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Abstract
Understanding a story involves a constant interplay of the accumulation of narratives and
its integration into a coherent structure. This study characterizes cognitive state dynamics during
story comprehension and the corresponding network-level reconfiguration of the whole brain.
We presented movie clips of temporally scrambled sequences, eliciting fluctuations in subjective
feelings of understanding. An understanding occurred when processing events with high causal
relations to previous events. Functional neuroimaging results showed that, during moments of
understanding, the brain entered into a functionally integrated state with increased activation in
the default mode network (DMN). Large-scale neural state transitions were synchronized across
individuals who comprehended the same stories, with increasing occurrences of the DMNdominant state. The time-resolved functional connectivities predicted changing cognitive states,
and the predictive model was generalizable when tested on new stories. Taken together, these
results suggest that the brain adaptively reconfigures its interactive states as we construct
narratives to causally coherent structures.
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Introduction
We make sense of our own memory and others’ behavior by constantly constructing
stories from an information stream that unfolds over time. Story understanding is a process of
accumulating ongoing narratives, storing them in memory as situational contexts, and
simultaneously integrating them to construct a coherent representation.1,2 Forming a coherent
representation of a story involves understanding the causal structures of the events, including a
logical flow of consecutive or temporally discontiguous events. Past research theorized that story
understanding requires reinstating causally related past events and integrating them into a
coherent narrative representation.3,4 However, empirical evidence is lacking on how the
understanding of causal relations relates to the ongoing process of story comprehension.
Recent neuroscientific literature suggests that narratives are represented in activation
patterns5,6 and functional connectivities (FCs)7,8 of the distributed regions in the default mode
network (DMN), based on their capacity to integrate information over prolonged time periods.9-11
However, traditional cognitive models theorize that representation of narratives is updated by
interaction of the broader networks of the whole brain, including regions involved in sensory
processing, memory, and cognitive control.12 Yet, little is known about how large-scale
functional networks dynamically reconfigure their representational and connective states as one’s
story comprehension evolves over time. Prior research has indicated that large-scale brain
networks alternate between functionally segregated and integrated states,13–15 depending on the
information processing that is adaptively recruited at that moment.16,17 We hypothesize that a
constant interplay of large-scale functional networks is crucial to story comprehension.
Specifically, we assume that when narratives are actively integrated, individuals experience high
levels of understanding, and an interactive state of functional networks of the brain emerges. In
contrast, when individuals have low understanding and thus focus on accumulating available
sensory and narrative inputs, we predict that the functional brain is biased toward a segregated
state where each functional module operates independently.
Here, we characterized the cognitive processes involved in story comprehension and
examined the dynamic reconfiguration of large-scale functional networks during story
comprehension. To track cognitive state changes, we presented movie clips of temporally
scrambled sequences and collected continuous behavioral responses when individuals
experienced subjective feelings of understanding. Depending on the frequency of responses, we
categorized time steps of the movies into moments of high or low levels of understanding. We
separately measured causal relationships between pairwise moments of the movie and showed
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that moments of high understanding correspond to the moments when causally related past
events are likely to be reinstated in memory. In functional neuroimaging experiments, we
observed systematic modulations of blood oxygen-level dependent (BOLD) responses, as
cognitive states alternated between the two distinct modes of narrative processing. On a large
scale, the brain network enters into an integrated state during active comprehension, which is
modulated by across-modular FCs of the default mode and frontoparietal networks. Using hidden
Markov modeling (HMM) of latent neural states,18 we identified synchronized neural state
dynamics across individuals when comprehending a novel story, with the DMN being a
dominant state during high understanding moments. We further demonstrated that evolving
cognitive states can be decoded from dynamic FCs of the whole brain, suggesting that FCs can
be robust neuromarkers of distinctive modes of narrative information processing. By linking the
cognitive and neural state dynamics of story comprehension, our study provides evidence that
network-level reconfiguration underlies the ongoing naturalistic cognitive processes.

Results
Dynamic changes in subjective levels of story understanding
Three different silent films (10 min) were segmented into multiple scenes (36 ± 4 s per
scene), and their temporal order was scrambled to induce fluctuations in participants’ subjective
comprehension levels. In a behavioral experiment, subjects (N = 20 per film) watched the
scrambled version of each film first (Initial Scrambled condition), and then the same film in a
temporally intact sequence (Original condition). The scrambled order was constant for each film.
To quantify the varying levels of understanding as they attempted to understand the stories, they
were asked to press a button when they thought they had understood the story (“Aha”), or when
their previous feeling of understanding turned out to be incorrect (“Oops”). As the “Oops”
responses incorporate the psychological notion of “Aha”,19 no distinction was made between the
two response types and were summed in the analysis. The results indicate that the moments of
subjective understanding were largely consistent across individuals (Figure 1A). The responses
of all subjects were summed with a sliding window of 36 s, in steps of 1 s. A window size of 36 s
was chosen to match the average scene duration in the scrambled films. The aggregated
responses were convolved with a canonical hemodynamic response function (HRF) to
temporally relate to the functional magnetic resonance imaging (fMRI) responses. Based on the
aggregated response frequency, the top one-third of the moments were categorized as moments
of high understanding, and the bottom one-third were categorized as moments of low
understanding (Figure 1B). We discarded the middle one-third of the moments because cognitive
4
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states during those moments were subject to higher variability across subjects than the top and
bottom thirds.

Figure 1. Dynamics of cognitive states during story comprehension. (A) Responses to moments
of understanding while watching an exemplar scrambled film (N = 20). Moments of reported
subjective understanding were consistent across subjects. The responses of all subjects were
counted using a sliding time window. (B) Behavioral index of the changing level of
understanding. The top one-third of the moments with frequent responses were defined as the
moments of high understanding, whereas the bottom one-third were defined as the moments of
low understanding.

Reinstatement of the causally related past events during moments of understanding
We hypothesized that understanding narratives involves reinstating causally related past
events to integrate with incoming information, thereby constructing a causally coherent
representation of narratives.3,20 To test this hypothesis, we conducted a behavioral experiment (N
= 12 per film) where subjects first segmented the events by marking the perceived event
boundaries of the scrambled movie, then rated the causal relatedness of every possible pairwise
event on a scale from 0 to 2: 0 (no causal relationship), 1 (shares a causal relationship), and 2
(shares a causal relationship that is critical in developing the story). The responses were summed
to create moment-to-moment causal relationship matrices (Figure 2A), which displayed causal
relationships that follow a logical flow of consecutive events as well as a causal chain between
temporally discontiguous events (Figure 2B). We calculated causal relatedness of each moment
by averaging the ratings of all preceding time points that were identified as being related to the
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current moment (Figure 2C). We predicted that the high understanding moments would
correspond to moments with strong causal relations to past events. The level of understanding
was highly correlated with the temporal changes in causal relatedness for all three films
(Spearman’s r = 0.70, r = 0.40, r = 0.31, all ps < 0.001). Events corresponding to the high
understanding moments had significantly higher causal relationships with past events than the
events aligned to the low understanding moments (Wilcoxon signed-rank test; z(179) = 11.18,
z(172) = 9.37, z(178) = 8.14; all ps < 0.001 for all films).

