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Psychosis disorders share overlapping symptoms and are characterized by a wide-spread breakdown in functional brain integration. Although neuroimaging studies have identified numerous connectivity abnormalities in affective and non-affective psychoses, whether they have specific or unique connectivity abnormalities, especially within the early stage is still poorly understood. The early phase of psychosis is a critical period with fewer chronic confounds and when treatment intervention may be most effective. In this work, we examined whole-brain functional network connectivity (FNC) from both static and dynamic perspectives in patients with affective psychosis (PAP) or with non-affective psychosis (PnAP) and healthy controls (HCs). A fully automated independent component analysis (ICA) pipeline called “Neuromark” was applied to high-quality functional magnetic resonance imaging (fMRI) data with 113 early-phase psychosis patients (32 PAP and 81 PnAP) and 52 HCs. Relative to the HCs, both psychosis groups showed common abnormalities in static FNC (sFNC) between the thalamus and sensorimotor domain, and between subcortical regions and the cerebellum. PAP had specifically decreased sFNC between the superior temporal gyrus and the paracentral lobule, and between the cerebellum and the middle temporal gyrus/inferior parietal lobule. On the other hand, PnAP showed increased sFNC between the fusiform gyrus and the superior medial frontal gyrus. Dynamic FNC (dFNC) was investigated using a combination of a sliding window approach, clustering analysis, and graph analysis. Three reoccurring brain states were identified, among which both psychosis groups had fewer occurrences in one antagonism state (state 2) and showed decreased network efficiency within an intermediate state (state 1). Compared with HCs and PnAP, PAP also showed a significantly increased number of state transitions, indicating more unstable brain connections in affective psychosis. We further found that the identified connectivity features were associated with the overall positive and negative syndrome scale, an assessment instrument for general psychopathology and positive symptoms. Our findings support the view that subcortical-cortical information processing is disrupted within five years of the initial onset of psychosis and provide new evidence that abnormalities in both static and dynamic connectivity consist of shared and unique features for the early affective and non-affective psychoses.
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INTRODUCTION

Ranked as the third most disabling condition after quadriplegia and dementia, psychosis is characterized as severer disruptions to the information processing in the brain that affect people’s thoughts and perceptions (Amador and David, 1999; Arciniegas, 2015). Psychotic disorders, such as schizophrenia, bipolar disorder, major depression disorder, and some other forms of psychoses with the presence of hallucinations and delusions, have become a major public health problem that incurs an enormous economic burden worldwide (World Health Organization, 2001). In the United States, around 3 in 100 people have a psychosis in their lives, and approximately 100,000 young people experience this condition every year. Over the past decade, growing evidence has shown that psychosis is associated with disruptions of the coordinated functioning of distributed brain regions (Friston, 1998, 1999; Canuet et al., 2011; Khadka et al., 2013). Such functional disconnections are typically investigated by measuring functional connectivity (i.e., temporal coherence) between fluctuations in low-frequency blood oxygen level-dependent (BOLD) signal in resting-state functional magnetic imaging (rs-fMRI) data (Dandash et al., 2014; Palaniyappan and Liddle, 2014; Satterthwaite and Baker, 2015). Functional abnormalities have been identified in multiple brain systems involving default mode, subcortical, cerebellar, and sensorimotor networks (Mamah et al., 2013; Baker et al., 2014; Palaniyappan and Liddle, 2014; Wang et al., 2020).

Despite the consistent connectivity abnormalities across studies, it is still unclear if the functional brain manifestations are present in early psychosis. Early psychosis (EP), also known as first-episode psychosis, is within five years of the initial onset of psychotic symptoms (American Psychological Association [APA], 2013). EP is a critical period of illness when there are fewer confounds, such as prolonged medication exposure and chronicity. Early intervention is also important for people with psychosis that would lead to more effective treatment (Harrigan et al., 2003; Bird et al., 2010). To advance the new understanding of functional connectivity in psychosis, several investigations of functional connectivity have been conducted in EP data. These studies have revealed increased default mode network-salience network/cerebellum connectivity, increased somatomotor-thalamic connectivity, and decreased pre-frontal-cortex-thalamic connectivity in early-stage psychosis patients, some of which shared overlapping patterns with chronic psychosis (Carhart-Harris et al., 2013; Woodward and Heckers, 2016; Mallikarjun et al., 2018). However, recent work has challenged the “static” assumption of connectivity, which cannot capture the temporal changes in functional connectivity that may be affected in psychosis (Keshavan et al., 2014; Cannon, 2015). Increasing evidence has shown that the functional connectivity is highly dynamic rather than static, especially within the resting-state when mental activity is unconstrained, and such dynamic characteristics are not spurious (Hutchison et al., 2013; Allen et al., 2014, 2018; Lurie et al., 2020). Leveraging this new understanding of functional connectivity, recent studies have investigated the rapid changes in functional connectivity in psychosis data, showing both common and distinct dynamic brain abnormalities between affective and non-affective psychoses (Damaraju et al., 2014; Rashid et al., 2014; Fu et al., 2018; Zhi et al., 2018; Iraji et al., 2019). Yet, there is still little research on the dynamic functional connectivity in EP (Mennigen et al., 2018, 2019), especially between early phase affective and non-affective psychoses. The comprehensive investigation of functional connectivity in EP may improve our understanding of shared and unique brain abnormalities in early phase affective and non-affective psychoses and the brain manifestations across the psychosis continuum.

