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eLife Assessment
This manuscript provides important information on the neurodynamics of emotional processing 
while participants were watching movie clips. This work provides convincing results in deciphering 
the temporal-spatial dynamics of emotional processing. This work will be of interest to affective 
neuroscientists and fMRI researchers in general.

Abstract The experience of emotions is that of dynamic, time-changing processes. Yet, many 
functional MRI (fMRI) studies of emotion average across time to focus on maps of static activations, 
overlooking the temporal dimension of emotional responses. In this study, we used time-resolved 
fMRI, group spatial independent component analysis (ICA), dual regression, and Gaussian curve 
fitting to examine both the spatial and temporal properties of whole-brain networks during a behav-
ioral task. This task included trials that spanned over 25 s of watching short, emotionally evocative 
movie clips, making emotion-related decisions, and an intertrial rest period. We identified four 
whole-brain networks with unique spatial and temporal features that mapped onto different stages 
of the task. A network activated early in the course of the task included perceptual and affective 
evaluation regions, while two later networks supported semantic interpretation and decision-making, 
and a final network aligned with default mode activity. Both spatial and temporal properties of all 
four networks were modulated by the emotional content of the movie clips. Our findings extend 
current models of emotion by integrating temporal dynamics with large-scale network activity, 
offering a richer framework for understanding how emotions unfold across distributed circuits. Such 
temporal-spatial markers of emotional processing may prove valuable for identifying and tracking 
alterations in clinical populations.

Introduction
The relationship between emotions and brain function has been a central focus of affective neuro-
science, with foundational studies elucidating the roles of structures such as the amygdala, insula, 
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and prefrontal cortex in emotional processing (LaBar et al., 1995; Ochsner et al., 2002). Despite 
significant progress, most functional MRI (fMRI) studies have adopted a static view of emotions, often 
emphasizing localized brain activations or static connectivity patterns rather than the dynamic and 
distributed nature of emotional processing (see Kuppens and Verduyn, 2017; Pessoa, 2017; Waugh 
et al., 2015, for discussion). This particular approach to studying emotions arises in part because 
analytical techniques collapse time-varying fMRI activity into static spatial maps and also because 
experimental paradigms typically use unchanging stimuli (Murphy et al., 2003; Phan et al., 2002). 
In the present study, we collected fMRI data while participants performed a behavioral task with 
trials that paired the viewing of emotionally evocative short movie clips with a subsequent discrete 
emotion decision task, as well as an intertrial rest period. We sought to address three key ques-
tions: (1) What distinct whole-brain networks underlie performance during this task? (2) Do the spatial 
distributions of these networks vary as a function of the emotional content of the stimuli? (3) Are the 
temporal dynamics of these networks—such as their time to peak, peak value, or duration—sensitive 
to the emotional characteristics of the stimuli? To answer these questions, we relied on a data-driven 
approach that emphasized a combined spatial and temporal view on fMRI data analysis.

Previous studies investigating emotional processing with fMRI have generally revealed a static view 
of emotions in the brain. Specifically, recent research has highlighted that emotions engage wide-
spread networks involving multiple interconnected regions, reflecting the complex and distributed 
nature of emotional processing (Kober et  al., 2008; Lindquist et  al., 2012; Palomero-Gallagher 
and Amunts, 2022; Pessoa, 2017; Zhou et al., 2021). For instance, Riedel et al., 2018, applied a 
meta-analytic clustering approach to over 1700 neuroimaging experiments to delineate five distinct 
whole-brain networks associated with emotional processing. The first two networks were linked with 
visual and auditory perception, with convergent activation in the visual (occipital) and auditory (supe-
rior temporal) cortices, respectively. The third network captured the salience network, including the 
insula and dorsal anterior cingulate cortex, reflecting attention to emotionally salient information. The 
fourth network was associated with appraisal and prediction of emotional events, involving regions 
of the default mode network, such as the medial prefrontal and posterior cingulate cortices. The fifth 
network focused on the induction of emotional responses, with key contributions from the amygdala, 
parahippocampal gyri, and fusiform gyri, underscoring its role in generating contextually relevant 
emotional responses. While this and other studies highlight the involvement of large-scale networks 
in the processing of emotion and therefore go beyond the traditional one-to-one mapping between 
brain regions and emotions (e.g. Murphy et al., 2003), they do not reveal the temporal component 
associated with these networks.

Traditionally, many fMRI studies of emotion have employed decontextualized static images of facial 
expressions or evocative pictures to elicit emotional responses (Adolphs, 2002; Liu et  al., 2021; 
Wallenwein et al., 2024). In contrast, more recent studies have argued that movies offer a richer 
perceptual experience that is of a higher ecological validity (Sonkusare et al., 2019; Finn and Bandet-
tini, 2021). Filmmakers are adept at eliciting specific emotions in viewers (Westermann et al., 1996), 
and recent studies have shown that using movies as emotion-evoking stimuli can provide new insights 
into the relationship between emotions and the brain (Jääskeläinen et al., 2021; Morgenroth et al., 
2023; Saarimäki, 2021). However, a limitation of current studies using movie clips is that they often 
employ lengthy segments lasting several minutes, during which multiple cognitive and emotional 
events can occur (e.g. Xu et al., 2023; Vemuri and Surampudi, 2015). This complexity makes it chal-
lenging to disentangle the dynamic changes in emotional processing over time (but see Meer et al., 
2020). To address this issue, shorter movie clips focusing on a single event can be utilized to better 
control and observe how emotions develop over time within events. In addition, an important aspect 
of emotions concerns not only their initial expression but also how they are regulated following that 
initial response (Etkin et al., 2015; Ochsner and Gross, 2008). This suggests that the study of the 
brain dynamics of emotions should focus not only on the stimulus event but should also examine how 
brain responses change after the event has concluded. Incorporating short periods of rest after the 
presentation of short movie clips may facilitate the investigation of post-event emotional regulation 
processes and how they are represented in the brain.