Figure 2. Causal relatedness between events in the films. (A) Causal relatedness matrix,
indicating the causal relationships between all pairwise moments of an exemplar film (N = 12).
Subjects rated the causal relatedness of the pairwise perceived event segments of the scrambled
film on a scale from 0 to 2. All responses were summed to generate a single causal relatedness
matrix. (B) Causal relatedness matrix, re-scrambled according to an original film sequence.
Strong clustering around the diagonal indicates that the temporally contiguous moments in the
original sequence tend to be causally linked. Pairwise events that are temporally distant but
highly causally related also existed, indicating the presence of key events that are critical in
developing narratives. (C) Degree of causal relatedness to past events. For each time point, we
averaged the causal relatedness of every past moment (in different scenes) to the present
moment. Moments of high causal relatedness to past events corresponded to the moments of high
subjective levels of understanding, illustrated in Figure 1B.
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There is a possibility that semantic relatedness between events, instead of causal
relatedness, may have affected the comprehension of events. To test this alternative account, we
measured semantic relatedness between pairwise moments of the films using the pairwise vector
similarities derived from latent semantic analysis (LSA) of the sentences describing every
moment of the event.21 We used the written annotations generated by native-level English
speakers, giving detailed descriptions of each moment (2 s) in the films, including what was
happening at that moment, by whom, where, when, how, and why. The words in every sentence
were count-vectorized for LSA. Causal relatedness was significantly correlated with the semantic
relatedness above the chance level (p < 0.001, p < 0.05, p < 0.001 for each film, compared to the
null distribution of permuted semantic relatedness). Changes in understanding levels were
positively correlated with changes in semantic relatedness (Spearman’s r = 0.32, r = 0.08, r =
0.25; all ps < 0.05), and the moments of high understanding had significantly higher semantic
relatedness with the past compared to the moments of low understanding (z(179) = 8.10, z(172) =
3.52, z(178) = 6.33; all ps < 0.001). However, crucially, for all three films, the causal relatedness
showed a significant relationship with the levels of understanding after the effect of the semantic
relatedness was controlled for (partial correlations: r = 0.65, r = 0.44, r = 0.24; all ps < 0.001),
whereas the semantic relatedness could not explain the understanding levels when the effect of
causal relatedness was controlled for (r = 0.04, r = 0.08, r = 0.27; p = 0.29, p = 0.04, p < 0.001,
respectively). The results suggest that reinstatement of the causally related past occurs during the
high understanding moments, thereby constructing coherent representations of narratives.
Modulation of BOLD responses
A separate, independent group of subjects underwent an fMRI experiment, where they
watched the same sets of scrambled films inside a scanner (N = 24, 23, 20 for three film stimuli).
As in the behavioral experiment, subjects underwent the Initial Scrambled and Original
conditions, but additionally, they repeatedly watched the same scrambled film presented in the
same order (Repeated Scrambled condition). To exclude possible task-induced effects, no
explicit task was given, but subjects were instructed to attend to the stimulus and try to
understand the original temporal and causal structure of the story. We examined if the BOLD
responses were modulated by the changes in the level of understanding of the story. Using a
general linear model (GLM), whole-brain BOLD responses were compared between the
moments of high and low understanding based on the group-level behavioral index shown in
Figure 1B.
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Figure 3. Contrasts in blood oxygen-level dependent (BOLD) responses between the moments
of high and low understanding in the Initial and Repeated Scrambled conditions (cluster size >
40 and q < 0.01, N = 67). (A) Contrast between moments of high and low understanding, during
the Initial Scrambled condition. When the understanding was high, responses in the default mode
network increased, whereas responses in the dorsal attention network and visual sensory network
decreased. (B) Contrast between the same moments during the Repeated Scrambled condition.
No significant modulation of BOLD responses was observed, except decreased activation in a
low-level visual region during high understanding. Detailed results of the general linear model
analysis are summarized in Supplementary Table S1. Angular: angular gyrus, FEF: frontal eye
fields, MFG: middle frontal gyrus, mPFC: medial prefrontal cortex, MTG: middle temporal
gyrus, PreCu/PCC: precuneus/posterior cingulate cortex, Visual: visual cortex.

In the Initial Scrambled condition, BOLD responses in the angular gyrus (Angular),
precuneus (PreCu), posterior cingulate cortex (PCC), medial prefrontal cortex (mPFC), middle
temporal gyrus (MTG), and middle frontal gyrus (MFG), which together comprise the DMN,
showed higher levels of activity when a subject’s understanding was high. In contrast, when
understanding was low, the frontal eye fields (FEF), a part of the dorsal attention network
(DAN), and the visual sensory network including early and high-level visual areas showed
higher levels of BOLD responses (Figure 3A). These results suggest that the DMN regions are
involved when integrating narrative contexts to form an internal representation of the story, and
that the DAN regions are involved when attending to a range of external sensory inputs that
potentially convey narrative information. We predicted that the subjects remained attentive even
during moments of low understanding, to accumulate necessary information for later
comprehension. Similar modulations of BOLD responses were found when we applied the
behavioral indices of understanding levels acquired while the original film was viewed during
the Original condition of the fMRI dataset (Supplementary Figure S1), suggesting that similar
modulations of the DMN and DAN occurred even when the film was viewed in a natural order.
8
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These results were also replicated when non-categorized, continuous behavioral indices of
understanding levels were used as a regressor in a GLM (Supplementary Figure S2). Critically,
in the Repeated Scrambled condition, none of the functional networks showed systematic
modulation of BOLD responses, except for a small proportion of early visual areas, which
showed greater activation during moments of low understanding, also found in the Initial
Scrambled condition (Figure 3B; for a comparison between the Initial and Repeated Scrambled
conditions, see Supplementary Figure S3). Since the identical stimulus was viewed in both the
Initial and Repeated Scrambled conditions, a lack of difference between the high and low
understanding moments during the Repeated Scrambled condition indicates that the results found
in the Initial Scrambled condition were not driven by the intrinsic properties of the stimuli, but
instead derived from the cognitive state differences that correspond to different levels of
understanding. To examine stimulus-driven effects that may have resulted in larger BOLD
responses in visual areas during low understanding moments, we assessed the physical salience
of the movie frames by calculating the pixelwise stimulus intensities for every frame (1 s) of the
movie. For all three films, salience was higher during moments of low understanding than during
high understanding (Wilcoxon signed-rank tests, z(179) = 2.13, z(172) = 4.04, z(178) = 2.96 for
each film; all ps < 0.05), suggesting that increased activity in the early-level visual areas is
partially due to the higher stimulus intensities during moments of low understanding.
Reconfiguration of dynamic functional connectivities and large-scale functional networks
We then examined if the whole brain reconfigures its FC patterns and large-scale
functional networks as story comprehension evolves over time. During moments of low
understanding, we expected a segregated state of the brain, where each functional network is
engaged in its own specialized function. However, when integrating narratives into a coherent
structure, we expected a tightly integrated state that enables efficient communication across
distinctive functional systems14,22 For network analysis, we parcellated the brain into 122
regions-of-interest (ROIs)23 and grouped them into eight pre-defined functional networks, which
includes the seven cortical functional networks of Yeo et al.24 – visual (VIS), somatosensorymotor (SM), DAN, ventral attention (VAN), limbic (LIMB), frontoparietal (FPN), and DMN –
as well as one subcortical network (SUBC) consisting of subcortical regions extracted from the
FreeSurfer segmentation (thalamus, striatum, hippocampus, and amygdala). To account for the
dynamic changes in FCs in relation to cognitive state dynamics, we extracted the BOLD time
course from each ROI and computed the time-resolved, regularized, and weighted FCs between
all pairwise regions during the Initial Scrambled, Original, and Repeated Scrambled conditions,
respectively (Figure 4A). Graph theoretical measures were computed in a time-resolved manner
9
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to capture changes in large-scale functional network structures.25 To examine the degree of
functional segregation, we measured modularity, which is the degree to which functionally
specialized regions of the brain are clustered in a modular structure.26 As an indicator for
functional integration, we measured global efficiency that reflects integrative information
processing across remote regions of the brain.16,27,28

