transitions properties to well-established 

personality measurement (Tseng & Poppenk, 2020), we have not yet applied our 

transitions metric to other types of task fMRI. Therefore, the second aim of my master’s 

project was to apply the current method to other types of fMRI datasets, showing that our 

neural transition metric is powerful in identifying psychological phenomenal compared to 

traditional methods. To achieve this goal, I have started with a basic yet one of the most 

well-established observations: the findings that we attend to novel and familiar stimuli 

differently (Bradley, 2009; Fantz, 1964; Turk-Browne et al., 2008; Cohen & Gelber, 

1975).  

1.4.1 Literature on Comparison Between Novel and Familiar Stimuli  

In the literature of cognitive psychology, numerous studies have converged on the 

observation that we processed novel stimuli differently compared to familiar stimuli. 

Various studies have illustrated that we prefer novelty: novel stimuli automatically 

capture our attention (Hawley et al, 1994) and they produce an orienting response in 

controlled experiments (Bradley, 2009). Moreover, this effect is noticeable in human as 

young as infants (Cohen & Gelber, 1975). For familiar stimuli, infants displayed 

behaviour habituation to stimuli repeated several times (Fantz, 1964; Turk-Browne et al., 
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2008), such that they looked at novel stimulus longer when it is presented together with 

familiar stimulus. As a result of novelty preference, people tend to ignore stimuli that are 

present repeatedly (Ramaswami, 2014). Therefore, the cognitive experience during novel 

and repeated viewings may be distinct due to this aversion to repeated stimuli.  

On a neural level, the medial temporal lobe (MTL) is highly associated with the 

perception of novelty and familiarity. The hippocampus, which is one of the critical 

regions for novelty detection and memory functions (Kumaran & Maguire, 2009; Knight, 

1996; Squire, 1992), has been shown to have a functional specialization along the long 

axis – with the uncal apex as a cut-off, researchers have found that the anterior 

hippocampus (aHPC) is sensitive to the detection of novel material, whereas the posterior 

hippocampus (pHPC) is associated with the processing familiarity (Poppenk, Evensmoen, 

et al., 2013; Poppenk, McIntosh, et al., 2010). Another brain region in the MTL that has 

been shown to be responsible for novelty perception is the amygdala, where numerous 

studies have demonstrated increased activation for novel or uncommon stimuli 

(Blackford et al., 2010; Schultz et al., 2009). Thus, MTL plays an active role in the 

differential processing of novel and familiar stimuli. 

1.4.2 Neural Transition Properties for Novel and Familiar Stimuli  

Previous studies on the comparison between the novel and familiar stimuli were 

generally conducted in experiments using static stimuli. Although these offer valuable 

insight into the relationship between brain correlates and novelty processing, only a few 

studies have investigated the cognitive dynamics associated with continuous (and 

therefore more naturalistic) stimuli. Therefore, it is worthwhile to compare the neural 

transitions properties between novel and familiar stimuli as the method we have 
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developed enables us to investigate the novelty-based stimulus control using a more 

global and dynamic approach.  

Since previous research has demonstrated that we have a novelty preference and our 

viewing experience differs for novel and repeated viewings (Jääskeläinen et al., 2016), I 

hypothesized that the neural transitions properties should differ significantly for novel 

and repeated stimuli. Two properties of neural transitions were of interest in the present 

analysis: mentation rate and conformity. Mentation rate represents the frequency of 

neural transitions per minute. As our attention is automatically drawn to the novelty, I 

suspect that it may likely result in more engagement with the stimulus at hand, probably 

leading to transitions that are more externally driven. Because the movie montage used in 

the analysis contain series of short actions and events, I expected a higher mentation rate 

for novel stimuli. For conformity, it represents the agreement of transition timings 

between an individual and the group. Since previous findings have demonstrated that 

movies are able to align viewers’ cognition (Hasson, 2004; Hasson et al., 2008), I 

hypothesized that the conformity should be higher in the novel viewing, representing a 

higher proportion of externally driven transitions. As repeated viewing may lead viewers 

to pursue their own thoughts and an increased number of internally driven transitions, this 

would result in lower conformity in repeated viewing. 

Furthermore, I aimed to also investigate the anatomical volumes of brain regions, 

particularly the aHPC/pHPC and amygdala, that differentiate these features. Considering 

the roles of aHPC and amygdala in novelty processing, and the role of pHPC in familiar 

processing, the properties of the neural transitions in novel and repeated viewings should 

be correlated with the volume of these brain structures.  
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Chapter 2 

Method 

2.1 fMRI Dataset 

The fMRI data from the Human Connectome Project (HCP; WU-Minn, 2017) was 

used in the development of the neural transition metric (Tseng & Poppenk, 2020) and the 

analyses performed in this project. The 7T HCP dataset was provided by WU-Minn 

Consortium funded by the 16 NIH Institutes and Centers that support the NIH Blueprint 

for Neuroscience Research; and by the McDonnell Center for Systems Neuroscience at 

Washington University. The functional fMRI data were acquired with a Gradient-echo 

EPI at a TR of 1000ms, TE of 22.2ms, flip angle of 45 degrees, FOV measured at 208 x 

208 mm, slice thickness of 1.6mm, and a multiband factor of 5. Further details of the 

HCP datasets were described in the HCP reference manual (Wu-Minn HCP, 2017; Van 

Essen et al., 2012, 2013).  

2.2 Neural Transition Metric 

The method was developed in rs-fMRI data in the 7T project, where rs-fMRI scans 

of 16 minutes were used (Tseng & Poppenk, 2020). In order to identify neural transitions 

in the rs-fMRI data, researchers used dual regression to compute participant-specific node 

timeseries (Nickerson, Smith, Öngür, & Beckmann, 2017). This method involves using 

outputs of the group-ICA provided by the HCP (WU-Minn, 2017): group PCA (Principle 

Component Analysis) output from 820 participants was first obtained using MIGP 

(Medical Image Grid Platform), then analyzed using FSL’s MELODIC tool to generate 

group-ICA at 15 dimensionalities (Salimi-Khorshidi et al., 2014; Hyvarinen, 1999). 
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Then, this method involves evaluating the expression of each of the spatial maps from the 

15 dimensions against each of the participant’s rs-fMRI scans, and then regressing the 

output back to the same dataset to obtain individual spatial maps and a final timeseries 

for each participant. With one timeseries per brain network, this results in a 15-node x n 

timepoints “netmat” matrix, where n is the number of volumes in the rs-fMRI series. 

