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Abstract

The human brain is an adaptive system that combines the reconfiguration of brain interactions
with the evolution of local brain activities. Reoccurring brain activity and connectivity patterns,
regarded as “brain states”, are widely observed via different neuroimaging techniques, revealing
new insights into the pathophysiology of multiple brain disorders, such as schizophrenia (SZ).
However, previous work fails to depict a comprehensive picture of brain dynamics because they
only focus on either brain activity or connectivity dynamics, ignoring the temporal co-evolution
between them. Here, we propose an analysis pipeline to capture dynamic brain states with
covarying activity-connectivity and apply it SZ datasets to probe disease-related brain
abnormalities. Results were consistent across different brain parcellation techniques (independent
component analysis and atlas-based analysis) and in two independent cohorts who underwent
resting-state fMRI scans. We found that the state-based activity patterns and connectivity patterns
show high correspondence, where strong and antagonistic connectivity is typically accompanied
by strong low-frequency fluctuations across the whole brain while the weak and sparse
connectivity co-occurs with weak low-frequency fluctuations, especially in sub-cortical, sensory
and cerebellum regions. In addition, a graphical analysis showed that brain activity-connectivity
states have different network efficiency and node efficiency is correlated with the low-frequency
activities of brain nodes. Compared with healthy controls (HCs), SZ patients spend more time in
weakly-connected and -activated brain states but less time in strongly-connected and -activated
brain states. Interestingly, the fractional occupancy of one brain state was correlated with attention
performance. SZ patients also showed lower node efficiency in thalamic regions in the “strong”
brain states. These robust results extend previous findings in dynamic brain analysis and
thalamocortical dysfunction in schizophrenia. Capturing covarying brain activity-connectivity
dynamics might help to advance our understanding of the co-evolutionary property of brain
network and the underlying mechanism in brain disorders which cannot be observed by focusing
either of them along.
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Introduction

Despite considerably advancing our knowledge of brain function while studying static brain
function, increasing evidence has challenged its oversimplification of the complex
modulation and functioning process of the brain (Sakoglu et al., 2010, Hutchison et al.,
2013a). The human brain constantly integrates and coordinates different neural populations
across multiple spatiotemporal scales to adapt to the demands of internal and external
environments (Buzséki, 2009, Hutchison ef al., 2013a). Such dynamically adaption of brain
spans from the condition-dependent variation in brain activity (Lehmann, 1990; Malsburg et
al., 2010; Liu and Duyn, 2013) to the time-varying nature of brain coordination (Chang and
Glover, 2010; Allen et al., 2014; Zalesky et al., 2014), both of which are associated with
cognitive and mental processes (Lehmann et al., 1998; Raichle and Snyder, 2007; Allen et
al., 2014, 2018). Numerous brain dynamics have been captured during task conditions
(Fornito et al., 2012; Di et al., 2015) and even within the resting-state (Hutchison et al.,
2013b; Allen et al., 2014; Zalesky et al., 2014) and it is believed that such fluctuations allow
for balancing the information integration among neural populations to facilitate brain
function (Bassett et al., 2015).

Although interpreting dynamic patterns from functional magnetic resonance imaging (fMRI)
is not necessarily straightforward (Hutchison et al.,, 2013a), fMRI is a powerful technique to
investigate potential functional brain dynamics. One popular hypothesis of the dynamic
brain is that brain might switch among discrete states with distinct activity patterns or
connectivity patterns, in a conceptual analogy to electroencephalogram (EEG) microstates, a
short period during which the clustered patterns remains quasi-stable (Lehmann, 1990), to
support different brain function and mental process. This hypothesis has been widely
validated in fMRI studies, in which reoccurring brain activity and connectivity are
consistently observed and associated with cognitive performance and maturation of brain
(Marusak et al., 2017), vigilance (Allen et al., 2018) and brain disorders (Kim et al., 2017;
Diez-Cirarda et al., 2018; Du et al., 2018; Fu et al., 2019; Mash et al., 2019; Tu et al., 2019).
Like many other biological systems (Hopfield et al., 1983), the human brain might organize
as an adaptive network in which the evolution of the topology would entangle with the
dynamics of the nodes (Gross and Blasius, 2008). Indeed, previous studies have revealed
potential couplings between brain activity and connectivity (Liu and Duyn, 2013; Zhang et
al., 2015, 2017; Fu et al., 2017). Both dynamic low-fluctuations (Liao et al., 2019) and
connectivity (Allen et al., 2018) in fMRI are shown to associated with EEG power
fluctuations, which implies that brain activity and connectivity might covary in time,
contributing to the formation of brain states. However, previous work favors only one type of
brain dynamics and ignores co-evolutionary relationships across multiple dynamic measures
when capturing the brain states, which might fail to accurately depict the dynamic brain. The
investigation of such co-varying brain states might shed light on the relationship between
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local region activity and large-scale functional organization and advance our understanding
of how brain network integrates to support fundamental behavior and function.