In the current study, participants viewed 12.5 s audiovisual clips selected from the movie Forrest 
Gump (Zemeckis et al., 1994). Each clip was specifically chosen to evoke a single emotion—happi-
ness, fear, or sadness—with each emotion equally represented across a total of 15 clips. Following 
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each clip, participants completed a two-alternative forced-choice decision task using discrete emotion 
words denoting the emotion experienced by the movie’s protagonist. Finally, there was a 10 s intertrial 
rest period. We collected whole-brain fMRI data at 2 mm spatial resolution, and extracted the event-
related fMRI signal at 2 s temporal resolution across a 28 s epoch for each emotion type and for each 
participant using slice-based fMRI (Janssen et al., 2018; Janssen and Mendieta, 2020). In parallel 
with resting-state analyses, we then performed group spatial independent component analysis (ICA) 
to identify large-scale networks with distinct spatial distributions and temporal profiles (Beckmann 
and Smith, 2004; Smith et al., 2009). The spatial and temporal properties of the discovered networks 
were further quantified using dual regression (Beckmann et  al., 2009) and Gaussian curve fitting 
(Janssen and Mendieta, 2020; Kruggel et al., 2000; Lindquist et al., 2009), respectively. Finally, 
we performed mixed-effects regression modeling and inferential statistics to establish the reliability 
of our results.

The emotions that are experienced by the protagonist in each clip developed gradually over the 
course of each clip rather than appearing immediately. In other words, while the visual and auditory 
perception of the movie clip is instantaneous, the comprehension of its emotional content requires 
more nuanced processing that lags behind the immediate perceptual input stream. Therefore, we 
expected to detect brain networks associated with initial sensory processing, involving primary visual 
and auditory cortices (Riedel et al., 2018), as well as networks related to higher-level cognitive and 

Figure 1. Overview of quality control of structural data with Euler number (A), functional MRI (fMRI) head motion scores (B), analysis of name agreement 
using binomial GLM (logit link) with condition as a fixed effect and Bonferroni-adjusted pairwise contrasts. Error bars reflect standard deviations for the 
scores of 22 participants per condition, (C) and reaction times using mixed effect model with condition as a fixed effect and a subject random intercept 
and Bonferroni-corrected pairwise contrasts Error bars reflect the standard errors of the model coefficients (D), and overview of the task (E).

© 1994, Paramount Pictures. Screenshots in panel E are taken from 'Forrest Gump' (1994). These are not covered by the CC-BY 4.0 license.

https://doi.org/10.7554/eLife.106070
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emotional processing, such as those involving the middle temporal gyrus and other association areas 
(Huth et al., 2016; Visser et al., 2012). Given that we analyzed the entire behavioral task—including 
the decision stage and the rest period—we anticipated identifying additional large-scale networks 
associated with these later stages of the task, such as a response initiation network involving primary 
motor cortices and the default mode network (Satpute and Lindquist, 2019).

Results
Analysis of the behavioral data showed that participants did not treat the three emotion categories in 
the same way. Specifically, as can be seen in Figure 1C, there was higher agreement among partici-
pants on the target response in the sad vs the other two emotion categories (Sad vs Happy p<0.02; 
Sad vs Fear p<0.04). In addition, as can be seen in Figure 1D, decisions for the sad condition were 
faster compared to the other two conditions (Sad vs Happy p<0.003; Sad vs Fear p<0.008; Figure 2).

Group spatial ICA of the 4D slice-based fMRI datasets first revealed that the estimated optimal 
model selection occurred with six dimensions. As can be seen in Figure 3, four of these networks 
corresponded to signal, and two were considered noise. Figure 3 shows both spatial distributions and 
mean temporal profiles associated with each IC network. Visual inspection of these temporal profiles 

Figure 2. Slice-based functional MRI (fMRI) explanation (A, B), results (C), and subsequent processing steps (D). In a hypothetical fMRI data acquisition 
protocol (A), three slices are acquired with TR = 2 s resulting in Slice-Acquisition Times (SAT) of 0, 0.7, 1.3 s, etc. The key point is that stimulus 
presentations are combined to extract the fMRI signal at high temporal resolution (Janssen et al., 2018). Three stimulus trials (T1.RT, T2.RT, T3.RT and 
red, yellow, green bars) whose onset coincides with each slice results in slices sampling the brain at all time points during a 6 s epoch relative to the 
onset of the stimulus. Thus, for a specific voxel on slice 2 (B), after these three stimulus trials, signal intensities at a temporal resolution equal to the 
ΔSAT (0.7 s) are acquired. Statistical models can extract the fMRI signal (B, gray dashed line) at this or at a higher powered binned, but lower temporal 
resolution. Results from group-level Slice-Based analysis of movie clips at 2 s resolution for the separate happy, fear, and sad trials (not all time points 
shown). Note that results reveal complex increases (hot colors) and decreases (cool colors) of signals across the whole brain during the 26 s epoch 
(C). The slice-based datasets for the happy, fear, and sad trials for each subject were then concatenated and entered into group spatial independent 
component analysis (ICA) for the detection of component maps and time courses (D).

https://doi.org/10.7554/eLife.106070
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enables an association with the different stages of the behavioral task. Specifically, IC0 and IC1 show 
an activation pattern consistent with the movie watching task where there was an immediate onset, 
a sustained activity, and offset consistent with the presentation of the 12.5 s movie clips. Similarly, 
IC2 shows a pattern associated with the emotion decision stage with a peak in the decision stage of 
the task. In addition, the spatial distribution of co-activities of IC4 is consistent with the default mode 
network (dmn). For expository reasons, we labeled the IC networks in terms of a tentative functional 
interpretation. Specifically, for reasons we discuss in more detail below, we labeled IC1 with ‘input’, 
IC0 with ‘meaning’, IC2 with ‘response’, and IC4 with ‘dmn’. We also ordered these IC networks on 
the basis of their assumed temporal order of activation (i.e. IC1→IC0→IC4→IC2). Finally, IC3 and IC5 
were classified as noise due to the presence of ‘activation’ in non-gray-matter areas of the brain (CSF, 
veins; Griffanti et al., 2014; Table 1).