In this work, we applied a fully automated pipeline called Neuromark to fMRI data of patients with early-phase affective and non-affective psychoses collected by the Human Connectome Project. This pipeline combines Neuromark templates, independent component analysis (ICA), a sliding window approach, k-means clustering, and graph analysis to capture comprehensive functional connectivity characteristics from both static and dynamic perspectives (Du et al., 2020). We hypothesize that the EP patients will show abnormalities in both static and dynamic functional connectivity that are similar to those observed in chronic psychosis. Such similarities will reflect manifestations of psychosis-related pathophysiology. We also aim to explore the shared and distinct brain changes between affective and non-affective psychoses in the early stage and their potential associations with the severity of symptoms.



MATERIALS AND METHODS


Participants

The dataset analyzed in this study is from the Human Connectome Project for Early Psychosis (HCP-EP), which acquires high-quality data as part of the original HCP data1. This project focused on early-phase psychosis, within the first five years of the onset of psychotic symptoms. The release 1.0 of the HCP-EP data is provided on NDA2 which includes 183 subjects collected from 4 clinical recruitment sites (Indiana University [IU], Beth Israel Deaconess Medical Center – Massachusetts Mental Health Center [BIDMC], McLean Hospital [MH] and Massachusetts General Hospital [MGH]). Medically stable male and female subjects with a confirmed psychiatric diagnosis and HC subjects were enrolled in the HCP-EP study. The diagnosis of affective and non-affective psychosis is based on DSM-V (American Psychological Association [APA], 2013). The PAP group included subjects with the diagnosis of major depression with psychosis (single and recurrent episodes) or bipolar disorder with psychosis (including most recent episode depressed and manic types) with onset within five years prior to study entry. The PnAP group included subjects with the diagnosis of schizophrenia, schizophreniform, schizoaffective, psychosis NOS, delusional disorder, or brief psychotic disorder with onset within the past five years prior to study entry. The HC group required subjects do not meet the criteria for bipolar and related disorders, major depressive disorder, schizophrenia, anxiety disorder, and other psychotic disorders. More details of the inclusion criteria can be found in (See text footnote 2). The image data were scanned using Siemens MAGNETOM Prisma 3T scanners with a multiband sequence and a 32/64-channel head coil. The rs-fMRI data is with 2 mm isotropic resolution, multi-band acceleration factor of 8, repetition time (TR) = 720 ms and was acquired twice with posterior-anterior (PA) and anterior-posterior (AP) phase encoding. More details of the imaging protocols can be found on the NDA website (See text footnote).



Preprocessing

The fMRI data were preprocessed using a combination of FSL and statistical parametric mapping (SPM12) under the MATLAB 2019 environment. Before motion correction, a distortion field was calculated from the PA and AP phase-encoded field maps by the topup/FSL algorithm to correct for intensity and geometric distortions. Then a rigid body motion correction was performed using SPM to correct the head motions in fMRI scans. After that, the fMRI data were subsequently normalized to the standard Montreal Neurological Institute (MNI) space using an echo-planar imaging (EPI) template and were slightly resampled to 3 × 3 × 3 mm isotropic voxels. The resampled fMRI images were finally smoothed using a Gaussian kernel with a full width at half maximum (FWHM) = 6 mm. Since the dynamic functional connectivity analysis is sensitive to the data quality, we did the quality control (QC) by selecting subjects with functional data providing near full brain successful normalization for further analysis (see Supplementary Materials, section Subject Selection by Comparing Group Mask with Individual Mask Fu et al., 2019b). This yielded in total 170 subjects, consisting of 57 HCs, 32 PAPs, and 81 PnAPs. Most of the patients have been collected the positive and negative syndrome scale (PANSS) (Kay et al., 1987), which includes 30 items that assess psychopathology and positive symptoms in patients with psychosis. The HCP-EP dataset also recorded lifetime antipsychotic medication dosage as Chlorpromazine (CPZ) equivalents using the Gardner approach (Gardner et al., 2010), full intelligence quotient (IQ) using the Wechsler Abbreviated Scale of Intelligence, Second Edition (WASI-II), Young Mania Rating Scale (YMRS) (Young et al., 1978) and Montgomery-Asberg Depression Rating Scale (MADRS) (Montgomery and Asberg, 1979). Details of these demographics for the included participants can be found in Table 1.