Schizophrenia (SZ) is a common psychiatric disease with severe cognitive dysfunction
which incurs a significant financial burden for both patients and the nation’s economy
(Association, 2013). Both brain activity and connectivity abnormalities have been widely
reported in SZ, from static to dynamic, revealing consistently disease-related cortical-
subcortical dysfunction and abnormal oscillations in subcortical and cortical regions
(Hoptman et al., 2010; Salvador et al., 2010; Turner et al., 2013; Damaraju et al., 2014; Sui
et al., 2018). However, few studies have linked activity and connectivity abnormalities in SZ,
and the underlying relationship between them is still far from understood. Recent work has
shown significant temporal associations between brain activity and connectivity and these
associations decrease in SZ, indicating uncoupling between brain activity and connectivity
in SZ (Fu et al., 2018). Characterizing reoccurring brain states using both activity and
connectivity might help to capture the real transient brain conditions that can be potential
biomarkers that benefit the understanding of the neural mechanism and the development of
new treatments of the disease.

In this study, we characterized both dynamic functional network connectivity (dFNC) and
dynamic amplitude of low-frequency fluctuation (dJALFF) and used them to capture
reoccurring brain activity-connectivity states. We hypothesized that the ALFF and FNC
patterns of each dynamic state would be highly coupled and SZ might be associated with the
abnormalities in such dynamic states, especially in thalamic networks. We replicated the
results on two independent datasets to demonstrate the reliability of our findings. We also
performed the same analysis on the time-courses (TCs) extracted from both independent
component analysis (ICA) and atlas-based analysis to examine the replicability of the results
across different brain parcellation strategies.

Brain Parcellation

The brain was first parcellated into 53 intrinsic connectivity networks (ICNs) using a fully
automated spatially constrained group independent component analysis pipeline called
Neuromark. The identified ICNs covered the majority of subcortical and cortical gray matter
and were arranged into 7 functional domains (Allen et al., 2014; Damaraju et al., 2014):
subcortical (SC), auditory (AUD), visual (VS), sensorimotor (SM), cognitive-control (CC),
default-mode (DM), and cerebellar domains (CB). To validate the results via another brain
parcellation strategy, the automated anatomical labeling (AAL) atlas was also employed to
extract TCs for further dynamic activity-connectivity analysis. In total 100 regions of
interest (ROIs) from the AAL atlas were selected and arranged into the same 7 functional
domains. Details of the two parcellation strategies can be found in the supplementary
materials.
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Clustering Analysis on Dynamic Activity and Connectivity

Via a sliding-window approach, dALFF was calculated to measure the time-varying brain
activity and dFNC was calculated to measure the time-varying functional connectivity (FC).
dALFF and dFNC were concatenated as the input of the clustering analysis for the
exploration of reoccurring activity-connectivity states. The number of clusters was
determined as & = 4, which was within a reasonable range (4~7) consistent with previous
dFNC studies on different brain disorders. Figure 1 displays the clustering results. The first
row represents the FNC patterns of each brain state and the third row represents the ALFF
patterns of each brain state. The second row displays the functional profile of brain states
which retains the strong connectivity (> 0.25). Two sparsely connected states with low
ALFF have more frequent occurrences while two strong antagonism connectivity states with
high ALFF have less frequent occurrences. State 1 and 3 have strongly positive connectivity
within the sensory domains (AUD, SM, and VS) and negative connectivity between the
sensory domains and the other domains. There are less negative connectivity patterns in state
1, which shows some homogeneity among sensory and cognitive domains. Similar high
ALFF patterns can be observed in these two states, but state 3 has more consistently high
ALFF across the whole-brain. The connectivity in state 2 and 4 are relatively weaker and
most of the strong connectivity are mainly located within subcortical, sensorimotor and
visual domains. State 4 is a dynamic state with highly similar patterns as static FNC.
Compared with state 2, state 4 has more sparsely connected patterns and lower ALFF except
for some networks in CC domain. The histogram of ICN connectivity strength (average FNC
of a given ICN) and ALFF are displayed in the fourth row in Figure 1, showing similar
correspondence between activity and connectivity across states.

