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Abstract 1 

 2 

Narrative comprehension involves a constant interplay of the accumulation of incoming events 3 

and their integration into a coherent structure. This study characterizes cognitive states during 4 

narrative comprehension and the network-level reconfiguration occurring dynamically in the 5 

functional brain. We presented movie clips of temporally scrambled sequences to human 6 

participants (male and female), eliciting fluctuations in the subjective feeling of comprehension. 7 

Comprehension occurred when processing events that were highly causally related to the 8 

previous events, suggesting that comprehension entails the integration of narratives into a 9 

causally coherent structure. The functional neuroimaging results demonstrated that the 10 

integrated and efficient brain state emerged during the moments of narrative integration with the 11 

increased level of activation and across-modular connections in the default mode network. 12 

Underlying brain states were synchronized across individuals when comprehending novel 13 

narratives, with increased occurrences of the default mode network, integrated with sensory 14 

processing network, during narrative integration. A model based on time-resolved functional 15 

brain connectivity predicted changing cognitive states related to comprehension that are general 16 

across narratives. Together, these results support adaptive reconfiguration and interaction of 17 

the functional brain networks upon causal integration of the narratives.  18 



 

 3 

Significance 19 

 20 

The human brain can integrate temporally disconnected pieces of information into coherent 21 

narratives. However, the underlying cognitive and neural mechanisms of how the brain builds a 22 

narrative representation remain largely unknown. We showed that comprehension occurs as the 23 

causally related events are integrated to form a coherent situational model. Using functional 24 

magnetic resonance imaging, we revealed that the large-scale brain states and interaction 25 

between brain regions dynamically reconfigure as comprehension evolves, with the default 26 

mode network playing a central role during moments of narrative integration. Overall, the study 27 

demonstrates that narrative comprehension occurs through a dynamic process of information 28 

accumulation and causal integration, supported by the time-varying reconfiguration and brain 29 

network interaction.  30 
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Introduction 31 

 32 

We make sense of our memory and others’ behavior by constantly constructing narratives from 33 

an information stream that unfolds over time. Comprehending a narrative is a process of 34 

accumulating ongoing information, storing them in memory as a situational model, and 35 

simultaneously integrating them to construct a coherent representation (Zwaan et al., 1995; 36 

Langston and Trabasso, 1999; Polyn et al., 2009; Ranganath and Ritchey, 2012). Forming a 37 

coherent representation of a narrative involves comprehending the causal structure of the 38 

events, including the causal flow that links consecutive events or even a long-range causal 39 

connection that exists between temporally discontiguous events. Past research theorized that 40 

narrative comprehension requires reinstating causally related past events and integrating them 41 

into a structured representation (Trabasso and Sperry, 1985; Graesser et al., 1994; Chang et 42 

al., 2021). However, empirical evidence regarding the integration of causal relations related to 43 

the ongoing process of comprehension is lacking. 44 

 45 

Recent neuroscientific literature suggests that narratives are represented in activation patterns 46 

(Baldassano et al., 2017; Chen et al., 2017) and functional connectivity (FC) (Simony et al., 47 

2016; Aly et al., 2018; Ritchey and Cooper, 2020) of the distributed regions in the default mode 48 

network (DMN), based on their capacity to integrate information over prolonged periods 49 

(Hasson et al., 2008; Lerner et al., 2011; Honey et al., 2012). However, traditional cognitive 50 

models theorize that the representation of narratives is updated by the interaction of the broader 51 

networks of the whole brain, including regions involved in sensory processing, memory, and 52 

cognitive control (Mar, 2004). Yet, little is known about how large-scale functional networks 53 

dynamically reconfigure their representational and connective states as one’s narrative 54 

comprehension evolves. Prior research has indicated that large-scale brain networks alternate 55 

between functionally segregated and integrated states (Tononi et al., 1994; Shine et al., 2016), 56 
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depending on the information processing that is adaptively recruited at the moment (Bullmore 57 

and Sporns, 2012; Zalesky et al., 2014). Studies reported that brain activity, FC, and the 58 

occurrences and transitions of the large-scale brain states were synchronized as participants 59 

watched the same movies, which were reliably coupled to the narratives (Simony et al., 2016; 60 

Nastase et al., 2019; Betzel et al., 2020; van der Meer et al., 2020). However, how these 61 

synchronized reconfigurations in large-scale brain networks are related to the ongoing process 62 

of narrative integration remain unclear.  63 

 64 

Previous work theorized external and internal modes of information processing in the brain, 65 

illustrating how the brain undergoes adaptive state changes between the accumulation of 66 

information from the external world, and its integration into internal thoughts (Dixon et al., 2014; 67 

Honey et al., 2018). Through the adoption of this framework, this study characterizes narrative 68 

comprehension as an exemplary naturalistic cognitive process that entails transitions between 69 

dual modes of information processing (external and internal modes) that are accompanied by 70 

corresponding state changes in large-scale functional networks (segregated and integrated 71 

states). We hypothesize that the relative proportion of the two distinct processing modes would 72 

vary depending on an individual’s degree of comprehension over time. Specifically, we assume 73 

that when a person experiences a high degree of comprehension—that is, when narratives are 74 

being internally integrated to form a coherent situational model—an integrated state of 75 

functional networks emerges, with tight connections between higher-order, transmodal brain 76 

networks and sensory-specific, unimodal brain networks (Mesulam, 1998; Margulies et al., 77 

2016; Murphy et al., 2018). In contrast, when individuals have a lesser degree of 78 

comprehension and thus focusing on processing external inputs, we predict that the functional 79 

brain network would be biased towards a segregated state, where each module operates 80 

independently. 81 

 82 
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Here, we characterized the cognitive processes involved in narrative comprehension and 83 

examined the dynamic reconfiguration of large-scale functional networks during comprehension. 84 

To track cognitive state changes, we presented three movie clips of temporally scrambled 85 

sequences and collected behavioral responses when individuals experienced the subjective 86 

feeling of comprehension. Depending on participants’ responses on moments of 87 

comprehension, we characterized a group-aggregate behavior measure that represents 88 

fluctuating states of comprehension during scrambled movie watching. In a separate behavioral 89 

study, we measured causal relationships between pairwise moments of these scrambled 90 

movies and observed that high comprehension moments correspond to the moments when past 91 

events are causally connected to the present event, suggesting that comprehension entails the 92 

integration of narratives into a causally coherent structure. In a functional neuroimaging study, 93 

using the group measure of comprehension, we inferred the cognitive state dynamics of 94 

independent participants as they watched the same scrambled movies inside the scanner. We 95 

observed an increased level of blood-oxygen-level-dependent (BOLD) activity in the DMN 96 

regions during narrative integration, whereas the dorsal attention network (DAN) increased its 97 

BOLD responses when comprehension was low. On a larger network scale, the functional brain 98 

entered an integrated state during narrative integration, which was modulated by the across-99 

modular functional connections of the DMN and frontoparietal control network (FPN). Using 100 

hidden Markov modeling (HMM) to characterize latent neural states (Rabiner and Juang, 1986), 101 

we identified synchronized neural state dynamics across individuals during novel movie 102 

watching, with the DMN, integrated with the sensory processing network, being the dominant 103 

state during high comprehension moments. We further demonstrated that evolving cognitive 104 

states of comprehension that are robust across narratives can be predicted from time-varying 105 

functional connections between brain regions, but not from patterns of regional BOLD activity, 106 

suggesting that the functional interaction of the distributed brain regions is involved in narrative 107 

integration and comprehension. By characterizing narrative comprehension as a dynamic 108 
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process of causal integration and relating it to changes in large-scale brain activity and 109 

connectivity, our study provides the basis of cognitive and neural states that underlie real-world 110 

information processing. 111 

 112 

 113 

Materials and Methods 114 

 115 

Participants  116 

An independent group of individuals participated in two behavioral and one functional magnetic 117 

resonance imaging (fMRI) experiments (Behavioral Experiment 1: 20 participants per movie, 118 

with a total of 27 participants; five women, mean age 22.6 ± 2.1 years; Behavioral Experiment 2: 119 

12 participants per movie, with a total of 29 participants; 10 women, mean age 21.6 ± 2.2 years; 120 

FMRI experiment: 24 participants for Cops, 23 participants for The Kid, and 20 participants for 121 

Mr. Bean, with a total of 30 participants; 10 women, mean age 24 ± 2.1 years). The number of 122 

participants was determined based on previous fMRI studies that used similar naturalistic task 123 

paradigms (Aly et al., 2018; Baldassano et al., 2018; Chen et al., 2017; Finn et al., 2018). A 124 

number of individuals participated in the experiment multiple times watching different movie 125 

stimuli. None of the participants had watched the movies before the experiment. All but one 126 

participant were native Korean. All participants in the fMRI study were right-handed, except one. 127 

Participants reported no history of visual, hearing, or any form of neurological impairment. The 128 

participants provided informed consent before taking part in the study and were monetarily 129 

compensated. The study was approved by the Institutional Review Board of Sungkyunkwan 130 

University. 131 

 132 

Movie Stimuli  133 
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Three movie clips: Cops (1922, Keaton & Cline), The Kid (1921, Chaplin), and Mr. Bean: The 134 

Animated Series, Art Thief (season 2, episode 13; 2003, Fehrenbach), were used in both 135 

behavioral and fMRI experiments. The three movies were selected as they comprised rich 136 

narratives within ~10 min duration and did not contain any form of verbal conversations or 137 

narration (with an exception of background music). Since narratives were delivered in the visual 138 

modality, the viewers had to actively infer the narratives through characters’ facial expressions, 139 

body movements, and changes in the backgrounds. The movies Cops and The Kid, which were 140 

black-and-white silent pictures from the early 1900s, contained six and five clips respectively 141 

that projected a dialogue on a full screen. These dialogues were translated into Korean and 142 

projected in the same manner. All three movies contained background music, which sets the 143 

emotional tone of the narratives and characters. The movies were edited to an exact 10 min 144 

version where a coherent narrative was complete within the given time. Each movie was 145 

segmented into 16 (The Kid) or 17 (Cops and Mr. Bean) scenes and shuffled in pseudorandom 146 

order, such that the fluctuations in the subjective feeling of comprehension could be maximally 147 

induced. The scenes were segmented mostly following the director’s cut (e.g., changes in 148 

background or camera angle), and the scene duration ranged between 32 s to 40 s. To match 149 

the scene duration to the sampling rate of the fMRI sequence (TR = 1 s), we minimally adjusted 150 

the speed of the scenes by rounding the duration to the nearest second. None of the 151 

participants reported perceived differences in the speed of the scenes. 152 

 153 

Behavioral experiment 1: Reports on the subjective moments of comprehension 154 

We collected behavioral responses while participants were watching a 10 min movie in a 155 

scrambled sequence (Scrambled movie watching) (Figure 1a). The stimuli were presented by 156 

the GStreamer library (Open-Source, 2014) and the responses were recorded using Matlab 157 

(Mathworks, Natick, MA, USA) and Psychtoolbox (Brainard, 1997; Pelli, 1997). The experiment 158 

was conducted in a dimly lit room where the movies were presented on a cathode ray tube 159 
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(CRT) monitor. Before the experiment, participants participated in a practice session with a 160 

different movie clip, Oggy, and the Cockroaches: The Animated Series, Panic Room (season 4, 161 

episode 8; 2013, Jean-Marie). Participants pressed an “Aha” button when they thought that they 162 

had comprehended the narrative, specifically, when they comprehended the temporal sequence 163 

or causal relationship of the original narrative or when an interim comprehension of previously 164 

presented events occurred. On the other hand, they were instructed to press an “Oops” button 165 

when they realized their prior comprehension was incorrect. Participants were told that their 166 

reports of comprehension did not necessarily have to be correct. Rather, they were instructed to 167 

report whenever they experienced subjective feelings of “Aha” or “Oops”—at moments of 168 

sudden insight or when their comprehension had changed. As a post-hoc verification of 169 

comprehension, participants completed a comprehension quiz about the plots and contents of 170 

the narrative. The quiz consisted of six true or false questions, four short answer questions, and 171 

two multiple-choice questions, inquiring about the original temporal sequence of the movie. The 172 

data of two participants who scored exceptionally low were excluded from the analyses. 173 

 174 

As both “Aha” and “Oops” characterize moments when participants experienced subjective 175 

feelings of comprehension, no distinction was made between the two response types in the 176 

analyses. The moments of a button press were resampled to a 1 s interval. The inter-subject 177 

similarity of the resampled button-press moments was calculated by averaging Dice coefficients 178 

for all pairwise participants. A window of 4 s centered around the time of a button press was 179 

considered as a button-press moment (Baldassano et al., 2017). The number of overlapping 180 

button-press moments between pairwise participants was divided by the mean of the total 181 

button presses of the pairwise participants. Non-parametric permutation tests were conducted 182 

on the Dice coefficients computed from the same number of randomly shuffled button presses 183 

of every participant, also using a 4 s window (one-tailed test, 10,000 iterations). 184 