TABLE 1. Demographics and PANSS of HCP-EP Dataset.
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Schematic Diagram of Neuromark Pipeline

A flowchart of the Neuromark pipeline is provided in Figure 1. Neuromark is a robust ICA-based analysis pipeline that can capture corresponding functional network features while retaining more single-subject variability (Du et al., 2020). This pipeline has been successfully applied to multiple studies and identified a wide range of connectivity abnormalities in numerous brain diseases (Fu et al., 2019a, 2020; Li et al., 2020; Tu et al., 2020). In this pipeline, group ICA was first performed on two large healthy control datasets to construct spatial network (component) priors. Then based on the network priors, a spatially-constrained ICA algorithm was applied to estimate spatial maps and time-courses (TCs) for each subject from the HCP-EP dataset. Static functional network connectivity (sFNC) is calculated by the Pearson correlation coefficient and dynamic functional network connectivity (dFNC) is estimated via a sliding window approach. After that, k-means clustering is performed on the dFNC features. dFNC state characteristics are calculated, and graph analysis is performed in a state-based manner.
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FIGURE 1. Flowchart of capturing whole-brain connectivity features. (A) group ICA is performed on two independent healthy controls datasets and the estimated independent components (ICs) are matched by the spatial correlation. Matched ICs are identified as intrinsic connectivity networks (ICNs) according to their spatial maps and the ICNs are used as spatial templates to calculate components for the HCPEP data. (B) Pearson correlation coefficients are calculated using the TCs across the whole scans. (C) A sliding window approach is used to estimate dFNC. K means clustering is performed on the dFNC estimates. State occurrences and transitions are calculated, and graphic measure is calculated for each state.




Static FNC and Dynamic FNC

Before measuring the sFNC and dFNC, four post-processing procedures were performed on the extracted TCs of each subject to denoise the data (Allen et al., 2014): (1) detrending linear, quadratic, and cubic trends; (2) despiking temporal outlier; (3) low-pass filtering with a cutoff frequency of 0.15 Hz and (4) regressing out six head motion parameters and their temporal derivatives.

sFNC was calculated using the Pearson correlation coefficients between TCs, resulting in an sFNC matrix (C × C, C is the number of ICNs selected from the templates) for each subject. Diagnosis effects (1 = HC, 2 = PnAP, 3 = PAP) were examined in each sFNC by N-way analysis of variance (N-ANOVA), using age, gender, and site as the confounding effects. If the diagnosis effect is significant, a post hoc general linear model (GLM) was conducted to examine the group difference between pairs of groups, controlling for age, gender, and site.

dFNC was estimated via a sliding window approach. We used a tapered window to localize the data, which is created by convolving a rectangle (width = 40 TRs = 28.8s) with a Gaussian (σ = 3 TRs). The window was slid by 1 TR, resulting in 361 time-windows. Therefore, for each subject, the dFNC estimate is a C × C × T (T = 361) array representing the dynamic changes in brain connectivity as functions of time (Allen et al., 2014). A k means clustering method was applied to the dFNC estimates to identify reoccurring connectivity patterns across time and subjects, referred as dynamic brain states. The optimal number of clusters was k = 3, which is determined by the elbow criterion, defined as the ratio of within-cluster distance to between-cluster distance. We calculated the fractional rate by dividing the number of the total windows by the number of windows assigned to each state and the number of total transitions between states as the measures of dynamic characteristics. N-ANOVA was performed to examine the diagnosis effect. If the effect is significant, a post hoc GLM was conducted to probe the difference between pairs of groups. The statistical results were corrected using false discovery rate (FDR) correction (Benjamini and Hochberg, 1995).