Group Difference in Occurrence of Dynamic Activity-connectivity State

The group differences in occurrence (fraction rate [FRA]: the proportion of time spent in
each state; mean dwell time [MDT]: the average length of time in each state) is displayed in
Figure 2. Compared with HCs, SZ patients had significantly lower FRA in state 1 and 3 (p <
0.05, false discovery rate [FDR] corrected; age and gender as covariates) but higher FRA in
state 2 and 4 (p < 0.05, FDR corrected; age and gender as covariates). Similar differences
were observed in the MDT between HCs and SZ. These results show that SZ patients had a
significantly lower occurrence in the states with strongly interconnected FNC and high
ALFF but higher occurrence in sparsely connected states with low ALFF. In a further
analysis of relationships between the abnormal occurrence of brain state and the cognitive
decline in SZ patients, we found that the FRA of state 2 is negatively correlated with the
attention score (p < 0.05, FDR corrected; age, gender, and diagnosis as covariates),
indicating a potential association between the brain dynamic state and cognitive
performance. The observed group differences and association were replicated using an
independent dataset and details are provided in the following sections and the supplementary
materials.

Dynamic Brain State with Co-evolved Activity and Connectivity Patterns

The covarying brain activity-connectivity states were validated using an independent dataset.
53 ICNs and corresponding TCs were estimated via the Neuromark pipeline for the
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replication dataset (centers of Biomedical Research Excellence [COBRE]). dALFF and
dynamic FNC were calculated using the same sliding-window approach and then k-means
clustering was applied. Similar to the discovery dataset, two sparsely connected states with
low ALFF and two strongly connected states with high ALFF are identified.

We matched the identified states between datasets by evaluating the correlation coefficient
between their centroid patterns (FNC and ALFF respectively). An FBIRN state is supposed
to be matched to a COBRE state if it has the highest overall similarity (averaged between-
FNC similarity and between-ALFF similarity) with this COBRE state than the similarity
with the other COBRE states. We only display the pairs of matched states with the overall
similarity > 0.7. As seen in Figure 3, three pairs of matched states are identified.
Interestingly, for a given matched pair of states, their FNC and ALFF are also matched
respectively, with the highest correlation compared with the correlation to the other states.
The matched states are arranged in order of overall similarity. State 4 of the COBRE dataset
has the highest between-FNC correlation and between-ALFF correlation with the state 4 of
the FBIRN dataset (between-FNC correlation = 0.8575; between-ALFF correlation =
0.7366). These states show a similar decreased occurrence in time. State 3 of the COBRE
dataset has the highest between-FNC correlation and between-ALFF correlation with the
state 2 of the FBIRN dataset (between-FNC correlation = 0.8949; between-ALFF correlation
= 0.6856). Slightly increased occurrence across time is observed in these two states. State 1
of the COBRE dataset has the highest between-FNC correlation and between-ALFF
correlation with the state 1 of the FBIRN dataset (between-FNC correlation = 0.7279;
between-ALFF correlation = 0.7546) and these two states show similar decreasing
occurrence in time. The above findings indicate that the state-based ALFF and FNC are
highly coupling from one state to another state. We further introduced a permutation test to
illustrate that such high correspondence between ALFF and FNC is not due to the clustering
effect. The between-ALFF correlations of the matched states are significantly higher than
the correlations from the randomly permutated datasets (p < 0.001, 1000 times permutation
test).