 185 
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All participants’ button responses (sampled at 1 s) were convolved with a canonical 186 

hemodynamic response function (HRF) to relate to the independent group of participants’ fMRI 187 

data. To represent a gradual change in cognitive states related to narrative comprehension that 188 

is shared across individuals, we applied a sliding window analysis with a window size of 36 s 189 

and a step size of 1 s to aggregate (i.e., summation) the convolved behavioral responses of all 190 

participants. Since this results in a time duration that is 36 s deduced from the initial duration 191 

(movie duration minus the sliding window size), we padded 18 s (half the size of a sliding 192 

window) of zeros at the beginning and end, applied the same sliding window analysis, to 193 

generate a behavioral index that matches the movie duration. We initially chose a window size 194 

of 36 s to match the average duration of each scene segment in the scrambled movies; 195 

however, replicated our results with the window sizes of 24 s, 30 s, and 42 s. The HRF-196 

convolved, sliding-window-applied output time course represented group-aggregate continuous 197 

behavioral measures of comprehension for each narrative stimulus. 198 

 199 

We also generated binary behavioral measures by categorizing each time step of the movie into 200 

moments when participants experienced a generally high or low degree of comprehension. The 201 

top one-third of the moments with the high number of aggregate button responses were labeled 202 

as the moments of “high comprehension” and the bottom one-third were labeled as “low 203 

comprehension”. We discarded the middle one-third due to its susceptibility to individual 204 

variances in cognitive states. With an assumption that cognitive states of comprehension are 205 

not instantaneous but prolonged, the labeled moments were discarded if they did not persist for 206 

at least 10 consecutive time points (10 s). The number of discarded time points was small, 207 

which amounted to 6.02 ± 5.72% of the one-third splits of the total time points.  208 

 209 
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For a non-parametric permutation test, we conducted phase-randomization of the behavioral 210 

time course after HRF convolution. A sliding window with the same parameters and zero 211 

paddings was applied to the phase-randomized time courses. 212 

 213 

Behavioral experiment 2: Rating causal relationship between narrative events  214 

We collected reports of a causal relationship between pairwise events of the scrambled movies. 215 

The stimuli presentation and response recording were controlled with Adobe Premiere Pro CC 216 

(Adobe Systems, San Jose, CA, US). Participants initially watched the movie in scrambled and 217 

original orders. Then, they were asked to segment the scrambled movie in terms of the events’ 218 

narrative contents, by marking perceived event boundaries without limit on the total number 219 

(Zacks and Swallow, 2007; Baldassano et al., 2017) (Figure 1b). The experiment was 220 

conducted using the scrambled movie only. Participants freely swiped through the movie on the 221 

video editor during the event segmentation, marking exact moments in time at which they 222 

perceived event boundaries. The scene boundaries created from temporal scrambling were 223 

marked as physical event boundaries in the video editor prior to the experiment. Thus, the 224 

scene segments from experimental manipulation were shared across all participants, while 225 

additional perceived event segments differed across participants. Next, participants were 226 

instructed to write a short description of each segmented event. Finally, using the descriptions 227 

of the events, participants were asked to rate the degree of a causal relationship between all 228 

possible pairwise events, on a scale of 0–2 (Figure 1b). A pair of events was rated with a score 229 

of 1 if one event was causally attributed to, or explained by, the happening of another event. A 230 

pair was rated with a score of 2 if a causal relationship between pairwise events played a major 231 

role in developing the plot of the narratives. The pairwise events that were not rated by the 232 

participants were automatically scored 0. Participants performed the task at their own pace 233 

without a time limit. 234 

 235 
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The timing of the perceived event boundaries was rounded to a 1 s sampling rate. The causal 236 

relationship score originally given to the pairwise events was assigned to the corresponding 237 

pairwise moments of the narratives, considering the duration of participant-specific perceived 238 

event. By summing all participants’ ratings, a causal relationship matrix was constructed for 239 

each scrambled movie, which specified the degree of a causal relationship between all pairwise 240 

moments of the movie. We un-scrambled the event sequence back to the original order to 241 

further visualize causal relationships in an original event sequence. Importantly, the causal 242 

relationship score of each moment was computed by averaging the past moments’ causal 243 

relationship scores with respect to the present moment. A causal relationship scores of the 244 

nearby past moments that corresponded to the same scene (i.e., a scene of 36 s ± 4 s duration 245 

that was segmented in temporal scrambling) was not included in the analysis. A high causal 246 

relationship score represents that an event is highly causally related to the events that occurred 247 

in the past, suggesting that the corresponding moment is important in the narrative context and 248 

that the past events are more likely to be reinstated in memory and subsequently integrated into 249 

ongoing narratives while processing the event. 250 

 251 

To relate the causal relationship to the group measure of narrative comprehension, the same 252 

analysis steps were applied to generate the causal relationship time course (HRF convolution 253 

and sliding window analysis). 254 

 255 

Control analysis: Separating the effect of semantic relationship from the causal 256 

relationship of the narrative events  257 

As a control analysis of the causal relationship experiment, we measured the degree of 258 

semantic relationship between all pairwise events of the scrambled movies. Written annotations 259 

of the narrative contents were generated for every 2 s of the scrambled movies by four 260 

independent annotators (four women, mean age 24.5 ± 1.3 years) with native-level English 261 
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proficiency, including the first author. The annotators had never watched the movies before the 262 

annotations, except the first author. The example annotations from previous work (Nishida and 263 

Nishimoto, 2018) were used to instruct the annotators. Specifically, the annotators were 264 

instructed to make detailed descriptions every 2 s of the movie, including what is happening at 265 

the moment, by whom, where, when, how, and why. Cops and The Kid were annotated by four 266 

annotators and Mr. Bean was annotated by three annotators. 267 

 268 

We used latent semantic analysis (LSA) to represent annotated sentences from the co-269 

occurrence statistics of the words in the sentence, given the total words that appeared in the 270 

movie annotation. A pair of sentences with similar word distributions resulted in similar 271 

embedding vectors. The method uses singular value decomposition (100-dimensional 272 

embedding vector; sklearn.decomposition.TruncatedSVD) (Landauer and Dumais, 1997) on the 273 

one-hot word count matrix (number of sentences in annotation × total number of unique words 274 

in the annotation), to characterize the semantics of the sentences in the movie-specific 275 

embedding space. To further examine the validity of our semantic quantifications and test the 276 

robustness of our findings, we quantified semantic embedding vectors with an alternative 277 

method, a universal sentence encoder (USE) (Cer et al., 2018). USE is a pre-trained deep 278 

averaging network encoder in which each annotated sentence is used as an input to the pre-279 

trained model that is publicly available in Google’s Tensorflow-hub (512-dimensional embedding 280 

vector). USE is different from LSA in that it quantifies annotated sentences in a fixed, pre-281 

trained embedding space. 282 

 283 

The semantic relationship between the pairwise moments (2 s) of the movies was calculated by 284 

the cosine similarities between the word embedding vectors. The semantic relationship score of 285 

each moment was computed by averaging the past moments’ (of the different scenes) semantic 286 

relationship to the present moment. Similarly, to relate the semantic relationship of each 287 
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moment to the group measure of narrative comprehension, we convolved HRF and applied the 288 

same sliding window analysis. 289 

 290 

Control analysis: Stimulus saliency  291 

The visual salience was measured for all video frames at a sampling rate of 1 s. The pixel-wise 292 

intensity of the frame was measured using SaliencyToolbox (Walther and Koch, 2006), and the 293 

intensities of every location were averaged to represent framewise salience. The saliency 294 

measures of the frames that corresponded to the high and low comprehension moments were 295 

compared using a paired Wilcoxon signed-rank test. 296 

 297 

Functional MRI experiment  298 

Participants were scanned using a 3T scanner (Magnetom Prisma; Siemens Healthineers, 299 

Erlangen, Germany) with a 64-channel head coil. A session consisted of one anatomical run 300 

and one task-based functional run. The anatomical images were acquired using a T1-weighted 301 

magnetization-prepared rapid gradient echo pulse sequence (repetition time [TR] = 2,200 ms, 302 

echo time [TE] = 2.44 ms, field of view = 256 mm × 256 mm, and 1 mm isotropic voxels). 303 

Functional images were acquired using a T2*-weighted echo-planar imaging (EPI) sequence 304 

(TR = 1,000 ms, TE = 30 ms, multiband factor = 3, the field of view = 240 mm × 240 mm, and 3 305 

mm isotropic voxels, with 48 slices covering the whole brain). A single EPI run lasted for 31 min 306 

20 s, which included 30 s of blank fixation periods in between the three movie watching 307 

conditions (Initial Scrambled, Original, and Repeated Scrambled), and 10 s of additional 308 

fixations at the start and end of the run (Figure 1c). Only one movie stimulus was tested in a 309 

single session of fMRI. 310 

 311 

Participants first watched the same scrambled movie as in the behavioral studies (Initial 312 

Scrambled condition), and watched the movie in an original sequence (Original condition), then 313 
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watched the same scrambled movie again presented in the same order (Repeated Scrambled 314 

condition). We compared the Initial Scrambled condition to the Repeated Scrambled condition in 315 

which participants were viewing the same stimulus but were assumed to be engaged in a 316 

different cognitive state. During the Initial Scrambled condition, we assumed that the 317 

participants would be actively engaged in comprehending the scrambled narrative, such that the 318 

cognitive states can be inferred from the group measure of comprehension that was estimated 319 

from a behavioral study where independent participants watched the same scrambled movies 320 

for the first time. In contrast, no comparable fluctuation in comprehension was expected to occur 321 

during the Repeated Scrambled condition as this was after participants had watched the same 322 

movie in an original sequence (Original condition). Therefore, we hypothesized that if the 323 

different neural activity is observed depending on the changes in comprehension in the Initial 324 

but not in the Repeated Scrambled condition, they were likely to be attributed to different 325 

cognitive states driven by narrative comprehension, not by other stimulus-driven effects. No 326 

explicit task was given to the participants to exclude possible task-induced effects. Participants 327 

were instructed to attend to the movie at all times and attempt to comprehend and infer the 328 

original temporal and causal structures of the scrambled movie.  329 

 330 

The visual stimulus was projected from a Propixx projector (VPixx Technologies, Bruno, 331 

Canada), with a resolution of 1920 × 1080 pixels and a refresh rate of 60 Hz. The movies were 332 

projected onto the center of the screen, with a 22.6° × 15.1° field of view. The background 333 

music was delivered by MRI-compatible in-ear headphones (MR Confon; Cambridge Research 334 

Systems, Rochester, UK). 335 

 336 

Image preprocessing  337 

Structural images were bias field corrected and spatially normalized to the Montreal 338 

Neurological Institute (MNI) space. The first 10 images of the functional data were discarded to 339 
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allow the MR signal to achieve T1 equilibration. Functional images were motion-corrected using 340 

the six rigid-body transformation parameters. After motion correction, there was no difference in 341 

the framewise displacement (FD) (Power et al., 2012, 2014) between the binary moments of 342 

high and low comprehension, in both the Initial (high: FD = 0.038 ± 0.008, low: FD = 0.039 ± 343 

0.007; paired Wilcoxon signed-rank tests, z(66) = 0.79, p = 0.431, Cohen’s d = 0.06) and 344 

Repeated (high: FD = 0.041 ± 0.006, low: FD = 0.041 ± 0.006; z(66) = 0.67, p = 0.504, Cohen’s 345 

d = 0.06) Scrambled conditions. The functional images were slice timing-corrected, intensity-346 

normalized, and registered to MNI-aligned T1-weighted images. We applied the FMRIB’s 347 

independent component analysis-based X-noiseifier (FIX) to automatically identify and remove 348 

noise components (Griffanti et al., 2014, 2017; Salimi-Khorshidi et al., 2014). The BOLD time 349 

series were linearly detrended and band pass filtered (0.009 Hz < f < 0.125 Hz) to remove low 350 

frequency confounds and high frequency physiological noise. The data were spatially smoothed 351 

with a Gaussian kernel of full width at half maximum of 5 mm. All analyses were conducted in 352 

the volumetric space and the cortical surface of the MNI standard template was reconstructed 353 

using Freesurfer (Fischl, 2012) for visualization purposes. 354 

 355 

General linear model analysis 356 

To ask whether there exists a systematic modulation of BOLD activity in brain regions, we 357 

applied a general linear model (GLM) regression, using AFNI. Preprocessed functional brain 358 

images (N = 67) were used as dependent variables, which included scans with three movie 359 

stimuli in the Initial Scrambled, Original, and Repeated Scrambled conditions. The group-360 

aggregate behavioral measures of comprehension were used as regressors in the model, 361 

applied to the moments during the Initial Scrambled and Repeated Scrambled conditions. We 362 

also replicated the analyses with the binary indices of high and low comprehension. The block 363 

timing of the Initial and Repeated Scrambled conditions, and a linear drift were included as 364 

nuisance regressors in the model. In a group-level analysis, we selected clusters of voxels 365 
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(cluster size = 40) that were significantly (false discovery rate [FDR]-corrected, q < .01) 366 

correlated with the changes in comprehension during the Initial and Repeated Scrambled 367 

conditions respectively. 368 

 369 

Whole-brain parcellation  370 

For FC analysis, we parcellated the cortical and subcortical regions of the brain to extract BOLD 371 

time series from the parcellated brain regions. Cortical regions were parcellated into 114 372 

regions-of-interest (ROIs) (Yeo et al., 2015) based on a seven-network cortical parcellation 373 

estimated from the resting-state functional data of 1,000 adults (Yeo et al., 2011). The seven 374 

canonical functional networks included visual (VIS), somatosensory-motor (SM), DAN, ventral 375 

attention (VAN), limbic (LIMB), DMN, and FPN networks. Subcortical regions were parcellated 376 

into eight ROIs, corresponding to the bilateral amygdala, hippocampus, thalamus, and striatum, 377 

extracted from the Freesurfer segmentation of the FSL MNI152 template brain (Yeo et al., 378 

