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There is growing interest in utilizing dynamic methods to investigate psychiatric disorders, 
particularly the transient dynamic approaches. However, current research predominantly focuses on 
dynamic abnormalities within a single psychiatric disorder compared to healthy controls, without 
considering the shared and specific features across different psychiatric conditions. The dynamic 
abnormality across psychiatric disorders remains unclear. In this study, we employed Co-activation 
Pattern (CAP) method to investigate the transient configurations of brain activity across different 
psychiatric conditions, including schizophrenia (SZ, n = 37); bipolar I disorder (BD, n = 40); attention-
deficit/hyperactivity disorder (ADHD, n = 37), and healthy controls (HC, n = 110). By conducting 
k-means clustering analysis, we identified 10 transient activation patterns. Our findings reveal that 
the specificity of psychiatric disorders is reflected in the transition probabilities between states, 
with distinct state transition patterns observed across different disorders. Notably, abnormal state 
transitions are concentrated in the core states (State 1 and State 2), highlighting the common dynamic 
abnormalities across psychiatric conditions. These core states involve the activation of the attention 
network and the sensorimotor network and show significant associations with the functional gradient. 
Furthermore, we found that abnormalities in state transitions are associated with cognitive behavior. 
Overall, this work provides a dynamic network perspective for understanding the shared and specific 
characteristic of psychiatric disorders.
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Psychiatric disorders, such as schizophrenia (SZ), bipolar disorder (BD), and attention-deficit/hyperactivity 
disorder (ADHD), have historically been conceptualized as independent diagnostic categories with distinct 
etiologies and clinical presentations. However, accumulating evidence suggests that the boundaries between 
different psychiatric disorders are not as clear-cut as traditionally believed. Recent researches have increasingly 
highlighted the overlapping symptoms, shared genetic factors, and common neurobiological pathways among 
various psychiatric conditions1–3. For instance, Caspi et al. introduced the concept of the “p-factor,” which posits 
a general psychopathology factor that contributes to the risk of developing a wide range of psychiatric disorders4. 
Additionally, Kendler et al. found substantial genetic correlations between major psychiatric disorders, suggesting 
shared etiological pathways5. Such findings challenge the traditional view of psychiatric disorders as isolated 
entities and support the hypothesis that broad etiological and mechanistic overlaps exist across disorders. 
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Thus, transdiagnostic studies are crucial for identifying fundamental processes underlying multiple psychiatric 
disorders. By conducting transdiagnostic models, researchers can uncover shared and specific neurobiological 
abnormalities, enhancing our understanding and leading to more effective diagnostic and therapeutic strategies.

Resting-state functional magnetic resonance imaging (rs-fMRI) has been extensively utilized to capture the 
functional organization of brain, known as resting state functional connectivity (RSFC). Given that psychiatric 
disorders are characterized by the disruptions in large-scale brain network organization, RSFC provides a 
valuable tool for investigating brain network abnormalities across psychiatric disorders. Previous studies have 
revealed significant overlap in the neural circuits affected by different disorders, indicating shared neurobiological 
mechanisms6–8. For example, disruptions in the default mode network (DMN) and Ventral attention network 
(VAN) are commonly observed in conditions such as schizophrenia, bipolar disorder, and major depressive 
disorder9,10. These intrinsic functional networks are critical for cognitive and emotional processes, and their 
dysfunction may underlie the symptoms observed in these disorders. Notably, using latent components analysis, 
Kebets et al. identified distinct dimensions of functional connectivity patterns that span diagnostic categories, 
providing potential intermediate phenotypes linking psychiatric disorders11.

Studies of static functional connectivity have significantly advanced our understanding of the disruption of 
functional networks in the brain across psychiatric disorders. However, the brain operates as a dynamic system, 
with its intrinsic dynamics underpinning complex cognitive flexibility, which is the ability to switch between 
different mental states to achieve various goals12,13. Therefore, employing dynamic or time-varying approaches 
to explore dysfunction patterns in functional brain activity and large-scale functional connectivity networks 
may provide deeper insights into psychiatric psychopathology. By conducting dynamic functional connectivity, 
Li et al. indicated a common dysconnectivity which is dynamic state-dependent14. A promising approach for 
dynamic analysis is the Coactivation Pattern (CAP) analysis. CAP analysis is a data-driven method that clusters 
brain activity at time point to identify stable states, capturing the instantaneous dynamics of brain networks15–19. 
Unlike the sliding-window approach, which requires predefined window sizes and shapes, CAP analysis does 
not rely on such presets, making it more flexible and sensitive to transient brain states. CAP analysis has been 
extensively applied to explore dynamic abnormalities in various diseases, offering valuable insights into their 
neural underpinnings20.