Similar findings are replicated using a different brain parcellation strategy (see
supplementary materials). In the atlas-based analysis, we identified two pairs of matched
states between the FBIRN and COBRE datasets. A pair of “strong” dynamic states are
matched with strong positive and negative connectivity and high ALFF (between-FNC
correlation = 0.8181; between-ALFF correlation = 0.8871) and a pair of “weak” dynamic
states are matched with relatively weak and sparsely connected connectivity and low ALFF
(between-FNC correlation = 0.7413; between-ALFF correlation = 0.8537).

Differences between HCs and SZ patients were also consistent across datasets (Figure 3). SZ
patients had a significantly lower FRA in COBRE state 1 (a state matched the state 1 in
FBRIN) and higher FRA in COBRE state 3 (a state matched the state 2 in FBRIN). The
group differences are further replicated using the AAL atlas.

Dynamic Network Efficiency

We employed local efficiency, a well-established topological measure of evaluating
information transfer in the network node, to investigate the potential relationships between
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brain activity and its working efficiency. Figures 4 and 5 display the results for the FBIRN
and COBRE datasets respectively. The results show that when the brain has high ALFF, the
overall local efficiency is high. In contrast, when the brain has low ALFF, the local
efficiency is low. Interestingly, for both discovery and replication datasets, we observed
significant correlations between ICN efficiency and its ALFF, and such correlated
relationships change across states (Figure 4B and Figure 5B). For example, for state 1 and 4
of FBIRN and their matched state 1 and 4 of COBRE, there are positive correlations
between ALFF and local efficiency. In contrast, in state 2 of FBIRN and its matched state 3
of COBRE, there is a negative correlation between ALFF and local efficiency. In the
analysis of group difference on the local efficiency, we found that SZ patients have lower
local efficiency in the thalamus and hypothalamus within those dynamic brain-activity states
with high local efficiency (p < 0.05, FDR corrected; age and gender as covariates), and these
findings are replicated across datasets (Figure 4C and Figure 5C).

Discussion

Spontaneous fluctuations of brain activity and connectivity have long been appreciated in the
scientific literature. Given the dynamic nature of brain activity and connectivity, the
investigation of co-varying brain activity and connectivity may unveil neural mechanism as
well as the pathophysiology of diseases which cannot be discovered if only examining one
of them along. In this study, we investigated dynamic brain activity-connectivity states by
evaluating brain activity features and connectivity features simultaneously. Four reoccurring
dynamic activity-connectivity states were identified with obviously distinct activity and
connectivity patterns. By comparing the results from two independent datasets, we found
that the FNC patterns and the ALFF patterns are highly coupling, demonstrating that brain
activity and connectivity might co-evolve in time to construct the reoccurring brain states.
We also identified significantly different network efficiency between brain states, and
moreover network efficiency of connectivity is associated with brain activity. In addition, SZ
patients have more occurrences in sparsely connected and less activated brain states. In
addition, a higher occurrence of one brain state is associated with a decline in individual
attention performance. In contrast, HCs spend more time in strongly connected and more
activated states, which have higher information transfer efficiency. Interestingly, within these
“strong states”, the thalamus is less efficient in SZ patients.

Reoccurring Dynamic States with Coupling Brain Activity and Connectivity

Given evidence of associations between the low-frequency fluctuation of the fMRI signal
and neural activation (Kiviniemi et al., 2000; Yang et al., 2007), ALFF, which measures the
low-frequency power of fMRI signals, can be a good representation of regional spontaneous
neural activity (Yang et al., 2007; Liao et al., 2019). On the other hand, the FC or FNC from
fMRI time series, particularly during the resting-state, has depicted a picture of the
functional brain by highlighting various inter-relationships between brain regions (Biswal et
al., 1995; Greicius et al., 2003; Allen et al., 2014). Both ALFF and FC have been widely
studied, revealing a great deal of knowledge on the spatiotemporal properties of the brain
(Greicius et al., 2004; Beckmann et al., 2005; Biswal et al., 2010; Di et al., 2013; Abou
Elseoud et al., 2014). Considering the evidence of time-varying brain activity and
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connectivity captured by high-temporal resolution imaging techniques, such as EEG,
electrophysiological recordings of single cells, and LFP, recent fMRI studies assume that the
brain representing by fMRI signals are also highly dynamic in a different timescale. While
there has been debate on the topic, there is some strong concensus that dynamic patterns in
fMRI signals and their interactions likely have a neuronal origin and as such may engender a
new understanding of brain organization (McAvoy et al., 2008; Chang and Glover, 2010; Wu
et al., 2010; Yaesoubi et al., 2015; Yan et al., 2017). For example, a novel concept of the
dynamic brain as measured with fMRI is that the brain can be conceived as a multi-stable
process, wherein the brain patterns pass through multiple discrete transient states, in a
conceptual analogy to the microstate of EEG (Allen et al., 2014, 2018; Marusak et al., 2017,
Fuetal., 2018).