Figure 4. Dynamic reconfiguration of large-scale functional networks. (A) Schematic overview
of dynamic functional connectivity (FC) analysis using a sliding window.29 The blood oxygenlevel dependent (BOLD) time series was extracted from 122 regions of interest (ROIs).23,24
Time-resolved FC matrices were constructed for each window across film duration, and graph
theoretical network measures were computed. Network measures for each moment were
categorized by their correspondence to the cognitive states of either high or low understanding.
(B) Global network reconfiguration corresponding to cognitive state changes. During moments
of high understanding, the brain showed a functionally integrated state with lower modularity
and higher efficiency. The difference was observed in the Initial Scrambled but not Repeated
Scrambled condition. (C) Regional network reconfiguration dependent on the level of
understanding. The difference in participation coefficients of 246 ROIs between the moments of
high and low understanding, averaged across subjects. We used the ROIs defined in the
Brainnetome atlas30 to ensure whole-brain coverage, and visualized them with BrainNet Viewer
(https://www.nitrc.org/projects/bnv/).31 (D) Within-network FC strengths of the pairwise
subregions of the DMN, dependent on the level of understanding. The colors indicate network
strength differences between moments of high and low understanding, averaged across subjects.
When the understanding was high, FCs of the mPFC with the rest of the regions in the DMN
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decreased, whereas the FCs of the PreCu/PCC with the rest of the DMN regions increased except
with mPFC. mPFC: medial prefrontal cortex, PreCu/PCC: precuneus/posterior cingulate cortex.

In the Initial Scrambled condition, modularity decreased when the understanding was
high (Wilcoxon signed-rank test on the combined data of three different films; z(66) = 2.32, p <
0.05), suggesting that tight interconnections across different functional modules arise when
information is being integrated into coherent narratives (Figure 4B). In contrast, there was no
difference in modularity between high and low understanding moments during the Repeated
Scrambled condition (z(66) = 0.58, p = 0.561). A significant interaction was found between the
viewing conditions (Initial and Repeated) and the understanding levels (high and low; F(1,66) =
6.98, p < 0.05), although no main effect was observed (all ps > 0.1). Similarly, global efficiency
was higher during moments of high understanding compared to low understanding (z(66) = 3.67,
p < .001). There was no difference in global efficiency during the Repeated Scrambled condition
(z(66) = 0.58, p = 0.566), and the interaction was significant (F(1,66) = 10.62, p < 0.01).
Notably, a significant main effect of the Scrambled conditions was found (F(1,66) = 26.27, p <
0.001), with a higher efficiency when the same scrambled film was watched repeatedly. These
results suggest that the efficiency of information processing increases when a coherent
situational context is represented in the brain, consistent with previous findings of enhanced FCs
within the DMN when scrambled movies were watched repeatedly.7,8 The results were robust
when different sizes of sliding window or a different cortical parcellation were used
(Supplementary Figure S4).
Along with a global reconfiguration, the time-resolved regional network measures
between the moments of high and low understanding were compared (Figure 4C). For all ROIs,
the participation coefficient and within-modular degree z-score were measured, which indicate
the degrees of across-modular and within-modular connections, respectively. A higher
participation coefficient indicates that a region is functionally connected to the regions of other
functional networks in a distributed manner, whereas a higher within-modular degree z-score
indicates that a region is mainly associated with the regions that lie within the same network.32
During the Initial Scrambled condition, all functional networks showed higher participation
coefficients when the understanding was high compared to low. In particular, the FPN (z(66) =
4.24, FDR-p < 0.001, corrected for multiple comparisons of functional networks) and DMN
(z(66) = 2.87, FDR-p < 0.05) showed significantly higher participation coefficients for high
understanding compared to low understanding (Figure 4C). There was a significant interaction
11
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between the Scrambled conditions and understanding levels for both networks (FPN: F(1,66) =
11.93, DMN: F(1,66) = 12.29; both ps < 0.001; Supplementary Figure S5A). During the
Repeated Scrambled condition, no functional network showed similar patterns of modulation in
their across-modular FCs, except for a reversed pattern of higher participation coefficients during
low understanding in VIS and SUBC (z(66) = 3.35, z(66) = 3.21 respectively; both FDR-ps <
.01). The within-modular FCs, quantified by within-modular degree z-scores, did not differ
across the moments of high and low understanding for any of the functional networks, during
both the Initial and Repeated Scrambled conditions (all FDR-ps > 0.6; Supplementary Figure
S5B). The results were replicated with different cortical parcellation (Supplementary Figure S6).
Overall, these results indicate that the brain enters into a functionally integrated state that ensures
more efficient information transfer across functional modules when integrating narratives to
coherent representation. Such functional integration is driven by the increased across-modular
FCs of the FPN and DMN, but not by the within-modular FCs.
Although the distributed regions of the DMN are tightly associated through functional
connections and share common patterns of deactivation during tasks, previous literature has
discussed how the regions within the DMN take on different functional roles.33,34 To specify the
regional roles within the DMN during story comprehension, we compared the FC strength of the
pairwise subregions of the DMN between the moments of high and low understanding (Figure
4D). Notably, the mPFC showed decreased FCs with all other regions in the DMN (all FDR-ps <
0.05, except for a non-significant but decreasing trend of FC with MTG), whereas the
PreCu/PCC showed increased FCs with all other DMN subregions except its connection to the
mPFC (all FDR-ps < 0.05) when the understanding was high. Increased FCs of the PreCu/PCC
and decreased FCs of the mPFC, paired with other subregions of the DMN during the moments
of high understanding, support distinct functional roles of the anterior and posterior subregions
of the DMN.33.34
Latent neural state dynamics corresponding to changes in cognition
We investigated whether low-dimensional neural state dynamics track changes in
cognitive states involved with story comprehension. To infer the dynamics of latent states in an
unsupervised data-driven manner, we applied the HMM, which assumes that the observed
sequence of brain activity is probabilistically conditioned on the sequence of discrete latent
states.35-38 To characterize the observed sequence of neural activities, we first conducted grouplevel independent component analysis (ICA)39 from all subjects’ concatenated fMRI responses of
all three conditions across three different films. Thirty independent components (ICs) were
12