2015). The subcortical ROIs were combined as a single, subcortical network (SUBC) in the 379 

functional network analysis. The time series of the voxels within each ROI were averaged, 380 

resulting in a time series matrix of functional scan duration (1870 s) × region (122 ROIs). To 381 

replicate the results using different atlases, we used the Brainnetome atlas that parcellates the 382 

whole brain into 246 ROIs (Fan et al., 2016). For a comparison between the two parcellation 383 

schemes, we calculated the topological overlap between each Brainnetome atlas ROI and the 384 

eight pre-defined functional networks (Yeo et al., 2011), which was regarded as the probability 385 

of a specific Brainnetome atlas ROI being identified as part of each of the eight functional 386 

networks. The network label with the highest probability was assigned to each Brainnetome 387 

atlas ROI. 388 

 389 

Time-resolved functional connectivity  390 
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We hypothesized that the whole-brain FC patterns would be systematically modulated upon 391 

changes in cognitive states related to narrative comprehension. To this end, we extracted time-392 

resolved FC to estimate dynamically changing interactions of the pairwise functional brain 393 

regions of the 122 ROIs (Sakoğlu et al., 2010; Handwerker et al., 2012; Hutchison et al., 2013; 394 

Allen et al., 2014; Leonardi and Van De Ville, 2015). We applied a tapered sliding window 395 

analysis, matching the hyperparameter selection of the behavioral data analysis. The chosen 396 

window size fell within the range of optimal window size suggested by previous research (Shirer 397 

et al., 2012; Deng et al., 2016; Liégeois et al., 2016). A tapered window was convolved with a 398 

Gaussian kernel of σ = 3 s to give higher weights to the center of the window (Allen et al., 2014; 399 

Barttfeld et al., 2015; Preti et al., 2017). An L1 penalty was added to increase the sparsity of the 400 

resulting correlation matrices, using the Graphical Lasso (Friedman et al., 2008). The 401 

regularization parameter was fixed to λ= 0.01 for the ROIs selected from the Yeo et al. (Yeo et 402 

al., 2011) atlas and to λ = 0.1 for the Brainnetome atlas ROI. The regularized correlation 403 

matrices were Fisher’s r-to-z transformed. 404 

 405 

Graph theoretical network analysis  406 

Using sparse, weighted, and undirected FC matrices, we conducted graph theoretical network 407 

analyses, using the Brain Connectivity Toolbox (https://sites.google.com/site/bctnet/) (Rubinov 408 

and Sporns, 2010). As a global network measure, we calculated modularity by iteratively 409 

maximizing the modular structures using the Louvain algorithm (Newman, 2004, 2006; Blondel 410 

et al., 2008; Fortunato, 2010) with a resolution parameter 𝛾 = 1. Both the positive and negative 411 

edges were included, but a reduced weight was given to the negative edges due to a higher 412 

significance of positive weights in the community structure of the functional brain (Rubinov and 413 

Sporns, 2011; Shine et al., 2016).  414 

 415 
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  − − 𝑒𝑖𝑗

  −) 𝛿𝑀𝑖𝑀𝑗
                         [1] 416 

 417 

Equation [1] indicates a time-resolved Louvain modularity algorithm (𝑄𝑇). 𝑤𝑖𝑗
 + indicates the 418 

weights of the positive functional connections between regions 𝑖 and 𝑗 within the range (0,1), 419 

and 𝑤𝑖𝑗
− indicates the weights of the negative functional connections between regions 𝑖 and 𝑗 420 

within the range (0,1). 𝑣± indicates the sum of all positive or negative connection weights within 421 

the graph, where 𝑣± equals Σ𝑖𝑗𝑤𝑖𝑗
  ±. 𝛿𝑀𝑖𝑀𝑗

 indicates the module partitions between regions 𝑖 and 422 

𝑗, where 𝛿𝑀𝑖𝑀𝑗
= 1 identifies that 𝑖 and 𝑗 lie within the same module, and 𝛿𝑀𝑖𝑀𝑗

= 0 identifies that 𝑖 423 

and 𝑗 lie in different modules. 𝑒𝑖𝑗
 ± indicates the strength of a connection divided by the total 424 

weight of the graph, where 𝑒𝑖𝑗
 ± =  

Σ𝑗𝑤𝑖𝑗
  ± Σ𝑖𝑤𝑖𝑗

  ±

𝑣± . 425 

 426 

Further, we quantified global efficiency, after thresholding the matrices by leaving only the 427 

positive edges (Rubinov and Sporns, 2010). The global efficiency was measured as the average 428 

inverse shortest path length between all pairs of regions in the network (Latora and Marchiori, 429 

2001).  430 

 431 

 𝐸𝑔𝑇 =
Σ𝑖≠𝑗∈𝐺(𝑑𝑖𝑗

  𝑤)−1

N(N−1)
=

1

N(N−1)
∑

1

𝑑𝑖𝑗
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 433 

Equation [2] is the measure of global efficiency (𝐸𝑔𝑇), where 𝑑𝑖𝑗
  𝑤 indicates the shortest path 434 

length between the regions 𝑖 and 𝑗, and N indicates the total number of regions in the graph. 435 

 436 

As regional graph theoretical measures of the across-modular and within-modular connections, 437 

we calculated the participation coefficient and within-module degree z-score, based on the time-438 
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resolved community structure derived from the Louvain modularity algorithm (Guimerà and 439 

Nunes Amaral, 2005; Shine et al., 2016). 440 

 441 

𝑃𝐶𝑖𝑇 = 1 − ∑ (
𝜅𝑖𝑠𝑇

𝜅𝑖𝑇

𝑁𝑀𝑇
𝑠=1 )2                                                         [3] 442 

𝑊𝑀𝐷𝑍𝑖𝑇 =
𝜅𝑖𝑇−�́�𝑆𝑖𝑇

𝜎𝜅𝑆𝑖𝑇

                                                                [4] 443 

 444 

Equations [3] and [4] show the time-resolved measure of participation coefficient (𝑃𝐶𝑖𝑇) and 445 

within-module degree z-score (𝑊𝑀𝐷𝑍𝑖𝑇). In [3], 𝑃𝐶𝑖𝑇 ranges between 0 to 1. 𝜅𝑖𝑠𝑇 indicates the 446 

strength of positive functional connections between region 𝑖 and all other regions at module 𝑆𝑖 at 447 

time T, and 𝜅𝑖𝑇 indicates the strength of positive functional connections of region 𝑖 to all other 448 

regions, irrespective of module assignment. 𝑁𝑀𝑇 indicates the number of modules at time T, 449 

where the modules are defined using the Louvain algorithm. The time-resolved participation 450 

coefficient of a region approximates to 1 if the connections are made with the regions of other 451 

modules. In [4], 𝜅𝑖𝑇 indicates the strength of connections of region 𝑖 to other regions that lie 452 

within the same module 𝑆𝑖  at time T, and �́�𝑆𝑖𝑇 indicates the average of 𝜅 over all regions in the 453 

module 𝑆𝑖 at time T. 𝜎𝜅𝑆𝑖𝑇
 indicates the standard deviation of 𝜅 in module 𝑆𝑖 at time T. 454 

 455 

The time-resolved network measures were related to the binary indices of group-aggregate 456 

measures of comprehension. For each participant’s ROI, the time-resolved network measures 457 

were averaged to produce a single summary value representing high and low comprehension 458 

moments respectively. With every ROI being assigned to one of eight functional networks (Yeo 459 

et al., 2011), we averaged the summary values of ROIs that corresponded to each functional 460 

network. The results from all participants across the three movie stimuli were combined (N = 461 

67), and paired Wilcoxon signed-rank tests were performed between the summary network 462 

measures that corresponded to high and low comprehension moments. The effect size was 463 
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estimated using a Cohen’s d. Statistical values from the regional network analysis were FDR 464 

corrected for multiple comparisons across different functional networks (Benjamini and 465 

Hochberg, 1995; Benjamini and Yekutieli, 2001), and the interaction effect was tested with a 466 

repeated-measures ANOVA. 467 

 468 

Functional connectivity between pairwise sub-regions of the default mode network  469 

We compared the FC strengths between the pairwise regions of the DMN during high and low 470 

comprehension moments. The ROIs indicated as part of the pre-defined DMN (Yeo et al., 2011) 471 

were grouped into five regions—the medial prefrontal cortex (mPFC), middle frontal gyrus 472 

(MFG), middle temporal gyrus (MTG), angular gyrus (Ang), and precuneus together with the 473 

posterior cingulate cortex (PreCu/PCC)—based on their anatomical separations (Simony et al., 474 

2016). The BOLD time series of the voxels corresponding to each sub-region of the DMN were 475 

averaged, and the time-varying functional connections between the pairwise DMN regions were 476 

computed by applying the same tapered sliding window analysis to the Fisher’s r-to-z 477 

transformed correlation matrices, without regularization. Likewise, the average FC strengths 478 

during high and low comprehension moments were computed per individual and compared at 479 

the group level using paired Wilcoxon signed-rank tests (N = 67), respectively for the Initial and 480 

Repeated Scrambled condition, and a repeated-measures ANOVA was used to test for an 481 

interaction effect. 482 

 483 

Hidden Markov model latent state analysis  484 

To characterize the dynamics of low-dimensional, latent neural states that represent functional 485 

brain activity during movie watching, a hidden Markov model (HMM) was used, which 486 

probabilistically infers latent states of the time series. We defined ROIs based on group-level 487 

independent component analysis (ICA) (Beckmann et al., 2005), using FSL-MELODIC 488 

(http://www.fmrib.ox.ac.uk/fsl/melodic/index.html). The fMRI data of all participants in the three 489 
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movie-watching conditions were concatenated. The independent components (ICs) were 490 

automatically extracted, then the authors qualitatively assessed for inclusion of noise ICs. If an 491 

IC i) spatially overlapped with white matter or cerebrospinal fluid, ii) was derived from motion 492 

artifacts, or iii) had a temporal frequency that lied outside of a signal range (f > 0.125 Hz), it was 493 

discarded as noise. The signal components were further qualitatively validated from their spatial 494 

overlaps with the well-known functional networks identified from the resting-state fMRI data 495 

(Smith et al., 2009). This resulted in a total of 30 signal ICs. 496 

 497 

To characterize canonical brain states representative of movie watching, and to infer latent 498 

states from different moments of the fMRI scan that do not overlap with our analysis-of-interest 499 

(i.e., Initial and Repeated Scrambled conditions), the HMM was trained using the BOLD time 500 

series extracted from the 30 ICs of the concatenated time series of all participants’ Original 501 

conditions of three different movie datasets (hmmlearn.hmm.GaussianHMM). We iteratively 502 

searched for the optimal number of states (K), within a range of two to eight. Because there is 503 

no straightforward, data-driven method of selecting the optimal K due to the known problem that 504 

the free energy of the model monotonically decreases as K increases (Baker et al., 2014), K 505 

was determined based on the model’s consistency (Vidaurre et al., 2018) and clustering 506 

performance (Calinski & Harabasz, 1974; Gao et al., 2021). We first tested the model 507 

consistency across iterations, where the same HMM training and inference procedures were 508 

repeated five times using the same hyperparameters. The mean of the pairwise iterations’ 509 

similarity in latent sequence (the proportion of same state occurrence over the entire time steps) 510 

was calculated to assess the consistency of the model. In addition, we tested the model’s 511 

clustering performance to examine whether the inferred states distinguish the latent clusters of 512 

the observed IC time course. Specifically, the Calinski-Harabasz score, or the variance ratio 513 

criterion (Calinski & Harabasz, 1974), calculates the ratio between the within-cluster dispersion 514 

(cohesion of the IC activation maps that were inferred as the same underlying brain state) and 515 
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the across-cluster dispersion (separation of the IC activation maps that were assigned to the 516 

different brain states). The Calinski-Harabasz score was measured per each participant’s fMRI 517 

time course, which was averaged to represent the HMM clustering performance per K. After K 518 

was determined, among five iterations, we chose the one that had the highest log probability of 519 

the inferred state sequence, given the observed IC time series. 520 

 521 

To overcome the problem of local minima during the initialization of the HMM inference, we 522 

initialized the HMM parameters using the output of k-means clustering with the same number of 523 

states (K) as in the HMM analysis (sklearn.cluster.KMeans). Expectation-Maximization 524 