Dynamic Graphic Measure

To further explore if EP patients show disruptions of information transmission in specific brain networks, we investigated the local efficiency, a graphic measure within each dynamic brain state. The local efficiency is the average inverse shortest path length in the network computed on the neighborhood of the node, reflecting whether a node is well connected to the global network. The local efficiency of each ICN was estimated using the dFNC estimates via the brain connectivity toolbox3. We averaged the local efficiency across windows assigned to each state and performed N-ANOVA and further GLM to examine the diagnosis effect, controlling for age, gender, and site. We also replicated the results by adding full IQ as one covariate and the results are provided in the Supplementary Materials, section Replication of Findings by Adding Full IQ as one Covariate.



Associations Between FNC Features and PANSS

The potential associations between FNC features (including pair-wise sFNC, fractional rate of state, number of state transitions and local efficiency of state) and PANSS were investigated by the GLM, controlling for age, gender, and site. Note that, PANSS was only available for patients with early psychosis. To prevent the potential confounding effect induced by the difference between affective/non-affective psychosis, we further repeated this analysis by adding group label as one of the covariates in the GLM. We also performed the correlation analysis between FNC features and YMRS/MADRS to investigate more potential associations with the clinical profiles. The results are provided in the Supplementary Materials, section Associations with Young Mania Rating Scale (YMRS) and Montgomery-Asberg Depression Rating Scale (MADRS).



RESULTS


Brain Parcellation and Static FNC

The brain was parcellated into 53 ICNs using Neuromark (Du et al., 2020). More details on the Neuromark pipeline such as the cohorts used to construct spatial priors can be found in Supplementary Materials, section Neuromark Framework and (Du et al., 2020). The 53 ICNs were arranged into seven functional domains according to their anatomic and functional prior knowledge. The seven functional domains were displayed in Figure 2A, including subcortical (SC, 5 ICNs), auditory (AUD, 2 ICNs), visual (VS, 9 ICNs), sensorimotor (SM, 9 ICNs), cognitive-control (CC, 17 ICNs), default-mode (DM, 7 ICNs), and cerebellar domains (CB, 4 ICNs). After the additional post-processing procedures on the TCs, we calculated a 53 × 53 correlation matrix for each subject as the measure of sFNC. As seen from Figure 2B, there is strong within domain connectivity across subjects, especially for SC, sensory domains, DM, and CB.
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FIGURE 2. Spatial maps of the identified ICNs and sFNC matrix. (A) 53 ICNs were identified and sorted into seven resting-state functional domains. Each color represents a single ICN. (B) Averaged sFNC matrix across participants. (C) The functional connectivity profile of the averaged sFNC matrix.


According to the results displayed in Figures 3A,B, compared with HCs, PnAP and PAP showed similarly altered sFNC across the whole brain (p < 0.05, FDR corrected). The major abnormalities concentrate on SC, SM, and CB. Specifically, patient groups showed reduced connectivity between the caudate/subthalamus/thalamus and the cerebellum, reduced connectivity between the thalamus and the caudate/subthalamus, and increased connectivity between the caudate/subthalamus/thalamus and ICNs within SM (e.g., postcentral gyrus [PoCG] and Paracentral lobule [ParaCL]). PnAP and PAP also showed unique sFNC abnormalities (p < 0.05, FDR corrected). For example, PAP showed decreased connectivity between the supper temporal gyrus (STG) and the ParaCL, and decreased connectivity between the cerebellum and the middle temporal gyrus (MTG)/inferior parietal lobule (IPL), while these abnormalities cannot be observed in PnAP. On the other hand, PnAP showed specifically increased negative connectivity (more negative) between the fusiform and the superior medial frontal gyrus (SMFG). Moreover, we found that within the patient cohorts (n = 113), the shared abnormal sFNC showed correlations with the spectrum of severity, as indexed by the PANSS total score. The results in Figure 3C showed that the sFNC between caudate and cerebellum was negatively correlated with PANSS (r = −0.2279, p = 0.0408, uncorrected), the sFNC between caudate and cerebellum was negatively correlated with PANSS (r = −0.2490, p = 0.0250, uncorrected), and the sFNC between MTG and cerebellum was positively correlated with PANSS (r = 0.2341, p = 0.0354, uncorrected).
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FIGURE 3. Findings of sFNC analysis. (A) N-way ANOVA results and pair-wise group comparisons (HC vs. PnAP, HC vs. PAP, PnAP vs. PAP). The FNC showed significant difference in the ANOVA test are marked in red. For pair-wise comparison results, significantly different FNC are marked in red or blue to indicate the direction of difference (e.g., HC > PnAP or PnAP > HC). The Functional connectivity profile of the significant FNC is displayed by circular graph. (B) Exemplars of abnormal sFNC between groups. Data are presented as mean values ± standard error of mean (SEM). PnAP and PAP showed shared and unique abnormalities. (C) Correlations between abnormal sFNC and PANSS total score. ∗Significance p < 0.05, FDR corrected.