In this study, we used a publicly available dataset from University of California, Los Angeles Consortium for 
Neuropsychiatric Phenomics (UCLA CNP), which includes neuroimaging and behavioral assessment across SZ, 
BD, and ADHD. Using CAP analysis, we characterized the dynamic transient configurations of brain activity 
across these psychiatric conditions. Our primary aim was to explore the abnormality of brain dynamics across 
multiple psychiatric disorders, with a focus on identifying shared and specific patterns of brain state transitions.

Materials and methods
Participants
In our study, we used data from University of California, Los Angeles Consortium for Neuropsychiatric 
Phenomics (UCLA CNP), which is available in the public database OpenfMRI21. This data consists of multimodal 
neuroimaging and behavioral data from 272 subjects, which include schizophrenia (SZ), bipolar disorder (BD), 
and attention-deficit/hyperactivity disorder (ADHD). Participants in the healthy control (HC) group had no 
lifetime diagnoses of psychotic or mental disorders, nor any history of substance abuse. For the patient group, all 
participants were diagnosed according to Structured Clinic Interview for DSM-IV-Text Revision. Each patient 
group (SZ, BD, and ADHD) excluded participants with any of the other diagnoses, ensuring that participants 
had only a single diagnosis. Participants provided written informed consent after receiving a verbal explanation 
of the study, following protocols approved by the Institutional Review Boards at UCLA and the Los Angeles 
County Department of Mental Health. All procedures were conducted in accordance with the ethical standards 
outlined in the Declaration of Helsinki. More detailed information about UCLA CNP dataset are included in 
previous study21. In our study, the participants who missing the MRI scans, behavioral scores, or had signal 
dropout in the cerebellum was excluded. Finally, a total 224 participants which included 37 patients with SZ, 40 
patients with BD, 37 patients with ADHD, and 110 HCs were utilized for following analysis. The demographic 
data of selected participants were summarized in Table 1. For a comprehensive understanding of the clinical 
and behavioral assessments of this publicly available dataset, please refer to the detailed description provided in 
previous study21.

Data acquisition and preprocessing
Structural and functional MRI data were acquired on two 3T Siemens Trio scanners at UCLA. High-resolution 
anatomical data were collected by Magnetization Prepared Rapid Acquisition Gradient Echo (MPRAGE) scans 
using following parameters: TR = 1.9  s, TE = 2.26 ms, FOV = 250  mm, matrix = 256 × 256, sagittal plane, slice 
thickness = 1 mm, 176 slices. Functional data were collected using a T2*-weighted echoplanar imaging sequence 
(EPI) acquired using following parameters: slice thickness = 4 mm, 34 slices, TR = 2 s, TE = 30 ms, flip angle = 90°, 
matrix 64 × 64, FOV = 192 mm, oblique slice orientation. For each subject, the functional scanning contained 
142 time points, representing 142 snapshots of whole-brain activity.

Resting state fMRI were preprocessed by fMRIprep pipeline22 and connectome workbench tool23. fMRIprep 
is a robust and efficient tool designed for preprocessing fMRI data, providing standardized and automated 
workflows for generating high-quality, reproducible analysis results22. It leverages various open-source tools 
(such as ANTs, FSL, FreeSurfer) to perform a wide range of preprocessing steps. The following steps were applied 
to all participants based on fMRIprep: skull stripping, motion correction, slice time correction, susceptibility 
distortion correction, and co-registration of the functional and anatomical scans. Motion artifacts were 
automatically removed from the pre-processed BOLD time-series using independent component analysis (ICA-
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AROMA). ICA-AROMA motion components were collected and used as noise regressors along with the mean 
physiological signals from White matter, CSF. Finally, the time series were band-pass filtered between 0.01 Hz 
and 0.1 Hz to eliminate low-frequency drifts (e.g., scanner drift, physiological noise)24, and high-frequency noise 
(e.g., rapid head motion)25. Spatial smoothing was then applied using a 6 mm2 Gaussian kernel to compensate 
for inaccuracies in spatial registration, and enhance the signal-to-noise ratio by averaging neighboring voxels26. 
Both band-pass filtering and spatial smoothing were performed using the connectome workbench tool.