(Dempster et al., 1977) of the forward-backward algorithm was used to estimate the optimal 525 

model parameters—transition probability and emission probability. The log-likelihood of the 526 

observation was iteratively estimated, conditioned on the model. The number of iterations with 527 

different centroid seeds was set to 500. We decided that the forward-backward algorithm 528 

approached an asymptote when the gain in log-likelihood reached 0.001 during the re-529 

estimation process. No restraint was given to the transition probability matrix so that the 530 

transitions could occur to all possible states. We modeled the emission probabilities using a 531 

mixture Gaussian density function, where the mean vector and covariance matrix were 532 

produced from a mixture of 30 ICs for each state. The mean activation vector was characterized 533 

as the weights given to the activation of the 30 ICs, and the covariance matrix was 534 

characterized as the functional covariance between the pairwise ICs (Vidaurre et al., 2017, 535 

2018). We defined each inferred neural state as the weighted sum of the extracted ICs with the 536 

mean activation vectors. To label each neural state as a known functional network, we masked 537 

the whole brain with eight pre-defined functional networks and compared the levels of activation 538 

corresponding to each network. The latent state was labeled using a functional network that 539 

showed the highest level of activation. If two functional networks had comparable activation 540 

profiles, the state was labeled using both networks (e.g., SM+VIS). The covariance matrix of 541 
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each state consisted of the pairwise temporal covariance of the 30 ICs during the emergence of 542 

a latent state within the fitted sequence.  543 

 544 

To characterize the modular structure of the functional covariance patterns of the inferred latent 545 

brain states, we applied the Louvain modularity algorithm to the latent states’ covariance 546 

matrices. The output modules were largely grouped as i) the default mode and frontoparietal 547 

control networks (DMN+FPN), ii) visual network (VIS), and iii) somatosensory-motor network 548 

(SM), which were identified from the module’s probabilistic spatial correspondence to the 549 

resting-state functional networks defined in previous work (Smith et al., 2009). 550 

 551 

The estimated transition and emission probabilities were applied to decode the most probable 552 

sequence of the concatenated time series of all participants during the Initial and Repeated 553 

Scrambled conditions, using the Viterbi algorithm (Rezek and Roberts, 2005). The outcome of 554 

the Viterbi algorithm is the probability of each latent state being the most dominant state at a 555 

specific time point. We chose the state with the highest probability to be a latent state at a 556 

specific moment, thus discretizing the latent sequence. Importantly, to ask whether a neural 557 

state was dominantly associated with a certain cognitive state, we related the estimated neural 558 

states to the binary indices of the group measure of comprehension. The fractional occupancy 559 

of each state was calculated during the high and low comprehension moments per participant. 560 

We conducted paired Wilcoxon signed-rank tests to compare fractional occupancies during high 561 

and low comprehension per state, and a repeated-measures ANOVA to test the interaction 562 

between Scrambled condition and comprehension states. P-values were FDR-corrected for 563 

multiple comparisons across the number of states.  564 

 565 

Across-participant neural synchrony in latent state dynamics 566 
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Furthermore, we asked whether the inferred neural state dynamics were synchronized across 567 

participants as they comprehended the same scrambled movies. Specifically, we asked whether 568 

the degree of synchrony differed between the Initial and Repeated Scrambled conditions. To 569 

estimate the pairwise-participant similarity of the inferred state sequence during the Initial and 570 

Repeated Scrambled conditions, we calculated the proportion of the paired time points identified 571 

with an identical latent state over the entire scan duration, per pairwise participants. The neural 572 

state similarity was compared between the Initial and Repeated Scrambled conditions using a 573 

paired Wilcoxon signed-rank test, and the effect size was estimated using a Cohen’s d. 574 

 575 

To replicate the findings of across-participant neural synchrony in the Initial and Repeated 576 

Scrambled conditions, we conducted an inter-subject correlation (ISC) analysis (Hasson et al., 577 

2004; Nastase et al., 2019) using 122 ROI parcellation (Yeo et al., 2011). An ISC was computed 578 

per ROI, by iteratively leaving out a single participant and estimating a Pearson’s correlation 579 

between its regional time course and the average regional time course of the rest of the 580 

participants who watched the same movie stimulus. The ISC values of 122 ROIs were 581 

summarized by functional networks, by averaging the ISCs of the brain regions that 582 

corresponded to each of the pre-defined functional network. The ISCs of the Initial and 583 

Repeated Scrambled conditions (results from all three movie stimuli, N = 67) were compared for 584 

each functional network using paired Wilcoxon signed-rank tests, and FDR-corrected for 585 

multiple comparisons. 586 

 587 

Dynamic predictive modeling  588 

Dynamic predictive modeling was conducted to predict a moment-to-moment group measure of 589 

comprehension using patterns of FC and patterns of regional BOLD responses. We used a 590 

cross-validated, linear support vector regression (SVR) model to predict the degree of 591 

comprehension at each time step, from a multivariate pattern of functional brain activity or 592 



 

 26 

connectivity at the corresponding time step. The model was validated with a linear support 593 

vector machine (SVM), which predicted the binary indices of high and low comprehension. 594 

 595 

The model was cross-validated across participants and movie stimuli so that the model would 596 

not learn participant-specific or narrative-specific regularities. Specifically, the model was trained 597 

on every time step of all but one participant’s fMRI data who watched two of the three movie 598 

stimuli and was tested on each time step of the held-out participant’s fMRI data from a held-out 599 

movie stimulus. The mapping between multivariate brain features and behavioral score at each 600 

time step was input to the model as an independent instance. For the FC pattern-based 601 

prediction, the multivariate features to the model were Fisher’s r-to-z transformed correlation 602 

matrices calculated from pairwise regions of the 122 ROIs using tapered sliding windows 603 

(window size = 36 s, step size = 1 s, 𝜎 = 3 s, without regularization). For the activation pattern-604 

based prediction, the time courses of BOLD responses from the 122 ROIs were used as 605 

features. The time course of each feature was z-normalized per participant, to maintain within-606 

feature temporal variance while removing across-participant and across-feature variances. 607 

Feature selection was employed to select functional connections between ROIs or responses 608 

from an individual ROI that were consistently correlated with the comprehension time courses. 609 

For the training sample in each cross-validation fold, the time course of each neural feature was 610 

correlated with the comprehension measure (Pearson’s correlation). A feature was selected if 611 

the distribution of correlation coefficients of the training sample was significantly different from 612 

zero (one-sample t-test, p < 0.01) (Shen et al., 2017), regardless of whether the average 613 

correlation was positive or negative.  614 

 615 

The predicted behavioral time course was the group measure of comprehension, estimated 616 

from the behavioral experiment. Because we had a single group measure of comprehension per 617 

movie stimulus, the same behavioral measure was predicted by multiple individuals’ fMRI data 618 
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who watched the same movie. The behavioral measures were zero-padded for activation 619 

pattern-based prediction whereas non-zero-padded measures were used for FC pattern-based 620 

prediction to match the duration of the time-resolved FC matrices (scan duration minus the 621 

sliding window size). 622 

 623 

The prediction performance of the SVR was calculated by the Pearson’s correlation between 624 

the predicted and observed behavioral time course, averaged across 67 cross-validation folds 625 

(Fisher’s r-to-z transformed). The prediction performance of the SVM was the proportion of the 626 

predicted binary category (high vs. low comprehension) being correct. Again, performance was 627 

calculated per cross-validation fold and averaged to represent mean prediction performance. 628 

The significance was calculated using non-parametric permutation tests, where the same model 629 

predicted phase-randomized comprehension measures (iteration = 1,000). The actual prediction 630 

performance was compared to the null distribution using a one-tailed test, p = (1+number of null 631 

prediction performance ≥ actual performance) / (1+number of permutations).  632 

 633 

We asked which of the functional network pairs were selected above the chance to be 634 

correlated with the group measure of narrative comprehension. For the Initial and Repeated 635 

Scrambled condition respectively, we extracted a set of functional connections that were 636 

consistently selected to be correlated with the comprehension measures in every cross-637 

validation fold (one-sample t-test, p < 0.01) (Shen et al., 2017). To characterize the selected 638 

functional connections in the pre-defined functional network space, we computed the proportion 639 

of the number of selected functional connections among the total possible number of ROI 640 

connections of the pairwise functional networks. Then, we generated the size-matched random 641 

networks (iteration = 10,000) and estimated the proportion of the selected connections in the 642 

pairwise functional network matrix in the same fashion. The significance was tested per 643 
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functional network pair using a one-tailed, non-parametric permutation test, and FDR-corrected 644 

for the number of pairwise functional networks.  645 

 646 

 647 

Results  648 

 649 

Moments of comprehension during scrambled movie watching are synchronized across 650 

individuals 651 

To maximally induce fluctuations in comprehension during narrative movie watching, we used 652 

three 10 min silent movies that were segmented into multiple scenes (36 ± 4 s per scene), then 653 

were scrambled in their temporal order. The scrambled order was the same for all participants 654 

per movie. To quantify changes in comprehension as participants attempted to understand the 655 

scrambled movies (N = 20 per movie), they were asked to press a button when they thought 656 

they had understood the narrative (“Aha”), or when their previous feeling of comprehension 657 

turned out to be incorrect (“Oops”). As the “Oops” responses incorporate the psychological 658 

notion of “Aha” (Danek and Wiley, 2017), no distinction was made between the two response 659 

types and were summed in the analysis. The moments of button presses were largely 660 

consistent across individuals who watched the same movies (mean Dice coefficients = 0.256, 661 

range of null distribution = [0.169, 0.213]; 0.243, [0.157, 0.201]; 0.249, [0.162, 0.207] for three 662 

movie stimuli, non-parametric permutation test with one-tailed test, all ps < 0.001; Figure 2a). 663 

The results indicate that participants experienced the subjective feeling of comprehension at 664 

similar moments. 665 

 666 

Because the cognitive states related to narrative comprehension were synchronous across 667 

individuals, we generated a group-aggregate measure of narrative comprehension to temporally 668 

relate to fMRI data collected from an independent pool of participants as they comprehended 669 
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the same movie stimuli (Figure 2b). The moments of button responses were convolved with a 670 

canonical HRF and were aggregated using a sliding window of 36 s, in steps of 1 s, in which the 671 

number of responses of all participants was summed within each time window. A window size of 672 

36 s was chosen to match the average scene duration of the scrambled movies. We binarized 673 

the moments based on the aggregated response frequency, into the moments of high or low 674 

comprehension. The top one-third of the moments were categorized as moments of high 675 

comprehension, and the bottom one-third were categorized as moments of low comprehension 676 

(Figure 2b). We discarded the middle one-third because cognitive states during those moments 677 

were subject to higher variability across participants than the top and bottom thirds. 678 

 679 

The group measure of comprehension in Figure 2b represents the degree to which a person is 680 

likely to experience a subjective feeling of comprehension while watching a scrambled movie. In 681 

the behavioral study, we assumed that the cognitive states involved in narrative comprehension 682 

would comprise a state of a sudden insight (the experience of ‘aha’), change in comprehension 683 

(that is represented with, but not restricted to, “Oops” responses), or a gradual increase in 684 

comprehension. To test our assumption that participants’ general comprehension would 685 

increase as the movie progresses, we conducted a linear trend analysis on the group measure 686 

of comprehension. We observed significant positive linear trends in all three movie stimuli 687 

(linear regression model fit, t(572) = 11.02, p < 0.001, 𝑟2 = 0.175; t(572) = 8.36, p < 0.001, 𝑟2 = 688 

0.109; t(572) = 5.64, p < 0.001, 𝑟2 = 0.053), supporting our assumption that participants’ 689 

comprehension gradually increased during movie watching. Collectively, the results indicate that 690 

the participants experience comprehension at similar moments of the narratives, and our group-691 

level behavioral measures represented fluctuating cognitive states involved with 692 

comprehension. 693 

 694 

Comprehension occurs at causally important moments of the narratives 695 
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Theories proposed that comprehension occurs by integrating relevant features of the narratives 696 

and creating a coherent situational model (Graesser et al., 1994; Wolfe et al., 2005). How does 697 

narrative integration occur, and what constitutes a representation of narratives? We hypothesize 698 

that comprehension occurs when the incoming information is integrated with the causally related 699 

past events; thereby, constructing a causally coherent representation of narratives. To test this 700 

account, we conducted an additional behavioral experiment using the same scrambled movies 701 

(N = 12 per movie) that estimates the degree of causal importance of each moment within the 702 

narratives. In the experiment, participants first segmented the events by marking the perceived 703 

event boundaries of the scrambled movie, then rated the causal relationship between every 704 

possible pairwise event on a scale from 0 to 2; 0 (no causal relationship), 1 (shares a causal 705 

relationship), and 2 (shares a causal relationship that is critical in developing the narrative). The 706 

responses of all participants were summed to create moment-to-moment, causal relationship 707 

matrices that indicate the degrees of a causal relationship between the narrative events of every 708 

pairwise moment in time (Figure 3a). The causal relationship matrix, un-scrambled into the 709 

original order (Figure 3b), indicates that not only the causal relationship between temporally 710 

consecutive events but long-range causal chains between temporally discontiguous events also 711 

exist. We calculated the causal relationship that each moment has with the past moments by 712 

averaging the causal ratings of all preceding time points that did not belong to the same scene 713 