To represent the fMRI data on a lower-dimensional space, we used T-distributed 

Stochastic Neighbor Embedding (t-SNE) to reduce the netmat dimensionality to a 2-

dimensional network trajectory (2 x n timepoints; Tseng & Poppenk, 2020; Maaten & 

Hinton, 2008). Computing the Mahalanobis distances along each step of this trajectory 

reveals a “step distance vector” describing when distinctive transitions (jumps) occur.  

Occurrences of jump represented noticeable changes in network configurations, and we 

termed these changes as neural transitions. A peak-identifying algorithm with a 

minimum peak-prominence threshold of 0.06 was used to identify transition timepoints 

on the step distance vector. Inspection of this distance vector and its peaks allows us to 

assess the timing and frequency of neural transitions, and to compare individual timing to 

the group average. 

2.3 Experiment One: Categorization of Neural Transitions 

2.3.1 Externally and Internally Driven Neural Transitions 

Movie stimuli. The first aim of my thesis was to investigate whether there exists a 

difference in brain activation between externally and internally driven neural transitions. 

All analyses were performed using the Matlab (version 2017a; The Mathworks) and the 

categorization of neural transitions was conducted using the 7T HCP movie-viewing 

fMRI data as described above. The dataset includes fMRI data from 184 participants (age 
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M = 29.4, SD = 3.4 years; 112 female), which includes four runs of movie-watching each 

ranging from 11.9-13.7 minutes. Each movie run contains three or four movie clips, with 

a 20-second resting block inserted between movie clips of every run. One specific movie 

clip was repeated four times at the end of each movie run, and I have excluded it from 

this first analysis due to its repetition.  

Transition Removal Criteria. To compare externally and internally driven neural 

transitions, I first classified transitions into externally and internally relevant categories. 

The externally driven transitions include transitions that were induced by movie stimuli, 

whereas the internally driven transitions consist of transitions that raised from 

participants’ internal mind-wandeirng. The following transitions were removed at the 

initial stage to avoid the stimuli onset artifact. Firstly, all transitions occurring during the 

resting block of the movie viewing were removed. In the HCP 7T dataset, there was a 

black screen with the word “resting” after the presentation of each movie clip. As movie 

presentation has an overwhelming influence on fMRI signals (Vanderwal et al., 2015), 

fMRI scans gathered during these intervals without movie playback were not comparable 

to movie-viewing fMRI scans. Secondly, if the transitions occurred within the 6-second 

window of the beginning of a clip, they were removed. A 6-second window was selected 

because of the delay presented in the fMRI signals (Logothetis et al., 2001). As the 

sudden onset of movie clips following the “resting” screen may result in a large movie 

onset artifact, transitions occurring during these periods were removed to avoid any 

confounding signals.  

External Transition Condition (High-order Categories). My strategy for 

categorizing the externally driven transition conditions was based on findings from the 
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event segmentation literature. Researchers have argued that events (like those we have 

segmented in the movies) are organized in a hierarchal manner, such that fine-grained 

events or actions are nested within larger-scale events (Kurby & Zacks, 2008; Zacks & 

Swallow, 2007), and shifts associated with higher-order events induce unique cortical 

activation patterns (Baldassano et al., 2017). Therefore, two expert raters manually 

segmented the movie clips using the following three categories: events (defined as a 

series of scenes that shared a coherent theme, which helps viewers understand the 

narrative of the storyline), actions (a simple act that was taken place in the movie), and 

cuts (the sudden clip transitions). The raters have independently segmented the event 

boundary timepoints in the video coding software Datavyu (Team, 2014). For the initial 

event segmentation, the inter-rater reliability was on average 52.08% for events and 

68.62% for actions across runs, which was modest (McHugh, 2012). This was potentially 

because there were individual differences in the number of timepoints identified, and 

some movie clips contain no coherent storyline making event segmentation difficult. The 

raters then discussed their segmentation and reached a consensus upon the final 

segmentation used in the present analysis. Cuts were recorded by one rater only as the 

objective nature of camera shifts was clear. Overall, in the 14 clips across four movie 

runs, raters have recoded 7.5 events, 37.3 sub-events, and 46.2 cuts per clip on average 

(Tseng & Poppenk, 2020). These three categories were then used as the standard for 

categorizing neural transitions as externally driven: to account for the BOLD signal 

delay, I have incorporated a hemodynamic response function adjustment (Logothetis et 

al., 2001; Mayo & Spanos, 2009). I have sampled transitions from a feature window 2-4 

seconds after the onset of segmentation points to investigate the brain activations during 
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the time of transitions. Although studies have shown that the BOLD response peaks at 4-

6 seconds after the onset of stimuli (Poldrack et al., 2009), in the current analysis, I was 

also interested in the early changes related to the network configurations, as our transition 

method identifies changes of network structures. Therefore, I sampled the transitions 

occurring during early timepoints as well as the 4-second cut-off where BOLD signals 

usually peak. In addition, top-down “censorship” of lower-order boundary points was 

employed to avoid double-counting of neural transitions, with events being considered as 

the highest level (actions and cuts occurring at the same time were not counted), then 

actions (cuts occurring at the same time were not counted), and cuts at the lowest level.  

External Transition Condition (Low-order Categories). For the externally driven 

transitions, I also included those transitions that co-occurred with lower-order features in 

movie clips. I used three lower features labels provided by the HCP: the motion-energy 

labels describing lower-level visual changes (Nishimoto et al., 2011), the semantic labels 

describing the high-level semantic structure and the WordNet labels (Huth et al., 2012), 

and the amplitude labels describing the auditory feature in the movies (Wu-Minn HCP, 

2017). I then computed the timeseries derivatives of these three lower features to 

represent the temporal change of the lower features in the movie stimuli. Because there is 

almost always some low level of ongoing changes in lower features during a movie clip, I 

specifically isolated the timepoints where changes in lower features reached the 90 

percentile or higher of values within the corresponding timeseries derivative (applying 

the same 2-4 second window as with events, actions and cuts). Finally, to distinguish 

higher-order transitions from those driven by low-level changes, I also censored high-

order transitions that co-occurred with lower-order feature changes. Consequently, neural 
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transitions presented in the higher-order and lower-order conditions were independent of 

each other. No censorship was performed within the lower-order categories for two 

reasons: 1. visual, semantic and auditory categories were not hierarchical organized, thus 

it is unreasonable to decide which category the transition belong to when they were 

occurring; 2. the overlaps among these transitions were relatively low (around 21.66% on 

average). 

Internal Transition Condition. As the above categories are all stimulus-driven, I 

classified neural transitions falling within them as “externally driven”. All the remaining 

neural transitions (a random category) were deemed to be “internally driven”. These 

neural transitions occurred at times when no higher-order boundaries or lower-order 

feature transitions were present.  