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.10.194647; this version posted July 18, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

identified to be signal components that were involved during film watching. The discrete latent
neural states were derived from patterns of activation and functional covariance of the 30 ICs, as
we trained the HMM on the data from the Original condition. When we set the number of latent
states to four (for information regarding the choice of the optimal number of states, see
Supplementary Figure S7), the extracted states were: i) SM + VIS, ii) DAN, iii) Integrated DMN
+ VIS, and iv) Segregated DMN + VIS (Figure 5A). Each state was labeled as one or the
combination of eight functional networks that showed the highest levels of BOLD activation
(Supplementary Table S2). Notably, the two DMN + VIS states, (iii) and (iv), showed
indistinguishable activation patterns, yet their functional covariance significantly differed such
that one had higher across-modular FCs and lower within-modular FCs than the other (all FDRps < 0.05). The one with higher across-modular and lower within-modular FCs was termed the
“Integrated” DMN + VIS state, and the other the “Segregated” DMN + VIS state. We applied the
derived states to infer the latent state dynamics in the Initial and Repeated Scrambled conditions.
First, the inferred latent states were verified to be dynamic in nature. The maximal fractional
occupancy, the highest proportion of a particular state’s occurrence across all time points per
subject, was below 50% for most of the subjects (ps < 0.001; Supplementary Figure S8),
indicating transitions from one latent state to more than one other state.35
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Figure 5. Latent neural state dynamics inferred using the hidden Markov model (HMM). (A)
Activation patterns and functional covariance of the four latent states, identified by training the
HMM with the Original condition. The SM + VIS, DAN, Segregated DMN + VIS and Integrated
DMN + VIS were termed based on their levels of blood oxygen-level dependent (BOLD)
activation corresponding to the eight pre-defined functional networks. The covariance matrix on
the right shows the difference between Integrated DMN + VIS and Segregated DMN + VIS.
Integrated DMN + VIS is characterized by higher across-modular connections and lower withinmodular connections compared to Segregated DMN + VIS. (B) State occupancy and transition
dynamics of a representative subject during the Initial Scrambled condition. Occurrences of the
states were probabilistically inferred for each time point.35,36 (C) The average fractional
occupancy of the four latent states during the moments of high and low understanding, in the
Initial and Repeated Scrambled conditions. The highlighted background between the colored
bars indicates significant differences in fractional occupancy. In the Initial Scrambled condition,
Integrated DMN + VIS occurred more frequently during high understanding, whereas SM + VIS
emerged more frequently during low understanding. No modulations in state occupancy were
observed in the Repeated Scrambled condition. DAN: dorsal attention network, DMN: default
mode network, FPN: frontoparietal network, SM: somatosensory-motor networks, VIS: visual
network.

Next, we examined whether the fractional occupancy of each neural state was modulated
as the cognitive states traversed between different levels of understanding. Figure 5B illustrates
the dynamics of the state occurrence probabilities of an exemplar subject, which is mapped in
time with the behavioral index of understanding levels. In the Initial Scrambled condition, the
SM + VIS had a higher occupancy during the moments of low understanding (t(66) = 2.84, FDRp < .05), whereas the Integrated DMN + VIS had a higher occupancy during the moments of
high understanding (t(66) = 3.64, FDR-p < .01) (Figure 5C). None of the states differed in
fractional occupancy across the two understanding levels in the Repeated Scrambled condition
(all FDR-ps > 0.2). Consistent results were found when six latent states instead of four were used
in the HMM (Supplementary Figure S9A-C). These results imply that the DMN, in tight
connection with sensory networks, is highly involved when the narratives are actively integrated.
In contrast, when one focuses on accumulating information from external inputs, the low-level
sensory and motor networks take over its role (for a comparison of fractional occupancy between
the Scrambled conditions, see Supplementary Figure S10).
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Figure 6. Synchrony of the latent neural states across individuals during the Initial and Repeated
Scrambled conditions. (A) The neural state dynamics of all subjects in the Initial (top) and
Repeated Scrambled (bottom) conditions for an exemplar film. (B) Histogram of the similarities
in state dynamics for all pairwise subjects in the two conditions. The neural state dynamics were
more similar across individuals in the Initial compared to the Repeated Scrambled condition,
indicating that common neural states emerge when individuals are actively trying to understand a
story, compared to moments when they repeatedly watch the same story. DAN: dorsal attention
network, DMN: default mode network, FPN: frontoparietal network, SM: somatosensory-motor
networks, VIS: visual network.