(a ‘scene’ indicates a 36 s ± 4 s block of the movie segmented for temporal scrambling), 714 

creating a causal relationship time course per scrambled movie stimulus (Figure 3c). We 715 

predicted that the moments of high comprehension would correspond to moments that are 716 

strongly causally related to past events. The group measure of comprehension was correlated 717 

with the similarly HRF-convolved, sliding-window-applied causal relationship time courses of all 718 

three movies (Pearson’s r = 0.722, r = 0.440, r = 0.320, compared with the null distribution in 719 

which causal relationship was correlated with 1,000 phase-randomized comprehension 720 

measures, non-parametric one-tailed p < 0.001, p = 0.024, p = 0.065, respectively). Additionally, 721 



 

 31 

when comparing the causal relationship measured at the binary moments of high and low 722 

comprehension, we observed a significantly higher causal relationship with past events during 723 

the high compared to low comprehension moments (paired Wilcoxon signed-rank test; z(187) = 724 

11.40, Cohen’s d = 2.24; z(168) = 7.44, Cohen’s d = 0.96; z(163) = 4.76, Cohen’s d = 0.55; all 725 

ps < .001 for the three movies). The results suggest that individuals experience comprehension 726 

when perceiving events that are strongly causally linked with the previous events—that is, when 727 

an incoming event takes on an important role within the narrative’s causal structure (Graesser et 728 

al., 1994; Lee and Chen, 2021). This supports the hypothesis that comprehension entails the 729 

integration of incoming events with the memory of the causally related past events, to formulate 730 

a causally coherent representation of the narrative. 731 

 732 

However, there is a possibility that the semantic relationship between events, rather than the 733 

causal relationship, may have derived positive correlations with the comprehension measures. 734 

To test this alternative account, we measured the semantic relationship between pairwise 735 

moments of the movies using the pairwise similarities of the sentence embedding vectors of 736 

movie annotations. We used the written annotations generated by four native-level English 737 

speakers, which gave detailed descriptions of every moment (2 s) in the movies, including what 738 

was happening at that moment, by whom, where, when, how, and why. We used LSA to 739 

quantify semantics of narrative annotations (Landauer and Dumais, 1997), which characterizes 740 

movie-specific sentence embedding vectors based on the relative similarities of the word 741 

occurrence frequencies of the annotated sentence (see Methods for detail). A semantic 742 

relationship matrix was created for each movie by calculating the mean cosine similarities 743 

between the pairwise sentence embedding vectors that were generated by multiple annotators. 744 

We also validated our semantic quantification using USE. Semantic relationship matrices 745 

generated using LSA and USE were highly comparable for all three movies (Pearson’s r = 746 
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0.762, r = 0.794, r = 0.691 per movie, all ps < 0.0001), suggesting that the quantified semantic 747 

relationship was robust to the choice of analysis method.  748 

 749 

A causal relationship matrix was positively correlated with a semantic relationship matrix above 750 

the chance (Pearson’s r = 0.156, r = 0.104, r = 0.105, all ps < 0.001, compared to the null 751 

distribution where semantic relationship matrices were randomly shuffled, one-tailed test, 1,000 752 

iterations). The semantic relationship time course was computed similar to the causal 753 

relationship time course, such that the degree of semantic relationship of the past time points 754 

(except the time points that belong to the same scene) to the present moment was averaged. 755 

Changes in group-aggregate comprehension were positively correlated with the semantic 756 

relationship time courses for two among three movies (Pearson’s r = 0.468, p = 0.026, r = 757 

0.105, p = 0.282, r = 0.498, p = 0.004, compared to the null distribution in which the semantic 758 

relationship was correlated with 1,000 phase-randomized comprehension time courses, one-759 

tailed test). When comparing the semantic relationship between high and low comprehension 760 

moments, we observed that high comprehension moments had a significantly higher semantic 761 

relationship with the past compared to the low comprehension moments, again for the two 762 

among three movie stimuli (z(187) = 8.71, p < 0.001, Cohen’s d = 1.16; z(168) = 0.77, p = 763 

0.443, Cohen’s d = 0.16; z(163) = 7.08, p < 0.001, Cohen’s d = 0.96).  764 

 765 

However, critically, for all three movies, the causal relationship showed a significant correlation 766 

with the comprehension measures after the effect of the semantic relationship was controlled for 767 

(partial r = 0.623, r = 0.436, r = 0.182, all ps < 0.001), whereas the semantic relationship could 768 

not consistently explain the comprehension measures when the effect of the causal relationship 769 

was controlled for (partial r = -0.036, p = 0.391, r = 0.082, p = 0.050, r = 0.435, p < 0.001). The 770 

results suggest that connecting the causal relationship between events plays a critical role in 771 

comprehending narratives and this is not merely due to the semantic similarities between 772 
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events. These findings were replicated using USE; we observed significant correlation between 773 

the causal relationship and comprehension measures while controlling for the semantic 774 

relationship (partial r = 0.686, r = 0.435, r = 0.217, all ps < 0.001), whereas the result was not 775 

consistent across the movies when we correlated the semantic relationship and comprehension 776 

measures while controlling for the causal relationship (partial r = 0.041, p = 0.322, r = 0.126, p = 777 

0.002, r = 0.326, p < 0.001). Overall, the results imply that narrative integration occurs based on 778 

the causal connections between events even after the semantic connections are accounted for 779 

and that the events’ relative causal importance influences moments in time when narratives are 780 

integrated.  781 

 782 

Functional MRI study during scrambled movie watching 783 

A separate, independent group of participants underwent an fMRI experiment, where they 784 

watched the same set of scrambled movies inside a scanner (N = 24, 23, 20 for three movies). 785 

In addition to scrambled movie watching (Initial Scrambled condition), participants watched the 786 

same movie in an original order (Original condition), then watched the scrambled movie again in 787 

the same order of presentation (Repeated Scrambled condition). We compared the Initial 788 

Scrambled to the Repeated Scrambled condition in which participants viewed the same stimuli 789 

but in different cognitive states. During the Initial Scrambled condition, we assumed that 790 

participants were actively engaged in comprehending the scrambled movies, which led to 791 

dynamic fluctuations in comprehension. In contrast, no comparable comprehension was 792 

expected in the Repeated Scrambled condition as it was after participants had already watched 793 

the original narrative. Thus, if the neural activity differed depending on changes in 794 

comprehension in the Initial but not in the Repeated Scrambled condition, they were more likely 795 

to be driven by the cognitive state differences related to narrative comprehension than by the 796 

stimulus-related attributes. Furthermore, to exclude possible task-induced effects, no explicit 797 
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task was given during fMRI, but participants were instructed to attend to the stimulus at all times 798 

and try to infer the temporal and causal structures of the original story. 799 

 800 

Modulation of activity in the default mode network and dorsal attention network during 801 

changes in narrative comprehension 802 

We first examined if any of the regions’ BOLD activity was modulated by the changes in 803 

comprehension. We used the group-aggregate measures of comprehension (estimated in an 804 

independent behavioral study) as regressors in the GLM to fit voxelwise BOLD activity time 805 

series. Data of all participants in the three movie scans were included for the group-level 806 

statistical analysis to exclude stimulus-specific effects. Cognitive and neural states related to 807 

narrative comprehension were assumed to be common across different narratives and robust to 808 

the particular choice of stimuli. 809 

 810 

In the Initial Scrambled condition, BOLD responses in the angular gyrus, precuneus, medial 811 

prefrontal cortex, middle temporal lobule, and middle frontal gyrus, which together comprise the 812 

DMN, showed a higher level of activity when participants were likely to experience feelings of 813 

comprehension. In contrast, when comprehension was low, the frontal eye fields and inferior 814 

parietal lobule, regions of the DAN, and the visual sensory network including the early and high-815 

level visual areas showed increased BOLD responses (Figure 4a). These results suggest that 816 

the regions in the DMN are involved when integrating narratives to form an internal causal 817 

representation. In contrast, the regions in the DAN are involved when comprehension is low, 818 

which may suggest that the DAN is involved in attending to incoming events when trying to 819 

collect information that may later piece together as a coherent representation. Critically, in the 820 

Repeated Scrambled condition, these functional networks did not show systematic modulation 821 

of BOLD responses, except for the early visual areas, which was also found in the Initial 822 

Scrambled condition to exhibit greater activation during low comprehension moments, and the 823 
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right post central gyrus (Figure 4b). The results indicate that the significant modulation of BOLD 824 

activity during the Initial Scrambled condition is not driven by the intrinsic properties of the 825 

stimuli, but derived from active cognitive state changes that occur during narrative 826 

comprehension. These results were replicated when the third-median-split binary indices of 827 

comprehension (high vs. low) were used as regressors. Additionally, to examine if greater 828 

BOLD activity in the visual areas during low comprehension (that appeared both in the Initial 829 

and Repeated Scrambled conditions) was a stimulus-related effect, we assessed the physical 830 

salience of the movie frames by calculating the pixel-wise stimulus intensities at every frame (1 831 

s) of the movie. For all three movies, salience was higher during low comprehension moments 832 

compared to high (paired Wilcoxon signed-rank tests, z(187) = 2.33, p = 0.020, Cohen’s d = 833 

0.37; z(168) = 4.23, p < 0.001, Cohen’s d = 0.51; z(163) = 7.40, p < 0.001, Cohen’s d = 1.01 for 834 

each movie), suggesting that activity differences observed in the visual areas may be due to the 835 

coincidentally stronger stimulus intensities during moments of low comprehension. 836 

 837 

Reconfiguration of functional brain network into an integrated and efficient state during 838 

moments of narrative integration 839 

We then examined if the large-scale functional brain network reconfigures its interaction and 840 

information processing state as comprehension evolves. When comprehension is low, we 841 

expected a segregated brain state, where each functional network is engaged in its specialized 842 

function. However, when comprehension is high—that is, when narratives are actively being 843 

integrated into a causally coherent structure—we anticipated a tightly integrated state that 844 

enables efficient communication across distinctive functional systems (Sadaghiani et al., 2015; 845 

Shine et al., 2016). For network analysis, we parcellated the brain into 122 ROIs and grouped 846 

them into eight pre-defined functional networks (Yeo et al., 2011, 2015). To account for the 847 

dynamic changes in FC in relation to cognitive state dynamics, we extracted the BOLD time 848 

series from each ROI and computed the time-resolved FC between pairwise regions during the 849 
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Initial Scrambled, Original, and Repeated Scrambled conditions, respectively (Figure 5a). 850 

Graph theoretical measures were computed in a time-resolved manner to capture changes in 851 

large-scale functional network structures (Rubinov and Sporns, 2010). To examine the degree 852 

of functional segregation, we measured modularity, which captures the degree to which 853 

functionally specialized regions of the brain are clustered in a modular structure (Bassett et al., 854 

2013). As an indicator for functional integration, we measured global efficiency that represents 855 

integrative information processing across remote regions of the brain (Achard and Bullmore, 856 

2007; Bullmore and Sporns, 2009, 2012). With the binary group measure of high and low 857 

comprehension, we were able to extract participant-specific summary measures of modularity 858 

and global efficiency during the two distinct cognitive states. The graph-theoretical measures 859 

were compared between high and low comprehension moments, respectively for the Initial and 860 

Repeated Scrambled conditions. 861 

 862 

In the Initial Scrambled condition, modularity decreased when comprehension was high (paired 863 

Wilcoxon signed-rank test, z(66) = 2.32, p = 0.020, Cohen’s d = 0.25), suggesting that tight 864 

interaction across functional modules arises when information is being integrated into coherent 865 

narratives (Figure 5b). In contrast, there was no difference in modularity between high and low 866 

comprehension moments during the Repeated Scrambled condition (z(66) = 0.58, p = 0.561, 867 

Cohen’s d = 0.06). A significant interaction was found between the Scrambled conditions (Initial 868 

and Repeated) and comprehension states (high and low; F(1,66) = 6.98, p = 0.010), although 869 

no main effect was observed (main effect of the Scrambled conditions, p = 0.334, 870 

comprehension states, p = 0.146). Similarly, global efficiency was higher during moments of 871 

high comprehension compared to low (z(66) = 3.67, p < 0.001, Cohen’s d = 0.33). There was no 872 

difference in global efficiency during the Repeated Scrambled condition (z(66) = 0.57, p = 0.566, 873 

Cohen’s d = 0.04), and the interaction was significant (F(1,66) = 10.62, p = 0.002). Notably, a 874 

significant main effect of the Scrambled conditions was found (F(1,66) = 26.27, p < 0.001), with 875 
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a higher efficiency when the same scrambled movie was watched repeatedly. These results 876 

suggest that the efficiency of information processing increases when a coherent situational 877 

model is already represented in the brain. The results were reproduced when different sliding 878 

window sizes or a different cortical parcellation scheme were used (for replication results, see 879 

https://github.com/hyssong/comprehension). Overall, these results indicate that the brain enters 880 

a functionally integrated and efficient state that ensures more efficient information transfer 881 

across functional modules when integrating narratives to a coherent representation. 882 