Further investigation of the spatial maps using dual regression and statistical modeling revealed 
insight into the specific regions that were functionally co-activated within each IC network. Specifi-
cally, modeling of the functional connectivity data with Equation 1 revealed a significant interaction 
between ‍IC_network‍ and Region (p<0.0001; see Table 2 for all stats), suggesting that the pattern of 
regional functional connectivity was not the same across the four IC networks. Post hoc analyses with 
Bonferroni correction revealed patterns of regional functional connectivity that were unique to each 
IC network. These patterns are visualized in Figures 4 and 5. Whereas both IC0 (‘meaning’) and IC1 

Figure 3. Results from group spatial independent component analysis (ICA) with six dimensions. Plotted are both the spatial maps and the component 
time courses averaged across subjects and conditions associated with each IC. Consideration of both spatial and temporal properties of these six 
ICs led to the identification of four ICs as signal (IC0, IC1, IC2, IC4) and two as noise (IC3, IC5). Note the noise components had spatial distributions 
associated with non-gray-matter regions (CSF, draining veins). Note also the networks are labeled and ordered as explained in the text. Bottom 
bar denotes the different stages of the behavioral task. The amplitude of the component time courses reflects the strength of engagement of each 
independent component over time, in z-scored units. Modulation of these time courses by emotions is investigated further below.

https://doi.org/10.7554/eLife.106070
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(‘input’) strongly relied on visual areas and temporal areas (lateral occipital, pericalcarine gyrus), IC1 
(‘input’) differed from IC0 (‘meaning’) in its co-activity in the superior temporal gyrus, amygdala, and 
medial posterior cingulate regions. The IC2 (‘response’) network had strong activity in the primary 
motor regions as well as the anterior cingulate. Finally, the IC4 (‘dmn’) network showed strong activity 
in typical default mode network regions.

Statistical modeling with Equation 1 also revealed a triple interaction between ‍IC_network‍, Region, 
and ‍Emotion_Condition‍ (p<0.0001; see Table 2 for all stats), suggesting that the interaction between 
‍IC_network‍ and Region outlined above was further modulated by the Emotion Condition. Post hoc 
analyses of this three-way interaction revealed different effects of Emotion Condition for different 
regions within each IC network. As can be seen in Figure 6, discrete emotions modulated regions 
across the whole brain within all four IC networks. Specifically, discrete emotions modulated functional 
connectivity in visual, temporal, frontal, parietal, and subcortical regions for all four networks.

Table 1. Order of the movie clips in the experiment.

Clip# Emotion Description

1 Happy Young Forrest meets Jenny

2 Fear Forrest runs from bullies

3 Sad Forrest says goodbye to Jenny

4 Fear Forrest gets shouted at

5 Sad Forrest is alone in bed

6 Fear Forrest gets attacked

7 Happy Forrest sees Jenny

8 Fear
Forrest sees a dangerous 
situation

9 Sad Forrest sees a sad person

10 Sad Forrest sees sick Jenny

11 Fear Forrest sees Jenny's ghost

12 Happy Forrest sees Jenny

13 Sad Forrest knows what love is

14 Happy Forrest is with Jenny

15 Happy Forrest stays with Jenny

Table 2. Overview of the ANOVA table from the statistical modeling of the regional functional connectivity data.

Sum sq. Mean sq. NumDF DenDF F value Pr(>F)

Hemisphere 0.17 0.17 1.00 21155.06 6.15 0.0131

Head motion 0.03 0.03 1.00 19.03 0.98 0.3346

Euler 0.07 0.07 1.00 18.97 2.53 0.1279

IC_network 26.37 8.79 3.00 21155.54 309.64 <0.0001

Emotion_condition 0.09 0.04 2.00 21155.53 1.58 0.2060

Region 66.83 1.63 41.00 21155.13 57.43 <0.0001

IC:cond 0.50 0.08 6.00 21155.46 2.95 0.0070

IC:region 226.84 1.84 123.00 21155.08 64.98 <0.0001

cond:region 1.81 0.02 82.00 21155.07 0.78 0.9313

IC:cond:region 12.00 0.05 246.00 21155.05 1.72 <0.0001

https://doi.org/10.7554/eLife.106070
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Curve fitting of a Gaussian function to the temporal profiles associated with the four IC networks 
revealed further insight into the temporal properties of the four networks. First, the results revealed 
relatively high R2 values, suggesting that goodness of fit was adequate across the four IC networks 
(see Figure 7B). In addition, statistical modeling with Equation 3 revealed a main effect of ‍IC_network‍ 
for all three dependent variables, suggesting that peak values, time to peak, and durations were 
not equal for the four IC networks (see Table 3 for details). Post hoc analyses of ‍IC_network‍ for each 
dependent variable revealed that peak values differed between the four networks, where time-to-
peak values were earlier for IC1 (‘input’) than for IC0 (‘meaning’), and durations were generally shorter 
for the networks associated in the later aspects of the task (see Figure 7C, D, and E for further details).

IC1 (input) IC0 (meaning) IC2 (response) IC4 (dmn)
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Figure 4. Basic regional functional connectivity in the four large-scale networks. Note the scale differences between networks. Black bars denote the 
top 10 regions with the highest functional connectivity within each network. All results are Bonferroni-corrected.
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Finally, statistical modeling with Equation 3 also revealed an interaction between ‍IC_network‍ and 
‍Emotion_Condition‍ for all three dependent variables, suggesting that peak value, time to peak, and 
duration values for the happy, sad, and fear conditions were not equal across the four IC networks 
(see Table 3 for details). Post hoc analyses revealed that the Emotion Condition modulated peak value 
and duration for IC1 (‘input’), peak value and time to peak for IC0 (‘meaning’), time to peak for IC2 
(‘response’), and duration for IC4 (‘dmn’; see Figure 8A–C for additional details).

Discussion
In the current study, we relied on time-resolved fMRI to discover the large-scale networks associated 
with a behavioral task that consisted of three stages: watching a movie clip (12.5 s), making a decision 
about the emotional experience by the protagonist in the clip (2.5 s), and an intertrial rest period 
(10 s). Group spatial ICA of slice-based fMRI data with increased temporal resolution across the entire 
trial period (28 s) revealed four large-scale brain networks that were associated with different aspects 
of the task. Two networks (IC0 and IC1) were associated with the movie stimulus, while a third network 
(IC2) activated during the later decision stage, and a fourth network (IC4) was activated throughout 
the task and showed a peak during the intertrial rest period. Further quantification of the spatial and 
temporal properties of these networks using dual regression and Gaussian curve fitting showed that 
the emotional content of the clip modulated the spatial distribution, as well as the peak value, time to 
peak, and duration properties of each network.