However, previous studies only focus on one type of brain dynamics (activity or
connectivity) to search for the presence of reproducible brain states, ignoring the co-
evolutionary relationships between them. In this work, by combining features of brain
activity (ALFF) and connectivity (FNC), we identified several reoccurring brain states with
highly co-existed ALFF and FNC patterns. State 4, which accounts for > 30% of all
windows, has weakly connected FNC patterns that resembles the static FNC (Allen et al.,
2014; Damaraju et al., 2014; Diez-Cirarda et al., 2018; Tu et al., 2019). This state has overall
low ALFF across networks, except for the networks in the posterior DM, such as the
precuneus. Previous studies have shown that the precuneus only exhibits affiliation with the
DM in only some states, challenging the discussion regarding the inclusion of the precuneus
in the default mode network (Buckner et al., 2008; Allen et al., 2014). Our finding suggests
that the disparate ALFF in the precuneus and anterior/bilateral DM regions might cause
more information transfer among these regions, resulting in stronger connectivity between
them. State 2 is another sparsely connected state characterized by strong within-domain
FNC but weak between-domain FNC. This state is also the only state showing weak negative
connectivity between VS and SM. We speculate that such modular FNC patterns, especially
within SM and VS, might be due to the similar moderate low-frequency fluctuations in each
domain. State 1 and 3 are two states showing fewer occurrences, both of which show strong
coupling between FNC and high ALFF. Our results are in line with previous findings that
dynamic states with similar thalamocortical antagonism have increased frequency with time
in the eyes open condition (Allen et al., 2018). The thalamocortical antagonism states are
suggested to be associated with reduced vigilance since they are accompanied with an
increase in delta and theta power and a decrease in alpha power in EEG spectrum, a well-
established pattern of reduced vigilance (Makeig and Jung, 1995; Allen et al., 2018). We
speculate that the increase of low-frequency fluctuations of fMRI signals in these states
might be related to the increase of low-frequency power in the neuroelectric brain activity,
indicating the ALFF of BOLD to be a reliable dynamic signature of the brain.

Brain states with co-varying ALFF and FC were further replicated in another independent
dataset and via an alternative ROI-based approach, validating our hypothesis of capturing
dynamic states using both activity and connectivity features. Three dynamic states in the
COBRE dataset are matched to the states from the FBIRN dataset, with high correspondence
between their state-based ALFF pattern and FNC pattern. Via a permutation test, we further
justify that the correspondence between matched states is significantly higher than the
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results of the clustering on the permuted data without co-varying activity-connectivity
patterns. Results are validated in an ROI-based analysis as well, in which a “strong” state
and a “weak” state are replicated between datasets, with simultaneously high
correspondence between ALFF and between FC. Along with previous research, our results
suggested that the shift in mental and vigilance states during the resting-state might result in
co-occurred changes in neuronal activity and synchrony, reflecting by dynamic patterns in
low-frequency fluctuations and their interactions from fMRI signals.