Dynamic FNC Characteristics

Figure 4A displays the clustering results with the number of states as 3. The circles display the functional profile of brain states which retains the strong connectivity (absolute value >0.2) and the brains display the corresponding connectivity patterns mapping to the ICBM152 brain template. One sparsely connected state (state 3) has more frequent occurrence while two strong connectivity states have less frequent occurrence (state 1 and state 2). States 1 and 2 have strongly positive connectivity within the sensory domains (AUD, SM, and VS) and negative connectivity between the sensory domains and DM/CB domains. These states also show different connectivity patterns. For example, state 1 shows negative connectivity between SM and CC domains and weak connectivity between SC and sensory domains. In contrast, state 2 has strongly negative connectivity between SC and sensory domains, and strongly positive connectivity between SM and CC domains. There are fewer negative and positive connectivity patterns in state 3, which only shows some homogeneity within functional domains. This state accounts for the most windows and resembles the sFNC patterns (compare to Figure 2B).
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FIGURE 4. Group differences in dynamic characteristics of dFNC states. (A) Functional connectivity profile of each brain state: top 200 FNC with connectivity strength >0.2 in each state, representing the strongest functional-relationships between brain regions. (B) Group differences in the fractional rate and state transitions. Bars represent the mean of occurrences and error bars represent the SEM. (C) Scatter plots of correlations between dynamic characteristics and PANSS total score. ∗Significance p < 0.05, FDR corrected.


We calculated two dynamic characteristics of dFNC, fractional rate of the state, which is the proportion of time spent in each state, and the number of transitions, which is the measure of the total number of switches between dFNC states. In total 152 (89.41%, 152/170) subjects have entered dFNC state 1, among which 46 (80.70%, 46/57) are HCs, 31 (96.88%, 31/32) are PAPs and 75 (92.59%, 75/81) are PnAPs. 71 (41.76%, 71/170) subjects have dFNC state 2, among which 34 (59.65%, 34/57) are HCs, 12 (37.50%, 12/32) are PAPs and 25 (30.86%, 25/81) are PnAPs. 169 (99.41%) subjects have entered dFNC state 3, among which 56 (98.25%, 56/57) are HCs, 32 (100%, 32/32) are PAPs and 81 (100%, 81/81) are PnAPs. The group comparison results are displayed in Figure 4B. Compared with HCs, both patient groups had a significantly lower fractional rate in state 2 (p < 0.05, FDR corrected). State 1 and state 3 did not show different fractional rate between groups, but their combined fractional rate was significantly higher in the patient groups (results are provided in the Supplementary Materials). Moreover, unlike PnAP, PAP showed a significantly increased number of state transitions during the resting-state (p < 0.05, FDR corrected). Further correlation analysis results in Figure 4C showed that the fractional rates of State 1 and 3 were significantly correlated with PANSS total score (r = −0.2581, p = 0.0264, uncorrected; r = 0.2397, p = 0.0311, uncorrected), indicating that more severe symptoms may result in a lower occurrence rate of state 1but a higher occurrence rate of state 3.



Reduced Efficiency of Dynamic States

To investigate the topological organizations of the brain states and compare them between groups, we applied the graph-theory analysis and calculated a well-established and widely validated measure, local efficiency. The results of graph analysis were displayed in Figure 5. We observed that brain states showed significantly different averaged efficiency, suggesting that the average parallel information transfer in the brain networks is different among brain states. More interestingly, we found that within state 1, both patient groups showed significantly lower local efficiency in the MTG, precuneus, inferior occipital gyrus (IOG), and cerebellum (p < 0.05, FDR corrected). In addition, PAP had even lower local efficiency in the IOG within state 1 (p < 0.05, FDR corrected), indicating a substantial diminished of information transmission in affective psychosis.
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FIGURE 5. Local Efficiency of dFNC states. (A) Comparisons of averaged local efficiency among brain states. (B) Functional connectivity profile of state 1 and its connectivity mapping to the ICBM152 brain template. (C) Group differences in local efficiency of ICNs within state 1. Bars represent the mean of occurrences and error bars represent the SEM. ∗Significance p < 0.05, FDR corrected.