Furthermore, we investigated whether the neural state dynamics were synchronous across
individuals as they comprehended the same stories. Figure 6A illustrates the inferred neural state
sequence for all subjects as they watched an exemplar film stimulus in the Initial and Repeated
Scrambled conditions. The proportion of the moments when the inferred state was identical was
calculated for all pairwise subjects per film. The neural state dynamics were more synchronized
across subjects in the Initial than in the Repeated Scrambled condition (paired t-test, t(718) =
22.86, p < 0.001, Cohen’s d = 1.04; Figure 6B), which was replicated when six states were used
(Supplementary Figure S9D). These results suggest that individuals share similar neural
dynamics when actively trying to understand a novel story, yet the synchrony decreases when the
story is no longer novel due to idiosyncratic transitions of the cognitive or attentional states in
each individual.
Prediction of the evolving cognitive states using time-resolved functional connectivity
signatures
We examined whether a subjective level of understanding can be predicted from the
neural signatures. Compared to traditional predictive modeling, where a single pattern of brain
activity is linked to a trait-level behavioral score for each subject,40 we conducted dynamic
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predictive modeling, which maps time-resolved brain patterns to the time-resolved behavioral
indices (Figure 7A). The time-resolved brain patterns were measured by applying a sliding
window analysis on the FC matrices or the regional BOLD time courses, and the dynamic
behaviors were represented by the binary index of high versus low understanding at each
moment, collected from the independent behavioral study (Figure 1B). We trained a linear
support vector machine (SVM) to decode moments of high or low understanding, given the
multivariate neural features at each time point. The model was cross-validated in a leave-onesubject-out fashion, either on data within the same film (within-film decoding) or across different
films (across-film decoding; Figure 7B). The within-film decoding procedure was crossvalidated across subjects who watched the same film. The across-film decoding was conducted
by training the model on the data collected from two of the three films and testing on a held-out
subject who watched the held-out film. We performed the across-film decoding to exclude the
possibility that stimulus-driven properties, other than the cognitive states associated with story
understanding, inflate the decoding performance. Moreover, we compared the performance of
the predictive models using two types of neural signatures - the time-resolved FC strength of the
pairwise ROIs and the activation patterns of each ROI - both spanning the whole brain. An
additional feature selection procedure was employed in the FC pattern-based decoding. The
pairwise regions of which time-resolved FCs were consistently correlated with the continuous
behavioral index of story understanding were selected in every cross-validation fold (p < 0.01;
for the number of selected features, see Supplementary Table S3).40 Feature selection was not
applied in the activation pattern-based decoding due to its initial small number of features. The
pairwise FCs consistently selected (>80% of cross-validation folds) in the across-film decoding
are shown in Figure 7C. The number of FCs consistently selected across folds was far larger in
the Initial (208 pairs, 2.8% of the total pairs) than in the Repeated (3 pairs) Scrambled condition,
suggesting that the brain regions modulate their neural responses synchronously with other
regions as one actively constructs coherent narratives. In particular, the FPN and the two
attentional networks, DAN and VAN, were selected above the chance level compared to a null
distribution, where the network indices were permuted while preserving the total number of
features (all FDR-ps < 0.001).
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Figure 7. Prediction of the moment-to-moment cognitive states, using the functional
connectivities (FCs) and activation patterns of the whole brain. (A) Schematics of dynamic
predictive modeling. A traditional predictive model learns mapping between individual’s brain
patterns and corresponding behavioral scores in training datasets, to predict held-out individual’s
behavior.40 An individual subject is represented by a single brain pattern and a trait-level
behavioral score, which discounts temporal variability. A dynamic predictive model, however,
predicts time-resolved behaviors (e.g., changes in behavioral performance or changes in
cognitive states) from time-resolved brain patterns. (B) Illustration of the two cross-validation
schemes. In the within-film decoding, the model was tested on the held-out subject who watched
the same film. In the across-film decoding, the model was tested on the held-out subject who
watched the held-out film. (C) The pairwise regions that were consistently selected as features
(>80% of cross-validation folds) in the across-film decoding. A larger number of FCs were
selected to be significantly correlated with the changes in cognitive states during the Initial
compared to the Repeated Scrambled condition. (D) Prediction performance. Although both FCand activation-pattern based predictions were successful in decoding the cognitive state in the
within-film decoding, only the FC pattern-based prediction was successful in the across-film
decoding. The gray areas indicate 95% confidence intervals of the decoding performance using
permuted behavioral indices. DAN: dorsal attention, DMN: default mode network, FPN:
frontoparietal network, LIMB: limbic network, SM: somatosensory-motor networks, SUBC:
subcortical networks, VAN: ventral attention network, VIS: visual network.

The results of the predictive modeling are illustrated in Figure 7D. In the within-film
decoding, the predictive performance was higher for the Initial than for the Repeated Scrambled
condition, when either FC patterns (z(66) = 4.30, p < 0.001) or activation patterns (z(66) = 2.95,
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p < 0.01) were used. A significant interaction between the Scrambled conditions (Initial and
Repeated) and the type of neural features (FC patterns and activation patterns) was found
(F(1,66) = 7.78, p < 0.01), which indicates a larger performance improvement in the Initial
compared to the Repeated Scrambled condition when FC patterns were used for decoding. In the
across-film decoding, when the FC patterns were used, the prediction accuracy of the Initial
Scrambled condition outperformed that of the Repeated Scrambled condition (z(66) = 3.43, p <
0.001). However, when activation patterns were used, the performance did not differ between the
Initial and Repeated Scrambled conditions (z(66) = 1.40, p = 0.161), leading to a significant
interaction (F(1,66) = 17.43, p < 0.001). The superior performance of the FC pattern-based
across-film decoding suggests that the FCs of the whole brain contain information on cognitive
states that can generalize across stories. All conditions, except FC pattern-based, across-film
decoding in the Repeated Scrambled condition (p = 0.828) were significantly different from a
chance-level distribution (1,000 permutations of behavioral indices, all ps < 0.05).
The results may have been driven by the feature selection procedure, which was only
applied to the FC pattern-based decoding. Thus, we used the activation patterns of the whole
brain voxels instead of the ROIs and applied the same feature selection method as the FC
pattern-based decoding (Supplementary Figure S11). The results remained consistent, which
indicates that the failure of the across-film decoding using activation patterns (Figure 7D) cannot
be attributed to either the smaller number of features or the absence of feature selection. To
examine if specific functional networks selectively contribute to decoding cognitive states, we
conducted decoding analyses using the FCs of each functional network separately as a seed
(Supplementary Figure S12A), or the activation patterns of the ROIs within respective functional
networks (Supplementary Figure S12B). The trend of results obtained from the whole brain was
comparable when respective functional networks were tested individually, indicating that the
cognitive states related to one’s level of story understanding are not restricted to the operation of
a particular functional system. Overall, the results revealed that the cognitive states associated
with story understanding are more robustly represented by the dynamic FCs that span the whole
brain, as opposed to regional activation patterns.

