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A B S T R A C T

Cognitive control enables individuals to adapt to the ever-changing environmental demands. The dorsal anterior
cingulate cortex (dACC) and the dorsolateral prefrontal cortex (dlPFC) are key regions of the cognitive control
network, activated during cognitively demanding tasks. In contrast, the entertaining and habitual nature of
short-video consumption for leisure shifts neural processing toward emotional engagement and immediate
gratification, contributing to excessive use and diminished self-control in some individuals. This raises a critical
question: Does short-video viewing suppress cognitive control regions, and what neurochemical factors may
underlie individual differences in this process? To address this question, this preregistered study used proton
magnetic resonance spectroscopy (1H-MRS) to measure glutamate and γ-aminobutyric acid (GABA) concentra-
tions in the dACC at rest, and employed functional magnetic resonance imaging (fMRI) to examine dACC and
dlPFC activity during free viewing of short videos in 56 young adults. We found that both the dACC and the
dlPFC exhibited significant deactivation in response to preferred videos that were watched to completion,
compared to less-preferred videos that were terminated early. Moreover, resting-state glutamate levels in the
dACC were associated with the magnitude of this deactivation, with higher glutamate concentrations associated
with less suppression of both dACC and dlPFC activity. Additionally, functional connectivity between the dACC
and dlPFC increased during video viewing, particularly for preferred videos. By integrating fMRI with 1H-MRS,
our study provides novel evidence that immersive viewing of preferred short videos deactivates the cognitive
control network and that individual differences in this deactivation are linked to glutamate metabolism. These
findings enhance our understanding of how digital media consumption interacts with neurochemical processes to
influence self-regulation. Our study offers new insights into the neural mechanisms underlying short-video
engagement and has implications for understanding excessive digital media use.

1. Introduction

Cognitive control plays a crucial role in balancing immediate grati-
fication with long-term goals, and its impairments are associated with
various disorders such as depression (Andrews & Thomson, 2009),
anxiety (Maner & Kenrick, 2010), ADHD (Swanson et al., 2002) and
addiction (Baler & Volkow, 2006). However, modern digital environ-
ments, particularly short-video platforms, provide highly engaging and
automated viewing experiences that may shift neural processing away
from cognitive control toward gratification-driven mechanisms,

reinforcing impulsive consumption and diminishing self-control in some
individuals (Cheng et al., 2023; N. Zhang et al., 2023). Consistent with
this notion, converging behavioral evidence indicates that both internet
addiction and smartphone addiction are reliably associated with
diminished self-control capabilities (Ding et al., 2022; Geng et al.,
2021). Neuroimaging evidence further demonstrates disruptions in cir-
cuits supporting reward processing and cognitive control—including the
anterior cingulate cortex, insula, and amygdala—as well as executive
regions such as the prefrontal cortex in adolescents and young adults
with various behavioral addictions (Áfra et al., 2024; LeónMéndez et al.,
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2024). Individuals who frequently engage in habitual social media
checking behaviors show reduced neural sensitivity in the ventral
striatum, amygdala, and dorsolateral prefrontal cortex during antici-
pation of social rewards (Maza et al., 2023). Concurrently, stronger
functional connectivity between the reward system and the prefrontal
cortex has been observed in individuals with higher levels of mobile
technology engagement, indicating enhanced coupling between reward
valuation and cognitive control during habitual media use (Morris et al.,
2023). Together, these findings suggest a maladaptive reconfiguration
of reward-control interactions, characterized not by heightened reward
sensitivity per se, but by weakened top-down regulation alongside
increasingly automatized processing.

Immersive and pleasurable media activities, such as playing video
games (Michailidis et al., 2018) or watching engaging films (Rigby et al.,
2016), can elicit a flow state, marked by intense concentration, altered
time perception, and reduced self-consciousness (Michailidis et al.,
2018). Faster immersion rates further predict longer viewing times (Lin
et al., 2022). A defining feature of the flow state is increased automa-
tization of task performance (Alameda et al., 2022), is neurobiologically
accompanied by a U-shaped pattern of medial prefrontal cortex and
ventral striatum activity, with pronounced deactivation relative to
boredom or overload (Ulrich et al., 2016, 2022). Taken together, these
converging lines of evidence indicate that immersive media is associated
with reduced prefrontal monitoring. Short-video platforms, character-
ized by rapid, algorithmically curated, and largely passive content
streams, represent an especially potent form of such media and may
robustly induce these neurocognitive shifts, potentially suppressing the
prefrontal–cingulate cognitive control network.

Given this reduced prefrontal-cingulate engagement during immer-
sive media consumption, it is essential to consider the functional roles of
the dorsal anterior cingulate cortex (dACC) and dorsolateral prefrontal
cortex (dlPFC) —the core nodes of the cognitive control network. The
dACC plays a central role in cognitive control and is involved in reward-
based decision-making, conflict monitoring, task difficulty prediction,
and signal integration (Babür et al., 2024; Clairis et al., 2024; Clairis &
Lopez-Persem, 2023; Ritz & Shenhav, 2024; Sheth et al., 2012; Woo
et al., 2022). These functions are typically assessed using tasks such as
the Stroop, Go/noGo, and Flanker, which elicit robust dACC activation
(Fu et al., 2022; Lesage et al., 2020). Relatedly, reduced dACC activation
has been shown to be associated with impairment in cognitive control
(Le et al., 2021; Luijten et al., 2014), and cryogenic deactivation of the
dACC in macaques results in poorer cognitive control performance (Ma
et al., 2019). Given its structural connections with the dACC (Haber
et al., 2022; Petrides & Pandya, 1999), the dlPFC regulates cognitive
control through its interaction with the dACC (Botvinick& Braver, 2015;
Heilbronner & Hayden, 2016). This interaction is mediated by
theta-band oscillatory synchrony, facilitating the transmission of
feedback-related signals from the dACC to the dlPFC (Helfrich& Knight,
2016; Smith et al., 2015; Voytek et al., 2015; Widge et al., 2019).
Together, these two regions play a coordinated role in cognitive control,
with the dACC detecting conflicts and evaluating effort allocation, while
the dlPFC executes top-down control.

