
ARTICLE OPEN

The role of the dorsal attention network in attention bias
modification for social anxiety disorder
Yael Coldham 1,2✉, Noga Yair1,2,3, Omer Azriel2, Gal Arad2, Omer Soul4, Mark Weiser3,4, Eddie Garber5, Miki Bloch3,5, Daniel S. Pine6,
Ido Tavor 1,3 and Yair Bar-Haim1,2

© The Author(s) 2026

Identifying reliable biomarkers of treatment response is central to advancing personalized psychiatry. While whole-brain functional
connectivity models have shown promise in predicting clinical outcomes, especially for broad-spectrum interventions like
cognitive-behavioral therapy, targeted treatments may benefit from more specific neuromarkers. In social anxiety disorder (SAD),
Gaze-Contingent Music Reward Therapy (GC-MRT) is a novel attention bias modification (ABM) intervention designed to reduce
preferential attentional allocation to socially threatening stimuli. Given the dorsal attention network’s (DAN) key role in top-down
attentional control, we tested whether resting-state intra-network DAN connectivity could serve as a neural predictor of response to
GC-MRT. Participants with SAD were randomized to either receive GC-MRT (n= 22) or to a waitlist control condition (n= 24).
Resting-state fMRI data were collected before and after the intervention. Intra-DAN connectivity at baseline and post-treatment
were associated with post-treatment symptom severity in the GC-MRT group. Post-treatment intra-DAN connectivity significantly
differed in the GC-MRT group relative to controls. These findings suggest that intra-network connectivity within the DAN may have
the potential to function both as a predictive biomarker and as a neural marker of successful intervention. Our findings highlight
the role of the DAN in attention-based clinical interventions and show that network-specific connectivity metrics may offer a more
precise understanding of how targeted neuromodulation affects symptom change in SAD.
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INTRODUCTION
Identifying reliable biomarkers of treatment response advances
personalized psychiatry [1, 2]. Connectome-based predictors show
promise in forecasting clinical outcome across psychiatric
disorders [3–5]. In social anxiety disorder (SAD) [6] prior work
has largely relied on whole-brain connectivity models [7, 8], an
approach well-suited to predicting outcomes of cognitive-
behavioral therapy (CBT), which utilizes many therapeutic tactics.
By contrast, response to treatments that target a specific
neurocognitive process, such as attention bias modification
(ABM), may be better captured by network-specific biomarkers
indexing function within targeted systems. Here, we extend prior
work on neuromarkers of treatment response to an emerging
ABM intervention for SAD - Gaze-Contingent Music Reward
Therapy (GC-MRT) [9, 10]. Previous findings indicate that resting-
state connectivity between the executive control network, and the
salience and default mode networks, predicted symptom
improvement following GC-MRT [11]. Prior analyses in the current
sample further demonstrated GC-MRT-related effects on task-
evoked brain activation in the inferior frontal gyrus and anterior
cingulate cortex [12]. Building on these works and given that GC-
MRT behaviorally targets threat-related top-down attentional
control, we tested whether resting-state intra-network connectiv-
ity within the dorsal attention network (DAN), the core system

supporting top-down attentional control, predicts clinical
response in SAD.
ABM treatments are designed to remediate threat-related

attentional biases in anxiety disorders [13, 14]. Their rationale
derives from evidence linking anxiety to preferential attention
allocation to threatening over neutral information [15–17], and
with poor attention control [18–21]. GC-MRT is an emerging ABM
treatment for SAD, tested in randomized controlled trials
suggesting efficacy [9, 10]. GC-MRT employs real-time eye-tracking
feedback and operant conditioning to rebalance maladaptive
attentional patterns during the viewing of threat-related and
neutral faces embedded in simulated social crowds
[9, 16, 17, 22–25]. By reinforcing gaze allocation away from threat
cues and toward neutral stimuli [16, 17], GC-MRT aims to
remediate threat-related attentional biases. This process is
hypothesized to specifically engage the DAN, which supports
top-down goal-directed control of visual attention through
regions such as the superior parietal lobule (SPL) and frontal eye
fields (FEF) [26, 27]. Altered DAN function, together with
heightened stimulus-driven attentional capture, has been con-
sistently implicated in anxiety [18, 28]. Importantly, extant first-line
treatments for SAD, such as CBT and Selective Serotonin Reuptake
Inhibitors (SSRIs), do not directly target threat-related attentional
processes. In contrast, GC-MRT is specifically designed to modify
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the characteristic tendency of individuals with SAD toward
increased attentional allocation to socially threatening faces
relative to neutral faces [23, 29, 30]. Given the DAN’s central role
in attentional control, its intra-network connectivity is a plausible
neural substrate supporting GC-MRT’s therapeutic effects.
Connectome-based predictive modeling (CPM) has been