Discussion
This study characterizes story understanding as the dynamic interplay of information
accumulation (i.e., when having low understanding of narratives) and integration (i.e., when
active understanding occurs). We identified the dynamic fluctuation of these cognitive states
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from subjects’ behavioral responses as they watched temporally scrambled films (Figure 1). By
assessing the causal relationships of the events, we showed that the moments of narrative
integration corresponded to the moments when causally related past events were likely to be
reinstated in memory (Figure 2). Using fMRI, we showed how large-scale functional networks of
the brain adaptively reconfigure its activation and connective states when individuals engage in
comprehending narratives. The systematic modulation of BOLD responses was observed, with
higher DMN activities during moments of high understanding, and higher DAN activities during
moments of low understanding (Figure 3). Additionally, whole brain network-level
reconfiguration was aligned to cognitive state changes. The networks entered a functionally
integrated state during moments of high understanding, supported by the across-modular
connections of the DMN and FPN (Figure 4). Using HMM, we showed that the DMN in a
functionally integrated state becomes dominant during information integration, whereas sensory
and motor networks become dominant during information accumulation (Figure 5). The latent
states were synchronized across subjects when comprehending novel stories (Figure 6). We
further demonstrated that evolving cognitive states of unseen individuals can be predicted using
time-resolved FCs, and that the prediction can be generalized across different stories (Figure 7).
Prior fMRI studies on large-scale networks focused on comparing brain states during task
versus rest,15 tasks with different cognitive loads,14,41 or focused versus unfocused attentional
states.42,43 However, dynamic state changes that accompany cognition in naturalistic settings are
far more complex and mostly occur without explicit task structures. Understanding a temporally
scrambled story necessitates a constant attentional focus, but at the same time requires
continuous shifts in cognitive states between information accumulation and integration. Previous
work theorized the notion of ‘external’ and ‘internal’ modes of information processing,
illustrating how the brain undergoes state changes between accumulating the information from
the external world, and integrating the accumulated information with a focus on internal, selfgenerated thoughts.44,45 We suggest that story comprehension is an exemplary naturalistic
cognitive process that entails adaptive switching between the two states of information
processing. Our study further illustrates that dynamic switches between segregated and
integrated states of functional networks of the brain, which were previously suggested to reflect
the efficiency and flexibility when performing cognitive tasks or during rest,14,16,17,41 are also
associated with the externally- and internally-directed modes of information processing during
story comprehension.
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Our results are consistent with previous findings indicating DMN as a hub of narrative
information processing, with its activation patterns representing discrete events,5,6 and its withinnetwork FCs representing a degree of story coherence.7,8 Although encoding of events may be
mediated by the regional BOLD activation patterns, our results imply that the process of
constructing narratives by integrating inputs with one’s memory is likely to be mediated by the
synchronous or de-synchronous activities across distinct functional networks. Story
comprehension may require collaborative and collective operations of large-scale networks,
which efficiently reconfigure their network states depending on the type of cognitive processes
adaptively recruited at that moment.
Future studies are necessary to investigate the underlying computational mechanisms
explaining the accumulation and integration of narratives46,47 in relation to the neural
representation formed on a moment-to-moment basis.48-50 Our work provides insights into the
cognitive and computational processes on how representations of discrete events across distant
times in memory, chained with causal relations, may be integrated with accumulated inputs in
real-time to form coherent narratives. Communication of information between functional
modules of the brain during story comprehension may be implemented via modulation of FCs
and global reconfiguration of the dynamic brain states.
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Methods
Subjects Independent groups of subjects participated in two behavioral and one fMRI
experiments (Behavioral Experiment 1: 20 subjects per film, with a total of 27 subjects; five
women, mean age 22.6 ± 2.1 years. Behavioral Experiment 2: 12 subjects per film, with a total of
29 subjects; 10 women, mean age 21.6 ± 2.2 years. FMRI Experiment: 24 subjects for Cops, 23
subjects for The Kid, and 20 subjects for Mr. Bean, with a total of 30 subjects; 10 women, mean
age 24 ± 2.1 years). None of the subjects had watched the films prior to the experiment. All but
one subject were native Korean speakers. All subjects who participated in the fMRI study were
right-handed, except one. Subjects reported no history of visual, hearing, or any form of
neurological impairment. The subjects provided informed consent before taking part in the study
and were monetarily compensated. The study was approved by the Institutional Review Board of
Sungkyunkwan University.
Film Stimuli Three movie clips - Cops (1922, Keaton & Cline), The Kid (1921, Chaplin), and
Mr. Bean: The Animated Series, Art Thief (season 2, episode 13; 2003) - were used in both
behavioral and fMRI experiments. Since the films did not contain any form of verbal
communication or narration, narratives were mainly delivered in the visual modality. Each
original film was edited to a 10 min version where a coherent narrative was complete within the
given time. Each film was divided into 16 (The Kid) or 17 (Cops and Mr. Bean) scene segments
and shuffled in pseudorandom order, such that dynamic changes in the subjective level of
understanding could be induced. Most segments were demarcated by the original director’s cut,
and the length of each segment was adjusted to between 32 s and 40 s, with 1 s increments. The
speed adjustment was minor, and none of the subjects reported perceived differences in the speed
of the scenes.
Behavioral Experiment 1: Subjective level of understanding We collected behavioral
responses while subjects were watching a film in a scrambled sequence (Initial Scrambled) and
then in the original sequence (Original). The stimuli were presented by GStreamer library (OpenSource, 2014) and the responses were recorded with Matlab (Mathworks, Natick, MA, USA) and
Psychtoolbox.51,52 The experiment was conducted in a dimly lit room where the films were
presented on a CRT monitor. Prior to the experiment, subjects participated in a practice session
with a different movie clip, Oggy and the Cockroaches: The Animated Series, Panic Room
(season 4, episode 8; 2013). Subjects pressed a button when they thought that they had
understood the story (“Aha” response: e.g., when the temporal sequence or the causal
relationship of the original story were understood, or when interim understanding of previously
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presented events occurred), and pressed another button when they realized their prior
understanding was incorrect (“Oops” response). The experiment started with the Initial
Scrambled condition, followed by a 30 s rest with a blank screen, then followed by the Original
condition. After watching the films, subjects completed a comprehension quiz about the plots
and contents of the story. The quiz consisted of six true or false questions, four short answer
questions, and two questions on the original temporal sequence of the film. The data of two
subjects who scored exceptionally low were excluded from the analyses. The button responses of
both “Aha” and “Oops” of all subjects were summed without distinction in a sliding window of
36 s with a step size of 1 s. The two types of responses were not discerned in the analysis,
because the psychological notion of “Oops” contains the state of “Aha.”19 We initially chose a
window size of 36 s to match the average duration of each scene segments in the scrambled
films, but replicated our results with window sizes of 24 s, 30 s, 36 s, and 42 s. The number of
aggregated responses at each moment was convolved with canonical HRF to relate to the BOLD
responses. The top one-third of the moments with frequent responses across subjects were
labeled as the moments of ‘high understanding’ and the bottom one-third were labeled as the
moments of ‘low understanding.’ We discarded the middle one-third due to low consistency in
responses across subjects. With an assumption that cognitive states of understanding are not
instantaneous but prolonged, the labeled moments were discarded if they did not persist for at
least 10 consecutive time points. The number of discarded time points was small; 6.02 ± 5.72%
of the one-third splits of the total time points.
Behavioral Experiment 2: Degree of causal relatedness to past events We collected reports of
causal relations between all pairwise events of the scrambled films. The stimuli presentation and
response recording were controlled with Adobe Premiere Pro CC (Adobe Systems, San Jose,
CA, US). Subjects initially watched the film in scrambled and original orders. Then, they were
asked to segment the scrambled film in terms of the events’ narrative contents, by marking event
boundaries without limit on the total number as they freely swiped through the film on the video
editor.6,53 The scene boundaries created by initial temporal scrambling were marked in the video
editor. Next, subjects were instructed to write a short description of each segmented event.
Finally, using the descriptions of the events, subjects rated the degree of causal relatedness of all
possible pairwise events on a scale of 0 to 2. A pair of events was rated 1 if one event was
causally attributed to, or explained by, the happening of another event. A pair was rated 2 if a
causal relatedness between pairwise events played a main role in developing the key narratives
of the story. The pairwise events that had no significant causal relatedness were rated 0. Subjects
performed the task at their own pace without time limit. The timings of the perceived event
22