Abnormal Dynamic Activity-Connectivity States in SZ

Patients with SZ tended to spend more time in states with weak FNC and low ALFF but less
time in states with strongly connected FNC and high ALFF. Schizophrenia is associated with
widespread atypical low-frequency fluctuations and FC (Bluhm et al., 2007; Garrity et al.,
2007; Manoliu et al., 2014), especially in the cortical-subcortical regions (Hoptman et al.,
2010; Lynall et al., 2010; Salvador et al., 2010; Skudlarski et al., 2010; Turner et al., 2013;
Damaraju et al., 2014; Klingner et al., 2014; Yu et al., 2014). For example, decreased
subcortical low-frequency fluctuations and increased cortical-subcortical connectivity are
typical characteristics of schizophrenia (Calhoun et al., 2008; Hoptman et al., 2010;
Salvador et al., 2010). However, there is still a lack of focus on the relationships between
these two major types of brain abnormalities in schizophrenia. We hypothesize that brain
activity and connectivity might be co-affected in schizophrenia because of their co-
evolutionary relationships in time. By using two independent datasets and two different
approaches (ICA and atlas-based) for time-courses extraction, we identified consistent brain
states with high correspondent ALFF and FNC patterns. Results provide statistical support
for the linkage between brain activity abnormalities and connectivity abnormalities. High
ALFF is typically accompanied with strong connectivity within sensory regions and more
antagonism between subcortical and sensory regions, forming a “strong” brain activity-
connectivity state. We found that SZ patients spend less time in these strong states, in line
with previous dynamic ALFF studies (Fu et al., 2018) and dynamic FNC studies (Damaraju
et al., 2014; Rashid et al., 2014) showing that schizophrenia has fewer occurrences in strong
ALFF states and FNC states respectively. In contrast, SZ patients spend more time in weak
brain states, with sparsely connected FNC and low ALFF. There is a nearly universal
acceptance that schizophrenia patients might have an exaggerated focus on self by blurring
the boundary between internal and external realities (Lysaker and Lysaker, 2002; Sass and
Parnas, 2003). Recent literature has suggested an association between self-focused thought
and the brain state with weak and diffused connectivity (Marusak et al., 2017). We argue that
exaggerated self-focus in schizophrenia might be relevant to the increased occurrence of
weak brain states. Our result of the negative correlation between attention performance and
the fraction rate of state 2, a weak state with sparse FNC and low ALFF provides further
evidence supporting our hypothesis. The brain of schizophrenia patients has more
occurrences of weak brain states due to the hyperreflectivity, a condition with more self-
focusing, and in this sense experienced as part of the self, come instead to be taken as
objects of focal or objectifying awareness, resulting deficits in external attention (Sass and
Parnas, 2003).
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Our results also partially explain the inconsistent findings in previous studies based on the
static assumption (Hoptman et al., 2010; Huang et al., 2010; Yu et al., 2014). Compared with
HCs, SZ patients might not have constantly abnormal brain activity and connectivity through
the whole scan. The observed static brain abnormalities in SZ might be because patients
spend different time in the same strong and weak brain states. This speculation is further
supported by dynamic network efficiency analysis. Complex brain networks show disrupted
small-world properties and thus less efficiency in patients with schizophrenia (Bassett et al.,
2008; Liu et al., 2008). In this study, we found that brain states show significantly different
network efficiency and only high-efficiency states show abnormal efficiency in
schizophrenia. Combining the statistic results on state occurrence, these findings indicate
that disruption of schizophrenia brain networks might be due to 1) less occurrence in high-
efficiency states; 2) decreased efficiency in the high-efficiency states, challenging the
previous constant changes based on the static assumption.

More interestingly, the nodes with decreased local efficiency are within the thalamus, a key
sensory gate that receives and delivers sensory information among cortical and subcortical
regions (Steriade and Llinas, 1988; Sherman and Guillery, 2018). Abnormalities in the
thalamus and its connections to the cortical cortex can explain a wide range of symptoms in
schizophrenia (Andreasen, 1997). The most consistent abnormalities in the thalamus are
ventricular enlargement (Konick and Friedman, 2001) and reductions of brain volume and
weight (Steen et al., 2006). Our results might also reflect a hidden relationship between
structural abnormalities and functional abnormalities. That is, during the “strong” brain
states, when there is a requirement of strong low-frequency fluctuations, the decreased
volume of thalamus results in restricted neural activation which might further influence its
information transfer to the other brain regions, reflecting by decrease local efficiency in the
thalamus. In contrast, during the “weak” brain states, thalamus with pathological changes
still has enough volume to exhibit moderate or weak low-frequency fluctuations, so that its
local efficiency does not change in schizophrenia.