effectively applied to link neural measures and clinical outcomes
in anxiety disorders. Previous research has shown that pre-
treatment resting-state connectivity predicts CBT response in SAD
[7], as well as longitudinal depression and anxiety severity [31].
The functional connectome at rest has also been shown to predict
degrees of trait anxiety [32]. Here, we adapted CPM to specifically
explore DAN involvement in GC-MRT outcome, given its functional
specialization and particular relevance to the attentional mechan-
ism underpinning its therapeutics.
The following analyses were conducted: 1) network-based

predictive modeling to test the association between intra-DAN
connectivity at baseline and post-treatment symptom severity; 2)
network-based predictive modeling to test the association between
intra-DAN connectivity and symptom severity at post-treatment; 3)
comparison of post-treatment intra-DAN connectivity between GC-
MRT patients and untreated waitlist participants, controlling for
baseline connectivity; and 4) specificity of the findings was tested in
relation to other neural networks and relative to SSRI treatment.

MATERIALS AND METHODS
This study reports secondary analyses of previously unanalyzed data from
a subsample of patients who participated in a randomized controlled trial
[10, 12, 33]. The parent trial included a third arm treated with SSRIs alone.
These patients were excluded from the main analyses, which focus
specifically on identifying neuromarkers of GC-MRT efficacy (relevant
specificity results pertaining to SSRI treatment are presented in
Supplementary Materials).

Participants
Forty-six treatment-seeking participants with SAD (mean age=28.48,
SD= 6.28, range=21–48, 15 females), who provided clinical and resting-
state functional neuroimaging data before and after treatment/waitlist
were included in analyses (for full details of the RCT and associated
findings for symptoms see Arad et al. [10] and Azriel et al. [12, 33]).
Participants received either GC-MRT (n= 22, mean age=29.14, SD= 7.54,
range=22–48, 9 females) or were allocated to a waitlist (WL) control group
(n= 24, mean age=27.88, SD= 4.95, range=21–40, 6 females). Waitlist
control participants did not receive treatment between the two MRI scans

and were offered GC-MRT after their participation in the study ended. For
participants’ demographic and clinical characteristics by group, see Table
1. All participants provided written informed consent prior to study
participation. The study was approved by the Tel Aviv University, Tel Aviv
Sourasky Medical Center, and Sheba Medical Center Institutional Review
Boards. Clinicaltrials.gov Identifier: NCT03346239.

SAD assessment
Diagnosis and inclusion/exclusion criteria. A diagnosis of SAD was established
using the Liebowitz Social Anxiety Scale (LSAS) [34] interview and further
validated using the Mini-International Neuropsychiatric Interview (MINI [35]).
Comorbid diagnoses were determined using MINI. Inclusion criteria were social
anxiety disorder as the main source of distress and impairment, age 18–65 years,
LSAS score≥50, and a Clinical Global Impressions severity score≥4.438 [22]
Exclusion criteria were posttraumatic stress disorder, psychotic or bipolar
disorders, epilepsy or brain injury, suicidal ideation or risk, drug abuse, and
concurrent pharmacological or psychological treatment. Clinical interviews were
conducted at the Tel Aviv University Anxiety Clinic by two clinical psychologists
trained to 85% reliability with a senior clinician.

SAD severity assessment. SAD symptom severity was measured using the
Social Phobia Inventory (SPIN) [36]. The SPIN is a 17-item self-reported
questionnaire designed to assess social anxiety symptoms, aligning with
the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition
(DSM-5 [6]) criteria for SAD. Participants rated the extent to which each
SPIN item had bothered them in the past week on a 5-point Likert scale
ranging from 0 (“Not at all”) to 4 (“Extremely”). The sum of responses to all
SPIN items served as the clinical indicator of SAD severity. Although the
LSAS is a well-validated and widely used measure of SAD severity, summed
scores of the SPIN questionnaire were used here as the primary clinical
outcome as SPIN items map more directly onto diagnostic criteria for SAD
according to the DSM-5. Cronbach’s alphas in the current subsample were
0.93 and 0.91 at baseline and post-treatment, respectively.