DISCUSSION


Abnormalities of Static FNC in Early Psychosis

Our results showed that both PnAP and PAP in the early phase are associated with alterations of static functional connectivity mainly involving the subcortical, sensory, cognitive-control, and cerebellar domains. These findings are in line with prior neuroimaging results in chronic and early psychosis. Thalamus is a well-known region with abnormalities in psychotic disorders (Andreasen, 1997; Hazlett et al., 1999; Byne et al., 2009). Thalamocortical connectivity abnormalities have been widely reported in both chronic and early stages of psychosis and are associated with cognitive impairments caused by the psychosis (Carhart-Harris et al., 2013; Rashid et al., 2014; Woodward and Heckers, 2016; Bergé et al., 2020). Similarly, impairments in sensorimotor, visual, and auditory processes are key symptoms of psychosis (Javitt, 2009; Javitt and Freedman, 2015; Kaufmann et al., 2015; Mallikarjun et al., 2018) and their connectivity abnormalities have been well-documented in previous literature (Damaraju et al., 2014; Fu et al., 2018; Krukow et al., 2018; Zhang et al., 2020; Iraji et al., 2021). Cerebellum and cognitive-control networks that receive information from multiple brain systems are also important for information processing (Leiner et al., 1993; Schutter and van Honk, 2006; Baker et al., 2014) and the disruptions of their interactions are supposed to be shared features in affective and non-affective psychosis, associating with the diseases-related cognitive impairments (Bernard et al., 2014; Woodward and Heckers, 2016; Shinn et al., 2017). The results in our study are highly consistent and also extend findings of pre-mentioned studies by comprehensively investigating whole-brain functional connectivity of affective and non-affective early phase psychosis, respectively. Both affective and non-affective psychosis patients in their early-stage share homogeneous connectivity abnormalities within those common functional domains, suggesting that the connectivity among subcortical, sensory, and cerebellar domains might be associated with the same pathophysiological mechanism of both psychosis groups that underly their overlapping clinical features and symptoms. This hypothesis is further supported by our additional correlation analysis which showed that the shared FNC abnormalities are correlated with the psychotic symptoms, indexed by the subjects’ PANSS total score.

Despite the similarity, PnAP and PAP also showed specific abnormalities in sFNC. PAP group had significantly reduced functional connectivity (less positive) between the STG and the ParaCL and reduced functional connectivity (less negative) between the MTG and the cerebellum. In contrast, PnAP showed weaker changes in these sFNC with less significance. The temporal network-related connections have been previous identified as uniquely affected in affective psychosis, not in non-affective psychosis (Meda et al., 2012). This network and its connectivity with other mood-regulatory regions are likely linked to emotional regulation and memory, which are significantly affected in chronic affective psychosis (Pavuluri et al., 2007; Pavuluri and Passarotti, 2008). Our results provide further evidence that affective psychosis affects these network connections within the early onset of clinical psychosis when there are less prolonged medication exposure and fewer chronicity effects. PnAP group also had unique changes in resting-state connectivity, reflecting by significantly increased sFNC (more negative) between the fusiform and the SMFG. Previous studies have suggested increased local activations (measured by the amplitude of low-frequency fluctuations [ALFF]) of the fusiform gyrus and the prefrontal cortex in patients with schizophrenia (Silverstein et al., 2010; Turner et al., 2013; Yu et al., 2013; Xu et al., 2015). We speculate that such enhanced local activity in both brain regions might result in more coactivations between them so that their functional connectivity significantly increases in psychosis.



Altered Features of Dynamic FNC Brain States

During the recent decade, increasing literature has shown that the functional connectivity is highly dynamic even during the resting-state and the dynamic functional connectivity are neuronally original (Hutchison et al., 2013; Allen et al., 2014). It is believed that capturing the functional connectivity on a more detailed temporal scale will provide valuable information underlying the brain mechanisms and disease pathophysiology (Calhoun et al., 2014; Zalesky et al., 2014; Abrol et al., 2017; Fu et al., 2020). In this work, by using a k-mean clustering method, three dFNC states were identified reoccurring across windows and individuals. This observation is similar to a previous finding showing that HCs, schizophrenia patients, and individuals with psychotic experiences had similar spatial maps of brain states which were captured by voxel-based functional activity (Wang et al., 2021). Among the three dFNC states, one of them had the largest fractional rate of occurrence and showed diffused connectivity patterns resembling the sFNC (Allen et al., 2014; Yaesoubi et al., 2015; Kim et al., 2017). This state with relatively weak thalamocortical connectivity is typically considered as an average of less variable brain states, associating with reduced vigilance or drowsiness (Allen et al., 2018).