 883 

Changes in across- and within- network functional connections during narrative 884 

comprehension 885 

Along with the global reconfiguration, the time-resolved regional network measures between the 886 

high and low comprehension moments were compared (Figure 5c). For all ROIs, the 887 

participation coefficients and within-modular degree z-scores were measured, which represent 888 

the degree of the across-modular and within-modular connections (Guimerà and Nunes Amaral, 889 

2005; Shine et al., 2016). A higher participation coefficient indicates that a region is functionally 890 

connected to the regions of other functional networks in a distributed manner, whereas a higher 891 

within-modular degree z-score indicates that a region is mainly associated with the regions that 892 

lie within the same module (Guimerà and Nunes Amaral, 2005). The network measures were 893 

computed per ROI and were averaged within a respective pre-defined functional network (Yeo 894 

et al., 2011). During the Initial Scrambled condition, all functional networks showed higher 895 

participation coefficients when comprehension was high compared to low. In particular, the FPN 896 

(z(66) = 4.24, FDR-p < 0.001, Cohen’s d = 0.43, corrected for multiple comparisons across 897 

functional networks) and the DMN (z(66) = 2.87, FDR-p = 0.017, Cohen’s d = 0.31) showed 898 

significantly higher participation coefficients when comprehension was high compared to low 899 

(Figure 5c). There was a significant interaction between the Scrambled conditions and 900 

comprehension states for both networks (FPN: F(1,66) = 11.93, DMN: F(1,66) = 12.29; both ps 901 



 

 38 

< 0.001; for the full results of all functional networks, see 902 

https://github.com/hyssong/comprehension). During the Repeated Scrambled condition, no 903 

functional network showed similar patterns of modulation in their across-modular FC, except for 904 

a reversed pattern of higher participation coefficients during low comprehension in the visual 905 

and subcortical networks (z(66) = 3.35, FDR-p = 0.005, Cohen’s d = 0.27, and z(66) = 3.21, 906 

FDR-p = 0.005, Cohen’s d = 0.29, respectively). The within-modular connections, quantified by 907 

within-modular degree z-scores, did not differ across the high and low comprehension moments 908 

for any of the functional networks, during both the Initial and Repeated Scrambled conditions (all 909 

FDR-ps > 0.6). These results suggest that the global reconfiguration is largely driven by the 910 

increased across-modular functional connections of the FPN and DMN, but less so by the 911 

connections within functional modules. 912 

 913 

The null results with the within-modular degree z-scores, particularly for the regions of the DMN, 914 

were not consistent with prior work that suggested that dynamic changes in connections 915 

between DMN sub-regions reflect higher-order information processing such as narrative 916 

integration (Simony et al., 2016; Ritchey and Cooper, 2020). With the recent studies reporting 917 

disparate functional roles of the sub-regions of the DMN (Andrews-Hanna et al., 2014; Braga 918 

and Buckner, 2017; Gordon et al., 2020; Ritchey and Cooper, 2020), we hypothesized that the 919 

within-network connections of the DMN may have been modulated differently for each sub-920 

regional connection, which is not evident when computing within-modular degree z-scores of the 921 

entire network. To examine this question, we computed time-resolved FC matrices between the 922 

pairwise BOLD time series of the five canonical sub-regions of the DMN—mPFC, MFG, MTG, 923 

Ang, and PreCu/PCC—and compared the mean FC strength representing the high and low 924 

comprehension moments (Figure 5d). During the Initial Scrambled condition, we observed 925 

increased FC between Ang and MTG (z(66) = 4.09, p < 0.001, Cohen’s d = 0.39; interaction, 926 

F(1,66) = 11.81, FDR-p = 0.007), PreCu/PCC and MFG (z(66) = 3.30, FDR-p = 0.003, Cohen’s 927 
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d = 0.45; F(1,66) = 6.57, FDR-p = 0.033), and PreCu/PCC and MTG (z(66) = 3.16, FDR-p = 928 

0.004, Cohen’s d = 0.44; F(1,66) = 10.75, FDR-p = 0.007). In contrast, decreased FC was 929 

observed between MFG and mPFC (z(66) = 2.12, FDR-p = 0.048, Cohen’s d = 0.24; F(1,66) = 930 

10.22, FDR-p = 0.007), but not during the Repeated Scrambled condition. Other pairwise DMN 931 

sub-regions exhibited no significant interaction effect between Scrambled conditions and 932 

comprehension states (all FDR-ps > 0.05). The coexistence of both significant increase and 933 

decrease in FC within the DMN support our hypothesis that the sub-regional connections are 934 

modulated differently during narrative comprehension. The results suggest that the sub-regional 935 

connections of the DMN may take on different functional roles during narrative comprehension, 936 

which remains to be further studied in future research.  937 

 938 

Brain state characterized by the integrated default mode network and sensory 939 

processing network occurs at moments of narrative integration 940 

We investigated whether large-scale neural state dynamics track changes in cognitive states 941 

involved with narrative comprehension. To infer the dynamics of low-dimensional latent states in 942 

an unsupervised data-driven manner, we applied the HMM, which assumes that the observed 943 

sequence of brain activity is probabilistically conditioned on the sequence of discrete latent 944 

states (Baker et al., 2014; Vidaurre et al., 2017, 2018; Quinn et al., 2018). To characterize the 945 

observed sequence of neural activity, we first conducted a group-level ICA (Beckmann et al., 946 

2005) from all participants’ concatenated fMRI responses of all three conditions across three 947 

movies. Thirty ICs were identified to be signal components that were involved during movie 948 

watching. The discrete latent neural states were derived from patterns of activation and 949 

functional covariance of the 30 ICs, as we trained the HMM on the data from the Original 950 

condition. When we set the number of latent states to four, based on the model’s consistency 951 

and clustering performance measures (see Methods for detail; Figure 6a), the extracted states 952 

were: SM+VIS, DAN, Integrated DMN+VIS, and Segregated DMN+VIS (Figure 6c). Each state 953 
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was labeled as one or the combination of eight functional networks by its inferred regional 954 

activation patterns. Notably, the two DMN+VIS states—Integrated and Segregated DMN+VIS—955 

showed similar activation patterns, yet their functional covariance significantly differed such that 956 

one had higher across-modular FC (one-sample Wilcoxon signed-rank test on the differences in 957 

functional covariance of all edges corresponding to the module pairs, FDR-corrected for module 958 

pairs; across DMN+FPN and VIS modules: z(109) = 4.78, FDR-p < 0.001; across DMN+FPN 959 

and SM modules: z(89) = 7.03, FDR-p < 0.001; however, across VIS and SM modules showed 960 

opposite pattern: z(98) = 2.14, FDR-p = 0.033) and lower within-modular FC than the other 961 

(within DMN+FPN module: z(99) = 2.81, FDR-p = 0.006; within VIS module: z(120) = 7.03, 962 

FDR-p < 0.001; within SM module: z(80) = 7.73, FDR-p < 0.001). The one with higher across-963 

modular but lower within-modular FC was termed the “Integrated” DMN+VIS state, and the 964 

other the “Segregated” DMN+VIS state. We applied the derived states from the Original movie 965 

watching condition to infer the latent state dynamics in the Initial and Repeated Scrambled 966 

conditions. We verified that the inferred latent states were dynamic in nature. The maximal 967 

fractional occupancy, the highest proportion of a particular state’s occurrence across all time 968 

points per participant, was below 50% for most of the participants (one-sample Wilcoxon 969 

signed-rank test, p < 0.001; Figure 6b), indicating that the transitions occurred from one latent 970 

state to more than one other state (Vidaurre et al., 2018). 971 

 972 

Next, we examined whether the fractional occupancy of each neural state was modulated as the 973 

cognitive states traversed between different states of comprehension. Figure 6d illustrates the 974 

dynamics of the state occurrence probabilities of an exemplar participant, which is mapped in 975 

time to the binary group measure of comprehension. In the Initial Scrambled condition, the 976 

SM+VIS had a higher occupancy during low comprehension moments (paired Wilcoxon signed-977 

rank test, z(66) = 3.32, FDR-p = 0.002, Cohen’s d = 0.39), whereas the Integrated DMN+VIS 978 

had a higher occupancy during high comprehension moments (z(66) = 3.81, FDR-p < 0.001, 979 
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Cohen’s d = 0.44) (Figure 6e). None of the brain states differed in fractional occupancy across 980 

the high and low comprehension moments in the Repeated Scrambled condition (all FDR-ps > 981 

0.4). Significant interaction effects between Scrambled conditions and comprehension states 982 

were observed for both the fractional occupancies of the SM+VIS state (F(1,66) = 6.45, p = 983 

0.013) and Integrated DMN+VIS state (F(1,66) = 16.83, p < 0.001). Results were consistent 984 

when six latent states instead of four were used in the HMM. In the Initial Scrambled condition, 985 

the Integrated DMN+VIS had a higher fractional occupancy during high comprehension (z(66) = 986 

3.41, FDR-p = 0.004, Cohen’s d = 0.51), and the visual sensory network state had a higher 987 

fractional occupancy during low comprehension (z(66) = 3.06, FDR-p = 0.007, Cohen’s d = 988 

0.30), whereas in the Repeated Scrambled condition, we observed a significant decrease in the 989 

fractional occupancy of the Segregated DMN+VIS (z(66) = 3.30, FDR-p = 0.006, Cohen’s d = 990 

0.47) during high comprehension moments compared to low. Interaction effects between 991 

Scrambled conditions and comprehension states were significant for the three states (Integrated 992 

DMN+VIS: F(1,66) = 15.81, Visual: F(1,66) = 6.41, Segregated DMN+VIS: F(1,66) = 4.48, all ps 993 

< 0.05), but not for others (all ps > 0.12). These results imply that the DMN, in tight connection 994 

with sensory networks, is highly involved when the narratives are actively being integrated. In 995 

contrast, when one focuses on accumulating information from external inputs with a lesser 996 

degree of comprehension, the low-level sensory and motor networks take over its role. 997 

 998 

Synchronization of underlying brain state dynamics across individuals during novel 999 

movie watching 1000 

Furthermore, we investigated whether the latent neural state dynamics were synchronized 1001 

across individuals as they comprehended the same narratives. Figure 7a illustrates the inferred 1002 

neural state sequence of the fMRI participants as they watched an exemplar movie stimulus in 1003 

the Initial and Repeated Scrambled conditions. The proportion of the moments when the 1004 

inferred state was identical was calculated for all pairwise participants per movie. The neural 1005 



 

 42 

state dynamics were more synchronized across participants in the Initial than in the Repeated 1006 

Scrambled condition (paired Wilcoxon signed-rank test, z(718) = 18.08, p < 0.001, Cohen’s d = 1007 

1.04; Figure 6B), which was replicated when six latent states were used (z(718) = 19.29, p < 1008 

0.001, Cohen’s d = 1.23). The higher neural synchrony during novel compared to repeated 1009 

movie watching was replicated with an ISC analysis, an ROI-based measure of across-subject 1010 

neural synchrony (Hasson et al., 2004; Nastase et al., 2019). All eight functional networks 1011 

exhibited a lesser degree of ISC during repeated movie watching compared to participants’ first 1012 

time watching the same movies (paired Wilcoxon signed-rank test between the ISCs of the 1013 

Initial and Repeated Scrambled conditions; all FDR ps < 0.001, corrected for the number of 1014 

functional networks). These results suggest that individuals share similar neural dynamics when 1015 

actively trying to comprehend novel narratives, yet the synchrony decreases when the 1016 

narratives are no longer novel. The idiosyncratic neural states during repeated movie watching 1017 

imply that cognitive states may vary across individuals when an active comprehension is no 1018 

longer required.  1019 

 1020 

Functional brain connectivity predicts evolving cognitive states of comprehension 1021 

across narratives 1022 

Lastly, we examined whether changes in comprehension—a higher-order cognition that is 1023 

shared across narratives—can be predicted from patterns of functional brain signatures. 1024 

Compared to a static predictive model, where a single pattern of brain signature of an individual 1025 

is related to that person’s behavioral score or phenotypic trait (Finn et al., 2015; Rosenberg et 1026 

al., 2016; Shen et al., 2017), we conducted dynamic predictive modeling, which maps time-1027 

resolved brain patterns to the time-resolved behavioral measures (Figure 8a). Dynamically 1028 

changing brain patterns were captured by the sliding-window-applied FC matrices (i.e., FC 1029 

pattern-based prediction), or BOLD activation time series of the 122 ROIs (i.e., activation 1030 

pattern-based prediction). Dynamically changing cognitive states were represented by the 1031 
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group-aggregate measure of comprehension, which was collected from behavioral reports in a 1032 

separate study. Note that the brain features are different for every fMRI participant whereas the 1033 

group behavioral measure is shared across participants who watched the same movie (Figure 1034 

8a). To exclude across-participant variance while retaining the temporal variance within an 1035 

individual, we normalized the time course respectively for each brain feature of each participant. 1036 