Conditions
For detailed descriptions of the GC-MRT and waitlist control conditions, see
Arad et al. [10].
GC-MRT: This 12-week GC-MRT protocol included 11 sessions. The first

session (week 1; ~45min) focused on building rapport, providing
psychoeducation about SAD and ABM, and explaining the study
procedures. The remaining 10 sessions (~ 20min each) consisted of GC-
MRT training designed to reduce dwell time on threatening (disgusted)
faces [9]. Training was administered twice weekly during weeks 2–5, and
once weekly in weeks 8 and 11. In each session, patients selected a 12min
preferred music track and viewed 30 face matrices (24 s each) while gaze
was continuously tracked. Music played when patients fixated on neutral
faces and paused when they fixated on threat faces (Fig. 1). This operant
conditioning paradigm is designed to promote attentional preference for
neutral over threatening faces, addressing the characteristic tendency of
individuals with SAD to dwell longer on threat faces relative to non-
anxious individuals.

Waitlist Control: Patients underwent two MRI scans 12 weeks apart and
did not receive treatment in between. Clinical evaluations and self-
reported symptom measures were collected. Participants were told that
they would receive GC-MRT following the waiting period.

Table 1. Clinical and demographic characteristics of participants as a
function of group.

Variable and Assessment GC-MRT (n= 22) Waitlist Control
(n= 24)

Mean SD Mean SD

Age 29.14 7.54 27.88 4.95

SPIN

Baseline 45.96 9.53 49.67 7.70

Post-treatment 31.227 12.36 44.38 9.96

LSAS

Baseline 75.96 16.34 79.17 17.27

Post-treatment 55.36 21.21 71.25 15.84

% Dwell time on threat

Baseline 48.30 7.57 48.24 7.67

Mid-treatment 39.22 13.21 46.34 9.26

Post-treatment 35.76 13.95 46.61 8.62

N % N %

Female 9 40.9 6 25

Fig. 1 GC-MRT setup. Participants viewed 30 distinct face matrices
consisting of neutral and threatening faces (right). When partici-
pants fixated on a neutral face, a self-selected music track was
played. The music stopped when fixating a threat face.
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Measurement of threat-related attention patterns
GC-MRT effects on percent dwell time on threat faces were assessed using
a validated free viewing measurement task [23] at baseline, mid-treatment
and post GC-MRT. The free viewing task consisted of 30 face matrices,
comprising faces of different actors than the ones used for GC-MRT,
presented without music feedback. Attentional dwell time (DT%) on threat
was computed per matrix as dwell time on threat faces divided by total
dwell time on faces (neutral + threat) and averaged across the 30 matrices.
[10, 33].

MRI acquisition and preprocessing
The full protocol consisted of structural, task functional MRI (fMRI), and
resting-state fMRI scans (for the complete scanning protocol and
preprocessing pipeline, see Azriel et al. [12]). The current analyses relate
to the resting-state functional data. Briefly, participants underwent two
identical MRI scans spaced 12 weeks apart: One at baseline and one
following GC-MRT or an equivalent waiting period for the control group.
Neuroimaging data was acquired on a Siemens Magnetom Prisma 3 T
scanner (Siemens, Erlangen, Germany), using a 64 channel phased array
head coil. High resolution anatomical localizer image (MPRAGE) was
scanned with the following parameters: TR= 1750ms, TE= 2.61ms,
TI= 900ms, flip angle=8°, isotropic resolution of 1mm3. Functional MRI
data was obtained by multiband echo-planar imaging (EPI) images with
the following parameters: TR=2000ms; TE= 30ms; flip angle=82°; IPAT=
2, multiband factor=2, isotropic resolution of 2mm3 and 66 axial slices
2 mm thick (no gap) to ensure full brain coverage. Field-maps were
acquired using two opposite coded (AP, PA) echo-planar scans:
TR= 8152ms; TE= 66ms; flip angle=90°; multiband factor=1; isotropic
resolution of 2mm3 and 66 axial slices 2 mm thick (no gap). All images
were acquired in the anterior commissure - posterior commissure (AC–PC)
line extending down from the top of the brain.
Functional images preprocessing pipeline incorporated a set of tools