Besides this sparsely connected state, we also observed two strongly connected brain states with significantly positive and negative connectivity between networks, especially a brain state showing obvious antagonism between subcortical and sensory domains and strongly positive connectivity between subcortical and cerebellar domains. Interestingly, both PAP and PnAP groups tended to spend much less time in this state. Considering a wide-range of abnormal cortical-subcortical interactions observed in psychosis (Orr et al., 2014; Woodward and Heckers, 2016) and also in our current static analysis, we speculate that the decreased subcortical involved connectivity may be due to the reduced occurrence in a highly-connected state. That is, the connectivity between subcortical and sensory/cerebellar regions is not consistently disconnected in early psychosis, but spends more time in a weakly connected state and with fewer occurrences in the strongly connected state so that its strength appears reduced in an average sense, thus the disruption is in the transient behavior over time. Similar decreased occurrences to strong dFNC states were identified in psychosis populations, including schizophrenia (Damaraju et al., 2014; Fu et al., 2018), bipolar disorder (Rashid et al., 2014), and major depressive disorder (Zhi et al., 2018). Along with our results, the overall findings indicate that although affective and non-affective psychosis have different neurobiological underpinnings, they share a common thalamocortical dysrhythmia model (Vanneste et al., 2018). We further found that the diminished occurrence in state 2 might cause a re-distribution of the occurrence of the other two brain states, and the re-distribution is associated with the severity of psychotic symptoms. The fractional rate of state 1 is negatively correlated with PANSS while the fractional rate of state 3 is positively correlated with PANSS. We speculate that the patients with early psychosis might re-distribute the occurrence of states 1 and 3. A patient with more severe psychosis symptoms will have more occurrences to state 3 and fewer occurrences to state 1. In contrast, a patient with fewer psychosis symptoms will have more occurrences to state 1 and fewer occurrences to state 3. Our results suggest that the re-distribution of the changed occurrences of the brain states may underlie some core symptoms in psychosis. Except for similarity, PAP group also showed a unique abnormality in dFNC. PAP had a significantly increased number of transitions between states compared with HCs and PnAP, indicating more variable resting-state brain connections in PAP. Previous studies have shown that affective psychosis such as major depressive disorder had significantly increased temporal instability in functional connectivity (Kaiser et al., 2016). One potential interpretation of the unstable connectivity in PAP is that the highly variable connectivity may signify increased sensitivity to salient emotional information and weaknesses in brain circuits responsible for cognitive control and thus can be associated with executive functioning deficits in PAP, such as difficulty inhibiting emotional distraction (Banich et al., 2000; Kaiser et al., 2016).

Previous studies have identified wide-spread abnormalities in multisensory information processing and integration in psychosis (Van Den Heuvel et al., 2010; Cabral et al., 2012; Ajilore et al., 2014). The aberrant brain graphs have also been observed in schizophrenia from the dynamic perspective (Yu et al., 2015; Fu et al., 2021). In this work, we examined the topologic measures in early psychosis transiently within each dFNC state and found significantly disrupted functional integration in brain networks. For both PAP and PnAP groups, the MTG, IOG, precuneus, and cerebellum showed loss of brain efficiency within dFNC state 1, an intermediate state with relatively strong connectivity patterns and high network efficiency. Interestingly, a similar dFNC state with median connectivity strength and network efficiency was identified with reduced local efficiency in schizophrenia (Fu et al., 2021). Our results extend this finding by showing that the loss of transiently local efficiency in both affective and non-affective psychosis, during the initial onset of psychotic symptoms. Our results might also unveil a potential relationship between structural abnormalities and functional abnormalities in early psychosis. There is mounting evidence to support the notion of a reduction in gray matter volume of the temporal lobe, occipital lobe, and cerebellum in different psychosis (Andreasen et al., 1994; Onitsuka et al., 2004; Kuroki et al., 2006; Peng et al., 2011). The reduction of brain volume will limit the BOLD fluctuations within these regions when there is a strong requirement of neural activation during the intermediate state, and the restricted local activities will affect the information processing and integration, reflecting by transiently decreased regional efficiency.



Limitation and Future Direction

There are some issues and limitations in this study that may deserve investigation in future work. Firstly, although we have observed associations of connectivity metrics with PANSS scores, the correlation values are relatively low, and their p values cannot survive multiple comparison correction. We argue that these relatively weak significances may be due to several reasons. On one hand, it has been shown that psychosis is a heterogeneous condition with a wide range of variations of functional connectivity within psychosis. The heterogeneity of psychosis etiology, behaviors, and cognition might be a possible cause of the weak correlations observed. On the other hand, the current data are collected by multiple sites with unbalance samples across groups. Although we have tried to control for this potential confounding effect by covarying for site, such differences might still influence the properties of the whole dataset and impact the correlation analysis.