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.10.194647; this version posted July 18, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

boundaries were rounded to a 1 s sampling rate. By summing all the subjects’ ratings, a causal
relatedness matrix for each film was constructed, which specified degrees of causal relatedness
of all pairwise moments for the duration of the film. We re-scrambled the event sequence back to
the original order to validate the key causal relatedness of events that were critical for story
development. The causal relatedness score of each moment was computed by averaging every
past moments’ causal relatedness to the present moment. High causal relatedness scores
indicated that the past events were more likely to be reinstated in memory while a current event
was processed.
Control Experiment: Degree of semantic relatedness with past events As a control
experiment, we measured the degree of semantic relatedness between all pairwise events of the
scrambled films. Written annotations of the narrative contents were given to every 2 s of the
scrambled films by four annotators (four females, mean age 24.5 ± 1.3 years) with native-level
English proficiency, including the first author. The annotators had never watched the films prior
to the annotations, except the first author. The example annotations in Nishida & Nishimoto
(2018) were used to instruct the annotators.54 Specifically, the annotators were instructed to
make detailed descriptions of each scene, including what is happening at the current moment, by
whom, where, when, how, and why. All words included in every 2 s of the annotations were
count-vectorized. Latent semantic analysis (LSA; sklearn.decomposition.TruncatedSVD)21 was
conducted, which quantifies the semantics of every 2 s annotation by the distribution of words
using singular value decomposition (dimensionality set to 100). The semantic relatedness
between the pairwise moments of the films were calculated by the cosine similarities between the
LSA output vectors. The semantic relatedness score of each moment was computed by averaging
every past moments’ semantic relatedness to the present moment.
Control Experiment: Stimulus saliency The visual salience was measured for all video frames
at a sampling rate of 1 s. The pixelwise intensity of each frame was measured by
SaliencyToolbox,55 and the intensities of every location was averaged to represent framewise
salience. The saliency measures of the frames that corresponded to the moments of high and low
understanding were compared using a Wilcoxon signed-rank test.
Functional MRI experiment Subjects were scanned with a 3T scanner (Magnetom Prisma;
Siemens Healthineers, Erlangen, Germany) with a 64-channel head coil. A session consisted of
one anatomical run and one task-based functional run. The anatomical images were acquired
before or after viewing the film using T1-weighted magnetization-prepared rapid gradient echo
23
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pulse sequence (repetition time (TR) = 2,200 ms, echo time (TE) = 2.44 ms, field of view = 256
mm × 256 mm, and 1 mm isotropic voxels). Functional images were acquired using a T2*weighted echo planar imaging (EPI) sequence (TR = 1,000 ms, TE = 30 ms, multiband factor =
3, field of view = 240 mm × 240 mm, and 3 mm isotropic voxels, with 48 slices covering the
whole brain). A single EPI run lasted for 31 m 20 s, which included 30 s of blank fixation
periods in between the three film-watching conditions (Initial Scrambled, Original, and Repeated
Scrambled), and 10 s of additional fixations at the start and end of the run. Subjects were
instructed to attend to the film at all times, and to try to understand the original temporal and
causal structures of the scrambled film. The stimuli were projected from a Propixx projector
(VPixx Technologies, Bruno, Canada), with a resolution of 1920 pixels × 1080 pixels and a
refresh rate of 60 Hz. The films were projected onto the center of the screen, with a 22.6° × 15.1°
field of view. The background music that accompanied the film was delivered by MRI
compatible in-ear headphones (MR Confon; Cambridge Research Systems, Rochester, UK).
Image preprocessing Structural images were bias field corrected and spatially normalized to the
Montreal Neurological Institute (MNI) space. The first 10 images of the functional data were
discarded to allow the MR signal to achieve T1 equilibration. Functional images were motioncorrected using the six rigid-body transformation parameters. After motion correction, there was
no difference in the framewise displacement (FD)56,57 between the moments of low and high
understanding, in both the Initial (high: FD = 0.039 ± 0.007, low: FD = 0.039 ± 0.007; t(66) =
0.511, p = 0.611) and Repeated (high: FD = 0.041 ± 0.006, low: FD = 0.041 ± 0.006; t(66) =
1.282, p = 0.204) Scrambled conditions. The functional images were slice timing-corrected,
intensity-normalized, and registered to MNI-aligned T1-weighted images. We applied the
FMRIB’s ICA-based X-noiseifier (FIX) to automatically identify and remove noise
components.58–60 The BOLD time series was linearly detrended and band pass filtered (0.009 Hz
< f < 0.125 Hz) to remove low frequency confounds and high frequency physiological noise. The
data were spatially smoothed with a Gaussian kernel of full width at half maximum of 5 mm. All
analyses were conducted in the volumetric space and the cortical surface of the MNI standard
template was reconstructed using Freesurfer61 for visualization purposes.
Whole brain parcellation Cortical regions were parcellated into 114 ROIs following Yeo et
al.23 based on a seven-network cortical parcellation estimated from the resting-state functional
data of 1,000 adults.24 Subcortical regions were parcellated into eight ROIs, corresponding to the
bilateral amygdala, hippocampus, thalamus, and striatum, extracted from the Freesurfer
segmentation of the FSL MNI152 template brain.23 The time series of the voxels within each
24
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ROI were averaged, resulting in a matrix of functional scan duration (1870 s) × region (122
ROIs). To replicate the results using different atlases, we used the BNA that parcellates the
whole brain into 246 ROIs without spatial overlap.30 For a comparison between the two
parcellation schemes, we calculated the topological overlap between each BNA ROI and the
eight pre-defined functional networks of Yeo et al,24 which was regarded as the probability of a
specific BNA ROI being identified as part of each of the eight functional networks. The network
label with the highest probability was assigned to each BNA ROI.
Dynamic functional connectivity and network analysis Sliding window correlation was used
to measure dynamic FCs of the pairwise regions.29,62-65 A window size of 36 s was used, which
matches the average duration of a scrambled scene of the film. The chosen window size fell
within the range of optimal window size suggested by previous research.66-68 A tapered window,
convolved with a Gaussian kernel of σ = 3 s, was used to give higher weights to the center of the
window.29,69,70 An L1 penalty was added to increase the sparsity of the resulting correlation
matrices, using the Graphical Lasso.71 The regularization parameter was fixed to λ= 0.01 for the
ROIs selected from the Yeo et al.24 atlas and to λ = 0.1 for the BNA ROIs.71 The regularized
correlation matrices were then Fisher’s z-transformed. Using sparse, weighted, and undirected
FC matrices, we conducted graph theoretical network analyses, using the Brain Connectivity
Toolbox (https://sites.google.com/site/bctnet/).25 As a global network measure, we calculated
modularity by iteratively maximizing the modular structures using the Louvain algorithm72-75
with a resolution parameter 𝛾 = 1. Both the positive and negative edges were included, but a
reduced weight was given to the negative edges, due to a higher significance of positive weights
in the community structure of the functional brain.14,76 Further, we quantified global efficiency,
after thresholding the matrices by leaving only the positive edges.25 The global efficiency was
measured as the average inverse shortest path length between all pairs of regions in the
network.77 Next, as regional measures of across-modular and within-modular connections, we
calculated the participation coefficient and within-module degree z-score, based on the timeresolved community structure derived from the Louvain modularity algorithm (see
Supplementary Method for details).14,32
For each subject, the time-resolved network measures were averaged to produce a single
summary value representing either a moment of high or low level of understanding. The results
from all subjects across three film stimuli were combined, and the Wilcoxon signed-rank tests