Metastable (Control Condition). Another category named metastable was included 

as a control condition. This was a condition used in the Tseng and Poppenk (2020), 

where no transition was present during the period proximal to these timepoints. I have 

included this condition as a comparison to ensure that the brain activation identified were 

unique to the externally or internally driven transitions, instead of all movie timepoints in 

general. Following those authors, to identify metastable timepoints, a minimum peak 

width of 10 timepoints was employed to identify persistent and stable periods in the 

inverted signal.  

In summary, I categorized the neural transitions into three conditions: externally 

driven condition (higher-level: events, actions, and cuts; lower features: visual features, 

semantic features, and auditory features), internally driven condition (random), and a 
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metastable condition. All neural transitions classification in this thesis followed the above 

procedure.   

2.3.2 fMRI Preparation for PLS 

The 7T fMRI dataset described above with 184 participants was used. fMRI scans 

from each of the four movie runs were smoothed with a full-width at half-max (FWHM) 

of 4 mm.  

To analyze the brain activations associated with each category, I used PLSGUI 

software (McIntosh, Bookstein, Haxby, & Grady, 1996) implemented in Matlab (version 

2017a, The Mathworks). PLSGUI attempts to explain variance in brain data based on 

rotations of the condition matrix obtained using partial least squares (PLS). This method 

can be used to explain the association between the spatial activation in brain and external 

task behaviours. With PLS, I was able to compare the difference in the spatial activation 

between externally and internally driven transitions. I used mean-centred PLS to observe 

the general trend of loadings for all the categories, with 5000 permutations and 1000 

bootstrap samples.  

When running PLS on the original fMRI scans, I observed abnormal fMRI 

activations, such that almost all brain voxels were significantly associated with task 

conditions that were loaded positively or negatively. I suspected that this result was 

mainly driven by differences in the features described by our categories (e.g., visual vs. 

auditory salience), rather than variation in the nature of the neural transition produced by 

the categories. I reasoned that because participants were watching the same movie clips, 

the stimulus was fixed across participants. Therefore, brain responses that did not vary 

across participants likely reflected stimulus features, whereas brain responses that did 
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vary likely reflected idiosyncratic participant responses to the stimulus (such as their 

individual neural transitions). To get a clearer picture of the task variation in fMRI data, I 

therefore computed the average brain activation over time across 183 participants, and 

subtracted it from each participant’s fMRI data to control for stimulus-driven variation in 

fMRI signal over time. One participant was excluded from computing the average as 

his/her fMRI scans exhibited abnormal blurred and pixelated activations. These fMRI 

difference scans were then entered into the PLS analysis. I found that this operation 

solved the previous issue that all voxels were associated with all task conditions. Notably, 

this step was not necessary or applied for identifying the timing of neural transitions 

themselves; it was only helpful for comparing the voxel-wise localization of different 

types of transitions. 

To look at the patterns of brain correlates of obtained LVs for positively and 

negatively loaded categories while limiting multiple comparisons, I used the FSL cluster 

tool on the BSR map to identify the appropriate cluster extent threshold. A cluster-wise 

threshold of 0.05 was obtained using a minimum cluster size of 24 voxels together with a 

voxel-wise threshold of 3.29 (corresponding to an approximate z-score of p < .001). 

2.3.3 Outlier Removal  

Obtained PLS rotations of the condition matrix can be strongly influenced by the 

abnormal brain scores of certain participants. As brain scores describe how task effects 

vary across different task conditions and participants (McIntosh & Lobaugh, 2004), 

participants with highly atypical brain images can significantly skew the rotation towards 

themselves, yielding a good fit to their own data and poor fit to that of the group. To 

acquire an unbiased representation of the condition loadings, twelve outliers were 
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removed through observing the distribution of brain scores of the significant latent 

variable (LV1). To ensure that the minimum number of outliers was removed and to track 

the change of loadings across different sample sizes, I developed the following criteria to 

remove one participant at a time during the outlier removal stage. I calculated a z-score 

variant for each condition in the significant LV1 using the formula (x- )/MAD, where 

MAD stands for median absolute deviation. The MAD score is a statistical estimate 

similar to the standard deviation, but is more robust in the presence of outliers (Leys et 

al., 2013). Next, I removed one participant with the highest z score variant and reran the 

PLS. This process was repeated until the highest z score reached a plateau across 

different sample sizes, suggesting that removing the corresponding participant did not 

greatly reduce the outlier effect as previous removals. This corresponds to a group 

whereby the rotated solution was not dependent on the inclusion of any particular 

participant. As shown in Figure 3, after plotting the highest z-score variant at different 

sample sizes, I noticed that the difference between the highest z-scores at n = 172 and n = 

171 was smaller than 1, suggesting that the stopping point would be n = 172. It is worth 

noting that at n = 177, the z-score variant raised significantly after the exclusion of one 

specific participant from n = 178. This is because there were three outliers with similar z-

score variants at n = 178, but due to the constraint of our criteria, I was only able to 

remove one with the highest z score variant. A closer analysis revealed that as PLSGUI 

put the LV accounted for the most covariance as LV1. Removal of that specific 

participant resulted in a switch of the score designs between LV1 and LV2 at n = 177, 

resulting in a huge change of the z-score variant.  
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Thus, the final sample size we used in this analysis was 172. All outlier removal 

performed in this PLSGUI analysis was performed using this protocol. 

 

2.3.4 Comparison Between High and Low Conformity  

To further explore the properties of neural transitions in various categories, I looked 

at the degree of conformity in transition timing across participants by further categorizing 

the transitions from the previous analysis into high or low conformity transitions (i.e., 

transitions that occurred in most people, vs. transitions that occurred infrequently). This 

follow-up analysis was done because previous studies have illustrated that the experience 

of movie viewing is highly correlated across individuals (Hasson, 2004). Therefore, I 

expected that the category events should contain the highest proportion of high 

conformity transitions, because events happening in the movie clips were essential in 

Number of Participant 

Figure 3: The highest z-score variant at different sample sizes for all conditions, for 

the significant latent variable 1 in PLSGUI. 
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constituting storylines and capturing viewers’ attention. Furthermore, low conformity 

transitions should largely be internally driven transitions as there were more idiosyncratic 

and less stimulus-driven. Thus, it is possible that high and low conformity transitions 

were associated with distinct patterns of brain activation, and the difference of transitions 

in distinctive categorization might be driven by the degree of conformity. The same 172 

participants as above were used in this analysis. To acquire the transitions of high and 

low conformity, after concatenating all transitions in all categories, I computed the weight 

of transitions at each timepoint, which is obtained from averaging the number of 

participants who had transitions at this specific time. To be considered as a high 

conformity transition, its weight of transitions at this timepoint should fall above the 80th 

percentile of all weights (only nonzero weights were included). A cut-off of the 20th 

percentile was used for the low conformity category. The distributions of the high and 

low conformity transitions within each category were examined, as well as the brain 

correlates associated with the high and low conformity transitions in PLSGUI. A 

bootstrap of 1000 was used, and a cluster-wise threshold of 0.05 was corrected by 

applying a voxel-wise threshold of 3.29, yielding a minimum cluster size of 18 voxels 

under p < .001. 