provided by FMRIB Software Library (FSL), version 6.0.0 [37]. Several
preprocessing steps were implemented to minimize noise and motion bias
in the fMRI data, including rigid-body motion correction using MCFLIRT
[38] and temporal high-pass filtering with a 100 s cutoff to remove low-
frequency drifts. Data underwent alignment to middle volume as an initial
template image, spatial smoothing (5 mm isotropic Gaussian kernel) and
non-linear registration to the 152T1 Montreal Neurological Institute (MNI)
common space. Image normalization to the MNI template was carried out
as follows: low-resolution EPI images were registered to higher-resolution
EPI reference images (expanded functional images), then to a high
resolution T1 images (using a linear, normal search registration) [38, 39]
and then to the 152T1 MNI template (using a non-linear registration) [40].
To further minimize motion and artifact-related noises, we employed
Independent Component Analysis (ICA)-based denoising using FSL’s
MELODIC and FIX [41]. Specifically, ICA components from ten representa-
tive participants were manually classified as “signal” or “noise” to generate
a study-specific training set. This classifier was then applied to all
participants’ data via FIX (version 1.066), which automatically removed
components associated with motion, physiological artifacts (e.g., cardiac
and respiratory noise), and scanner-related fluctuations. The resting-state
fMRI scan was 10min long, resulting in 300 data volumes.

Statistical analysis
All the analyses reported in this work were conducted using MATLAB
(version R2024a).

Impact of treatment on symptom severity. The impact of GC-MRT on
symptom severity in the parent sample is reported in Arad et al [10]. To
test whether the original findings maintained in the current sub-sample,
analysis of variance (ANOVA) was performed with group (GC-MRT, waitlist)
as a between-subjects factor and time (baseline, post-treatment) as a
within-subject factor (see Supplemental Methods for details).

Impact of GC-MRT on attentional dwell time on threat faces. Changes in DT
% over time were evaluated using FDR-corrected one-tailed Wilcoxon
signed-rank tests. In addition, to gauge change in DT% over time during
GC-MRT, changes in DT% between the first and last treatment sessions
were evaluated using a one-tailed Wilcoxon signed-rank test. For
additional details, see Supplemental Methods.

Intra-network functional connectivity matrices. For each participant, seven
intra-network connectivity matrices were calculated corresponding to the

seven networks defined by Yeo et al. [42]. Within each network, Pearson
correlations were calculated among nodes for the resting-state activation
time series of all constituent parcels, based on the 100-region parcellation
by Schaefer et al. [43] The current work focused on the 105 within-DAN
functional connections derived from the 15 Schaefer parcels that compose
the DAN.

nedges ¼ nparcels � nparcels � 1
2

For a list of the parcels comprising the DAN, including parcel numbers,
hemisphere and location, see Supplemental Methods Table S1. For the full
MNI centroid coordinates, see Schaefer et al. [43]. Separate matrices were
derived for baseline and for post-treatment. All correlation scores were
converted to Z-values using a Fisher transformation.

Association between post-treatment SAD symptom severity and intra-DAN
functional connectivity. The relation between post-treatment SAD symp-
tom severity (SPIN) following GC-MRT and intra-DAN connectivity was
examined using connectome-based predictive modeling (CPM) [44, 45],
employing the code provided in the original CPM paper [44]. Post-
treatment symptom severity was predicted from: (1) baseline intra-DAN
connectivity, and (2) post-treatment intra-DAN connectivity.
Prior to CPM, normality of the symptom severity data distribution was

assessed with a one-sample Kolmogorov–Smirnov test.
To verify that post-treatment SPIN scores were not correlated with head

motion [44], an average frame displacement measure was extracted for
each participant using the FSL Motion Outliers tool [38, 39] accessible at
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLMotionOutliers. A Pearson correla-
tion score was calculated between each participant’s post-treatment SPIN
score and average frame displacement measure.
In line with previous work employing CPM with small dataset, we