While most research on the role of dACC in cognitive control has
focused on its activation, relatively less attention has been given to
conditions involving its deactivation or suppression. The dACC typically
exhibits increased activation in response to heightened cognitive effort
demands compared to baseline (Aben et al., 2020; Shenhav et al., 2016;
Silvestrini et al., 2023). However, our previous study (Su et al., 2021)
demonstrated that passively viewing personalized short videos sup-
presses the dACC. Given the dACC’s critical role in monitoring, it is
plausible that the dACC remains engaged even during rest periods be-
tween cognitively demanding tasks. Yet, when individuals engage in
low-effort activities, such as watching entertaining short videos, the
dACC’s monitoring and effort-evaluation functions may be down-
regulated compared to rest periods, potentially leading to poor time
management and excessive consumption.

Previous research suggests that dACC activation varies across in-
dividuals, potentially contributing to differences in cognitive control
abilities. Importantly, the dACC activation is influenced not only by task
states but also by trait-related factors and regional neurotransmitter
concentrations (Yücel et al., 2007). A growing body of multimodal
¹H-MRS-fMRI research has demonstrated robust associations between
local neurotransmitter levels and task-evoked blood oxygen
level-dependent (BOLD) responses (Ip et al., 2017; Kiemes et al., 2021).
For example, glutamate concentrations in the anterior cingulate cortex
(ACC) have been shown to positively correlate with ACC activation
during cognitive control tasks (Cadena et al., 2018), whereas GABA
concentrations have been linked to negative BOLD responses in the ACC
(Northoff et al., 2007). Notably, however, these metabolite–BOLD re-
lationships appear to be context dependent: they are relatively consis-
tent in emotion-related paradigms but show greater variability in
cognitive control and working memory tasks (Overbeek et al., 2019;
Yücel et al., 2007).

Beyond regional activation, neurotransmitter concentrations also
contribute to large-scale network coupling (Finkelman et al., 2025;
Mohammadi et al., 2025; Mouchlianitis et al., 2023). Higher ACC
glutamate levels have been associated with greater task-induced deac-
tivation of the default mode network (De Joode et al., 2023; Falkenberg
et al., 2012; Hu et al., 2013; Overbeek et al., 2019). Similarly, GABA
levels in the dACC and prefrontal cortex have been linked to BOLD re-
sponses in distal regions such as the putamen and cerebellum during
reward learning and emotion processing (Finkelman et al., 2025; Oboshi
et al., 2025). More broadly, the local excitation–inhibition (E/I) balan-
ce—regulated primarily by glutamate and GABA—is thought to shape
both regional activation patterns and distributed network dynamics
(Hegarty et al., 2018). Building on this body of work, the present study
investigates how resting-state glutamate and GABA concentrations in
the dACC modulate its activity and functional connectivity during
naturalistic short-video viewing—a common yet underexplored context
in neurochemical research. This approach advances mechanistic un-
derstanding of how regional neurochemistry influences
cognitive-control network dynamics under real-world conditions.

While previous studies have explored the neural mechanisms of self-
regulation through cognitive tasks that activate the dACC and dlPFC,
few have directly examined how the cognitive control network responds
to engaging, entertainment-based activities that often lead to self-
regulation failure in some individuals. This gap raises a critical ques-
tion: Does short-video viewing suppress cognitive control regions, and
what neurochemical mechanisms underlie individual differences in this
process? To address these critical issues, we employed 1H-MRS in
conjunction with fMRI. This dual-modality approach enables a
comprehensive investigation of the relationship between resting-state
neurochemical concentrations and task-induced activity in key cogni-
tive control regions, offering deeper insights into the neural basis of
short-video consumption and its implications for self-regulation. This
study was preregistered on September 20th 2024 (https://aspredicted.
org/h4pm2.pdf).

2. Methods

2.1. Participants

In this study, 66 participants with normal or corrected-to-normal
vision were recruited through online advertisements. The experi-
mental procedures were approved by the Ethics Committee of Zhejiang
University. All participants provided written informed consent before
participation and received financial compensation. After applying
exclusion criteria, 10 participants were removed from analysis: six due
to excessive head motion (maximum displacement > 3 mm) and four
due to low-quality MRS spectra (specific exclusion criteria for MRS are
detailed in Section 2.3.3 1H-MRS data preprocessing). No participants
were excluded for psychiatric disorders, such as depression, anxiety,
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schizophrenia, or substance use disorders. The final sample for statistical
analyses consisted of 56 participants (mean age = 23.30 ± 2.45 years;
37 males and 19 females). Before fMRI scanning, all participants self-
reported their estimated daily short-video viewing time using four cat-
egorical levels: less than 30 minutes, 30 minutes to 1 hour, 1 to 2 hours,
and more than 2 hours. All participants reported having some degree of
short-video use experience (less than 30 min: n = 6; 30 min–1 h: n = 29;
1–2 h: n = 10; more than 2 h: n = 11).

2.2. Short-video viewing task

This study employed a natural video viewing task adapted from our
previous study (Su et al., 2023). Participants viewed two 6-minute video
blocks separated by 30-second rest intervals (total duration: 815 sec-
onds). The videos were pre-recorded by the experimenter on a smart-
phone (Xiaomi 9 model) with no prior history of short-video app usage
history. The video library consisted of 160 clips spanning five categories:
single-person actions, multi-person interactions, pets, game scenes, and
natural scenery. The video duration ranged from 7 to 104 seconds (Mean
= 23.7 seconds), with 130 clips (81.3 %) under 30 seconds.

Participants were instructed to watch the videos naturally while
minimizing head movement. To proceed to the next video, participants
could press a button placed in their right hand at any time. Based on
their viewing completion, videos were classified as: "Liked" (watched to
end), "Disliked" (skipped before 50 % progress), and “Type 3” (skipped
after 50 % progress).

Analysis focused on brain activation and connectivity during the
"Liked" and "Disliked" conditions. Although the video playback order
was fixed, the total number of videos watched varied across participants
(Mean = 70.88 ± 28.46, ranging from 42 to 138). On average, partici-
pant watched 19.09± 8.66 “Liked” videos and 35.77± 30.73 “Disliked”
videos. A significant difference was observed between the two types of
videos (t(55) = -3.44, p = .001). Video stimuli were delivered via E-
Prime 3.0 (psychology software tools, Pittsburgh, PA; https://www.pst
net.com), and displayed on an MRI-compatible screen with a resolu-
tion of 720 × 1280 pixels.