2.4 Experiment Two: Application of Neural Transitions Metric 

2.4.1 Comparison Between Novel and Repeated Stimuli  

The same 7T dataset in the HCP was again used for the investigation of neural 

transitions associated with novel and repeated stimuli. I have used 184 participants in this 

analysis. As PLSGUI was not used in this analysis and I was interested in neural 

transitions properties on an individual level as well as a group level, no outliers were 
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removed during this analysis. Here, the movie montage of 84 seconds that was presented 

at the end of each run (i.e., four times) and that I excluded from the prior experiment was 

the focus of my analysis. I compared the transition characteristics of the 1st run (novel 

viewing) and 4th run (repeated viewing). Although I did not have any explicit subjective 

check showing that participants would perceive the stimuli in the 4th viewing as familiar, 

novelty manipulations frequently omit subjective data of this kind, relating effects to the 

objective repetition of the stimulus (Tulving et al., 1996; Zajonc, 1968). Along these 

lines, I named the fourth viewing as the repeated viewing, instead of the familiar 

viewing.  

Two characteristics of the neural transitions were examined: mentation rate and 

conformity. The mentation rate was defined as the number of neural transitions per 

minute, representing the frequency of neural transitions. Conformity for each participant 

was computed by taking the correlation between the individual’s overall step distance 

vector and the median group step distance vector, representing the agreement between the 

individual’s transitions and typical transition timings. The average of mentation rate and 

conformity was calculated across runs on a group level. 

2.4.2 Brain Correlates for Novel and Repeated Runs 

To calculate whether I could observe any associations between transition properties 

and the volume of the structures in the novel and repeated runs, I have correlated the 

mentation rate and conformity with the volume of the anterior hippocampus, posterior 

hippocampus and the amygdala, respectively. Uncal apex was used to segment the 

hippocampus into the anterior and posterior portions (Poppenk et al., 2013). To obtain 

volumes of these segments, raters used the high-resolution T1-weighted MRI scans 
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provided by the HCP (WU Minn, 2017), and manually segmented these brain structures 

in FreeSurfer (Fischl, 2012). Then, bootstrapped correlations (with 1000 samples) were 

used to compare the properties of transitions and brain structure volumes in the novel and 

repeated run. This method allowed me to compute the confidence interval between the 

correlation of novel and repeated runs and to assess whether there was a significant 

difference. 

2.4.3 Exploration of Thought Structure 

To further our understanding of the difference in mentation rate and conformity 

between novelty and familiarity, as a follow-up examination, I explored the 2-

dimensional representation of thought trajectories between the novel and repeated runs. 

This would allow me to directly observe the structural changes between the novel and 

repeated runs on a low dimension using statistics. To do this, I used another newly 

developed dimensional reduction technique called UMAP (Uniform Manifold 

Approximation and Projection), which is able to reduce the high dimensional data, but is 

better able to preserve the global structure of the data compared to t-SNE (McInnes et al., 

2018). To implement the UMAP analysis in my project, a procedure similar to t-SNE was 

conducted. After obtaining the 15 node-network x time netmat matrix for each participant 

in the validation clip, I first z-scored the node timeseries to make sure that the timeseries 

data were comparable across runs and individuals. Next, we employed UMAP to further 

reduce the dimension to 2, using the function implemented in Matlab by Meehan et al. 

(2020). In this way, I have obtained 84 dots across space, representing the 84 timepoints 

in the movie stimuli across time. The output of UMAP analysis on the group average of 

184 participants was presented in Figure 4 for descriptive purpose, showing the 2-
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dimensional thought trajectory changes for novel and repeated runs. To facilitate the 

comparison of trajectories as films became more novel, external sensory information 

(cuts) was selected as an external reference for further grouping of dots: in Figure 4, a 

cluster of dots is only connected if no cut separated the timepoints. Observation of the 

resulting image hinted that despite the specific orientations and locations of timepoints 

differed across runs, the relative cluster structures of the 2-dimensional trajectory were 

preserved over runs. To quantify the comparison of thought structure across runs on an 

individual level, I computed the Mahalanobis distances between each pair of clusters, 

based on the mean coordinates within each cluster. Overall, there were 26 cuts in the 

validation clips, resulting in 27 clusters. To examine the distance between each pair of 

clusters, I obtained a 351-element vector for n = 184, with each element representing the 

distance between every two random pairs. I have then examined the statistical properties 

of this element vector across runs and individuals.  

Figure 4: The 2-dimensional thought trajectory for the validation clip in run1 

(left) and run4 (right) run1 to run4, using UMAP on 15 node-network x time 

netmat matrix. Time (seconds) was represented using color, and timepoints 

were connected if no cut was present during the period of time. 

T
im

e 
(s

) 



 

26 

 

Chapter 3 

Results 

3.1 Research Question One: Categorization of Neural Transitions 

3.1.1 Numbers of Neural Transitions Per Category 

To understand how many transitions participants tend to have in each category, for 

descriptive purpose, I calculated the total number of neural transitions in each category 

per run for every participant. The distribution of transitions across runs and participants 

was summarized in Figure 5 (number of events: mean = 2.67, std = 1.88; number of 

actions: mean = 10.71 , std = 5.40; cuts: mean = 8.19, std = 5.03 ; visual features: mean = 

14.98, std = 5.26; semantic features: mean = 12.83, std = 4.71 ; auditory features: mean = 

12.79, std = 4.47 ; random: mean = 22.56, std = 8.32 ; metastable: mean = 35.32, std 

=5.98). This illustrated that participants tend to have more externally driven transitions 

during movie viewing compared to the internally driven transitions. However, the 

number of transitions associated with events was relatively low. 
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3.1.2 Design Scores From PLS 

To compare the spatial activations between ethe xternally and internally driven 

transitions, PLSGUI was used. The design score in the output of PLSGUI illustrated how 

strongly each conditon was loaded onto the latent variable, and conditions loaded onto 

opposite directions suggested that they were associated with distinct profile of brian 

activations (McIntosh & Lobaugh, 2004). I found that only the first latent variable (LV1) 

Figure 5: Numbers of transitions in each category, across runs and participants. 
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was significant, accounting for 48% crossblock covariance (p = .002). The LV 

distinguishes events from other categories (Figure 6), as the event was the only category 

that was significantly negatively loaded, whereas visual and auditory features were 

positively loaded. As the internally driven transitions did not load differently compared to 

the externally driven transitions, this suggests that there was not any difference in the 

brain activation for these two types of transitions. However, the spatial activation for 

events was different from the one of the visual and auditory features. 