Co-activation pattern analysis
Co-activation pattern analysis (CAP) is a dynamic functional analysis method which capture the stable and 
recurring states of functional brain activity of whole brain. The schematic diagram illustrating of CAP analysis 
is shown in Fig. 1(A, B, C). The analysis steps were as follow: For each subject, the functional activity (BOLD 
signal) of each brain region was extracted by Schaefer 7-network template27. This template contains 100 brain 
regions mapped onto 7 intrinsic functional networks (ICNs) including the Visual network (VN), Somatomotor 
network (SMN), Dorsal attention network (DAN), Ventral attention network (VAN), Limbic network (LIM), 
Frontoparietal network (FPN), and Default network (DMN). The functional activity of each brain region was 
normalized by using z-score transformation, and a two-dimensional normalized activity matrix Xi ∈ R142× 100 
(the number of time points = 142, the number of brain regions = 100) for each subject was obtained. Next, we 
performed k-means clustering to identify co-activation patterns across all subjects. The number of clustering 
is the free parameter of clustering analysis, and its optimal value was determined using the following steps: (1) 
All participants were randomly divided into two equally sized “folds,” with each fold containing its respective 
normalized brain activity matrix. In machine learning, splitting data into multiple groups or “folds” is a common 
cross-validation technique. This approach ensures that clustering results are robust and not overly influenced by 
any specific subset of data. (2) For each fold, we performed k-means clustering analyses with k ranging from 2 
to 20. The purpose of this step was to assess the stability of clustering centers across the two folds under varying 
values of k. (3) The clustering centers should be stable across different subjects. Thus, we calculated the Pearson 
correlation of clustering centers between two folds for each k. The value of k which yielded the most stable cluster 
centers—indicating high correlation between folds—was selected as the optimal parameter. After determining 
the optimal number of clusters (k), we performed k-means clustering on the entire dataset to obtain stable 
cluster centers, which were then identified as the co-activation patterns.

Dynamic properties of CAP states
To evaluate the dynamic properties within and between CAP states, we calculated two dynamic measures at the 
individual level. (1) Fractional occupancy: fractional occupancy is defined as the proportion of time visiting 
each state over the whole duration. (2) Transition probability matrix: each element Aij  represents the transition 
probability of CAP states from state i to state j, where i and j are different state indices.

To investigate the abnormity of dynamic properties across the different psychiatric disorders, we conducted 
the one-way ANOVA analysis to dynamic metric including the fractional occupancy and transition probability 
matrix. Then the post-hoc analysis was conducted by two-sample t-test between each pair of groups including 
HC, SZ, BD, ADHD, to identify the difference between these disorders.

Results
Co-activation patterns and brain states
By applying CAP analysis to functional brain activity, 10 stable co-activation patterns were identified under the 
optimal cluster number. As showed in Fig. 2, we analyzed the spatial topology of CAPs by assigning each brain 

HC SZ BD ADHD P value

Participants, n 110 37 40 37

Age 31.3±8.7 35.5±9.0 34.8±9.2 31.2±10.1 0.03a

Sex, male/female 57/53 29/8 23/17 20/17 0.041b

Lifetime SUBc, n 41 26 34 22

Adult Self Report Scale (ADHD symptoms) 8.6±2.7 9.4±4.3 12.1±4.9 15.3±3.8 < 0.001 a

Hopkins Symptom
Checklist

Depression 0.37±0.35 0.79±0.60 0.91±0.63 0.66±0.46 < 0.001 a

Obsessive compulsiveness 0.50±0.43 1.01±0.60 1.1±0.77 1.2±0.70 < 0.001 a

Anxiety 0.21±0.28 0.75±0.64 0.73±0.65 0.46±0.40 < 0.001 a

Wechsler Adult Intelligence Scale

Vocabulary 43.7±8.2 31.7±9.4 42.9±10.3 43.5±9.6 < 0.001 a

Matrix reasoning 20.6±4.1 15.4±4.9 19.6±4.4 20.7±3.9 < 0.001 a

Wechsler Memory Scale (Visual reproduction delayed recall) 32.8±8.5 23.8±10.8 26.8±10.2 29.9±9.3 < 0.001 a