We trained a linear SVR model to predict the moment-to-moment degree of comprehension, 1037 

given the multivariate neural features at the corresponding time point. To isolate cognitive states 1038 

associated with general narrative comprehension and exclude narrative-specific, stimulus-driven 1039 

properties, we adopted across-movie, leave-one-subject-out cross-validation where we trained 1040 

the model on the data collected from two of the three movies on all participants except one and 1041 

tested on a held-out participant who watched the held-out movie (Figure 8a). An additional 1042 

feature selection procedure was employed, such that the features that were correlated with the 1043 

group measure of comprehension, consistent across the training participants (one-sampled t-1044 

test on the correlation coefficients, p < 0.01), were selected in each cross-validation fold (Shen 1045 

et al., 2017).  1046 

 1047 

The results of the predictive modeling are illustrated in Figure 8b. When the FC patterns were 1048 

used as features, the cross-validated model predicted changes in narrative comprehension 1049 

above chance during the Initial Scrambled (r = 0.133, one-tailed p = 0.003, non-parametric 1050 

permutation test with phase-randomized behavioral measures, iteration = 1,000), but not during 1051 

the Repeated Scrambled condition (r = -0.069, p = 0.950). The difference in cross-validation 1052 

accuracies between the two Scrambled conditions was significant (paired Wilcoxon signed-rank 1053 

test, z(66) = 4.57, p < 0.001, Cohen’s d = 1.02). However, when the BOLD activation patterns 1054 

were used as features, we observed no significant prediction performance in both the Initial (r = 1055 

0.044, p = 0.184) and Repeated (r = 0.054, p = 0.113) Scrambled conditions, with no significant 1056 

difference in cross-validation accuracies (z(66) = 0.77, p = 0.439, Cohen’s d = 0.10). A repeated 1057 
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measures ANOVA showed a significant interaction effect between the Scrambled conditions 1058 

and neural feature types (F(1,66) = 26.26, p < 0.001). The results were replicated using a linear 1059 

SVM that predicted binary indices of high and low comprehension (FC pattern-based prediction: 1060 

Initial, 56.01%, p = 0.010, Repeated, 47.28%, p = 0.916, z(66) = 4.01, p < 0.001, Cohen’s d = 1061 

0.85; Activation pattern-based prediction: Initial, 51.36%, p = 0.320, Repeated, 52.63%, p = 1062 

0.129, z(66) = 1.30, p = 0.195, Cohen’s d = 0.22; interaction, F(1,66) = 19.91, p < 0.001). The 1063 

prediction performance was also not significant when the BOLD activation patterns of the entire 1064 

ROIs were used as features, without feature selection (Initial Scrambled: r = 0.050, p = 0.116, 1065 

Repeated Scrambled: r = 0.040, p = 0.139; z(66) = 0.306, p = 0.745, Cohen’s d = 0.10). The 1066 

results suggest that the cognitive states of comprehension that are generalizable across 1067 

narratives are robustly predicted by the functional interaction between brain regions, as 1068 

opposed to the regional activation patterns. 1069 

 1070 

To examine which of the functional connections in the FC pattern-based analysis contributed to 1071 

predicting cognitive states, we extracted functional connections that were consistently selected 1072 

in every cross-validation fold (Figure 8c). Among the selected connections, 113 functional 1073 

connections were positively correlated, and 79 functional connections were negatively 1074 

correlated with the comprehension measures in the Initial Scrambled condition, whereas only 4 1075 

functional connections were positively correlated and none of the functional connections were 1076 

negatively correlated with the comprehension measures in the Repeated Scrambled condition. 1077 

Next, we assigned these consistently selected functional connections to the pre-defined 1078 

functional networks (Yeo et al., 2011) and asked whether any of the functional network pairs 1079 

were selected above chance. The connections between the DAN and VAN, DAN and DMN, and 1080 

the within-network connections of the FPN and the DMN were selected to be positively 1081 

correlated with the comprehension measure above chance, in which the null distribution was 1082 

computed from the size-matched random networks (all FDR-ps < 0.01, one-tailed test, iteration 1083 
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= 10,000, corrected for the number of functional network pairs). The connections between the 1084 

DAN and LIMB, DAN and SUBC, and FPN and VAN were selected to be negatively correlated 1085 

with the comprehension measures during the Initial Scrambled condition (all FDR-ps < 0.05). 1086 

None of the functional network pairs were consistently selected during the Repeated Scrambled 1087 

condition. The results support our hypothesis that the cognitive states related to narrative 1088 

comprehension are not restricted to an operation of a particular functional system, rather they 1089 

are driven by the dynamic interactions of distributed networks in the brain, in particular the DAN, 1090 

FPN, and the DMN.  1091 

 1092 

 1093 

Discussion  1094 

 1095 

Narrative comprehension entails the constant accumulation of information and integration into a 1096 

causally coherent situational model. We identified the dynamic fluctuation of these cognitive 1097 

states from participants’ behavioral reports of comprehension moments as they watched 1098 

temporally scrambled movies (Figure 2). By assessing the causal relationships of the events, 1099 

we demonstrated that comprehension occurred when an incoming event was strongly causally 1100 

related to past events, implicating the association of memory reinstatement and narrative 1101 

integration (Figure 3). Using fMRI, we showed how large-scale functional brain networks 1102 

adaptively reconfigure their activity and connective states when individuals engage in 1103 

comprehending narratives. The systematic modulation of BOLD responses was observed, with 1104 

higher DMN activity during high comprehension and DAN activity during low comprehension 1105 

(Figure 4). Additionally, network-level reconfiguration was aligned to cognitive state changes, 1106 

such that the functionally integrated and efficient network state occurred during high 1107 

comprehension, supported by the across-modular connections of the DMN and FPN (Figure 5). 1108 

Using a latent state analysis, we showed that the DMN, in tight connection to the sensory 1109 
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processing network, becomes dominant during narrative integration (Figure 6). The underlying 1110 

brain states were synchronized across participants when comprehending novel narratives 1111 

(Figure 7). We further demonstrated that the evolving comprehension of unseen individuals 1112 

watching unseen narratives can be predicted by time-resolved functional brain connectivity 1113 

patterns, but not by regional activation patterns (Figure 8). 1114 

 1115 

Collectively, the study suggests that narrative comprehension can be characterized by adaptive 1116 

switches in the dominant information processing modes, transitioning between the accumulation 1117 

of information when comprehension is low (external mode) and an internal integration into a 1118 

structured narrative representation when comprehension is high (internal mode) (Dixon et al., 1119 

2014; Honey et al., 2018). Though narrative comprehension entails the constant accumulation 1120 

of incoming events and simultaneous integration of these events into the situational model, our 1121 

study implies that proportional dominance of information processing modes differs depending on 1122 

the degree to which narratives are represented in a causally coherent manner. Our behavioral 1123 

results suggest that the mode switches are driven by the causal dependencies between 1124 

narrative events which are connected across time by long-term memory. Our fMRI results also 1125 

illustrate that alternations between segregated and integrated states of the functional brain 1126 

network, which were previously suggested to reflect the efficiency and flexibility of the brain in 1127 

the context of controlled tasks or rest (Bullmore and Sporns, 2012; Zalesky et al., 2014; 1128 

Gonzalez-Castillo et al., 2015; Shine et al., 2016), are further associated with the externally- and 1129 

internally-directed modes of information processing during narrative comprehension. 1130 

 1131 

During high narrative comprehension, we observed functionally integrated and efficient brain 1132 

states, with a prominent role of the DMN. In particular, modulation of within- and across- 1133 

modular functional connections of the DMN drove large-scale reconfiguration of the functional 1134 

networks (Figure 5), and a latent state of the tightly connected DMN and sensory processing 1135 
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network was evident during high comprehension moments (Figure 6). A recent framework 1136 

characterized the DMN as a synthesizing network, that integrates extrinsic and intrinsic 1137 

information to construct a contextually coherent situational model (Ranganath and Ritchey, 1138 

2012; van den Heuvel and Sporns, 2013; Chang et al., 2021; Yeshurun et al., 2021). Our 1139 

findings support this functional role of the DMN, such that it integrates incoming events into the 1140 

accumulated contexts; thus, constructing a coherent situational model that is subjectively 1141 

experienced as a feeling of comprehension. Previous studies suggested that the DMN regions 1142 

represent discrete narrative events (Baldassano et al., 2017; Chen et al., 2017), modulated by 1143 

the degree of narrative coherence (Lerner et al., 2011; Honey et al., 2012; Simony et al., 2016) 1144 

and attention (Dmochowski et al., 2012, 2014; Schmälzle et al., 2015; Ki et al., 2016). Our study 1145 

adds to these findings and argues that narrative comprehension is not achieved via the 1146 

workings of specific local regions but rather achieved by a collective operation of large-scale, 1147 

distributed functional brain networks. The DMN plays a critical role in mediating cooperative 1148 

connections and adaptive reconfiguration. This hypothesis is supported by our results with 1149 

dynamic predictive models, which suggest that narrative comprehension can be predicted only 1150 

with the FC patterns but not with the regional activation patterns. 1151 

 1152 

Notably, previous literature has also related DMN activity to an optimal attentional state, or to 1153 

moments when stable behavioral performance is maintained during monotonous but 1154 

attentionally taxing tasks (Esterman et al., 2013; Kucyi et al., 2016a, 2016b, 2020; Van Calster 1155 

et al., 2017; Zhang et al., 2019; Yamashita et al., 2021). How do we reconcile the recruitment of 1156 

the DMN during moments of the optimal attentional state (or moments of “in the zone,” ease of 1157 

processing, or effortless attention) (Smallwood et al., 2008; Csikszentmihalyi and Nakamura, 1158 

2010; Esterman and Rothlein, 2019), with the view of the DMN as an integrator of external and 1159 

internal information? In this study, we characterized moments of narrative integration as 1160 

moments when participants experience subjective feelings of comprehension and moments 1161 
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when the incoming event is causally linked with the past events. Thus, a feeling of 1162 

comprehension may arise when the relevant past information is retrieved with ease. In that, the 1163 

workings of the DMN during high comprehension moments can be broadly related to “an optimal 1164 

state of information processing” in which information can be integrated, structured, and retrieved 1165 

with ease. This framework further hints at the mechanism of how distant events in memory that 1166 

are linked through causal chain are integrated during comprehension. The causal integration 1167 

hypothesis assumes an ongoing memory retrieval process, where the memory of the causally 1168 

related events acts as a context to the incoming inputs. We hypothesize that memory retrieval 1169 

during narrative comprehension would not necessarily require conscious awareness or effortful 1170 

search of memory by the perceiver. Rather, memory retrieval would occur naturally because the 1171 

external (i.e., incoming event) and internal (i.e., related events in memory) information are 1172 

causally chained—acting as a contextual cue to one another—thereby, eliciting context 1173 

reinstatement (Polyn et al., 2009; DuBrow et al., 2017; Manning, 2021). 1174 

 1175 

In our study, we assumed that the cognitive state changes related to narrative comprehension 1176 

would be minimal during the Repeated Scrambled compared to the Initial Scrambled condition 1177 

because participants no longer had to actively construct a new storyline after having watched 1178 

the movies in their original order. However, it is important to note the possibility that the 1179 

cognitive states involved in the two conditions may be qualitatively different in other aspects; for 1180 

example, participants may have been overall less engaged or aroused during the second 1181 

viewing, attending to different aspects of the story such as examining background details or 1182 

non-important characters in the scenes, or they may have been making predictions about the 1183 

upcoming scenes (Michelmann et al., 2020; Lee et al., 2021). The result that the latent neural 1184 

states were less synchronized across individuals during the Repeated Scrambled condition 1185 