 

 

Figure 6: Design score for LV1 in PLS: LV1 accounted for 48% crossblock 

covariance (p = .002). Conditions that were loaded onto opposite directions 

suggest that they were associated with distinct brain activations.  
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3.1.3 Brain Correlates From PLS 

I next looked at the brain correlates of LV1. For positively loaded categories, there 

was only one cluster (in the primary motor cortex) that was significant (Table 1), 

suggesting that the stronger activation around the primary motor cortex was possibly due 

to rapid changes associated with lower visual features (Agosta et al., 2016; Moriuchi et 

al., 2017). No cluster was significant for the negatively loaded category event, and no 

brain region associated with event perception was found (Kurby & Zacks, 2008). Because 

the pattern suggests the spatial distribution associated with the LV was diffuse rather than 

focused, a figure highlighting activation regions is presented without cluster thresholding 

and a voxel-wise threshold of p < .005, for descriptive purposes (Figure 7). 

 

 

 

 

 

 

 

Note: All peak coordinates are displayed in the MNI space (Cocosco et al., 1997). 
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Figure 7: Spatial brain activation without cluster thresholding and with a voxel-wise 

threshold of p < .005. Areas with noticeable diffuse brain activations were enlarged, 

with red-yellow indicating activation related to positively loaded categories, and blue 

indicating activation related to negatively loaded categories. 
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3.1.4 Follow-up Examination – Subset Resampling 

As I observed that there were large variations in the numbers of neural transitions 

across categories, this may be a potential confounding variable for the PLS analysis. To 

address this issue, I employed a subset resampling technique to supplement the original 

analysis: for each category and each participant, I selected three transition points from the 

original transitions in all four runs and reran the analysis with these subsets of transitions. 

The three transitions were randomly selected in each category to avoid sampling bias. In 

this way, I ensured that the number of transitions in each category for each participant 

was the same for the PLSGUI analysis. After following the same procedure to prepare 

fMRI data and run PLS, I found that the results were comparable to the one I found in the 

original analysis, suggesting that the sample size difference in different categories was 

not a confounding variable for the present analysis. The detailed methods and results for 

the subset resampling analysis were presented in Appendix A.  

3.1.5 Comparison Between High and Low Conformity 

For the analysis of the distribution of conformity across categories, I analyzed the 

percentage of transitions in each category that were high vs. low conformity (defined as 

falling above vs. below the 20th percentile of conformity, Figure 8). I found that there 

was a higher percentage of the high conformity transitions in the event category 

compared to the others, such that the difference between the event and other categories 

was 79.31% relative to other categories, and the difference between the event and the 

next highest category (semantic feature) was 58.67%. However, there were not any 

noticeable differences in the percentage of low conformity transitions in random as 

expected, as random is the third-lowest category and accounted for about the same 
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proportion as cuts and visual features. Event was 78.68% higher than the other categories 

on average, and the difference between the event and the next highest category (auditory 

feature) was 52.50%. Details were presented in Appendix B.  

 

 

For the brain correlates, I examined the loadings of the two categories (Figure 9), 

and found that the activation in the clusters of middle temporal gyrus was correlated with 

low conformity transitions (Table 2). The spatial brain activation pattern without cluster 

thresholding and a voxel-wise threshold of p < .005 was presented in Figure 10 

Figure 9: Design score for LV1 in PLS for high vs low conformity comparison.  
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Figure 8: Percentage of high conformity and low conformity in seven categories. 
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Figure 10: Spatial brain activation without cluster thresholding and with a voxel-

wise threshold of p < .005. Areas with noticeable diffuse brain activations were 

enlarged, with red-yellow indicating activation related to positively loaded 

categories, and blue indicating activation related to negatively loaded categories. 
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3.2 Research Question Two: Application of Neural Transitions Metric 

3.2.1 Comparison Between Novel and Repeated Viewing  

To examine whether novelty affects neural transition properties in general, average 

mentation rate and conformity were calculated for the novel and repeated runs. Both 

mentation rate and conformity were significantly higher for novel compared to repeated 

runs (Figure 11; Mentation rate: Diff(novel-repeated) = 0.80, 95% CI = [0.42,1.15]. 

Conformity: Diff(novel-repeated) = 0.06, 95% CI = [0.03,0.09]). This confirmed my 

hypothesis and illustrates that the novel run elicited more transitions overall, and their 

transitions timings were more aligned with the group. 

 

 

3.2.2 Brain Correlates for Novel and Repeated Runs 

To calculate the correlations between the brain correlates and novel or repeated runs, 

bootstrapped correlations were computed. For mentation rate, bigger HPC and amygdala 

were associated with lower mentation rates, however, no significant difference in this 

Figure 11: The means of mentation rate and conformity in novel and repeated 

runs. 
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association for novel versus repeated runs was found (Figure 12). This suggests that the 

difference of mentation rate between the novel and repeated runs found above was not 

associated with volumes of HPC and amygdala. For conformity, I found that HPC 

volumes were significantly correlated with the difference in conformity between the 1st 

novel run versus 4th repeated run (Figure 13). A bigger right aHPC significantly predicted 

higher conformity in the novel run. By contrast, a bigger left pHPC was correlated with 

lower conformity in the repeated run. This difference of conformity in novel vs repeated 

viewing and a/pHPC volumes aligns with previous findings indicating the role of a/pHPC 

in novel and familiar processing (Poppenk, Evensmoen, et al., 2013; Poppenk, McIntosh, 

et al., 2010). Finally, a bigger left and right amygdala were associated with higher 

conformity in the novel run, supporting previous research on the role of amygdala in 

novelty processing (Schultz et al., 2009). The details of the results were presented in 

Appendix C. 

 

 

 



 

36 

 

 

Figure 12: The correlations between brain correlates and mentation rates in novel 

and repeated runs.  