Table 1.  Clinical and demographic data for patients and healthy controls. a: one-way ANOVA; b: Chi-square 
test; c: Lifetime substance use included substance abuse and/or dependence for nicotine, alcohol, cannabis, 
cocaine, amphetamine, sedatives/hypnotics/anxiolytics, inhalants, opioids, and hallucinogens.
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Fig. 1.  The methodological overview of co-activation patterns (CAP) analysis. (A) The functional activity of 
each brain region was extracted using 7-network template. This resulted in a 142 × 100 brain activity matrix 
for each subject, where 142 represents the number of fMRI time points, and 100 corresponds to the number of 
brain regions. The color bar illustrates degree of strength of region-wise activation level, with red indicating the 
degree of activation and blue indicating the degree of deactivation for each brain region. (B) CAP states were 
identified using k-means clustering, which detects recurring states across time points with similar whole-brain 
co-activation patterns. The clustering process yielded N distinct clusters, where each cluster corresponds to a 
recurring CAP state. The spatial distribution of each CAP (such as CAP1, CAP i, …CAP N) was defined by 
the average co-activation pattern of its corresponding cluster center. (C) For each subject, the state transition 
probabilities were calculated. The transition probability matrix represents the probability of transitioning from 
one state (CAP i) to another state (CAP j) at consecutive time points.
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region of CAPs to the one of intrinsic functional network (ICNs). Our results indicated that CAP 1 was mainly 
related with the activated DAN, VAN; CAP 2 was mainly related with the activated SMN; CAP 3 was mainly 
related with the activated DMN, DAN; CAP 4 was mainly related with the activated DMN, LIM; CAP 5 was 
mainly related with the activated SMN, VN; CAP 6 was mainly related with the activated DAN, VAN; CAP 7 
was mainly related with the activated DMN; CAP 8 was mainly related with the activated VN, DAN; CAP 9 was 
mainly related with the activated VAN; CAP 10 was mainly related with the activated FPN, DMN.

Fig. 2.  The spatial distribution of each co-activation pattern (CAP). Each CAP map was normalized by z-score 
transformation to illustrate patterns of activation or deactivation (degree of strength to which the region-wise 
activation level deviate from zero). Our results indicated that CAP 1 was mainly related with the activated 
DAN, VAN; CAP 2 was mainly related with the activated SMN; CAP 3 was mainly related with the activated 
DMN, DAN; CAP 4 was mainly related with the activated DMN, LIM; CAP 5 was mainly related with the 
activated SMN, VN; CAP 6 was mainly related with the activated DAN, VAN; CAP 7 was mainly related with 
the activated DMN; CAP 8 was mainly related with the activated VN, DAN; CAP 9 was mainly related with the 
activated VAN; CAP 10 was mainly related with the activated FPN, DMN.
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Abnormal state transition across SZ, BD, ADHD
We calculated fractional occupancy and transition probability for evaluating the aberrant dynamic properties 
within and between CAP states across different psychiatric disorders. Significant differences in state transitions 
were observed between psychiatric disorders, while the fractional occupancy within each state did not exhibit 
significant differences.