adopted a leave-one-out cross-validation (LOO-CV) approach [5, 32, 44, 46].
In each iteration, a model was developed using data from N–1 participants.
The left-out participant, unseen during training, served as an independent
test case. Within each iteration’s training set, functional connectivity
features were normalized within participants and correlated with their
post-treatment SPIN score as part of the feature selection procedure. Edges
with significant Pearson correlation coefficients (α < 0.05) were retained as
model features. Feature selection was performed within each CV-LOO
iteration, thereby preventing any data leakage and ensuring that the
model was evaluated on data from a participant it had not encountered
during training. Within each iteration, significant positive and negative
edges were summed separately for each training-set of participants and
then used to train the predictive model before applying it on the test
participant in the LOO paradigm. Prediction accuracy was evaluated as the
Pearson correlation between actual and predicted symptom severity
scores. Significance was confirmed using a permutation test with 10000
iterations. To further characterize the intra-DAN neural connections that
contributed most to the prediction, we identified consensus edges that
served as predictors in all LOO-CV iterations. We then calculated the
Pearson correlation coefficient between each of the consensus edges at
baseline and SPIN score post-treatment.
To test the robustness of the reported neural-clinical association to

analytical variability, predictions of post-treatment symptom severity from
intra-DAN connectivity at baseline and post-treatment were also
performed using a linear ridge regression. A CV-LOO approach was
employed here as well, and feature selection and model evaluation were
conducted as in the CPM procedure. Hyperparameters were tuned via
nested cross-validation: within each outer LOO fold, the edge-selection
threshold and ridge penalty (λ) were chosen by inner CV (grid search
minimizing mean squared error) using only training data, with no
information leakage.
To rule out potential effects of baseline SPIN scores, sex and age on the

observed results, CPM analysis was also conducted with baseline SPIN
scores, sex and age as covariates (see Supplemental Methods).

Post-Treatment differences in intra-DAN connectivity between GC-MRT and
Waitlist control. To examine treatment-induced group differences in intra-
DAN connectivity, an analysis of covariance (ANCOVA) was conducted with
post-treatment intra-DAN connectivity as the dependent variable and
group (GC-MRT, waitlist control), as a between-groups factor. Baseline
intra-DAN connectivity was entered as a covariate. Edges with greater than
medium effect size (Cohen’s f ≥ 0.25) are reported. To localize regions
contributing most to group differences, weighted node degree was
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computed for each DAN parcel, as the sum of its edges exhibiting medium
or larger effect sizes. This analysis was also repeated with baseline SPIN
scores, sex and age as additional covariates (see Supplemental Methods).
In addition, a two-sample t-test was performed to compare the two groups
on post-treatment intra-DAN connections, averaged across participants.

RESULTS
SAD symptom severity (SPIN)
The results of the current analysis concur with the results reported
in Arad et al. [10], indicating greater reduction in SAD symptoms in
the GC-MRT group relative to the waitlist control group (see
Supplemental Figure S1).

Attentional dwell time on threat faces
Consistent with prior reports from this dataset, the present
subsample showed a significant decline in DT% in the GC-MRT
group from baseline to mid-treatment (W=43, z=−2.69,
p=0.0035, n=22), and from baseline to post-treatment (W=18,
z=0.0035, p=0.0001, n=23). The decrease in DT% between mid-
and post-treatment was non-significant (W=78, z=−1.56,
p=0.0596, n=22). The decline in DT% was not significant within
the SSRI and waitlist control groups (see Supplementary Table S2
and Figure S2A). In addition, DT% significantly declined between
the first and last GC-MRT sessions (W=14, z=−3.51, p=0.0002,
n=21) in the GC-MRT group (see Supplemental fig. S2B).

Association between post-treatment SAD symptom severity
and intra-DAN functional connectivity
A Kolmogorov–Smirnov test confirmed that the clinical data did
not significantly deviate from normality (p>0.05). Participants’

average framewise displacement did not correlate with post-
treatment SPIN scores (rPearson0s =−0.23, p=0.29).