Figure 13: The correlations between brain correlates and conformities in novel and 

repeated runs.  
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3.2.3 Exploration of Thought Structure Across Runs 

 I ran a follow-up analysis examining the potential causes for the difference in neural 

transitions for novel and repeated runs. Using cluster distance, I investigated how the 

variance of the cluster distance changes between the novel and repeated runs on a group 

level. For the analysis of 351 distance pairs resulted from the 27 clusters, I first computed 

the standard deviation for each distance pair across participants and took the average 

across all distance pairs. The mean differences of standard deviation between the novel 

and repeated runs were computed using bootstrap of 1000, showing that difference of 

variance was higher for repeated runs (Figure 14). This suggests that the variation 

structure of thought trajectory among participants became larger as the movie clip 

became more familiar, possibly because people paid less attention to the familiar stimuli 

(Ramaswami, 2014; Turk-Browne et al., 2008) and became more attentive to their own 

internally driven thoughts. It is worth noting that when being performed in t-SNE, the 

cluster distance analysis yielded similar results to UMAP, indicating that the finding that 

the similarity of 2-dimensional thought trajectory decreased over runs, was robust across 

different dimensional reduction techniques.  

Figure 14: The means of standard deviation in cluster distance between the 

novel and repeated runs 
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Chapter 4 

Discussion 

My thesis employed a newly developed technique in our lab, and investigated two 

research questions. For research question one, I investigated the intrinsic properties of 

these neural transitions, looking at whether there is a difference between the internally 

and externally driven transitions. For research question two, I explored the utility of this 

neural transition metric by examining cognitive dynamics in the novel and repeated 

viewing. 

4.1 Research Question One: Categorization of Neural Transitions 

4.1.1 Comparison Between the Internally vs Externally Driven Neural Transition 

By classifying the neural transitions into externally and internally driven categories, 

I compared the attributes of these two categories of transitions as well as the metastable 

points. I have confirmed the significant association between events and the neural 

transitions, which differed from transitions in other categories, further validating the 

power of our neural transition metric at identifying high-level changes of cognitive states. 

However, externally vs. internally driven transitions did not manifest as a significant 

source of variance in our multivariate analysis. Instead, the whole-brain analysis revealed 

the distinctiveness of event-driven cognition. The spatial correlates of this distinction 

were spatially diffuse, suggesting that the pattern of brain activation for event vs non-

event driven transitions did not differ immensely. Only the primary motor cortex was 

consistently correlated with the LV, activating alongside visual and auditory transitions in 

the movie clips. This region was possibly activated by the observation of movement 



 

39 

 

change in the movie clips, as previous studies have demonstrated that the excitability in 

the primary motor cortex is correlated to the speed of observed movement (Agosta et al., 

2016; Moriuchi et al., 2017). Rapid changes in sensory features are likely associated with 

changes in the speed of onscreen motions, and therefore associated with activation in the 

primary motor cortex. Since this activation was correlated with the speed of movement 

(observed in visual features) instead of the absence or presence of actions (observed in 

action), this is possibly why the action category was not associated with this activation.  

As for the potential reason to why I have observed a spatially diffuse pattern of 

activations, it may be due to my control of stimulus features using subtraction of fMRI 

scans. Since previous studies have demonstrated that people tend to share patterns of 

brain activation while viewing movie stimuli (Hasson, 2004; Nguyen et al., 2019), 

therefore, it is possible that controlling for the common activation associated with the 

sensory features across participants (e.g., perception of events) leads to large sets of 

voxels activation being removed. Because movie viewing is an immersive experience 

associated with various sensory experiences activated at the same time, even though I 

have used hierarchical censorship to keep overlapping transitions in only one category, it 

is inevitable that multiple sensory features were present at one single transition. Thus, it 

is hard to observe the “pure” brain activation for each category of transitions, and the 

efforts to control this only resulted in diffuse patterns of activation for events.  

The above findings suggested that the pattern of brain activities at the time of neural 

transitions can be diagnostic of the event vs. non-event related transitions. However, they 

were not sensitive to the externally vs internally features that triggered new thoughts, at 

least not where neural activity directly arising from those features has been controlled. 
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This was aligned with previous studies, which have recently demonstrated that the DMN 

is not only activated at self-directing thoughts, but also at externally driven task switches 

(Crittenden et al., 2018), suggesting that internally driven experience may share some 

common mechanisms with the externally driven thoughts.  

4.1.2 Comparison Between High and Low Conformity  

To explore whether high vs low conformity transitions were more vs less stimulus 

driven, I have examined the number of high and low conformity transitions presented 

across all categories. The brain correlates associated these transitions were also computed 

to investigate if the degree of conformity in transitions contributed to the diffusive brain 

patterns I have identified. I found that the event category did contain the highest 

proportion of conformity transitions, showing that the role of movie event specifically in 

aligning viewers’ mental experience. However, the random category did not contain the 

highest proportion of low conformity transitions as expected.  

Interestingly, clusters in the middle temporal gyrus exhibited stronger activation in 

low-conformity transitions compared to the ones of high conformity. One previous study 

has demonstrated that deactivation around the middle temporal gyrus was associated with 

increased demands associated with working memory and attention (Mayer et al., 2010). 

As high conformity transitions were more stimulus-driven, they require increased 

attention and working memory demands associated with the perception of movie stimuli, 

which was reflected in the deactivation in the middle temporal gyrus. Whereas low 

conformity transitions should be less stimulus-driven and low attentional demanding, 

leading to the heightened activation in this region. Thus, current findings suggest that the 
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low conformity transitions were less attentional demanding compared to the high 

conformity transitions. 

Although the highest percentage of low conformity transitions were found in events 

instead of random, I suspected that this effect may be due to having an uneven number of 

transitions identified in each category (Appendix B). Looking at the raw number in the 

low conformity, there were numerically more transitions in the random category (770) 

compared to the events category (185), but the proportion of event was still higher 

because the total number for events (mean = 2.67) was significantly lower than other 

categories (e.g., random: mean = 22.56). On one hand, as to identify the high/conformity 

transitions, I have concatenated transitions from all categories and treated all transitions 

considered equally when computing conformity. Therefore, the uneven raw number of 

transitions in different categories may affect the proportion of high and low conformity 

differently. On the other hand, it is possible that these random transitions were also 

associated with other externally relevant features presented in the movie clip (e.g., micro-

actions, changes of facial expression), which were not identified in the event 

segmentation labels. Future studies could select movie clips with longer and more 

coherent events to increase the number of events available for analysis, and to utilize a 

finer categorization for externally driven features.  