By conducting ANOVA analysis, our results revealed the abnormal state transitions across SZ, BD, ADHD. 
As showed in Fig.  3A and B, our results indicated that (1) there was a group difference in the transition 
probability from CAP 1 to CAP 4 between four groups (F = 3.11, P = 0.027, one-way ANOVA). Post-hoc analysis 
indicated that this transition probability is significantly reduced in individuals with BD compared to HC (T=-
2.52, PFDR=0.038, student t-test) and SZ (T=-2.81, PFDR=0.036). (2) there was a group difference in the transition 
probability from CAP 1 to CAP 9 between four groups (F = 4.40, P = 0.005). Post-hoc analysis indicated that 
this transition probability is significantly increased in individuals with BD (T = 3.29, PFDR=0.007), SZ (T = 2.43, 
PFDR=0.049) compared to HC. (3) there was a group difference in the transition probability from CAP 1 to 
CAP 10 between four groups (F = 3.90, P = 0.001). Post-hoc analysis indicated that this transition probability is 
significantly increased in individuals with ADHD compared to HC (T = 331, PFDR=0.007). (4) there was a group 
difference in the transition probability from CAP 2 to CAP 3 between four groups (F = 4.05, P = 0.008). Post-hoc 
analysis indicated that this transition probability is significantly increased in individuals with BD compared to 
ADHD (T = 2.57, PFDR=0.036, student t-test) and SZ (T = 2.80, PFDR=0.036). (5) there was a group difference in the 
transition probability from CAP 2 to CAP 5 between four groups (F = 3.50, P = 0.016). Post-hoc analysis indicated 
that this transition probability is significantly increased in individuals with ADHD compared to BD (T = 2.79, 
PFDR=0.040). (6) there was a group difference in the transition probability from CAP 5 to CAP 8 between four 
groups (F = 4.07, P = 0.007). Post-hoc analysis indicated that this transition probability is significantly increased 
in individuals with BD compared to SZ (T = 2.79, PFDR=0.040), ADHD (T = 2.92, PFDR=0.022), and HC (T = 2.71, 
PFDR=0.022). (7) there was a group difference in the transition probability from CAP 7 to CAP 1 between four 
groups (F = 5.14, P = 0.002). Post-hoc analysis indicated that this transition probability is significantly increased 
in individuals with SZ compared to ADHD (T = 3.49, PFDR=0.003), and HC (T = 3.32, PFDR=0.003). (8) there was 
a group difference in the transition probability from CAP 9 to CAP 2 between four groups (F = 3.55, P = 0.015). 
Post-hoc analysis indicated that this transition probability is significantly reduced in individuals with BD 
compared to ADHD (T=-2.58, PFDR=0.035), and HC (T=-2.66, PFDR=0.035). (9) there was a group difference 
in the transition probability from CAP 10 to CAP 6 between four groups (F = 3.19, P = 0.024). Post-hoc analysis 
indicated that this transition probability is significantly reduced in individuals with BD compared to SZ (T=-
3.20, PFDR=0.018).

Analysis of core CAPs
Among the abnormal state transitions, CAP 1 and CAP 2 emerged as core states due to their higher out-degree 
and in-degree centrality. As showed in Fig. 3A, the results indicate that CAP 1 and CAP 2 exhibit significantly 
higher degree centrality values (both ≥ 3), while all other CAPs have degree centrality values ≤ 2. Therefore, 
we investigated the spatial patterns, cognitive functions, and behavioral associations of the core states. Firstly, 
as showed in Fig.  4A, we found that the spatial pattern of CAP 1 was significantly associated to functional 
gradient (R = -0.8, P < 0.001). Then, we averaged the activity of each ICN in CAP 1. As showed in Fig. 4B, our 
results indicated that CAP 1 was mainly related with the activated attention network (DAN, VAN), SMN and 
deactivated high-level networks including DMN, and FPN. Next, to quantify the cognitive relevance of CAP 
1, we utilized association mapping between the spatial pattern of CAP 1 and Neurosynth topics. As showed 
in Fig. 4C, CAP 1 has an association with visual, premotor, pain, somatosensory, and imagery functions. Last, 
to link the core CAPs and cognitive behavior, we calculated the Pearson correlation between state transition 
probability and behavioral measures. As showed in Fig. 4D, significantly correlations were detected between 
the transition probability from CAP 1 to CAP 10 and behavioral measures, including Wechsler Memory Scale 
(WMS, Visual reproduction delayed recall score, R = -0.17, P = 0.008), and Wechsler Adult Intelligence Scale 
(WAIS-IV, Vocabulary score, R = -0.18, P = 0.005; and Matrix reasoning score, R = -0.18, P = 0.005).

Discussion
In this study, we investigated the dynamic abnormalities among schizophrenia (SZ), bipolar disorder (BD), 
and attention-deficit/hyperactivity disorder (ADHD). By conducting CAP analysis, we identified abnormal 
transition patterns involving these three psychiatric disorders and found that different disorders exhibit distinct 
transition characteristics. Notably, these abnormal transitions were concentrated in core states (CAP 1 and CAP 
2), whose spatial patterns were significantly associated with functional gradients. These findings suggest that the 
observed dynamic abnormalities are not random but are instead focused on transitions between specific states.