2.3. Brain image and 1H-MRS data

2.3.1. Data acquisition
Neuroimaging and 1H-MRS data were acquired using a 3T Siemens

Prisma scanner (MAGNETOM Prisma, Siemens Healthcare Erlangen,
Germany) equipped with a 20-channel coil at the Center for Brain Im-
aging Science and Technology (CBIST), Zhejiang University.

High-resolution anatomical images were obtained using a T1-
weighted 3D magnetization-prepared rapid gradient echo sequence
with the following parameters: TR/TE = 2300/2.32 ms, flip angle = 8

◦

,
FOV = 240 × 240 mm2, matrix = 256 × 256, voxel size = 0.94 ×

0.94 × 0.9 mm3, and 208 sagittal slices. Functional images were
collected using a T2*-weighted single-shot echo-planner imaging
sequence with multiband acceleration (multiband factor = 4). The
acquisition parameters were: TR/TE = 1000/34 ms, flip angle = 50

◦

,
FOV = 230 × 230 mm2, matrix = 92 × 92, voxel size = 2.5 × 2.5 × 2.5
mm3, and slice number = 52.

Prior to MRS scans, automated shimming was performed to optimize
static magnetic field homogeneity. Glutamate and GABA concentrations
were quantified using a water-suppressed MEGA-PRESS sequence (TE/
TR = 68/2000 ms, editing pulses at 1.9 ppm (ON) and 7.5 ppm (OFF),
bandwidth = 2000 Hz, acquisition duration = 1024 ms, vector size =

2048, editing pulse bandwidth = 53 Hz) with 72 averages for Cohort 1
(n = 25) and 120 averages for Cohort 2 (n = 31). An MRSinMRS
checklist for this study is provided in Table S1 (A. Lin et al., 2021). Data
were acquired with identical structural/fMRI parameters and video task
protocols across cohorts, except the MRS average number being
increased from 72 to 120 to increase signal to noise ratio (SNR). To
account for potential systematic SNR variation between the two cohorts,

the number of averages was included as a covariate at group-level an-
alyses. Water spectra were also acquired from the same voxel of interest
(VOI) using the MEGA-PRESS sequence with five averages for all
participants.

For MRS anatomic positioning, a 26 × 21 × 15 mm3 VOI was
manually placed in the bilateral dACC (Fig. 1A, left), angled tangentially
to the corpus callosum and crossed two hemispheres. A control VOI was
placed in the Visual cortex (26 × 21 × 15 mm3; Fig. 1A, right) to isolate
cognitive-emotional effects in dACC from stimulus-driven confounds.
The visual VOI was placed in the center of the occipital lobe, ensuring
that the entire voxel remains within the occipital lobe region to mini-
mize partial volume effect. The center of mass coordinates in standard
MNI space ([right, anterior, superior]) were [.74 ± 1.14, 25.40 ± 8.32,
26.69 ± 6.10] and [1.14 ± 1.51, -84.26 ± 2.35, 6.93 ± 2.87] for the
dACC and visual VOI, respectively.

2.3.2. fMRI data preprocessing
The fMRI data preprocessing was conducted using AFNI (Cox, 1996),

ANTs (http://stnava.github.io/ANTs/), and SPM12 (https://www.fil.
ion.ucl.ac.uk/spm/). The pipeline included four primary steps: slice
timing correction, motion correction, spatial normalization, and
smoothing using a Gaussian kernel with a full-width at half-maximum
(FWHM) of 5 mm. Framewise displacement (FD) was calculated for
each volume to quantify head motion, following the method described
by Power et al. (2012). Rotational displacements were converted from
radians by assuming a spherical head model of 50-mm radius. Mean FD
was included as a covariate in statistical analyses to control for the po-
tential effects of individual differences in motion-related variance.

The FD for each volume (FDi) was calculated as:

FDi =
∑

j

⃒
⃒d(i− 1),j − di,j

⃒
⃒

Where j represents the six motion parameters (x, y, z, pitch, roll, yaw),
and i = 2, 3, …

2.3.3. 1H-MRS data preprocessing
MRS data preprocessing was performed using the FID-A toolkit

(Simpson et al., 2017). Glutamate concentrations were quantified using
LCModel (Provencher, 1993; version 3.6-1H; Fig. 1B, left), while GABA
concentrations were quantified using Gannet (Edden et al., 2014;
Fig. 1B, right). LCModel fits experimental spectra in the frequency
domain with a combination of basis sets, each representing the fre-
quency spectrum of a specific metabolite, alongside a baseline to ac-
count for unmodeled signals. Gannet, a MATLAB-based open-source
software, specializes in quantitative GABA analysis using a simple
Gaussian model. While LCModel can estimate GABA concentrations,
Gannet was selected due to its superior interclass correlation coefficient
in prior methodological comparisons (Saleh et al., 2016), ensuring
enhanced reliability for GABA analysis.

According to the LCModel Manual, the full width at half-maximum
(FWHM) provides a rough estimate of the linewidth in the in vivo
spectrum while the signal-to-noise (S/N) is defined as the ratio of the
maximum amplitude in the spectrum-minus-baseline within the Anal-
ysis Window to twice the root-mean-square of the residuals (S. Pro-
vencher, 2021). In GABA fitting, FWHM is calculated as the width of the
fitted GABA peak in Hz (Edden et al., 2014). However, these two pa-
rameters can only serve as general references for data quality and do not
precisely characterize it (S. Provencher, 2021).

In contrast, the Cramer-Rao lower bound (CRLB)—reported as %SD
values in LCModel concentration tables and as GABAFitError in Gannet,
which represents the standard deviation of the residual of the GABA
peak fit expressed as a percentage of the GABA peak amplitu-
de—simultaneously accounts for both spectral resolution and noise level
(Kreis, 2004). Therefore, it offers the most useful guidance regarding the
reliability of the metabolite concentration estimates. We have provided
detailed data quality parameters for both glutamate and GABA in the
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two regions of interest in Table S2. Consistent with previous studies
(Coum et al., 2016; Kanagasabai et al., 2024), glutamate data with CRLB
values exceeding 10 % were excluded from subsequent analyses. For
GABA, data points with CRLB exceeded 20 % were excluded in accor-
dance with standard practices (Long et al., 2013; Wijtenburg et al.,
2013).