Brain networks IC0 and IC1 appear to play complementary roles during the movie-watching phase. 
IC1, which we labeled the ‘input’ network, aligns with aspects of Networks 1 and 2 of Riedel et al., 
2018, involving primary visual and auditory processing regions critical for perceiving the movie stim-
ulus (see Figure 4). However, IC1 (‘input’) also showed a resemblance to Network 5 of Riedel et al., 
2018, with activity in the amygdala, fusiform gyrus, and parahippocampal gyrus that was linked to 
the evaluation of the emotional content of the stimulus. Note that no other network detected in our 
data consisted of co-activity in these three regions. In addition, time-to-peak values were earlier in the 
IC1 (‘input’) network than in all other networks (see Figure 7D). The combined spatial and temporal 

IC0 − IC1 IC1 − IC0

IC0 − IC2 IC2 − IC0

IC2 − IC4 IC4 − IC2

z.ratio

0

10

z.ratio

0

10
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Figure 5. Differences in functional connectivity between IC0 vs IC1 (A), IC1 vs IC0 (B), IC0 vs IC2 (C), IC2 vs IC0 (D), IC2 vs IC4 (E) and IC4 vs IC2 (F). Note 
that here we focus on three main contrasts to highlight differences between IC0 and IC1, IC0 and IC2, and between IC2 and IC4.
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properties of this network therefore suggest that this network is likely responsible for processing the 
visual and auditory input stream, as well as the evaluation of the emotional content of the stimulus.

On the other hand, although also associated with the movie stimulus, the IC0 (‘meaning’) network 
appeared to have spatial and temporal properties that were distinct from the IC1 (‘input’) network. 
Specifically, IC0 (‘meaning’) had increased co-activity in lateral frontal and middle temporal areas 
that are typically associated with semantic processing (see Figure 5; Huth et al., 2016; Visser et al., 
2012). In addition, IC0 (‘meaning’) aligned with Network 3 of Riedel et  al., 2018, and appeared 
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Figure 6. Functional connectivity modulation of emotion conditions across networks IC1 “input” (A), IC0 “meaning” (B), IC2 “response (C), and IC4 
“dmn” (D). Note all large-scale networks involved in the task are modulated by emotions in all major lobes of the brain. H=happy, F=fear, S=sadness. All 
results are Bonferroni-corrected.
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Figure 7. Explanation of curve-fitting procedure (A), goodness of fit results from Gaussian curve fitting (B), and graphical overview of how peak value 
(C), time to peak (D), and duration (E) differ between the four IC networks. Note that goodness of fit values were relatively equal across IC networks, 
and that there were earlier time-to-peak values for IC1 compared to IC0. Error bars reflect standard error of mode coefficients, Different letters above 
bars indicate a significant difference in mixed effect models with component as a fixed effect and subject as a random intercept (p<0.05, Bonferroni-
corrected) from 22 participants.

Table 3. Overview of the ANOVA table from the statistical modeling of the curve-fitting data.

Variable Sum sq. Mean sq. NumDF DenDF F value Pr(>F)

Peak value RSE 2583.06 2583.06 1.00 206.16 77.37 <0.0001

IC 740.74 246.91 3.00 190.48 7.40 0.0001

cond 1123.70 561.85 2.00 187.37 16.83 <0.0001

IC:cond 1058.63 176.44 6.00 186.05 5.28 <0.0001

Time to peak RSE 1.72 1.72 1.00 205.18 1.67 0.1981

IC 3403.49 1134.50 3.00 189.38 1096.81 <0.0001

cond 26.45 13.22 2.00 187.35 12.78 <0.0001

IC:cond 14.83 2.47 6.00 186.55 2.39 0.0301

Duration RSE 9.43 9.43 1.00 160.08 3.25 0.0734

IC 1443.68 481.23 3.00 195.80 165.69 <0.0001

cond 24.82 12.41 2.00 191.79 4.27 0.0153

IC:cond 46.73 7.79 6.00 189.42 2.68 0.0160

https://doi.org/10.7554/eLife.106070
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to contain regions associated with the salience network such as the insula and the anterior cingu-
late gyrus (Seeley, 2019), suggesting an attentional component. Importantly, even though the IC0 
(‘meaning’) network activated in response to the movie stimulus, its time-to-peak values lagged about 
2 s behind those of IC1 (‘input’; see Figure 7). As was pointed out in the Introduction, the movie clips 
showed scenes whose intended meaning could not be discerned immediately, but instead required 
additional processing that lagged behind the input stream. As before, the combined spatial and 
temporal characteristics of this network allow us to interpret this network as involved in the processing 
of the meaning associated with the input stream.

In addition, a third network (IC2, ‘response’) showed temporal activity with a peak around 20 s 
and can therefore be associated with the response stage (see Figure  3). The spatial properties 
of this network showed activity in cortical and subcortical regions associated with processing the 
visual input (the discrete emotion words), decision-making-associated regions such as the caudate 
nucleus (Grahn et al., 2008), motor generation regions such as the precentral gyrus, and task general 
attention-related regions such as the insula and the anterior cingulate cortex (Seeley, 2019). This 
therefore suggests that this network represents the combined emotion decision and motor output 

−10

0

10

IC1 (input) IC0 (meaning)

pv
ttp

dur

IC2 (response) IC4 (dmn)

F−H F−S H−S F−H F−S H−S
pv
ttp

dur

F−H F−S H−S F−H F−S H−S

1 15 28 1 15 28

−10

0

10

time (s.)

1 15 28 1 15 28

Z value

−5

0

5

Z value

−5

0

5

FEAR

HAPPY

SAD

av
er

ag
e 

z.
ra

tio
av

er
ag

e 
z.

ra
tio

Figure 8. Results of the pairwise contrasts of the happy (H), sadness (S), and fear (F) conditions for the peak value (pv), time to peak (ttp), and duration 
(dur) across all four IC networks. Only significant (p<0.05, Bonferroni-corrected) values are plotted.

https://doi.org/10.7554/eLife.106070


 Research article﻿﻿﻿﻿﻿﻿ Neuroscience

Janssen et al. eLife 2025;14:RP106070. DOI: https://doi.org/10.7554/eLife.106070 � 12 of 22

network. Note that with increased temporal resolution (and potentially restricting behavioral variance 
in response latency), one might be able to separate the decision and the motor output components 
of this network. Finally, the fourth network (IC4, ‘dmn’) showed an alignment with Network 4 of Riedel 
et al., 2018, and had spatial properties consistent with those of the default mode network (Buckner 
et al., 2008). Although the exact role of the default mode network in emotion processing is currently 
debated (Satpute and Lindquist, 2019), it is noteworthy that the network showed some co-activity 
throughout the task and had a peak during the rest period (see Figure 3), and showed activity in 
lateral prefrontal regions (see Figure 4). These spatial and temporal properties are consistent with an 
interpretation in terms of the regulation, mind-wandering, and/or self-referential processing of the 
emotions (Gross, 2015).