Baseline intra-DAN connectivity and post-treatment SAD symptom
severity. Baseline intra-DAN connectivity predicted post GC-
MRT SAD symptom severity (rPearson’s= 0.50, p=0.0074, MAE=
25.68, RMSE= 30.51, n=23, Fig. 2A). Prediction accuracy was
confirmed by a permutation test with 10000 iterations (
p= 0.036, Fig. 2B). The same analysis, with baseline SPIN scores,
sex and age serving as additional predictors, resulted in a similar
predictive accuracy score (rPearson's = 0.481, p=0.01, n=23, Figure
S4A). The linear ridge regression prediction yielded similar but
marginally significant results (rPearson0s = 0.29, p=0.089, MAE=
10.27, RMSE= 13.34, n=23, Fig. 2C). Out of a total of 105 edges
within the DAN, one positive consensus edge and one negative
consensus edge emerged as predictors in all LOO-CV iterations
(Fig. 2D). The positive consensus edge was between parcels 22
and 72 in the left and right premotor cortex, respectively,
including the homotopic FEF. The negative consensus edge was
between parcel 20 in the superior part of the left precuneus, and
parcel 70 in the right SPL. The Pearson correlation coefficient
was rPearson’s= 0.54 (p=0.004, Fig. 2E) between the positive
consensus edge at baseline and participants’ SPIN scores post-
treatment, and rPearson’s=−0.59 (p=0.0014, Fig. 2E) between the
negative consensus edge at baseline and participants’ SPIN
scores post-treatment. Analyses of the other functional networks
by Yeo et al. [42] within the GC-MRT group, as well as of the DAN
within the SSRI group, did not yield significant predictions (see
Supplemental Results, Figure S3, Table S3), underscoring the
specificity of intra-DAN-clinical outcome association to GC-MRT.

Fig. 2 Prediction of post-treatment SPIN scores from baseline intra-DAN connectivity. A A scatter plot showing prediction accuracy. Each
point represents a single participant’s real and predicted test scores. Pearson’s r between actual and predicted scores is reported at the top-
left corner. B A histogram of Pearson correlation coefficients (r) between actual and predicted SPIN scores across all iterations of the
permutation test. The red vertical line indicates the observed r value obtained from the true CPM model. C A scatter plot showing prediction
accuracy using linear ridge regression. D A brain map showing nodes of positive (blue) and negative (red) consensus edges identified across
all CPM LOO-CV iterations. E Correlation between the positive (left) and negative (right) consensus edges at baseline with post-treatment SPIN
scores. Each point represents a single participant’s edge connectivity and SPIN score. † p < 0.1, * p < 0.05, ** p < 0.01.
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Post-treatment within-DAN connectivity and post-treatment SAD
symptom severity. Post-treatment intra-DAN connectivity pre-
dicted post-treatment SPIN scores (rPearson’s= 0.51, p=0.0075,
MAE= 23.28, RMSE= 25.58, n=22, Fig. 3A). A permutation test
with 10000 iterations confirmed the significance of the prediction
(p=0.041, Fig. 3B). The same analysis, with baseline SPIN scores,
sex, and age serving as additional predictors, resulted in a similar
predictive accuracy score (rPearson's = 0.483, p=0.01, n=22, Figure
S4B). Linear ridge regression prediction also yielded similar results
(rPearson0s = 0.54, p=0.005, MAE= 8.37, RMSE= 10.32, n=22, Fig.
3C). A positive consensus edge was detected between homotopic
parcels 17 and 68 in the left and right anterior intraparietal sulcus,
respectively (Fig. 3D). Negative edges were found between parcel
23 in the left FEF [43] and two other parcels: parcel 18 in the left
SPL and parcel 20 in the left precuneus (Fig. 3D). The Pearson

correlation coefficient with participants’ post-treatment SPIN
scores was rPearson’s= 0.58 (p=0.0024) for the positive consensus
edge, rPearson’s=−0.55 (p= 0.004) for the negative consensus
edge between parcels 23 and 18, and rPearson’s=−0.53** (p=
0.0057) for the negative consensus edge between parcels 23 and
20. Analyses of the other functional networks by Yeo et al. [42]
within the GC-MRT group, as well as of the DAN within the SSRI
group, yielded non-significant results (see Supplemental Results,
Figure S3, Table S3), further qualifying the specificity of the intra-
DAN–clinical outcome association to GC-MRT.