2.3.4. 1H-MRS data partial volume correction
Differences in proton densities, T1 and T2 relaxation times across

gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF)
influence MRS signals. Consequently, the volume fractions of different
tissue types were calculated by segmenting T1 images using Gannet
(Edden et al., 2014). The water signal was then corrected by the tissue
fractions with varying proton density according to a previous study
(Geramita et al., 2011). T1 and T2 values of glutamate in WM (T1 =

1170 ms, T2 = 124 ms) and GM (T1 = 1270 ms, T2 = 135 ms) (Ganji
et al., 2012; Mlynárik et al., 2001) were used for a global relaxation
correction to obtain absolute quantification in millimolar (mM),
assuming no contribution to glutamate MR signal from CSF. The proton
density ratio of WM to GM of glutamate (0.5) (Choi et al., 2006; Srini-
vasan et al., 2006) was used to calculate the glutamate concentrations in
GM. The correction calculations are outlined in the equation provide by
Chen et al. (2019) as below:

Where S is the metabolite/water signal; WM%, GM% and CSF % are
the tissue percentages; f is the sensitivity factor of metabolite/water in a
certain tissue type.

2.4. Region of interest (ROI) definition for fMRI analysis

To investigate the neural mechanisms underlying short-video
viewing, we focused on two key ROIs: the dACC and the left dlPFC.
These regions are widely implicated emotion regulation, attention, and
decision-making (Piretti et al., 2022; Silton et al., 2010; Smith et al.,
2019).

The dACC mask (Fig.2, left) was created using the CoRegister module
of Gannet (Edden et al., 2014). Participant-specific masks were then
normalized to standard space, and an overlapping mask with at least 90
% coverage across participants was created using 3dMean and 3dcalc.
This overlapping mask served as the basis for all subsequent analyses of
dACC brain activation and functional connectivity.

For the left dlPFC, we focused on the left portion of Brodmann area
46 (Fig. 2, middle), a region wisely recognized for its central role in
implementing cognitive control functions (Breukelaar et al., 2017). The
primary visual cortex (V1) was designated as the control region. While
the MRS visual cortex voxel spanned broader occipital regions, we
refined our analyses to Brodmann area 17 to isolate V1-specific activity,
ensuring better control over low level visual stimulus confounds (Fig. 2,
right).

2.5. Statistical analyses

2.5.1. ROIs activation during video-watching task
To examine potential differences in ROI activation between the

"liked" and "disliked" conditions during short-video watching, we first
performed first-level general linear modeling (GLM) using

3dDeconvolve in AFNI. Three block regressors were constructed to
represent the brain’s response to different video classifications: "liked,"
"disliked," and "Type 3". The onset times were defined as the moments
when the video appeared on the screen, and the durations corresponded
to the lengths of the video being viewed. For the "disliked" and "Type 3"
conditions (where participants pressed the button), two additional
event-related regressors were included to model the changes in fMRI
signals associated with motor responses in these conditions. In addition
to the task-related regressors, nuisance regressors included the six head
motion parameters, the first five components of CSF and WM (which
have been shown to contain physiological noise) (Windischberger et al.,
2002), and signal drifts (automatically determined with the -polort A
option in the 3dDeconvolve command).

After performing the GLM, brain activation levels (β values) for the
dACC, dlPFC, and V1 regions under both the "disliked" and "liked"
conditions were extracted. Six separate one-sample t-tests (one for each
ROI-condition combination: 3 ROIs x 2 conditions) were conducted to
determine whether activations in these models significantly different
from baseline. Three paired-sample t-tests (one per ROI) were then
performed to compare activation differences between the "disliked" and
"liked" conditions within each ROI. To control for multiple comparisons
across all nine tests (6 one-sample + 3 paired tests), a Bonferroni
correction was applied, resulting in a significance threshold of p =

.00555 (.05/9).

We hypothesized that cognitive control-related regions (dACC and
dlPFC) would be suppressed during the "liked" condition and undergo
disinhibition during the "disliked" condition. In contrast, the V1 region
was expected to show significant activation in both conditions, with no
significant difference between them.

2.5.2. Task-dependent connectivity between ROIs
To explore how brain connectivity between the dACC and the dlPFC/

V1 varies across task conditions, we conducted psychophysiological
interaction (PPI) analysis. PPI, as proposed by Friston et al. (1997),
examines the interaction between a physiological variable (the time
series of a specific brain region) and a psychological variable (task
conditions) within a regression model. This method allows the investi-
gation of how connectivity between brain regions differs between spe-
cific task conditions.

For each participant, a GLM analysis was performed in AFNI,
incorporating the following regressors: five task regressors (three block
regressors and two event-related regressors, see Section 2.5.1 ROIs acti-
vation during video-watching task for details), one regressor representing
the time series of the seed region (dACC 90 % overlap mask), three
interaction regressors capturing the product of the seed region time
series and the task conditions (dACC * disliked, dACC * liked, and dACC
* type3), two nuisance regressors for WM and CSF corrections (the first
five components of CSF and WM), and six motion regressors to account
for head movement.

Using 3dROIstats, we extracted dACC connectivity with the dlPFC
and V1 under the "disliked" and "liked" conditions. One-sample t-tests
were conducted to evaluate whether connectivity differed significantly
from baseline, while paired-sample t-tests were performed to compare
connectivity between the two conditions. To account for multiple
comparisons, a Bonferroni correction was applied, with the significance
threshold set at p = .00833 (.05/6).

We hypothesized that the dACC would exhibit significant positive

(Smet/Swat)corr = (Smet/Swat)uncorr⋅

(
WM %⋅fwat WM + GM %⋅fwat GM + CSF %⋅fwat csf

)

(
WM %⋅fmet WM + GM %⋅fmet GM

)
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connectivity with the dlPFC under both conditions, with stronger con-
nectivity observed in the "disliked" condition compared to the "liked"
condition. In contrast, we anticipated that the dACC would show no
significant connectivity with the V1 in either condition, nor significant
differences in dACC-V1 connectivity between conditions.

2.5.3. Correlations between glutamate/GABA concentration and ROI
activation/connectivity

To investigate the relationship between neurotransmitter concen-
trations and ROIs activation as well as task-dependent connectivity, we
employed hierarchical regression models. These models evaluated the
unique contribution of dACC glutamate and GABA concentrations while
controlling for relevant covariates. The change in R2 (ΔR2) was used as
an indicator of the metabolites' contribution to the model.