Both the spatial and temporal properties of the four identified networks were influenced by the 
emotional content of the movie clips. Specifically, in IC1 (‘input’), regions in the visual, parietal, and 
frontal lobes showed differential activation patterns across happy, fear, and sad clips. Temporal 
dynamics, including the duration and peak values of the responses, also varied between these 
emotional conditions (Figures 6A and 8A). Similar modulations were observed for IC0 (‘meaning’), 
IC2 (‘response’), and IC4 (‘dmn’), where emotional content influenced activations in visual, temporal, 
and frontal regions, as well as temporal metrics such as response duration, time to peak, and peak 
amplitude. Notably, the time-to-peak differences in IC2 (‘response’) align closely with response latency 
results, with sad trials showing faster response latencies and earlier peak times (compare Figures 1D 
and 8D). Critically, the same ordering between response latencies and the fMRI time-to-peak metric 
provides convergent temporal validity for using BOLD dynamics as a window into the speed of affec-
tive computations. Nevertheless, these results should not be taken as evidence that processing sad 
emotions is generally faster than other emotions. Other studies have demonstrated fast processing of 
fearful stimuli (Méndez-Bértolo et al., 2016; Bo et al., 2022; Grootswagers et al., 2020), and specific 
aspects of the current experimental paradigm likely influenced the speed of emotional processing. In 
general, the current findings suggest that emotional stimuli elicit widespread effects on brain activity, 
impacting not only the processing of emotion-laden input stimuli but also the spatial and temporal 
dynamics of broader neural responses.

Taken together, the results of this study paint a comprehensive picture of how the brain orches-
trates spatially and temporally distinct networks to process emotional stimuli and execute task-
relevant behaviors. The findings highlight a dynamic interplay between sensory processing, semantic 
interpretation, decision-making, and emotional regulation, all of which unfold within a distributed 
but highly coordinated network architecture. Although the networks demonstrated separable time 
courses, their temporal dynamics were largely overlapping, suggesting that processes such as those 
mediated by IC1 (‘input’) and IC0 (‘meaning’) likely operate in parallel rather than in isolation. This 
parallel engagement implies that cross-talk between networks is a critical feature of task-related brain 
activity (Cole et al., 2013), particularly during complex cognitive and emotional tasks. For example, 
the interplay between sensory-driven processing in IC1 and the semantic and attentional mechanisms 
in IC0 may be necessary for the integrated perception of emotionally salient stimuli. How such cross-
talk is mediated remains an open question, representing an intriguing avenue for future research. In 
the decision phase, IC2 (‘response’) reveals how emotion processing transitions from perception to 
cognitive evaluation, involving a convergence of sensory, attentional, and motor networks to guide 
task execution. Finally, IC4, (‘dmn’) associated with the default mode network, demonstrates the pres-
ence of reflective, mind-wandering, and/or regulatory processes (Gross, 2015), particularly during 
rest but with influence throughout the task (see Figure 3). These findings underscore the dynamic 
nature of brain activity, where emotional stimuli engage overlapping networks that continuously inte-
grate sensory input, semantic processing, decision-making, and regulation. This fluid coordination 
reveals how emotions are adaptively represented and processed across time and space (Waugh et al., 
2015; Pessoa and McMenamin, 2017; John et al., 2022).

Our study has several limitations that warrant discussion. First, the interpretation of BOLD signal 
dynamics is inherently influenced by the vascular properties of the underlying tissue (Ogawa et al., 
1992). This limitation has been discussed primarily in the context of studies that have attempted 
to determine the temporal sequence of activation of different brain regions where such differences 
could be confounded by variations in vascular responsiveness (Aguirre et al., 1998; Kim et al., 1997; 
Menon et al., 1998). However, it is important to note that the temporal properties of the signal we 

https://doi.org/10.7554/eLife.106070


 Research article﻿﻿﻿﻿﻿﻿ Neuroscience

Janssen et al. eLife 2025;14:RP106070. DOI: https://doi.org/10.7554/eLife.106070 � 13 of 22

analyzed do not represent those of individual brain regions but the aggregate activity of many regions 
working in concert, reducing the likelihood of significant confounding effects. A further limitation is 
that we did not require participants to directly regulate their emotions, which complicates an inter-
pretation in terms of emotion regulation (Gross, 2015). Likewise, the current research design only 
used three main emotional categories. Whether our conclusions hold for other emotions and emotion 
types remains to be studied in future studies. Another general limitation of the results presented 
here concerns the influence of the number of dimensions chosen in group spatial ICA on the spatial 
distribution of the observed large-scale networks. It is well documented that increasing the number 
of dimensions can lead to the ‘splitting’ of networks into finer components, while fewer dimensions 
may overgeneralize distinct functional patterns (Beckmann, 2012). This presents a challenge, as there 
is no a priori standard for the ‘correct’ spatial distribution of task-related networks, especially for 
complex tasks such as watching movie clips (Di et al., 2013; Dosenbach et al., 2025; Huang et al., 
2024). In this sense, task-based fMRI studies of large-scale networks are currently in a similar position 
to early resting-state fMRI research, where the precise spatial distributions of networks were still being 
defined (e.g. Yeo et al., 2011). To address this, a concerted effort is needed to map the large-scale 
networks underlying diverse tasks, enabling more informed choices about dimensionality and miti-
gating the uncertainty in network characterization.