The abnormal state transitions identified in our study revealed significant specificity across the different 
psychiatric disease. For SZ, the transition probabilities from CAP 7 to CAP 1 and from CAP 1 to CAP 4 was 
significantly higher in individuals with SZ compared to other psychiatric diseases and HC. For BD, the transition 
probabilities from CAP2 to CAP3 and from CAP5 to CAP8 were significantly higher than those in HC and other 
psychiatric disorders. For ADHD, the transition probabilities from CAP1 to CAP10 and from CAP2 to CAP5 
were significantly higher than those in HC and other disorders. Our results revealed the differences in state 
transitions among SZ, BD, and ADHD, and these disorder-specific dynamic transitions emphasize the distinct 
neural mechanisms underlying each psychiatric condition.

Despite these differences, the abnormalities across SZ, BD, and ADHD converged on core states (CAP 1 and 
CAP 2). CAP 1 primarily involved the attention networks (VAN, DAN) and the sensorimotor network (SMN), 
while CAP 2 reflected SMN activation. The predominance of these core states underscores a fundamental 
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commonality in the dynamic characteristics of these disorders, emphasizing the shared neural dysfunctions 
across psychiatric conditions. This focus on core states aligns with the brain’s hierarchical functional organization, 
constrained by the functional gradient—a macroscale principle spanning from unimodal networks (primary 
sensory perceptual networks, such as SMN, VN) to transmodal networks (high-level cognitive networks, such as 

Fig. 3.  (A) The abnormal state transitions were identified by conducting one-way ANOVA analysis across SZ, 
BD, ADHD, and HC. Specifically, CAP 1 and CAP 2 were identified as the core states, characterized by higher 
out-degree and in-degree centrality. (B) Post-hoc analysis (t test between each pair of conditions) revealed 
significant specificity across the different psychiatric disease.
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DMN, FPN)28. Previous studies have indicated that intrinsic brain activity exhibits spatiotemporal propagation 
patterns along functional gradient, with activation and deactivation systematically propagating between 
unimodal and transmodal networks29,30. In our results, the core states (CAP 1 and CAP 2) were characterized 
by activation in unimodal networks. In contrast, other states, including CAP 3, CAP 4, CAP 7, and CAP 10, 
exhibit the opposite pattern—activation in transmodal networks and deactivation in unimodal networks. The 
significantly altered transition probabilities involving core states (e.g., from CAP7 to CAP1 and CAP1 to CAP4) 
may indicate atypical patterns of state switching between unimodal and transmodal network activations. These 
transitions reflect abnormalities in the brain’s ability to dynamically coordinate activity between sensory-motor 
or attention networks and higher-order cognitive networks. Such abnormalities may underlie the impaired 
information processing and integration observed in psychiatric conditions, providing insights into their 
physiological and clinical relevance.

To further understand the shared dysfunctions across psychiatric conditions, it is essential to delve into the 
intrinsic functional networks underlying these core states and their functional significance.

The core states identified in our study prominently feature the activation of attention network and SMN. 
The attention networks, including VAN and DAN, are critical for directing and sustaining attention. VAN is 
involved in detecting and responding to salient stimuli, and its dysfunction can lead to difficulties in processing 
and responding to important environmental cues31. DAN is responsible for top-down, goal-directed attention, 
enabling sustained focus on relevant tasks and suppressing distractions. Abnormalities in this network can result 
in impaired executive function and attention regulation32. Dysfunctions in attention networks are implicated in 
psychiatric disorders. In SZ, patients often exhibit impaired attention network function, leading to difficulties in 
sustaining attention and increased distractibility33. Moreover, aberrant morphology and functional connectivity 
in the VAN has been reported, contributing to the cognitive deficits observed in SZ10. By summarizing the 
emerged evidence of structural and functional brain studies, Menon et al. found the aberrancies dynamic 
temporal interactions in triple network, including FPN, DMN and salience network (VAN), and highlight the 
central role of the VAN in the aberrant mapping of salient external and internal events in SZ34. In BD, patients 
also demonstrate disruptions in attention networks, particularly during manic and depressive episodes, which 
affect their ability to focus and process information35. Neuroimaging evidence indicated that the connectivity 