In Step1, a set of covariates was included: age, gender, number of
MRS averages, dACC glutamate CRLB, dACC CSF content, and mean
head motion during the short-video watching task. In Step2, dACC
glutamate and GABA concentrations were added to the model. The

dependent variables were the activations of the dACC, dlPFC, and V1
under "liked" and "disliked" conditions, as well as the connectivity
measures between dACC-dlPFC and dACC-V1 under both conditions.

We hypothesized that higher dACC glutamate would be associated
with reduced deactivation in the dACC and dlPFC, whereas higher dACC
GABA would show the opposite pattern. Furthermore, we hypothesized
that both metabolites would be associated with dACC-dlPFC functional
connectivity, but would not show significant correlations with V1 acti-
vation or dACC-V1 connectivity.

To explore the relationship between metabolites in the visual cortex
(control region) and regional activation, we repeated the analysis using
the visual cortex metabolites in place of dACC metabolites. Activation
values derived from the visual cortex mask (90 % overlap mask) under
"liked" and "disliked" conditions served as the dependent variables. We
hypothesized that visual cortex glutamate and GABA concentrations
would not exhibit significant correlations with visual activation in either
condition.

Fig. 1. Placement of MRS Regions of Interest and Spectrum Fitting. Panel (A, left) depicts the placement of a 26 × 21 × 15 mm³ voxel in the dACC for MRS data
collection. The right side of Panel (A) shows the placement of the control region in the visual cortex, which allows for the isolation of cognitive and emotional
influences on dACC activity. Glutamate concentrations were quantified using LCModel, with a representative fitted spectrum presented in Panel (B, left). GABA
concentrations were quantified using Gannet, and the corresponding fitted spectrum is illustrated in Panel (B, right).

T. Hong et al.



NeuroImage 327 (2026) 121722

6

3. Results

3.1. Demographic statistics

The mean corrected dACC glutamate concentration was 10.34 ±

1.00 μM, while the mean corrected dACC GABA concentration was 2.20
± 1.59 μM. For the visual cortex, after applying a CRLB threshold of 10
% for glutamate and 20 % for GABA, 50 participants remained in the
visual-MRS related analysis. The mean corrected visual glutamate con-
centration was 9.39 ± .90 μM, and the mean corrected GABA concen-
tration was 1.98 ± .41 μM.

3.2. Distinct activation patterns in cognitive control regions during liked
and disliked video

As shown in Fig. 2, both the dACC and the left dlPFC demonstrated
significant suppression during the viewing of liked videos (dACC: t(55)
= -6.30, p < .001; dlPFC: t(55) = -12.20, p < .001). In contrast, during
the viewing of disliked videos, dACC activation did not differ signifi-
cantly from baseline (t(55) = -.90, p = .373), whereas dlPFC activation
was significantly lower than baseline (t(55)= -3.731, p< .001). A direct
comparison between conditions indicated that, relative to the disliked
condition, both dACC and dlPFC exhibited significantly greater sup-
pression during the viewing of liked videos (liked vs disliked, dACC: t
(55) = -6.52, p < .001; dlPFC: t(55) = -6.21, p < .001).

In the V1 control region, significant activation was consistently
observed across video types (liked: t(55)= 5.21, p< .001; disliked: t(55)
= 7.76, p < .001), with no significant differences identified between
conditions (liked vs disliked, t(55) = -.65, p = .519). It is important to
note that the significance threshold was set at p = .00555 (.05/9),
following Bonferroni correction.

3.3. dACC glutamate concentration positively correlates with dACC and
dlPFC activations

After controlling for age, gender, number of averages, dACC CRLB,
dACC CSF content, and mean head motion during video watching, we
found that dACC glutamate concentration made a significant contribu-
tion, independent of GABA concentration, to dACC activation under
both conditions (liked: β = 2.51, p = .016; disliked: β = 2.88, p = .006)

and to dlPFC activation in the disliked condition (β = 3.95, p < .001)
(Fig. 3). However, no significant relationship was observed between
dACC glutamate concentration and dlPFC activation in the liked con-
dition (β = 1.93, p = .060) or V1 activation under either condition
(liked: β = 1.52, p = .134; disliked: β = 1.12, p = .267).

In contrast, dACC GABA concentration showed a significant contri-
bution to V1 activation in both conditions (liked: β = 2.50, p = .016;
disliked: β = 3.16, p = .003) but was not significantly associated with
dACC (liked: β = 2.01, p = .050; disliked: β = 1.54, p = .129) or dlPFC
activation (liked: β = .09, p = .931; disliked: β = .15, p = .881). Con-
tributions of other parameters to the models are detailed in Table 1,2 and
Table S3.

In addition to acquiring MRS data from the dACC region, we also
placed a region of interest in the occipital lobe to estimate glutamate and
GABA concentrations in the visual cortex, which served as a control
region (Fig. 1A, right, N = 50). Analysis of the relationship between vi-
sual metabolite concentrations and regional activation revealed no sig-
nificant correlations between visual glutamate and GABA
concentrations and visual activation in either the "liked" or "disliked"
conditions (Table S6).

3.4. Increased connectivity between dACC and dlPFC during viewing:
more pronounced increase during "liked" videos

We analyzed the connectivity between the dACC and dlPFC/V1 and
further assessed its relationship with dACC metabolites, specifically
glutamate and GABA concentrations. As depicted in Fig. 4A, connectivity
between the dACC and left dlPFC was significantly greater than baseline
in both conditions (liked: t(55)= 5.75, p< .001; disliked: t(55)= 4.65, p
< .001), with a significant difference between conditions (liked vs dis-
liked, t(55) = 2.72, p = .009). Conversely, the connectivity between
dACC and V1 control region did not significantly differ from baseline
under either condition (Fig. 4B; liked: t(55) = -1.02, p = .313; disliked: t
(55) = -1.85, p = .070), nor was there a significant difference between
conditions (liked vs disliked, t(55) = 1.12, p = .267). The significance
threshold was set at p = .00833 (.05/6) dACC glutamate and GABA
concentrations did not exhibit significant contributions to dACC-dlPFC
or dACC-V1 connectivity under either condition, as detailed in
Table S4,5.