Finally, it is worth emphasizing that our approach bears a relationship to what is often termed 
‘dynamic functional connectivity’ (Gonzalez-Castillo and Bandettini, 2018; Hutchison et  al., 
2013). In particular, our results demonstrate how whole-brain functional connectivity maps shift 
over time in response to different components of a complex, emotion-based behavioral task 
(Figure 3). Although both event-related fMRI and group spatial ICA have been employed exten-
sively in prior studies, combining them as in the current study is less common (Janssen and 
Mendieta, 2020; Long et al., 2013). The particular slice-based event-related approach has been 
shown to offer enhanced temporal precision and greater flexibility in choosing different temporal 
resolutions than more traditional signal extraction schemes (Janssen et al., 2018). Indeed, when 
we analyzed our data at lower temporal resolution (i.e. at the 3  s TR level), some components 
with insufficient temporal separation (such as IC1 and IC0) became conflated, highlighting the 
importance of higher-resolution signal extraction in distinguishing these networks (Calhoun et al., 
2001). Moreover, we used standard group spatial ICA methods, which have been widely applied 
to resting-state data, to derive task-based whole-brain functional connectivity maps. This unified 
approach for finding networks in task-based and resting-state data may facilitate comparisons 
between networks obtained from different modalities (Gonzalez-Castillo and Bandettini, 2018). 
Taken together, these findings demonstrate the value of combining slice-based event-related fMRI 
with group spatial ICA to characterize how functional connectivity patterns evolve over time. Future 
research may further explore the interplay of the temporal resolution of the extracted signal, group 
spatial ICA, and alternative approaches, such as FIR analysis (Josephs et  al., 1997; Windisch-
berger et al., 2008), to illuminate the spatiotemporal characteristics of dynamic network changes 
during complex tasks.

To conclude, the present study addressed three key questions: whether distinct whole-brain networks 
underlie the different stages of our emotional movie watching and decision task, whether their spatial 
distributions vary with emotional content, and whether their temporal dynamics—including time-to-
peak and duration—are sensitive to emotion. Our results revealed four large-scale networks whose 
activity patterns not only differentiated task stages but revealed a separation between a network 
related to processing affective input and understanding the meaning of this input. Importantly, the 
spatial and temporal features of all four networks varied as a function of the emotional content of 
the stimuli. These results move beyond static, region-based models and suggest emotion reflects 
dynamic, distributed interactions among multiple networks (Lindquist et al., 2012; Pessoa, 2017). In 
turn, our findings underscore the utility of examining temporal metrics to capture subtle nuances of 
emotional processing that may remain undetectable using standard static analyses. These temporal 
properties may be especially relevant for clinical studies in which certain emotional disorders arise due 
to disturbances in the temporal regulation of emotion (e.g. dwelling too long on certain thoughts; 
Kuppens and Verduyn, 2017; Waugh et al., 2015). The current study’s approach for quantifying 
these temporal properties can therefore offer valuable insights, both for basic science and for the 
development of novel clinical tools.

https://doi.org/10.7554/eLife.106070


 Research article﻿﻿﻿﻿﻿﻿ Neuroscience

Janssen et al. eLife 2025;14:RP106070. DOI: https://doi.org/10.7554/eLife.106070 � 14 of 22

Materials and methods
Participants
Twenty-five native speakers of Spanish took part in the experiment (13 females, mean age 21.9 years, 
sd 3.9 years). Participants were recruited from the student population at the University of La Laguna 
and received course credit or were paid 10 euros. All participants were right-handed and had no 
neurological or psychiatric disorders and were not taking any medication. The study was conducted 
in compliance with the declaration of Helsinki, and all participants provided informed consent and 
consent to publish in accordance with the protocol established by the Ethics Commission for Research 
of the University of La Laguna (Comite de Etica de la Investigacion y Bienestar Animal, reference 
CEIBA2024-3388). Participants answered a brief questionnaire about their knowledge of the movie 
Forrest Gump. Due to technical problems and on the basis of quality control procedures for both 
structural and functional data (see Figure 1A and B), data from three participants were excluded from 
further analyses.

Behavioral task
We selected 15 clips from the movie Forrest Gump (Zemeckis et al., 1994). The movie was dubbed 
with Spanish (mainland Spain) audio. Each clip was exactly 12.5 s long and was chosen such that it 
portrayed a happy, sad, or fearful experience for the Forrest Gump character (see Figure 1E). Clips 
were chosen such that they contained a natural onset and offset with no abrupt cuts and were played 
at their intended speed. For example, in one of the clips, Forrest walks in a garden and sees Jenny 
again after a long time, constituting a happy experience. The order of the 15 video clips followed the 
natural story progression of the movie and therefore did not vary between participants. Please see 
Table 1 for the specific order of the emotions expressed by Forrest across trials. Clips were presented 
with sound. To ensure the sound was audible over the scanner noise, participants wore headphones 
and we used the ffmpeg tool to boost the sound of the clips by 300%. Pilot testing ensured the sound 
was audible. Prior to the experiment, participants were instructed to watch each clip and then make a 
two-alternative forced choice on the emotion experienced by Forrest. Participants were given hand-
held controllers in their left and right hands and instructed to press a button with their index finger on 
the left or right hand following the left-right location of their preferred emotion word on the screen. 
On a given trial, the movie clip was presented for 12.5 s followed by two emotion words for 2.5 s, and 
finally followed by a 10 s blank screen (see Figure 1E for a graphical overview). The total trial time was 
25 s. The total duration of the experiment was 6.25 min.

The experiment involved a single run but was conducted in the context of a larger acquisition 
protocol in which an additional resting-state scan was acquired. Acquisition of these two fMRI runs was 
preceded by T1w and T2w image acquisitions (see below for sequence details). Stimulus presentation 
was controlled by Neurobs Presentations (v14). Participants in the scanner viewed and listened to the 
stimuli with MRI-compatible goggles and headphones made by VisuaStim. The goggles provided an 
image resolution of 800 by 600 pixels at 60 Hz. The MRI-compatible handheld controllers were also 
made by VisuaStim. Stimulus presentation was directly synchronized with the MRI machine.