4.2 Research Question Two: Application of Neural Transitions Metric 

For research question two, I applied the neural transition metric to compare the 

distinction in cognitive dynamics between novelty and familiarity using naturalistic 

stimuli. I found that individuals’ cognitive states were less aligned with others on a group 

level when viewing the movie clip repeated four times. This finding extended previous 
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findings that movie stimuli were able to induce similar cortical activities across 

participants (Hasson, 2004; Hasson et al., 2008) by further showing that this effect is 

more prominent in novel viewing. In light of research question one, it is possible that 

individuals’ thoughts shifted from the externally driven thoughts towards the internally 

driven ones over repeated viewings, and therefore became more idiosyncratic and less 

aligned to the group. This hypothesis was supported by further analysis of thought 

structure over runs, demonstrated the increased variation in thought structure while 

viewing familiar stimuli. The difference of cognitive alignment between the novel and 

repeated viewings is particularly important as previous studies have frequently used 

multiple movie viewings as a measurement of reproducibility to examine brain activation 

(Hasson, et al., 2010; Hasson, Yang et al., 2008; Mandelkow et al., 2016). In light of the 

current findings, it is worthwhile to treat novel and repeated viewings separately and 

distinguish the cognitive dynamics between them. More importantly, the above findings 

offer support to the distinction between novel and repeated stimuli using dynamic movie 

stimuli. In addition to the static stimuli (Fantz, 1964; Hawley et al, 1994), our perception 

of novel and familiar stimuli also differs significantly when viewing naturalistic stimuli.   

On a neural level, I found that the volumes of the brain structures were correlated to 

the decreased cognitive alignment with repetition: specifically, aHPC, pHPC and 

amygdala were significantly correlated with the difference of conformities between the 

novel and repeated runs. I found that people with larger aHPC and amygdala volumes 

were more under the control of novel stimuli, showing that larger aHPC volumes 

increased sensitivity to novel stimulus content. On the other hand, as larger pHPC 

volumes were associated with greater retrieval of this content, individuals may ignore the 
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retrieved familiar content and become less under the control of repeated stimuli. This 

liberates participants to pursue their own idiosyncratic thoughts, and resulted in people 

with larger pHPC volumes having lower conformity in the repeated viewing. Overall, the 

above observations were consistent with previous findings showing the long-axis 

functional variation of the HPC, with aHPC and pHPC being associated with novel and 

familiar processes, respectively (Kaplan et al., 2014; Poppenk et al., 2008, 2010; 

Zeidman, P., & Maguire, 2016), and the relationship between amygdala and novelty 

(Blackford et al., 2010; Kaplan et al., 2014; Schultz et al., 2009). 

For the mentation rate representing the frequency of transitions, overall there was a 

higher mentation rate in the novel run compared to the repeated run. This is probably 

because there were more stimulus-driven and externally oriented transitions in the novel 

run, which increased the mentation rate. However, unlike conformity, I did not find any 

brain correlates associated with this difference in the mentation rate. A previous study has 

demonstrated a positive correlation between the mentation rate in rs-fMRI and degree of 

neuroticism (Tseng & Poppenk, 2020). Moreover, neuroticism was associated with 

reduced hippocampus volumes (DeYoung et al., 2010) and increased amygdala volumes 

(Holmes et al., 2012; Mincic, 2015). Thus, neuroticism may mediate the effect between 

mentation rate and brain volumes in the novel and repeated viewings. For example, 

individuals with higher neuroticism, whose HPC and amygdala volumes also differ from 

others, may have more internally driven transitions representing noisier mental 

experience in both novel and repeated runs (Robinson & Tamir, 2005). This may weaken 

the association between the difference of mentation rate in the novel/repeated runs and 
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the HPC/amygdala volumes. Future studies could incorporate personality attributes in 

studies to ascertain the role of the mentation rate in cognitive functioning.  

4.3 Limitations and Future Direction 

There are several limitations in the present study. Firstly, the movie stimuli used in 

research question one were clips of mixed content and of varying durations. Moreover,  

some clips contain no coherent event structure and numerous abrupt cuts. On one hand, 

as people were familiar with the situations described in clips, lacking event structure and 

numerous cuts could disrupt people’s perception of coherent storylines presented in the 

movie. This could lead event boundary judgment varying across individuals, which 

ultimately results in a lower cognitive alignment of movie stimuli across individuals. For 

instance, although two raters reached consensus on the final movie segmentations used in 

the present analysis, the inter-rater reliability of the initial movie segmentation was 

merely modest. Using a different scale of comparison, previous studies have reported 

correlations of event segmentation agreement of 0.59 and 0.67 for coarse or fine events 

(Kurby & Zacks, 2010), indicating a strong agreement of events segmentation. Whereas 

in the present study, the proportions of high conformity events and actions were merely 

0.23 and 0.12 which were relatively low. Without a having high intersubjective 

correlation of movie perception, it could create a confounding variable when examining 

the brain correlates associated with the externally driven transitions on a group level. On 

the other hand, movie clips of coherent event structure with less sensory features 

interferences could assist us to better understand the cognitive changes on a higher level, 

and to obtain a categorization of transitions with fewer overlaps between conditions. For 

example, for the event-related transitions in the current analysis, about 56% of them were 
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co-occurring with cuts related transitions, and about 75% of them were overlapped with 

cuts and lower sensory features. Better control of the stimulus features presented in the 

experiments could not only increases viewers’ cognitive alignment at movie content, but 

also addresses the issue of having insufficient events related transitions to analyze. Future 

studies could use movie clips of longer duration, and contain clear storylines and event 

structures to better understand the cognitive processes behind externally and internally 

driven transitions. This will also help us acquire a clearer picture of our cognitive 

dynamics during movie viewing, and a step closer towards comprehending our cognitive 

processes associated with naturalistic stimuli. A similar issue exists in research question 

two for the examination of novel versus repeated viewing. As the movie montage contain 

numerous and closely spaced scene transitions, this could also introduce huge changes in 

lower features that disrupt brain activation and cognitive processes. A repetition of a 

movie clip with coherent storylines could offer more insight into the changes in our 

cognitive dynamics during repeated movie viewings.   