Fig. 2. The dACC and dlPFC showed reduced activation during short-video viewing, whereas the visual cortex exhibited increased activation relative to baseline. The
upper portion of the Fig. illustrates the ROIs analyzed in this study: the overlapping dACC region with 90 % participant coverage following alignment (left), the dlPFC
extracted from the left portion of Brodmann area 46 (middle), and V1, designated as the control region, extracted from Brodmann area 17 (right).
* p < .05, ** p < .01, *** p < .001
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4. Discussion

This study investigated dynamic changes in cognitive control
network activity during short video viewing and examined the influence
of resting-state metabolite concentrations on task-evoked neural re-
sponses. Key findings revealed preference-dependent patterns: when
participants viewed "liked" videos, two core regions of the cognitive
control network—the dACC and the dlPFC—exhibited significant
deactivation. In contrast, during "disliked" video viewing, dACC activity

remained comparable to baseline levels, while dlPFC activity remained
suppressed. Task-related activity in these regions was correlated with
resting-state glutamate (an excitatory neurotransmitter) in the dACC,
with no significant association observed for GABA (the primary inhibi-
tory neurotransmitter). Notably, individuals with higher resting-state
dACC glutamate concentrations displayed reduced suppression of both
dACC and dlPFC activity during video viewing. Additionally, we
observed increased dACC-dlPFC functional connectivity during video
viewing, particularly for "liked" videos. However, no significant

Fig. 3. The dACC glutamate concentration positively correlated with activation levels in both the dACC and dlPFC across the two conditions. Specifically, individuals
with higher glutamate concentrations in the "liked" condition exhibited reduced inhibition (less negative activation) in the dACC and dlPFC, while showing greater
disinhibition in the "disliked" condition.
To visualize the results of the hierarchical regression analysis, linear regressions were performed with covariates as independent variables. Dependent variables
alternated between dACC glutamate concentrations and activations extracted from the ROIs under both "liked" and "disliked" conditions. Residuals from these models
were calculated and added to the respective group means of dACC glutamate and ROI activations. Scatter plots were generated to depict the relationship between
adjusted dACC glutamate concentrations and ROI activations, with significance levels denoted as * p < .05, ** p < .01, *** p < .001.

Table 1
Summary of hierarchical regression analyses based on dACC metabolites for dACC activation.

dACC "like" activation dACC "dislike" activation

step1 step2 step1 step2

Variables R2 B SE β △R2 B SE β R2 B SE β △R2 B SE β

Covariates .13 ​ ​ ​ ​ ​ ​ ​ .13 ​ ​ ​ ​ ​ ​ ​
Age ​ -.02 .02 1.23 ​ ​ ​ ​ ​ -.00 .02 -.26 ​ ​ ​ ​
Gender ​ .06 .09 .67 ​ ​ ​ ​ ​ .13 .09 1.46 ​ ​ ​ ​
Averages ​ .05 .09 .61 ​ ​ ​ ​ ​ -.04 .09 -.44 ​ ​ ​ ​
dACC_crlb ​ 9.81 4.91 2.00 ​ ​ ​ ​ ​ .19 5.10 .04 ​ ​ ​ ​
dACC_c3 ​ -.09 1.37 -.06 ​ ​ ​ ​ ​ 1.14 1.42 .80 ​ ​ ​ ​
FD_video ​ .80 .98 .81 ​ ​ ​ ​ ​ 1.19 1.02 1.17 ​ ​ ​ ​

Metabolites ​ ​ ​ .13* ​ ​ ​ ​ ​ ​ ​ .14* ​ ​ ​
dACC_Glu ​ ​ ​ ​ ​ .12 .05 2.51* ​ ​ ​ ​ ​ .15 .05 2.88**
dACC_GABA ​ ​ ​ ​ ​ .05 .03 2.01 ​ ​ ​ ​ ​ .04 .03 1.54

dACC_crlb, Cramer-Rao lower bound of dACC glutamate data fitting; dACC_c3, dACC cerebrospinal fluid content; FD_video, mean head motion during the short-video
watching task; dACC_Glu, dACC glutamate concentration; dACC_GABA, dACC GABA concentration
Gender (male = 1), Averages (Cohort1[120] = 1)
* p < .05,
** p < .01,
*** p < .001
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relationship was identified between metabolite concentrations and
functional connectivity. Together, these results advance our under-
standing of the interplay between regional neurochemistry and large-
scale network dynamics, revealing novel evidence that excitatory
neurotransmission is closely linked to the modulation of cognitive
control during emotionally salient experiences.

4.1. Adaptive cognitive control during short video viewing: the role of
dACC and dlPFC in deactivation

The dACC and dlPFC—structurally interconnected regions critical
for behavioral adaptation (Haber et al., 2022; Petrides & Pandya,
1999)—collaboratively regulate cognitive control (Botvinick & Braver,
2015; Heilbronner&Hayden, 2016). The conflict monitoring hypothesis

posits that the dACC detects conflicts and recruits the dlPFC to resolve
them (Carter et al., 1998; Kerns et al., 2004). In tasks requiring active
conflict resolution (e.g., Stroop tasks), both regions typically activate
robustly (Mohanty et al., 2007; Song et al., 2017). However, during
“liked” short video viewing, we observed significant deactivation in
both regions. Importantly, this deactivation should not be interpreted as
a failure of cognitive control capacity. Rather, it likely reflects the low
conflict inherent to passive viewing, reducing demands on top-down
cognitive control mechanisms.

Two considerations help clarify the nature of the observed deacti-
vation. First, reduced task engagement is unlikely to account for the
effect: participants actively evaluated the videos, skipping disliked clips
on 56.79 ± 19.47 % of trials, indicating sustained involvement rather
than generalized disengagement or mind-wandering. Second, given the

Table 2
Summary of hierarchical regression analyses based on dACC metabolites for dlPFC activation.

dlPFC "like" activation dlPFC "dislike" activation

step1 step2 step1 step2

Variables R2 B SE β △R2 B SE β R2 B SE β △R2 B SE β

Covariates .04 ​ ​ ​ ​ ​ ​ ​ .18 ​ ​ ​ ​ ​ ​ ​
Age ​ -.00 .01 -.71 ​ ​ ​ ​ ​ -.00 .01 -.29 ​ ​ ​ ​
Gender ​ -.01 .03 -.41 ​ ​ ​ ​ ​ .05 .04 1.26 ​ ​ ​ ​
Averages ​ .01 .03 .16 ​ ​ ​ ​ ​ .04 .04 1.02 ​ ​ ​ ​
dACC_crlb ​ -1.83 1.77 -1.03 ​ ​ ​ ​ ​ .14 2.00 .07 ​ ​ ​ ​
dACC_c3 ​ -.00 .49 -0.00 ​ ​ ​ ​ ​ 1.19 .56 2.14* ​ ​ ​ ​
FD_video ​ .06 .36 0.17 ​ ​ ​ ​ ​ .07 .40 .18 ​ ​ ​ ​