Post-Treatment differences in intra-DAN connectivity between
the GC-MRT and waitlist control groups
Thirty-seven out of 105 intra-DAN connections showed medium or
larger effect sizes (Cohen’s f≥0.25), reflecting group differences in

Fig. 3 Prediction of post-treatment symptom severity from post-treatment intra-DAN connectivity. A A scatter plot showing prediction of
the SPIN scores following GC-MRT, based on intra-DAN connectivity at post-treatment. Each point represents a single participant’s real and
predicted test scores. Pearson’s r between actual and predicted scores is reported at the top-left corner. B A histogram of Pearson correlation
coefficients (r) between actual and predicted SPIN scores across all iterations of the permutation test. The red vertical line indicates the
observed r value obtained from the true CPM model. C A scatter plot showing prediction accuracy using linear ridge regression. D A brain
map showing nodes of positive (blue) and negative (red) consensus edges identified across all CPM LOO-CV iterations of each prediction. **
p < 0.01.
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intra-DAN connectivity post-treatment/waitlist while controlling
for baseline connectivity (Fig. 4A). For the full list of DAN edges
with effect sizes of Cohen’s f≥0.25 see Table S4 in Supplemental
Results. Parcel 20 in the left precuneus exhibited the highest
weighted node degree, suggesting its central role in post-
treatment DAN reorganization (Fig. 4B). The same analysis, with
baseline SPIN scores, sex, and age serving as additional covariates,
yielded similar results (see Supplemental Results, Figure S5). A
paired t-test between within-DAN connections post-treatment,

averaged across participants, revealed weaker connectivity in the
GC-MRT group compared to the waitlist control group (t=−6.42,
p=9.14e-10, nGC-MRT= 22, nWL= 24, Fig. 4C).

DISCUSSION
The current study generated four key findings: 1) Baseline intra-
DAN connectivity is predictively associated with post-treatment
symptom severity in patients receiving GC-MRT; 2) Intra-DAN

Fig. 4 Group difference in intra-DAN connectivity following GC-MRT. A Circular graph depicting intra-network connections showing a
medium-or-greater effect size in group differences post-treatment, as identified by ANCOVA controlling for baseline intra-DAN connectivity.
B Weighted node degree of DAN parcels based on the number of connections meeting the medium effect size threshold. Parcels are ordered
by weighted node degree from highest (left) to lowest (right). C Boxplot illustrating post-treatment intra-DAN connectivity in the GC-MRT
group (left) and the WL control group (right) for the subset of connections showing group differences. *** p < 0.001.
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connectivity following GC-MRT is associated with post-treatment
symptom severity; 3) Significant group differences in intra-DAN
connectivity were noted between GC-MRT and waitlist control
participants at post-treatment, with the most pronounced
difference observed in the left precuneus; and 4) The observed
associations were specific to GC-MRT, appearing in neither the
waitlist control nor the SSRI treatment groups, and were confined
to intra-DAN connectivity, with no comparable effects in any other
Yeo network.
This study provides converging behavioral and neurobiological

evidence that clinically meaningful improvements in SAD
symptoms generated by GC-MRT relate to altered intra-DAN
functional connectivity. The finding that baseline intra-DAN
connectivity is associated with treatment outcome suggests that
the intrinsic organization of the attentional control circuitry may
carry potential as a prognostic biomarker for GC-MRT responsive-
ness. This is consistent with prior work demonstrating that higher
baseline functional integration within attentional networks may
predict greater benefit from targeted interventions in anxiety and
mood disorders [18, 28].
The DAN is critically involved in sustaining goal-directed

attention, orienting toward task-relevant stimuli, and suppressing
distractors [26]. The current results extend this functional role to
the domain of social anxiety treatment, suggesting that effective
symptom reduction may depend on the capacity of the DAN to
support reallocation of attentional resources away from threat
cues and toward a more adaptive attentional allocation to socially
relevant stimuli. The identified consensus edges, linking FEF nodes
and parietal hubs such as the precuneus and superior parietal
lobule, align with known frontoparietal pathways supporting
spatial attention [26, 27, 47, 48]. Their association with symptom
change underscores the possibility that GC-MRT may operate by
recalibrating these circuits.
Post-treatment intra-DAN connectivity was also associated with

post-treatment symptom severity, with effects driven by edges
involving the SPL, intraparietal sulcus, FEF, and precuneus. These
regions are implicated in visuomotor integration, spatial updating,
and internally guided shifts of attention [49–53], functions that
may be particularly relevant for reorienting gaze and cognitive
focus during socially demanding situations. The fact that multiple
consensus edges involved homotopic bilateral regions further
suggests that GC-MRT may enhance interhemispheric coordina-
tion within attentional control systems.
The observed post-treatment reductions in intra-DAN connec-