Method and Materials

Participants and Cognitive Performance Assessment

Two independent cohorts of subjects are used in this study (Table I). Written informed
consent is obtained from all participants under protocols approved by the Institutional
Review Board (IRB). The discovery cohort is from the Function Biomedical Informatics
Research Network (FBIRN). 160 healthy controls (HCs) and 151 patients with
schizophrenia (SZs) are selected from this dataset. The replication cohort is from the Centers
of Biomedical Research Excellence (COBRE). 89 HCs and 68 SZs from this dataset are
used in the analysis. Most of the participants are measured by a neuropsychological battery
that includes six neurocognitive domain tests (speed processing, attention/vigilance, working
memory, verbal learning, visual learning, and problem solving) called CMINDS (van Erp et
al., 2015). Details of the dataset and subject selection criteria are provided in the
supplementary materials.
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Image Preprocessing

For the analysis based on the ICA parcellation, the fMRI data were preprocessed through
general preprocessing pipelines including slice-timing, realignment, normalization, and
smoothing. For the analysis based on the atlas parcellation, besides the above-mentioned
procedures, two additional steps including filtering and removing confounding covariates
were performed for noise removal. Detailed preprocessing steps can be found in the
supplementary materials.

Flowchart of Capturing Dynamic Brain Activity-connectivity States

Flowchart of capturing dynamic brain activity-connectivity states is provided in the
supplementary materials Figure S1. The Neuromark pipeline was first used to calculate
spatial maps and TCs for FBIRN and COBRE datasets. Via using the Neuromark
framework, the targeted ICs of discovery and replication datasets are highly corresponding,
leveraging the feasibility of comparing results across independent datasets. The AAL atlas
was also used to extract TCs for validating the results on the ROI-based analysis. A sliding
window approach is used to estimate dALFF and dFNC. Then k-means clustering is
performed on the concatenated dALFF and dFNC features. State occurrences are calculated,
and graphic measure analysis is performed in a state-based manner.

Dynamic ALFF and FNC

For each subject, dALFF and dFNC were estimated with a sliding window approach with
window size 20 TRs. ALFF of each windowed ICN TC was estimated using the REST
toolbox (Zang et al., 2007) and FNC between windowed ICN TCs was estimated using the
GIFT toolbox (http://trendscenter.org/software/gift/). K-means clustering was conducted on
the concatenated dynamic activity-connectivity features to identify the centroids of the
dynamic states for FBIRN and COBRE datasets respectively. We matched the dynamics
states from two datasets by evaluating the averaged correlation coefficients between their
FNC and ALFF centroid patterns. We introduced a permutation test to further validate the
co-existed brain activity-connectivity patterns. For each dataset, the dALFF and dFNC were
randomly permuted across windows. Then k-mean clustering was performed on the
permuted dALFF and dFNC and the identified states were matched using the same criteria.
We calculated the correlation between ALFF for each pair of matched states for the
permutated data and examined whether the original correlations between ALFF of matched
states are significantly larger than the correlations between ALFF of permutated data.

Statistical comparisons between HCs and SZ were performed on the FRA and MDT of the
identified dynamic activity-connectivity states via a general linear model (GLM), controlling
the age and gender effects. We further investigated whether the abnormal dynamic features
could index cognitive impairments via GLM, controlling age, gender and diagnosis.

Dynamic Graphic Measures

To explore the information transfer efficiency of brain networks and their potential
associations with local network activities, we applied a graph theory measure to the dynamic
brain activity-connectivity states. Local efficiency of ICNs was estimated based on the
sliding-window weighted FNC matrix using the brain connectivity toolbox (BCT, https://

Neuroimage. Author manuscript; available in PMC 2021 January 04.


http://trendscenter.org/software/gift/
https://sites.google.com/site/bctnet/

1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Fuetal. Page 11

sites.google.com/site/bctnet/) and then averaged across windows within each dynamic state.
The average local efficiency (across ICNs) of brain states was calculated and compared
between states. Then we investigated the potential relationships between the local efficiency
and the ALFF for each state. Finally, we examined the local efficiency difference between
HCs and SZ within each state using GLM, controlling age and gender.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Findings of dynamic brain activity-connectivity states. Four brain states are identified. First