Metabolites ​ ​ ​ ​ .08 ​ ​ ​ ​ ​ ​ ​ .22*** ​ ​ ​
dACC_Glu ​ ​ ​ ​ ​ .04 .02 1.93 ​ ​ ​ ​ ​ .07 .02 3.95***
dACC_GABA ​ ​ ​ ​ ​ .00 .01 0.09 ​ ​ ​ ​ ​ .00 .01 .15

dACC_crlb, Cramer-Rao lower bound of dACC glutamate data fitting; dACC_c3, dACC cerebrospinal fluid content; FD_video, mean head motion during the short-video
watching task; dACC_Glu, dACC glutamate concentration; dACC_GABA, dACC GABA concentration
Gender (male = 1), Averages (Cohort1[120] = 1)
* p < .05,
** p < .01,

*** p < .001

Fig. 4. The connectivity between the dACC and left dlPFC (A) was significantly greater than baseline in both conditions, with a notable difference between the two
conditions. In contrast, the connectivity between dACC and V1 control region (B) did not show a significantly deviation from baseline in either condition, and no
significant difference was observed between the conditions.
* p < .05, ** p < .01, *** p < .001
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passive and hedonic nature of the task, a more plausible explanation is a
transition toward automatic, low-effort, immersive processing. Prior
research shows that engaging visual media can induce a flow-like state
characterized by absorbed attention, diminished self-monitoring, and
increased reliance on automatized processing (Alameda et al., 2022;
Michailidis et al., 2018). Neurobiologically, such states consistently
elicit deactivation within medial prefrontal regions—including areas
implicated in monitoring and cognitive control (Ulrich et al., 2016,
2022). Accordingly, the suppression of dACC/dlPFC activity during
“liked” video viewing likely reflects an adaptive downregulation that
facilitates efficient, immersive engagement rather than a breakdown of
control mechanisms.

This interpretation is aligned with our previous research on passive
video viewing (Su et al., 2021), where dACC deactivation occurred
regardless of video content type (personalized recommendations or
general content). We propose that the dACC maintains moderate base-
line activity to prepare individuals for potential environmental de-
mands, while excessive baseline activation (as seen in depression; Liu
et al., 2014) may impair cognitive control. Reduced dACC/dlPFC
engagement during preferred video viewing may thus promote unin-
terrupted immersion, in line with accounts linking flow states to atten-
uated frontal activity (Csikszentmihalyi, 2014; Dietrich, 2004; Limb &
Braun, 2008). Notably, the dACC and dlPFC exhibit functional diver-
gence. Electrophysiological evidence suggests that the dACC encodes
task-related conflicts through neuronal firing rates (Smith et al., 2019),
monitoring uncertainty to enable adaptive responses (Fan, 2014),
whereas the dlPFC resolves detected conflicts through top-down control
(Shenhav et al., 2013, 2017). During “disliked” video viewing, dimin-
ished emotional engagement and reward signaling may reduce conflict
monitoring demands, allowing dACC activity to return to baseline. In
such cases, the dACC may be involved in the initiation of switching to
preferred content via motor-related interactions, bypassing
dlPFC-involved control. This aligns with the cascade-of-control model,
where diminished dlPFC engagement triggers compensatory dACC
recruitment (Silton et al., 2010).

4.2. The role of dACC glutamate in cognitive control and neural
activation during short video viewing

Previous studies have demonstrated that dACC activation is modu-
lated not only by task states but also by neurotransmitter concentrations
(Yücel, Harrison, et al., 2007). In the current study, we identified a
positive correlation between the BOLD response during short video
viewing and the resting-state glutamate concentration in the dACC. In-
dividuals with elevated baseline glutamate levels in the dACC exhibited
relatively higher activation in both the dACC and dlPFC during video
viewing, consistent with reduced regional suppression. These findings
corroborate earlier research linking ACC glutamate concentrations to
task-evoked activation, particularly during empathy-related tasks (Enzi
et al., 2012), and extend prior evidence showing that resting-state dACC
glutamate concentrations predict BOLD response magnitude during
cognitive control tasks (Falkenberg et al., 2012). It is important to note
that this relationship is correlational, and while it supports the notion of
a link between excitatory neurotransmitter levels and task-evoked BOLD
responses, the present data do not permit causal inference regarding the
direction of this influence. Together, these results strongly support a
reliable association between regional excitatory neurotransmitter con-
centrations and BOLD signal strength.

The biological basis of the observed association between dACC
glutamate concentrations and cognitive control network activation may
involve intricate cellular interactions. Higher resting-state regional
glutamate concentrations may prime excitatory neurons, amplifying
cognitive control network engagement during tasks requiring significant
cognitive regulation. Conversely, in contexts with lower cognitive de-
mands, this heightened baseline excitability could manifest as dimin-
ished dACC deactivation, reflecting sustained neural activity for ongoing

monitoring of decision-making or environmental contingencies.
Notably, dACC glutamate concentrations also show associations with
activity in distal regions such as the dlPFC. This aligns with observations
by Duncan et al. (2014), who reported positive correlations between
glutamate levels and neural activity in regions remote from neuro-
transmitter sampling sites. Such effects may arise from long-range glu-
tamatergic projections (Rockland, 1997), further underscoring the
regulatory role of the dACC in cognitive control (Fan, 2014; Shenhav
et al., 2013; Smith et al., 2019).

Glutamate and GABA dynamically interact to regulate neuronal
excitability and network stability (Sears & Hewett, 2021; Zahid et al.,
2023). Although GABAergic inhibition typically suppresses neural ac-
tivity, prior studies have reported heterogeneous associations between
GABA and BOLD signals—including negative, positive, or null correla-
tions (Craven et al., 2024; Hayes et al., 2013; Muthukumaraswamy
et al., 2012). This inconsistency suggests that GABA’s relationship with
neural activation is likely nonlinear and context-dependent, and thus
may not be well captured by simple correlational approaches.