tivity, relative to the waitlist control participants, may reflect a shift
toward a more efficient, less over-coupled attentional network
configuration. Hyperconnectivity within control-related networks
has been reported in anxiety disorders [28], potentially reflecting
compensatory over-engagement. GC-MRT-associated decoupling
may index a release from maladaptive hyper-synchronization,
permitting more flexible, context-appropriate allocation of atten-
tional resources. The centrality of the left precuneus in post-
treatment reorganization is noteworthy, given its role in internally
directed cognition and integration of visuospatial information
[49–51]. Reduced overconnectivity involving this hub could
facilitate a shift in social threat processing that facilitates symptom
reduction. The left precuneus also presents a potential target for
inhibitory neuromodulation that could be applied before or in
parallel to GC-MRT and potentially enhance its clinical effect.
The current findings indicate specificity of the association

between intra-DAN connectivity and clinical response to GC-MRT
in SAD. Complementary analyses did not yield similar indication
for other large-scale networks, and intra-DAN connectivity did not
relate to clinical outcome following SSRI treatment. These results
underscore the potential of targeting mechanism-specific neural-
cognitive systems implicated in particular psychiatric conditions.
Here, the clinical efficacy of a behavioral eye-tracking-based
intervention is predicted by intra-network connectivity within the

very attention-control system hypothesized to be directly
engaged by the treatment. Such associations have important
implications for personalized intervention approaches that draw
on connectome-based indices [3–5, 7, 8], and for treatment
development strategies informed by neuromarkers alongside
traditional behavioral markers.
Previous work by Zhu et al. [11] has provided valuable insights

into the neural mechanisms underlying GC-MRT-related neural
mechanisms. Zhu et al focused on early connectivity shifts (within
the first 2–3 weeks of treatment) and on specific ROIs and
identified broader inter- and intra-network associations with
treatment outcome, including the executive control, default, and
salience networks, predicting symptom change following eight
GC-MRT sessions. The current approach focused on within-
network functional specialization, examining functional connec-
tivity at baseline and after 12 intervention sessions, predicting
post-treatment symptom severity. Differences in findings between
the two studies likely reflect differences in measurement timing
and analytic scope.
Unlike the common pattern in predictive modeling, where

predicted values typically cluster around the mean of the actual
scores, the CPM predictions in this study exhibited a wider range
of values than the observed scores. LOO-CV may extrapolate when
the held-out participant lies in a sparsely represented region of
feature space. In relatively small, high-dimensional data, noise can
amplify this effect and broaden the range of the predicted values.
Importantly, this unconventionality was not observed when
applying a linear ridge regression, in which predicted scores were
within the range of the actual scores.
Several limitations should be acknowledged. First, the study

possessed a modest overall sample size, which can reduce the
stability of predictive estimates (including CPM). This also limited
the possibility of employing an independent sample for tests of
generalizability. Both these factors limit the generalizability of
the findings. Independent replications in larger samples are
warranted. Second, although the focus on the DAN was
hypothesis-driven and statistically validated, the functional
specificity of the identified consensus edges remains to be
replicated in new independent samples. Third, leave-one-out
cross-validation may yield higher variance performance esti-
mates, an inherent constraint in clinical neuroimaging where
small samples are common. Despite this limitation, the current
analyses demonstrate a consistent neural–clinical association
and corroborate model performance with permutation testing
and an alternate approach (linear ridge regression), mitigating to
an extent overfitting concerns and landing support to the
robustness of the reported effects. Fourth, testing the specificity
of the current intra-DAN predictive model to SAD versus other
psychiatric disorders was beyond the scope of this study. Future
work applying this model to GC-MRT outcomes in additional
disorders may help clarify whether it captures SAD-specific
mechanisms or more general effects of the intervention. Finally,
the current study only collected baseline and post-treatment
neuroimaging data. The longer-term impact of GC-MRT on SAD
symptoms and its relation to intra-DAN connectivity could be
determined in future studies that include follow-up data
collection.
In conclusion, this study identifies the dorsal attention network

as a specific neural substrate potentially underlying prognosis in
GC-MRT for SAD. The results suggest that baseline within network
connectivity and plasticity of attention control circuits, particularly
frontoparietal pathways integrating premotor, parietal, and
motion-sensitive regions, may be key determinants of therapeutic
success. Beyond their theoretical implications for models of
attentional dysregulation in SAD, these findings highlight intra-
DAN connectivity as a promising biomarker for stratifying patients
and personalizing interventions aimed at optimizing attentional
allocation in socially salient contexts.
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