Secondly, the present analysis did not control for any individual characteristics. As 

individual attributes affect our mental experience and our perception of events, it is 

important to consider them when analyzing the experience of movie viewing. For 

example, in the present analysis, only group segmentation was included. However, 

previous studies have shown that there were individual differences in the way that 

different participants segmented events in a movie (Speer et al., 2003; Zacks & Swallow, 

2007): both later memory performance for the movie (Zacks et al., 2006), and memory 

for actors’ goals in the movie (Zacks et al., 2007) were correlated to the degree 

conformity for participant’s event segmentation. Thus, by using a group segmentation as 
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a reference, the subjective report of the viewing experience is missing, and the 

segmentation used in the present analysis may not be the most representative events 

perception on the individual level. Instead of using the expert segmentation, further 

studies could use participants’ individual segmentation in the analysis. To retrospectively 

understand participants’ cognitive states during viewing, future studies could also 

measure participants’ memory of the events after movie-viewing. By associating the 

properties of transitions during a specific time with memory performance during the same 

period, this will also provide more insight into how transitions properties affect our 

cognitive performance. Along these lines, individuals with autism have disordered event 

representation both behaviorally and for functional changes in the brain, due to their 

deficits in theory of mind as well as social communication (Bolton et al., 2020; 

Trillingsgaard, 1999). These findings suggest that it is important to incorporate individual 

characteristics into the investigation of cognitive dynamics on a group level, allowing us 

to control for confounding variables resulting from individual differences. Moreover, 

appreciating the individual difference in cognitive experience would provide us with a 

more accurate understanding of cognitive processes, and opportunities to holistically 

investigate human cognition by synthesizing findings from various fields.  

Thirdly, the current analysis did not show any strong spatial brain pattern associated 

with different categories of transitions. Although I have prepared the fMRI scans to 

minimize the confounding effects produced by individual differences and sensory 

features, removing the common stimulus features could have eliminated the brain 

activation shared by the group, and resulted in the diffusive brain pattern I have observed. 

Further studies could limit the influence of sensory features in another way, for example, 
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we could introduce a congruent context to a series of meaningless actions. Therefore, 

comparing the difference of transition properties between groups of participants viewing 

actions with vs without context could directly reveal the effects of events related 

transitions on brain activation. This way, we can isolate the effects of different types of 

transitions without losing any power to detect the underlying pattern of brain activations. 

Additionally, I have applied the delay between 2 – 4 seconds window after the 

segmentation point to capture transitions. Although BOLD signals usually peak at 4 – 6 

seconds after the onset of stimuli (Poldrack et al., 2009), this time window should not be 

a huge confounding variable for the present result, as the 4-second cut-off where signals 

usually peak was included as well. Moreover, as our neural transition metric identifies 

shifts of network configuration, I was interested in capturing the early changes of 

network configuration leading to the transitions, as well as the brain activation during the 

transitions. However, because the BOLD signals were peaked at 4-6 seconds (Poldrack et 

al., 2009), future studies could use longer delays (e.g., 2-5 seconds, or 2-6 seconds) to 

sample externally driven transitions, and to explore the brain activation resulted from the 

occurrence of transitions. This will also identify internally driven transitions with 

stringent criteria. Due to the time constraints of my current project, these questions were 

not explored in the current analysis, but answers to these questions would offer more 

insights into the brain mechanisms underlying externally vs internally driven transitions.  

4.4 Conclusion 

The findings from the present analysis demonstrated that our transition metric 

would have a broad application in investigating the cognitive dynamics, as I have found 

that it is relatively resistant to the distinction between externally and internally driven 
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thoughts while being more oriented towards the events driven transitions. Moreover, 

when employing the neural transition metric to compare the cognitive dynamics between 

the novel and repeated stimuli, it was able to offer unique insight into our cognition. The 

findings showed that the ability of movies to align viewers’ cognition decreased with 

repetitions, potentially due to the shift of thoughts from externally driven towards 

internally driven. Correlating the properties of transitions with volumes of brain 

structures also revealed findings aligning with previous research, lending further support 

to the utility of this newly developed method. This invites more exciting research topics 

in the future, particularly the ones with naturalistic stimuli, as our method would examine 

our cognitive states in a holistic manner and require fewer constraints on the structure of 

experiments. This method could also serve as a biomarker to understand human cognition 

in its natural states, and could ultimately have implications in the realm of clinical 

psychology, as studies have shown that abnormalities of spontaneous thoughts are one of 

the common symptoms underlying various mental disorders (Christoff et al., 2016). For 

example, our neural transition could help individuals suffered from depression gain better 

awareness of their thoughts during rumination, which is characterized by maladaptive 

circular thoughts (Fell, 2018). By applying the new method to diverse clinical data, this 

will greatly assist us in understanding the maladaptive thought structure in different 

clinical disorders, and in using it as a tool to identify biomarkers related to different 

thought disorders.  
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Appendix A 

Subset Resampling of Transition Categories in PLS 

To address the potential confounding variable that the numbers of transitions varied 

across categories, I used a subset resampling method to restrict the number of transitions 

in each category to three for each participant. Three was selected because it was the 

minimum number of transitions per participant in all categories after excluding 

participants with incomplete runs. The method to prepare fMRI data and to run PLS was 

the same as the method described above, where the difference fMRI between subjects and 

group average was used, with a permutation of 5000 and bootstrap of 1000. As in my 

primary analysis, one participant was excluded at the initial stage, six participants with 

incomplete fMRI runs were excluded from the analysis, leading n = 177 as the initial 

sample size for the PLS analysis. Seven additional participants with deviated brain scores 

were further excluded using a z-score variant at the outlier removal stage (Figure 1A), 

resulting in a total sample size of 170 for the final analysis. We found that the loadings in 

PLS were comparable to the original analysis (Figure 2A), with events being negatively 

loaded, although all categories except for events were positively loaded. For the whole-

brain analysis, we did not find any clusters that were correlated with any positively or 

negatively loaded categories (similar to the primary analysis, which featured only one 

cluster). The pattern of brain activation without cluster but with a voxel-wise threshold pf 

p < .005 was presented in figure 3A. This general consistency of outcomes across the two 

approaches suggests that the findings from my main analysis were not driven by an 

imbalance in the number of items available in each category. 
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Figure 2A: Design score for LV1 in PLS: LV1 accounted for 64.19% 

crossblock covariance (p < .001) Conditions that were loaded onto opposite 

directions suggest that they were associated with distinct brain activations. 

Figure 1A: The highest z-score variant at different sample size in all conditions, 

for latent variable 1 in PLS.  
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Figure 3A: Spatial brain activation without cluster thresholding and with a 

voxel-wise threshold of p < .005. Areas with noticeable diffuse brain activations 

were enlarged, with red-yellow indicating activation related to positively loaded 

categories, and blue indicating activation related to negatively loaded categories. 
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Appendix B  

Number of Transitions for High and Low Conformity  

 

Table 1B 
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Appendix C 

The Difference of Transitions Properties Between Novel and Repeated 

Runs  

 

Table 1C 

Table 2C 