Importantly, the absence of a significant association between dACC
GABA concentrations and BOLD activity in the current study should not
be interpreted as evidence that GABAergic inhibition plays no functional
role. MRS-derived GABA predominantly reflects tonic and metabolic
pools rather than phasic synaptic release that directly drives fast
inhibitory control (Dyke et al., 2017; Rae, 2014). This methodological
limitation may reduce sensitivity to detecting GABA–BOLD associations.
Additionally, inhibitory influences on prefrontal activity often occur
indirectly, such as through modulation of glutamate release or via local
interneuron circuits—especially parvalbumin- and
somatostatin-positive interneurons—that tightly regulate prefrontal
excitability (McGarry & Carter, 2016). Such complex circuit-level
mechanisms may interact with glutamatergic drive in ways that
obscure linear relationships between regional GABA concentrations and
BOLD responses. Future studies employing higher-field MRS or tasks
explicitly targeting inhibitory control processes will be necessary to
more precisely delineate the contribution of the GABA–glutamate bal-
ance to hemodynamic signaling in the dACC.

4.3. Enhanced dACC-dlPFC connectivity during "like" video viewing:
implications for cognitive control and conflict adaptation

Our findings demonstrated increased functional connectivity be-
tween the dACC and dlPFC during video viewing, with the strongest
effects observed when participants watched "liked" videos. The dACC
and dlPFC are core components of the cognitive control network, and
their coordinated activity is a cornerstone of cognitive control frame-
works (Carter et al., 1998; Heilbronner & Hayden, 2016; Voytek et al.,
2015; Widge et al., 2019). Although heightened dACC-dlPFC coupling is
commonly associated with increased control demands (Clairis &
Lopez-Persem, 2023; Fan et al., 2008; Smith et al., 2019), our findings
diverge from this classical prediction: connectivity was stronger during
the "like" condition, even though both regions exhibited greater
deactivation.

A plausible interpretation involves affect-driven modulation of pre-
frontal dynamics. The amygdala, a central hub in affective processing, is
consistently activated during naturalistic emotional movie-watching
(Wang et al., 2023). Anatomically, the amygdala influences prefrontal
excitability through projections that engage local inhibitory in-
terneurons (Ghashghaei et al., 2007; Grace & Rosenkranz, 2002),
exerting a net suppressive effect on both the dACC and dlPFC. We pro-
pose that heightened amygdala activity during preferred video viewing
may contribute to a shared inhibitory modulation of these regions,
leading to joint downregulation of their activity. Under such
co-modulation, the residual neural time courses of the dACC and dlPFC
may become more temporally aligned, producing increased functional
connectivity in PPI analyses. In this view, stronger coupling reflects
coordinated disengagement rather than increased engagement of
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cognitive control.
By contrast, "disliked" videos likely impose greater monitoring de-

mands, prompting the dACC and dlPFC to engage in more differentiated,
task-specific processing. Although both regions are integral to cognitive
control, they retain distinct functional specializations (Piretti et al.,
2022; Smith et al., 2019). Under high monitoring demands, differential
neuronal projections likely drive divergent activation patterns (Silvetti
et al., 2018), resulting in weaker temporal correlation and reduced
functional connectivity.

Together, these findings suggest that dACC–dlPFC coupling is not
exclusively a marker of cognitive control intensity but may also reflect
the degree of common modulatory influence, particularly under affec-
tively salient states. This perspective highlights the importance of
examining amygdala–prefrontal interactions to fully understand large-
scale network dynamics during naturalistic media consumption.

4.4. Limitations and future works

Several limitations should be noted when interpreting these findings.
First, neurotransmitter concentrations were not measured in the dlPFC.
Given the dlPFC’s essential role in cognitive control, future studies
should extend metabolite measurements to the dlPFC and explore po-
tential associations between its neurochemical profile and neural ac-
tivity during short video viewing. Second, the amygdala is integral to
reward processing and emotional regulation (Murray, 2007) and shows
positive activation during video viewing. Further research is needed to
test whether heightened amygdala activity is a causal factor of the dACC
and dlPFC deactivation. Third, individual differences in habitual
short-video use may substantially influence neural responses. Recent
research has shown that individuals with tendencies toward short-video
addiction exhibit altered risk-taking behavior, along with structural and
functional abnormalities in the frontoparietal control network during
both task performance and rest (C. Liu, Li, et al., 2025; C. Liu, Wang,
et al., 2025; Yao et al., 2025; S. Zhang & Li, 2025). In the present study,
we did not systematically assess participants’ compulsive or problematic
short-video use. Future studies should incorporate validated short-video
addiction or problematic-use scales to determine how usage severity
relates to the neural effects identified here. Fourth, the classification of
videos as “liked” or “disliked” was based solely on viewing completion
(i.e., whether participants watched a video to the end or terminated it
early). Although this approach reflects naturalistic browsing behav-
ior—where users commonly signal preference by continuing or skip-
ping—it does not fully disentangle subjective liking from other factors
such as video duration, curiosity, or mild engagement. Future studies
would benefit from collecting explicit post-viewing ratings to validate
whether behavioral skipping decisions correspond to subjective liking.
Finally, the long-term consequences of video viewing induced deacti-
vation on cognitive functions like conflict monitoring and resolution
remain to be explored, necessitating longitudinal investigations. More-
over, the demographic characteristics of our sample—young, healthy
adults with a predominance of male participants— may limit the
generalizability of our findings. Prior research has documented sex
differences in glutamate/GABA metabolism and media-use patterns,
suggesting that neurochemical and functional responses may vary across
demographic groups (Laor & Galily, 2022; O’Gorman et al., 2011; Sai-
lasuta et al., 2008; Wu et al., 2025). Future studies with larger, more
age- and gender-balanced samples, as well as research involving diverse
populations (e.g., children, older adults, or individuals with social dis-
orders, schizophrenia, or depression), will be essential for determining
the broader applicability of these results.

5. Conclusion

This study revealed distinct patterns of cognitive control network
activity during short video viewing: "liked" videos were associated with
significant deactivation in both the dACC and dlPFC, while "disliked"

videos elicited stable dACC activity with sustained dlPFC suppression.
Resting-state glutamate levels in the dACC were associated with these
responses, as higher baseline glutamate correlated with attenuated
deactivation in both regions. Functional connectivity between the dACC
and dlPFC was significantly enhanced during exposure to "liked" videos
compared to "disliked" videos. These findings highlight the critical role
of dACC glutamatergic signaling in dynamically shaping cognitive
control network flexibility, offering novel insights into neurochemical
mechanisms underlying rapid behavioral adaptation to emotionally
salient stimuli.
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