MRI acquisition
All images were acquired using a 3T Signa Excite scanner (General Electric, Milwaukee, WI, USA) with 
a standard transmit/receive eight-channel head coil. Head movement was minimized by fixating MRI-
compatible goggles between a participant’s head and the coil using sponge pads. fMRI data were 
acquired using Gradient-Echo EPI. The sequence parameters were chosen to provide high spatial 
resolution while preserving whole-brain coverage. We used an axial zoomed acquisition where our 
FOV and acquisition matrix were reduced in the (left-right) phase encoding direction (Olman et al., 
2009). Specifically, the slice thickness was 2.6 mm (no gap), FOV was 256×128 mm2, and the matrix 
was 128×64 resulting in 2×2×2.6 mm3 voxels. To achieve whole-brain coverage, we collected 39 slices 
and set the TR to a relatively long 3 s. However, because stimulus onset was jittered with respect to 
the TR, as explained below, the value of the TR does not determine the temporal resolution of the 
extracted fMRI signal (Janssen et al., 2018; Josephs et al., 1997). The echo time was 33 ms and the 
flip angle 90 degrees. In the fMRI run, 130 volumes were collected and lasted 6.5 min.

Finally, to comply with Human Connectome Project (HCP) minimal preprocessing pipeline require-
ments (Glasser et al., 2013), both T1w and T2w whole-brain structural images were acquired. T1w 
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images were obtained using the 3D FSPGR with ASSET sequence: TI/TR/TE: 650/8.8/1.8 ms, flip angle 
= 10 degrees, 196 slices, FOV 256×256 mm2, slice thickness 1 mm, matrix 256×256 resulting in 1 mm 
isotropic voxel sizes. T2w images were acquired using a spin-echo sequence: TR/TE: 15,000/106 ms, 
NEX 2, prescribing 110 sagittal slices, FOV 256×256 mm2, slice thickness 1.5 mm, matrix 256×512 
(with 2× parallel imaging acceleration) resulting in 0.5×0.5×1.5 mm3 voxels.

Preprocessing
Preprocessing of structural and functional data relied on the HCP minimal preprocessing pipeline 
(v4.7.0; Glasser et al., 2013). For the preprocessing of the T1 and T2w images, we used the PreFree-
Surfer and FreeSurfer batch scripts with options that were applicable to our data (i.e. no readout 
distortion correction, 1 mm MNI HCP structural templates, no fieldmap correction). FreeSurfer v6.0 
was installed on our system (Fischl, 2012). This step therefore produced cleaned T1 and T2w images 
that were then fully processed using the FreeSurfer v6.0 program. From the FreeSurfer output, we 
were particularly interested in the volumetric cortical and subcortical segmentation produced in the 
aparc+aseg file. Note that this file was produced in native T1w space by the pipeline.

For the preprocessing of the fMRI data, we used the generic fMRI volume batch script from the 
HCP preprocessing pipeline. All registrations (EPI to T1w and T1w to MNI) were manually checked 
for inconsistencies (none were detected). Next, the functional data were temporally filtered at 2000 s 
and manually cleaned using ICA (Griffanti et al., 2014). We obtained independent components (ICs) 
for all fMRI datasets using FSL Melodic v3.15 with default settings (i.e. automatic estimation of the 
number of components; Beckmann and Smith, 2004). An experienced rater of ICs (NJ) then hand-
classified all components as signal or noise for all participants using in-house tools (https://github.​
com/iamnielsjanssen/display_melodics, Janssen, 2022). Components identified as noise were then 
regressed out of the data using the FSL regfilt tool. In the end, we obtained the cleaned fMRI datasets 
for each participant in native fMRI space that were bias-corrected, motion-corrected, brain-extracted, 
intensity-corrected, temporally filtered, and ICA-cleaned. Quality control of the structural data was 
performed by computing Euler’s number from the FreeSurfer output (Rosen et  al., 2018) and by 
computing for all functional data a composite score of head motion displacements from the six motion 
regressors (Jenkinson et al., 2002, see Figure 1A and B for a graphical presentation).

Analyses
fMRI signal extraction
The first step in the analyses consisted of extracting the event-related fMRI signal using slice-based 
fMRI (see Figure 2A and B for a graphical explanation; Janssen et al., 2018). The slice-based fMRI 
technique offers a significant advancement over traditional fMRI analysis methods by providing 
improved temporal precision and flexibility in extracting the fMRI signal. fMRI data is typically 
acquired by sequentially sampling different sections of the brain (slices) over a single repetition time 
(TR). In standard fMRI analyses, whole-brain volumes are constructed from all slices acquired within a 
single TR, which is well known to introduce temporal distortions (Parker et al., 2017; Sladky et al., 
2011). In contrast, the slice-based technique avoids these temporal distortions by creating whole-
brain volumes that are composed of slices that are acquired at the same moment in time relative to a 
presented stimulus. A further advantage of this method is that because slices are acquired relatively 
rapidly, under optimal conditions, whole-brain volumes can be constructed with a temporal resolution 
that is equal to the TR divided by the number of prescribed slices (typically on the order of tens of 
milliseconds). This temporal resolution can then be flexibly adjusted by ‘binning’ across time points, 
which effectively reduces the temporal resolution while enhancing the signal-to-noise ratio. The ability 
to flexibly adjust the temporal resolution makes the slice-based technique especially valuable for 
studying the dynamics of brain activity underlying complex behavior.

In the current study, we used the slice-based technique to extract the fMRI signal during a 28 s 
epoch separately for the happy, sad, and fear trials at 2 s temporal resolution. Note that we chose 
an epoch duration that was slightly longer than the task to accommodate for some uncertainty in the 
offset of fMRI activities. This meant that for each voxel, the fMRI signal was extracted by comparing 
fMRI signal intensities collected during an interval of 3 s prior to stimulus onset to fMRI signal intensi-
ties at all subsequent time points in the 28 s epoch using a simple linear model with the variable Time 
as a factor (see Figure 2B for a graphical explanation). This therefore produced for every participant 
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three 4D fMRI files that represented the event-related changes for the happy, sad, and fear trials. Each 
file contained 14 volumes, one for every 2 s. Note all these 4D fMRI files were in native fMRI space.