Another limitation is that the associations with the overall PANSS score were observed by combining both patient groups. Although we also performed correlation analysis with YMRS and MADRS within each patient group in the Supplementary Materials, the correlations and the significance are relatively weak. In this work, we used an open-source HCP dataset which collected MRI data for two psychosis groups and a control group. However, this dataset included only 34 affective psychosis patients and this number is relatively small. In addition, to guarantee the accuracy of independent component analysis and the FNC estimation, we used very strict criteria for subject selection (Fu et al., 2018, 2019a). This subject selection criteria further resulted in fewer subjects in the PAP group (32 subjects). We consider that such a small sample size might not have enough power for obtaining reliable correlation results. Therefore, we did not perform correlation analysis separately for each patient group in the main text. In future studies with more subjects and balanced sample sizes, we will extend our present findings by performing the correlation analysis for each patient group to examine whether these observed FNC differences reflect distinct clinical profiles of affective and non-affective psychosis.

Although in the present study we have used a fMRI dataset shared by the HCP database which has been collected by a multi-band acquisition technique with relatively high temporal resolution, there are still some participants that did not enter all dFNC states. Conventional resting-state acquisition parameters are challenging for that they might not be optimized for the exploration of dynamic functional states. We believe that a longer duration with higher temporal resolution would be better for validating the dynamic patterns in brain connectivity states in the future.

In this study, we were mainly working on the statistical comparisons between patients and controls and the correlation analysis between connectivity features and symptom scores. We did not focus on the clinical usage such as the classification of diseases, and the evaluation of whether functional connectivity can predict symptoms in early psychosis or the conversion to chronic psychosis. However, our framework can be potentially applied for individual-subject classification (or prediction) in future work by combining it with machine learning models. One possible strategy is to use the leave-one-out or k-folds strategies. That is, the subjects are randomly divided into training and testing groups. For the training group, we can identify connectivity patterns that discriminate between controls and patients and then build a classifier/model using these features. For the testing group, we can measure the distance between the subject-level dFNC estimates and the centroids obtained in the training group and computed the subject-specific state measures. Finally, test (hold out) subjects with connectivity features from both static and dynamic perspectives can be classified by the trained model.



CONCLUSION

Previous studies have reported numerous static and dynamic functional connectivity abnormalities in chronic psychosis. In this work, by exploring the functional brain connectivity using static and dynamic FNC, our results revealed that early phase PnAP and PAP groups shared similar and also specific abnormalities in static and dynamic brain characteristics. Additionally, we found that the FNC measures were significantly correlated with the symptom scores. Overall, our findings provide strong evidence that affective and non-affective psychosis show overlapping and unique brain manifestations within 5 years of the initial onset of psychotic symptoms, reflecting by the functional connectivity abnormalities during the resting state. Given that similar abnormalities have been widely observed in chronic psychosis, we propose that the abnormal resting-state connectivity from both static and dynamic perspectives might help to depict a more comprehensive picture of brain mechanisms and disease pathology in subjects along the psychosis continuum.
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Characteristics HCP-EP

HCs (n = 57) PAPs (n = 32) PnAPs (n = 81)
Age (years) 2479+ 412 23.96 + 4.41 22.34 +£ 3.54
Gender (female/male) 20/37 19/13 26/55
Site (IU/BIDMC/MGH/MH) 25/8/11/13 6/7/2/17 50/14/5/12
CPZ (29 subjects recorded) NA 366.67 + 208.17 423.08 +229.88
1Q (WASI-II) (157 subjects recorded) 115.96 + 10.78 106.61 + 14.80 98.70 £ 18.01
YMRS (72 subjects recorded) NA 5.97 + 5.76 5.79 4+ 5.06
MADRS (69 subjects recorded) NA 8.68 £ 8,12 9704 7.11
PANSS Total NA 41.62 £9.68 53.33 £ 9.81

HCP-EP = Human Connectome Project for Early Psychosis; HC = Healthy controls; PAPs = patients with affective psychosis; PnAPs = patients with non-affective
psychosis; CPZ = Chlorpromazine; 1Q = intelligence quotient; YMRS = Young Mania Rating Scale; MADRS = Montgomery-Asberg Depression Rating Scale;
PANSS = Positive and Negative Syndrome Scale.
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