Fig. 4.  (A) The spatial distribution of CAP 1 was significantly associated with the functional gradient (R = 
-0.8, P < 0.001) which captures the hierarchical organization of brain function, ranging from primary sensory-
motor networks to high-level cognitive networks. (B) Using activation strength within intrinsic functional 
networks to characterize the spatial distribution of CAP 1, it was found to be mainly related to activated 
attention networks (DAN, VAN), the SMN, and deactivated high-level networks (DMN, FPN). (C) To quantify 
the functional relevance of CAP 1, association mapping between its spatial distribution and Neurosynth topics 
was conducted. The bar chart illustrates the most correlated Neurosynth topics (top 5), highlighting CAP 1’s 
relevance to Visual, Premotor, Pain, Somatosensory, and Imagery functions. (D) Significantly correlations 
were detected between the transition probability from CAP 1 to CAP 10 and behavioral measures, including 
Wechsler Memory Scale (WMS, Visual reproduction delayed recall score, R = -0.17, P = 0.008), and Wechsler 
Adult Intelligence Scale (WAIS-IV, Vocabulary score, R = -0.18, P = 0.005; and Matrix reasoning score, R = 
-0.18, P = 0.005).
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between DAN and FPN are significantly altered at task-based situations36, and the significantly reduced 
functional connectivity between VAN and FPN was found37. ADHD is characterized by deficits in attention 
and cognitive control38, and the abnormal attention networks are believed to contribute to the core symptoms 
of inattention and hyperactivity in ADHD. Resting-state fMRI studies provided evidence that the abnormal 
interconnections between VAN and DMN are the key locus of dysfunction in ADHD39. Moreover, Cai et al. 
identified abnormalities in task-induced modulation of connectivity within the VAN and the FPN in children 
with ADHD. highlighting that cingulo-frontal connectivity represented a common locus of impairment in 
cognitive control and clinical assessments of inattention symptoms40. Our results identified aberrant in state 
transitions characterized by attention networks, and highlighting the shared abnormality across different 
psychiatric disorders.

We also found that the core state involves activation of the SMN. Sensory and motor dysfunction have been 
reported in SZ41, BD42, and ADHD43. Specifically, Kebets et al. conducted transdiagnostic approach to identify 
latent components linking the large-scale functional networks to the behavior measures. This study indicated 
that SMN is the transdiagnostic hubs, and showed that dysconnectivity patterns of SMN are linked to variation 
in three domains: general psychopathology, cognitive dysfunction across SZ, BD, ADHD11. These above findings 
are based on static functional network analysis. Our results further emphasize the importance of the SMN across 
psychiatric disorders from a dynamic perspective.

Limitations
A key limitation of this study is the low temporal resolution of fMRI, which may hinder the capture of rapid 
neural dynamics underlying brain activity, potentially leading to an incomplete characterization of abnormal 
neural dynamics in psychiatric disorders. Future studies could integrate fMRI with modalities such as MEG or 
EEG, which offer higher temporal resolution, enabling a more comprehensive investigation of neural dynamics. 
Additionally, schizophrenia (SZ) group in our study has a disproportionately higher number of male participants. 
This gender imbalance is inherent in the publicly available dataset used in our analysis. While this may limit the 
generalizability of the findings to female populations, it is important to emphasize that the value of this dataset 
lies in its large-scale, single-site, and cross-disease design, providing valuable insights into shared and specific 
neural characteristic across different psychiatric conditions.

Conclusion
This study investigated the dynamic configurations of brain activity across SZ, BD, and ADHD based on the 
CAP method. We found that while these disorders exhibit distinct state transition patterns, their abnormalities 
converge on core states involving the attention and sensorimotor networks, significantly correlating with the 
functional gradient. By highlighting shared and specific dynamic abnormalities, our research advances the 
understanding of the neurobiological mechanisms underlying psychiatric conditions.

Data availability
The datasets (UCLA CNP data) analysed during the current study are available in the public database OpenfMRI 
(https:​​​//openneu​ro.​org/data​sets/ds0​00030/ve​​rsions/00016).
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