(Figure 7) reflects that participants may have been involved in a variety of idiosyncratic 1186 

cognitive states during repeated movie watching. Though the degree to which these other 1187 
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cognitive factors are related to narrative comprehension was not addressed in this study, future 1188 

research is required to characterize cognitive processes that may differ between the novel and 1189 

repeated viewing of the narratives. 1190 

 1191 

A limitation of the current study is that we did not consider variance across individuals related to 1192 

narrative comprehension. A general ability to comprehend narratives largely differs among 1193 

individuals, and the moments of comprehension during temporally scrambled movie watching 1194 

may likewise be different. We did not concurrently collect individual-specific measures of 1195 

comprehension during scans, to exclude possible confounds that may have been caused by 1196 

performing an additional task. However, the similarities in participants’ behavioral reports on 1197 

moments of comprehension provided a rationale to use the group measure of comprehension to 1198 

infer cognitive states of fMRI participants. A relevant study (van der Meer et al., 2020) overcame 1199 

this problem by collecting concurrent physiological measures of heart rate and pupil diameter 1200 

during scans that acted as dynamic proxies of subjective engagement to the movies. Future 1201 

work may characterize individual-specific changes in cognitive states and across-individual 1202 

differences in comprehension, using relevant physiological measures, concurrent behavioral 1203 

measures, or a post-hoc behavioral study. 1204 

 1205 

Another consideration is whether a causal reinstatement that occurs during scrambled movie 1206 

watching reflects comprehension of real-world narratives that progress in order. In our 1207 

experiments, we artificially scrambled the temporal sequence of the narratives to amplify 1208 

fluctuations in comprehension. However, real-world narratives do not accompany such drastic 1209 

changes in cognitive states because comprehension occurs gradually as contextually chained 1210 

events progressively unfold in time (Lee and Chen, 2021). Thus, long-range connections 1211 

between temporally distant events (Figure 3a) are less likely (though present in narratives) 1212 

because event representations accumulate and integrate gradually (Franklin et al., 2020). 1213 
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Nevertheless, although fluctuations of cognitive states, as well as the necessity of causal 1214 

reinstatement, would not be as prominent as in experimental context, similar cognitive and 1215 

neural mechanisms—transitions between external and internal modes of information processing, 1216 

which are enacted by functional segregation and integration of brain networks—would also be 1217 

involved during comprehension of real-world narratives. 1218 

 1219 

Lastly, future studies are encouraged to investigate the underlying computational mechanisms 1220 

explaining the accumulation and integration of narratives (Chien and Honey, 2020; Franklin et 1221 

al., 2020; Lu et al., 2020) in relation to the neural representation formed on a moment-to-1222 

moment basis (Wehbe et al., 2014; Huth et al., 2016; Vodrahalli et al., 2018). Our study 1223 

provides insights on how representations of discrete events across distant times in memory, 1224 

chained with causal relations, may be integrated with accumulated inputs in real-time to form 1225 

coherent narratives. Communication of information between functional modules of the brain 1226 

during comprehension may be implemented via modulation of the FC and global reconfiguration 1227 

of the dynamic brain states.  1228 
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Figure 1. Experiment design. a. Behavioral study 1: Reports on the subjective moments of 1539 

comprehension of the narratives. As participants watched a temporally scrambled movie (three 1540 

movie stimuli; N = 20 per movie), they were instructed to press the “Aha” button whenever they 1541 

experienced subjective comprehension of the plot (indicated in green), and the “Oops” button 1542 

whenever they realized that their previous understanding was incorrect (purple). The duration of 1543 

each audiovisual movie was 10 min and the duration of each scene was 36 s ± 4 s. b. 1544 

Behavioral study 2: Event segmentation and causal relationship rating between events. In the 1545 

first part of the study, an independent group of participants (N = 12 per movie) watched the 1546 

movie in a temporally scrambled sequence, followed by the original sequence. In the second 1547 

part, they were instructed to mark perceived event boundaries to the scrambled movie (red 1548 

dashed lines) and to annotate each event with a short description. In the third part, they were 1549 

instructed to rate the degree of a causal relationship between pairwise events they segmented 1550 

themselves (bidirectional arrows). A score of 1 was given if pairwise events were thought to be 1551 

causally related, a score of 2 when pairwise events held critical causal importance within the 1552 

narrative plots, and a score of 0 was given otherwise. c. Functional MRI study. Another 1553 

independent group of participants (N = 24, 23, and 20 per movie) participated in the fMRI 1554 

experiment, where they watched the same movie in an Initial Scrambled, Original, and 1555 

Repeated Scrambled conditions in a single scan run. The conditions were separated by a 30 s 1556 

fixated rest. No behavioral response was collected during the scan. 1557 

 1558 

Figure 2. Changes in comprehension during temporally scrambled movie watching. a. 1559 

Behavioral responses of comprehending moments while watching an exemplar temporally 1560 

scrambled movie (N = 20). Participants pressed “Aha” when they experienced subjective 1561 

feelings of comprehension (green) and “Oops” when they realized their previous comprehension 1562 

was incorrect (purple). b. A continuous and binary group-aggregate behavioral measure of 1563 

narrative comprehension. All participants’ responses in a were HRF-convolved and aggregated 1564 
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by applying a sliding window. The top one-third of the moments with frequent responses were 1565 

defined as the moments of high comprehension, whereas the bottom one-third were defined as 1566 

the moments of low comprehension. Behavioral results using two other movie stimuli are shown 1567 

in https://github.com/hyssong/comprehension. 1568 

 1569 

Figure 3. The causal relationship between narrative events. a. Causal relationship matrix, 1570 

indicating the degree of a causal relationship between all pairwise moments of an exemplar 1571 

scrambled movie (N = 12). Participants rated the causal relationship of the pairwise perceived 1572 

event segments of the scrambled movie on a scale from 0 to 2. All participants’ responses were 1573 

summed to generate a single causal relationship matrix. b. Causal relationship matrix, un-1574 

scrambled according to the original movie sequence. Strong clustering around the diagonal 1575 

indicates that the temporally contiguous moments in the original sequence tend to be causally 1576 

linked. Pairwise events that are temporally distant but highly causally related also existed, 1577 

indicating the presence of key pairs of events that are critical in developing narratives. c. The 1578 

time course of causal relationship to past events, that represents causal importance. For each 1579 

time point in a, we averaged its causal relationship with every past moment of the different 1580 

scenes.  1581 

 1582 

Figure 4. Modulation of BOLD activity during changes in narrative comprehension. 1583 

Results of the GLM analysis using a continuous behavioral index of comprehension (results 1584 

from all three movie stimuli, N = 67). The voxelwise group-level statistics (t-test) were 1585 

thresholded with cluster size > 40 and q < 0.01, with the thresholded t-values indicated at the 1586 

color bar. a. Regions that show positive (orange) and negative (blue) correlations with 1587 

comprehension time courses in the Initial Scrambled condition. When comprehension was high, 1588 

responses in the default mode network increased, whereas responses in the dorsal attention 1589 

network and visual sensory network decreased. b. Regions that show positive (orange) and 1590 
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negative (blue) correlations with comprehension time courses in the Repeated Scrambled 1591 

condition. Ang: angular gyrus, FEF: frontal eye fields, IPL: inferior parietal lobule, MFG: middle 1592 

frontal gyrus, mPFC: medial prefrontal cortex, MTL: middle temporal lobule, PreCu: precuneus, 1593 

Visual: visual cortex. 1594 

 1595 

Figure 5. Dynamic reconfiguration of large-scale functional networks at moments of high 1596 

and low comprehension. a. Schematic overview of the time-resolved FC analysis using a 1597 

sliding window. The BOLD time series was extracted from 122 ROIs (Yeo et al., 2011, 2015). 1598 

Time-resolved FC matrices were constructed for each window across movie duration, and 1599 

graph-theoretical network measures were computed from each FC matrix. Network measures 1600 

were categorized by their correspondence to the cognitive states of either high or low 1601 

comprehension, averaged within a participant, and were compared at group-level. The analyses 1602 

were conducted on all participants using three movie stimuli (N = 67). b. Global network 1603 

reconfiguration corresponding to cognitive state differences. Modularity and global efficiency 1604 

representing high and low comprehension moments were compared, for both the Initial and 1605 

Repeated Scrambled conditions. Error bars indicate ±1 standard error of the mean. c. 1606 

Differences in participation coefficients (a regional network measure of across-modular 1607 

connections) between high and low comprehension moments, for the Initial (left) and Repeated 1608 

(right) Scrambled conditions. The difference in participation coefficients during high compared to 1609 

low comprehension was calculated per ROI and averaged across participants. Positive values 1610 

(red) indicate that the regions exhibited higher participation coefficients during high 1611 

comprehension moments, whereas negative values (blue) indicate that the regions exhibited 1612 

higher participation coefficients during low comprehension overall. The figure is visualized using 1613 

BrainNet Viewer (Xia et al., 2013). d. Difference in the FC strengths of the pairwise sub-regions 1614 

of the DMN between high and low comprehension moments, for the Initial (left) and Repeated 1615 

(right) Scrambled conditions. The colors indicate FC strength differences between high and low 1616 
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comprehension moments, averaged across participants. The FC strength of high compared to 1617 

low comprehension moments was compared per regional pairs. The square contour indicates 1618 

pairwise DMN sub-regions that showed significant interaction effects between Scrambled 1619 

conditions and comprehension states. The significance was FDR-corrected for the number of 1620 

regional pairs. Ang: angular gyrus, MFG: middle frontal gyrus, mPFC: medial prefrontal cortex, 1621 

MTG: middle temporal gyrus, PreCu/PCC: precuneus/posterior cingulate cortex. 1622 

 1623 

Figure 6. Brain state dynamics underlying narrative comprehension, derived from hidden 1624 

Markov model (HMM). a. Selection of the number of latent states (K) based on the model’s 1625 

consistency and clustering performance. (Left) Model consistency is represented by the mean 1626 

pairwise similarities of the predicted latent state sequence over five repeated iterations. (Right) 1627 

The model’s clustering performance is represented by the ratio between the within-cluster and 1628 

between-cluster dispersions of the observed IC time series (N = 67), with the clusters predicted 1629 

by the HMM. A K value of 4 was chosen as the optimal number of states, given their high 1630 

consistency and clustering performance among possible Ks. b. Validation of the dynamics in the 1631 

inferred sequence from the HMM. The fractional occupancy of the highest emerging state was 1632 

calculated as per the participant’s inferred sequence. c. Activation patterns and functional 1633 

covariance of the four latent states, identified by training the HMM with the Original condition. 1634 

The SM+VIS, DAN, Segregated DMN+VIS, and Integrated DMN+VIS were labeled based on 1635 

their spatial activation patterns corresponding to the eight pre-defined functional networks. The 1636 

covariance matrix on the right shows the difference between the covariance matrices of the 1637 

Integrated DMN+VIS and Segregated DMN+VIS. d. State occupancy and transition dynamics of 1638 

a representative participant during exemplar moments of the Initial Scrambled condition. 1639 

Occurrences of the states were probabilistically inferred at each time point (Vidaurre et al., 1640 

2017, 2018). Discrete latent states, assigned from the state with the highest probability of 1641 

occurrence at respective time points, were related to the binary group measure of 1642 
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comprehension. e. The average fractional occupancy of the four latent states during the 1643 

moments of high and low comprehension, in the Initial and Repeated Scrambled conditions 1644 

(results from all three movie stimuli, N = 67). The highlighted background between the colored 1645 

bars indicates significant differences in fractional occupancies, FDR-corrected for the number of 1646 

states. DAN: dorsal attention network, DMN: default mode network, FPN: frontoparietal control 1647 

network, SM: somatosensory-motor network, VIS: visual network. 1648 

 1649 

Figure 7. Synchrony of the latent neural states across individuals. a. The HMM-derived 1650 

neural state dynamics of exemplar movie watching participants in the Initial (top) and Repeated 1651 

(bottom) Scrambled conditions. b. Histograms of the similarities in state dynamics for all 1652 

pairwise participants in the two conditions (results from all three movie stimuli, N = 67). The 1653 

neural state dynamics were more similar across individuals in the Initial compared to the 1654 

Repeated Scrambled condition.  1655 

 1656 

Figure 8. Prediction of the moment-to-moment cognitive states of narrative 1657 

comprehension from brain patterns. a. Schematic illustrations of dynamic predictive 1658 

modeling. The model learns the relationship between time-resolved brain patterns (i.e., FC 1659 

patterns or BOLD activation patterns) and time-resolved cognitive states (i.e., a group-1660 

aggregate behavioral measure of comprehension). The brain patterns and a behavioral estimate 1661 

at every time point from all training participants are treated as independent observations during 1662 

model training. Feature selection is conducted such that the brain patterns that are significantly 1663 

correlated with behavioral measures are selected as model features. The trained model is then 1664 

applied to a held-out individual to predict evolving cognitive states from selected brain features. 1665 

Prediction accuracy is computed as the Pearson’s correlation between the predicted (green line) 1666 

and observed (black line) behavioral time courses, averaged across cross-validation folds. A 1667 

cross-validated model is applied to a held-out participant’s held-out movie watching scan, from a 1668 
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model trained from the rest of the participants’ movie watching scans of different movie stimuli. 1669 

b. Linear SVR model prediction accuracy (results from all three movie stimuli, N = 67). FC 1670 

pattern-based and activation pattern-based predictions were conducted, for the Initial and 1671 

Repeated Scrambled conditions. Sixty-seven cross-validated prediction accuracies (gray dots) 1672 

were averaged, and the mean accuracy (black lines) was compared with the null distribution 1673 

(gray violin plots) in which the same model predicted phase-randomized group measures of 1674 

comprehension (one-tailed test). c. The proportions of functional connections that were selected 1675 

in every cross-validation fold during the Initial (left) and Repeated (right) Scrambled conditions, 1676 

grouped by predefined functional networks. The upper triangle (red) indicates the proportion of 1677 

functional connections that were positively correlated with comprehension measures, and the 1678 

lower triangle (blue) indicates the proportion of functional connections that were negatively 1679 

correlated with comprehension measures. The functional network pairs of which the proportion 1680 

of selections was significantly higher than chance are indicated with asterisks (one-tailed test, 1681 

FDR-corrected for the number of network pairs). VIS: visual network, SM: somatosensory-motor 1682 

network, DAN: dorsal attention network, VAN: ventral attention network, LIMB: limbic network, 1683 

FPN: frontoparietal control network, DMN: default mode network, SUBC: subcortical network. 1684 
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