Group spatial ICA
The goal of this step was to discover the spatial and temporal fMRI patterns that arise during the 
behavioral task. To this end, the set of 66 4D slice-based fMRI files (22 participants with 3 experimental 
conditions each) were transformed to 2 mm MNI space using nonlinear warping and entered into group 
spatial ICA (see Figure 2D for a graphical overview). Here, we used FSL Melodic (v3.15) with default 
settings, except that we disabled data reduction with MIGP (i.e. we used the full concatenation). To 
determine the optimal number of dimensions, Melodic uses a Bayesian approach, which involves 
evaluating how well different models (with varying numbers of dimensions) explain the observed data 
while accounting for model complexity (Minka, 2000). For our data, the estimated optimal number 
of dimensions was 6. As we will show below, from these six ICs (herein also referred to as IC networks 
or simply brain networks), four ICs were identified as signal whereas two ICs were identified as noise. 
To make such classifications, we relied on relatively straightforward protocols explained elsewhere 
(Griffanti et al., 2014).

Importantly, spatial ICA not only outputs spatial information in the form of statistical maps but 
also produces an estimated time course that is associated with each spatial map. More formally, ICA 
decomposes the fMRI data matrix X (with dimensions corresponding to time points and voxels) into 
a product of two matrices: ‍X = W−1M ‍, where M represents the spatially ICs (spatial maps) and ‍W−1‍ 
represents the associated time courses of these components (mixing matrix). The rows of M corre-
spond to spatial patterns, which are maximally independent, while the columns of ‍W−1‍ contain the 
time series for each component. These time series describe the temporal dynamics of each spatial 
component. Together, the spatial and temporal components offer a complete representation of the 
independent processes that contribute to the observed fMRI data. In the case of FSL Melodic, the 
resulting melodic_mix file contains the matrix ‍W−1‍, where each column corresponds to the temporal 
activation pattern of an IC. This temporal information allows us to examine how each spatial network’s 
activity fluctuates over time, providing critical insights into task-evoked brain activity. In the current 
study, this temporal information is utilized in two ways: it is presented visually alongside the spatial 
map as the average across all subjects and experimental conditions (Duann et al., 2002; Janssen 
and Mendieta, 2020), and it is used analytically to perform Gaussian curve-fitting analyses (explained 
below).

Dual regression
To establish the reliability of the activity of brain regions involved in these four IC networks, we 
performed back-projection of the group spatial ICA map using dual regression in native space. We 
then extracted regional activities for each IC network using the Desikan-Killany atlas for each indi-
vidual participant (Desikan et al., 2006, see Figure 2D for a graphical overview). Reliability of these 
regional activities was estimated using linear mixed-effect regression modeling using the following 
model formula:

	﻿‍

regional FC = Euler_number + motion_score + Hemisphere+

Region ∗ Condition ∗ IC_network+

random(participant),‍�

(1)

where ‍Euler_number‍ represented the quality control estimate for a participant’s structural data, 
‍motion_score‍ the quality control estimate for a participant’s functional data, and ‍Hemisphere‍ the 
functional connectivity for each hemisphere (left vs right). Although the model includes all inter-
actions, we were particularly interested in the interactions ‍Region ∗ IC_network‍, which tested the 
degree to which regional functional connectivity was the same across discovered networks, and 

‍Region ∗ Condition ∗ IC_network‍, which examined if the aforementioned interaction depended on the 
emotion condition. Finally, we included a random intercept for participant to account for potential 
between-participant variability.

This modeling procedure therefore allowed us to establish whether a given region within a given IC 
network was reliably activated across participants. In other words, this would allow us to obtain a list 
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of both cortical and subcortical brain regions that are reliably activated within each IC network. Given 
that the Desikan-Killany atlas is fitted by FreeSurfer to the native morphology of an individual’s brain, 
we improved spatial precision by performing these analyses in native fMRI space.

Curve fitting
The final step involved quantifying the temporal activation dynamics of the ICs. As mentioned earlier, 
Melodic outputs the temporal information associated with each identified IC network. Since the input 
to the group spatial ICA was the 4D slice-based fMRI data for each participant and experimental 
condition, the resulting time course information was available for each IC network, participant, and 
condition. These time courses were then consolidated into a single dataset with the variables Partic-
ipant, IC network, Emotion Condition, and Time, facilitating further analysis of temporal activation 
patterns across experimental conditions. We then performed nonlinear regression (Janssen and 
Mendieta, 2020; Kruggel and von Cramon, 1999; Kruggel et al., 2000) for all combinations of 
variables using a Gaussian function of the form:

	﻿‍
f(t) = A · exp

(
− (t − µ)2

2σ2

)
,
‍�

(2)

where A represents the amplitude, μ the mean, and σ the standard deviation. As can be seen in 
Figure 7A, these parameters can be used to compute the peak value (A), the time to peak (μ), and 
duration (the FWHM equal to ‍2.355 ∗ σ‍) of a fitted Gaussian function. Goodness of fit (adjusted ‍R2‍) 
values can also be computed as a difference between observed and fitted datapoints. Gaussian fitting 
was performed in R using the package ​minpack.​lm v1.2 (Elzhov et al., 2022), which fits a function to 
a set of datapoints using the Levenberg-Marquardt nonlinear least squares algorithm. Initial values 
were estimated from the data.

These curve-fitting analyses provided amplitude, time to peak, and duration estimates for each 
participant, Emotion Condition, and IC network. Finally, statistical analyses were used to test whether 
peak amplitude, time to peak, and duration varied as a function of IC network and Emotion Condition 
using a formula of the form:

	﻿‍

G = R2 + Emotion_Condition ∗ IC_network+

random(participant),‍�
(3)

where G referred to the peak amplitude, time to peak, or duration. ‍R2‍ (a goodness of fit value) was 
included in the analyses as a control variable. Here, we were particularly interested in the main effect 
of ‍IC_network‍, which would reveal whether peak value, time to peak, and duration values were equal 
for the four IC networks. In addition, we were interested in the ‍Emotion_Condition ∗ IC_network‍ interac-
tion, which would reveal whether peak amplitude, time to peak, or duration estimates would be equal 
between the three emotion conditions (happy, sad, fear) across all IC networks.

All statistical modeling reported in the current study was performed in R v4.1.2 using the packages 
lme4 v1.1, lmerTest v3.1, and emmeans v1.8.4 (Bates et al., 2015; Kuznetsova et al., 2017; Lenth 
et  al., 2018). Note that to reduce complexity, we controlled, rather than explored, the effects of 
hemisphere and that we modeled random participant variability using a random intercept. All post 
hoc tests were performed with emmeans and corrected for multiple comparisons using the Bonferroni 
correction.
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