were performed between the summary network measures that corresponded to high and low
understanding moments. Statistical values from the regional network analysis and all subsequent
analyses were FDR corrected for multiple comparisons across different functional networks.78,79
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Additionally, we compared the FC strengths of the pairwise regions of the DMN. The ROIs
indicated as part of the DMN from Yeo et al.24 were grouped into five regions – the mPFC,
MFG, MTG, angular gyrus, and PreCu/PCC – based on their anatomical separations.7 The
BOLD time series was extracted from each subregion of the DMN, and the Fisher’s r-to-z
transformed correlation matrices, without L1 regularization, were calculated for all pairs using
tapered sliding windows. Likewise, the average FC strengths corresponding to moments of high
and low understanding were computed for each individual and compared using Wilcoxon signedrank tests.
Hidden Markov model We defined ROIs based on group-level ICA,39 using FSL-MELODIC
(http://www.fmrib.ox.ac.uk/fsl/melodic/index.html). The fMRI data of all subjects in all three
conditions of the three different films were concatenated. The ICs were automatically extracted,
then the authors hand-labeled the signal ICs, which resulted in total of 30 ICs. If an IC i)
spatially overlapped with white matter or cerebrospinal fluid (CSF), ii) was derived from motion
artifacts, or iii) had a temporal frequency that lied outside of a signal range (f > 0.125 Hz), it was
discarded as a ‘noise’ IC. The signal ICs were qualitatively validated from their spatial overlaps
with the well-known ICs identified from resting-state functional networks defined by Smith et
al.80
We iteratively searched for the optimal number of states (K), within a range of two to
eight. Since there is no straightforward, data-driven method of selecting the optimal K due to the
known problem that the free energy of the model monotonically decreases as K increases,38 K
was determined based on the model consistency35 and generalizability6 computed using the
BOLD time series of the Original condition. We first tested the model consistency across
iterations, where the same HMM training and inference procedures were repeated five times
using the same hyper-parameters. The inferred sequences of latent states between pairwise
iterations were compared. In addition, we tested the model generalizability, examining whether
the model’s inferred sequence of the held-out subject’s fMRI responses could explain the
average fMRI response patterns of other subjects who watched the same film. The assumption
was that neural dynamics are synchronized across subjects who watch the same films.81 After K
was determined based on the criteria of model consistency and generalizability among five
iterations, we chose the one that had the highest log probability of the inferred state sequence,
given the observed BOLD time series.
The HMM was trained using the concatenated time series of all subjects’ Original
conditions of three different film datasets (hmmlearn.hmm.GaussianHMM). To overcome the
problem of local minima during the initialization of the HMM inference, we initialized the HMM
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parameters using the output of k-means clustering with the same K (sklearn.cluster.KMeans).
Expectation-Maximization (EM)82 of the forward-backward algorithm was used to estimate the
optimal model parameters - transition probability, and emission probability. The log-likelihood
of the observation was iteratively estimated, conditioned on the model. The number of iterations
with different centroid seeds was set to 500. We decided that the forward-backward algorithm
approached an asymptote when the gain in log-likelihood reached 0.001 during the re-estimation
process. No restraint was given to the transition probability matrix so that the transitions could
occur to all possible states. We modeled the emission probabilities using a mixture Gaussian
density function, where the mean vector and covariance matrix were produced from the 30th
mixture components for each state. The mean vector was characterized as the weights given to
the activation of the 30 ICs, and the covariance matrix was characterized as the functional
covariance between the pairwise ICs.35,36 We defined each inferred neural state as the weighted
sum of the extracted ICs with the mean vectors. To label each neural state as a known functional
network, we masked the whole brain with Yeo et al.’s24 eight functional networks and compared
the levels of activation corresponding to each network. The latent state was defined as a
functional network that showed the highest level of activation. In instances where the two
functional networks had comparable activation profiles, the state was termed using both
networks (e.g., SM + VIS). The covariance matrix of each state was defined by the pairwise
temporal covariance of the 30 ICs during the emergence of a discrete latent state within the fitted
sequence. We applied the Louvain modularity algorithm to all latent states’ covariance matrices
with varying Ks, and the output was consistently three modules. The modules were largely
grouped as i) DMN + FPN, ii) VIS, and iii) SM, which were identified from the module’s
probabilistic spatial correspondence to the resting-state functional networks defined by Smith et
al.80
The estimated transition and emission probabilities were applied to decode the most
probable sequence of the concatenated time series of all subjects during the Initial and Repeated
Scrambled conditions, using the Viterbi algorithm.83 The outcome of the Viterbi algorithm is the
probability of each latent state being most dominant at a specific time point. We chose the state
with the highest probability to be a latent state at a specific moment, thus discretizing the latent
sequence. To observe whether a neural state was dominantly associated with a certain cognitive
state, we measured fractional occupancy during the moments of high and low understanding per
subject. We conducted paired t-tests to compare fractional occupancy per state. We compared the
pairwise-subject similarity of the inferred state sequences between the Initial and Repeated
Scrambled conditions. For all pairwise subjects, the proportion of the paired time points having
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the identical latent state was measured. The state similarity measures were compared between the
Initial and Repeated Scrambled conditions using a paired t-test.
Dynamic predictive modeling For the FC-pattern based decoding, the Fisher’s r-to-z
transformed correlation matrices, without L1 regularization, were calculated for pairwise regions
of 122 ROIs using tapered sliding windows. The FC strengths of each time window were used as
features, corresponding to binary indices of understanding levels. Feature selection was
employed in the FC pattern-based decoding. For the training dataset in each cross-validation
fold, every pairwise region’s dynamic FC strength was correlated with changing levels of story
understanding (Pearson’s correlation). If the distribution of training subjects’ correlations with
the behavioral measure was significantly different from zero (one-sample t-test, p < 0.01),
regardless of whether the average correlation was positive or negative, the feature was used in
the SVM. In the activation-pattern based decoding, the time series of the 122 ROIs were used as
features. For both types of decoding, we conducted normalization (Z-transformation) within each
feature dimension per individual, thus maintaining within-feature temporal variance while
removing across-subject and across-feature variances. A linear SVM (sklearn.svm.LinearSVC)
was trained to classify the level of understanding (high vs. low), given the neural patterns at
every time point of the training subjects. The model was tested on the held-out subject’s every
time point and was cross-validated in a leave-one-subject-out fashion. The decoding accuracy
was calculated by the proportion of correct classifications (high vs. low) over the total number of
time points, which generates a chance level of 0.5. The performance in every cross-validation
was averaged to represent an overall decoding performance. The actual decoding accuracy was
compared to the distribution of decoding accuracies obtained from the permuted null data (p = (1
+ number of null accuracies ≥ actual accuracy) / (1 + number of permutations), with number of
permutations = 1,000). For permutation, the labels of high and low were randomly shuffled in
every iterative training and testing session, while maintaining the distribution of consecutive
labels of the nearby time points comparable to the actual behavioral index.
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