row: the FNC patterns of brain states. Two states have strong within-domain connectivity
and negative between-domain connectivity patterns and two states have weak and sparse
connectivity patterns. Second row: top 200 FNC with connectivity strength > 0.25 in each
state, representing the strongest functional-relationships between brain regions (absolute
value). Each color represents one of the seven domains. Third row: the ALFF patterns of
brain state. Two states have high ALFF and two states have low ALFF. Fourth row: the
histogram of FNC strength and ALFF of ICNs. FNC strength is calculated as the average
FNC between a given ICN and the other ICNs. Functional network connectivity, FNC; the
amplitude of low-frequency fluctuations, ALFF; intrinsic connectivity networks (ICNs).
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Figure2.
Group differences in occurrence and its association with cognitive performance. Bars

represent the mean of occurrences and error bars represent the standard deviation of mean.
SZ patients have significantly decreased FRA and MDT in the “strong” activity-connectivity
states (state 1 and state 3) and increased FRA and MDT in the “weak” states (state 2 and
state 4). The centroid patterns of states are displayed, with node size representing the ALFF
and edge size representing the connectivity value. The FRA of state 2 is negatively
correlated with the performance of attention. schizophrenia, SZ; fraction rate, FRA; mean
dwell time, MDT; the amplitude of low-frequency fluctuations, ALFF.
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Replication of brain activity-connectivity states across datasets. Three pairs of dynamic
states are matched as their overall similarity (average similarity between FNC similarity and
ALFF similarity) >= 0.7. The similarity is calculated by the correlation coefficient between
FNC or ALFF patterns. For each pair of matched states, their FNC and ALFF similarity are
always highest compared with the similarity to the other states, indicating the co-existing
FNC and ALFF patterns across states. The matched states also have similar temporal trends
in FRA and similar FRA abnormalities in SZ. Functional network connectivity, FNC; the
amplitude of low-frequency fluctuations, ALFF; fraction rate, FRA.
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Figure 4.
Graph measure of dynamic activity-connectivity states. A. Average local efficiency across

ICNs of each brain activity-connectivity state is displayed using boxplots. Each dot
represents an individual’s value and the color represents the efficiency level (Darker —
higher efficiency). B. The correlation coefficient between local efficiency and ALFF across
ICNs of each state are shown using scatter plots, with different colors representing different
functional domains. C. Group comparison in local efficiency of thalamus and subthalamus
are displayed using boxplots. SZ patients have decreased efficiency in thalamus and
subthalamus in the “high-efficiency” states. Asterisks indicate significance after FDR
correction. Intrinsic connectivity network, ICN; the amplitude of low-frequency fluctuation,
ALFF; false discovery rate, FDR.
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Figure5.
Replication of graph measure using the COBRE dataset. A. Average local efficiency across

ICNs of each brain activity-connectivity state is displayed using boxplots. Brain states show
similar efficiency difference (state 1 [state 1 in FBIRN] > state 3 [state 2 in FBIRN] > state 4
[state 4 in FBIRN]). B. The correlation coefficient between local efficiency and ALFF across
ICNs of each state are shown using scatter plots, with different colors representing different
functional domains. State 1 and 4 which match state 1 and 4 in FBIRN dataset show similar
positive efficiency-ALFF correlation while state 3 which matches state 2 in FBIRN shows
negative efficiency-ALFF correlation. C. Group comparison in local efficiency of thalamus
and subthalamus are displayed using boxplots. SZ patients have decreased efficiency in
thalamus and subthalamus in state 1, which is a high-efficiency state. Intrinsic connectivity
network, ICN; the amplitude of low-frequency fluctuation, ALFF.
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Table 1.

Demographics and cognitive scores of FBIRN and COBRE datasets

Characteristics FBIRN COBRE
SZ (n=151) HCs(n=160) SZ (n=68)  HCs(n=89)

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Age (years) 38.77+11.63 37.04+10.86 37.79+14.45 38.09+11.67
Gender (female/male) 45/115 36/115 11/57 25/64
Speed of processing -1.34+1.08 0.06+1.02 34.97+11.77 53.81+8.62
Attention -1.36+1.40 0.03+0.99 37.46%13.20 49.55+9.09
Working memory -1.16+1.08 0.05+0.97 39.28+12.62 48.92+10.67
Verbal learning -1.38+1.19 0.04+1.00 38.66+8.78 45.53+8.32
Visual learning -1.09+1.14 0.03+0.99 35.37£12.70 46.02+10.71
Problem solving -0.85+1.22 0.04+0.97 44.19+10.80 55.59+8.06
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