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Abstract 9 

Understanding how metabolic energy is distributed across brain networks is essential for 10 

elucidating healthy brain function and neurological disorders. Research has established 11 

the link between blood flow changes and glucose metabolic processes that fuel neural 12 

activity. Here, we introduce a novel framework based on the normalized dynamic time 13 

warping algorithm robust to neural temporal variability, enabling reliable insights into 14 

metabolic energy demands using functional magnetic resonance imaging data. Our 15 

findings indicate that healthy brains maintain balanced energy distribution, whereas 16 

imbalances are more pronounced in schizophrenia with links to both positive and negative 17 

symptoms, particularly during rapid neural processes. Additionally, we identified a 18 

dynamic state that supports the brain criticality theory and is associated with higher-order 19 

cognitive abilities, demonstrating our framework’s functional and clinical relevance. By 20 

linking metabolic energy distribution to neural dynamics, this framework provides a novel 21 

way to estimate and quantify the brain’s maintenance of functional balance in a broadly 22 

applicable manner for studying brain health and disorders. 23 

Keywords: brain energetics, dynamic time warping, high-frequency BOLD, brain 24 
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1. INTRODUCTION. 26 

The human brain, despite constituting about 2% of the body’s mass, consumes roughly 27 

20% of its total energy1—a cost driven by intensive neuronal processing and synaptic 28 

activity essential for complex cognitive functions2. Functional magnetic resonance 29 

imaging (fMRI) leverages this metabolic demand by measuring the blood-oxygenation-30 

level-dependent (BOLD) signal, which indirectly reflects neural activity through changes 31 

in cerebral blood flow and oxygenation2,3. The detectability of the BOLD signal arises from 32 

the retention of oxygen in the increased blood flow, underscoring glucose as the primary 33 

energy source for neurons2. Prior studies have shown that changes in blood flow are 34 

accompanied by comparable changes in glucose metabolism4,5, making BOLD signal 35 

amplitude a reliable proxy for energy demand4. 36 

In contrast, techniques like positron emission tomography (PET) and magnetic resonance 37 

spectroscopy provide more direct insights into metabolism, but they lack the temporal 38 

resolution to capture rapid neural dynamics. Moreover, BOLD signal interpretation is 39 

complicated by variability in hemodynamics and neurovascular coupling (NVC), which 40 

introduce temporal lags and distortions6, as well as the varying temporal scales of neural 41 

processing7. Commonly used measures such as the amplitude of low-frequency 42 

fluctuations (ALFF)8, fractional ALFF9, and dynamic ALFF10 quantify BOLD signal power 43 

but do not account for temporal deformations, which may mask amplitude variations that 44 

are critical to assessing neural energy consumption. Similarly, prevalent dynamic 45 

functional connectivity measures—such as sliding window Pearson correlation11, Hidden 46 

Markov Models12, phase synchronization13, wavelet coherence14, and lagged cross-47 

correlation15— primarily focus on synchronization and are amplitude scale invariant due 48 

to normalization procedures. Even many advanced deep learning models16,17, including 49 

spatiotemporal models18 struggle to fully capture these temporal dynamics. 50 

There is therefore a pressing need for methodologies that can address both temporal 51 

misalignments and amplitude variations in BOLD signals to accurately reflect energy 52 

demand mismatches between neural networks. To this end, we propose leveraging 53 

dynamic time warping (DTW) to realign BOLD signal pairs, effectively mitigating temporal 54 

misalignments caused by hemodynamic variability and variable temporal scales. DTW is 55 

a time-series alignment technique that non-linearly warps the temporal dimension to align 56 

signals19, allowing us to focus on the amplitude differences between the aligned signals. 57 

By analyzing BOLD signals in a way that compensates for temporal variability and 58 

hemodynamic delays, these amplitude differences indirectly estimate metabolic energy 59 

mismatch between neural networks. Specifically, DTW sums the aligned amplitude 60 

differences, and our recently proposed normalized DTW (nDTW)20 computes the average 61 

of these differences, aligning with traditional signal energy and power computations 62 

respectively, as demonstrated in our study.  63 

DTW has been introduced in fMRI studies as an alternative measure of functional 64 

connectivity21, demonstrating benefits such as increased sensitivity to motor brain 65 

function22, robustness to noise21, higher test-retest reliability21,22, and global signal 66 
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regression robustness21,22 compared to conventional correlation methods. DTW has also 67 

been effective in detecting group differences, including sex differences21 and clinical 68 

disorders like schizophrenia20 and autism spectrum disorders22. In our previous work, we 69 

expanded DTW’s application by developing a novel warp elasticity measure, which 70 

leverages the alignment function from DTW to capture relative BOLD signal activation 71 

speeds (stretching and shrinking temporal dynamics) between networks23,24. These 72 

findings underscore the value of DTW in neuroimaging analyses. 73 

In this study, we build on these findings by demonstrating that DTW-aligned amplitude 74 

differences serve as an effective metric for capturing activation amplitude discrepancies 75 

in the presence of temporal deformations. We incorporate a parameterization of the DTW 76 

cost function with a gamma parameter that emphasizes different scales of amplitude 77 

disparity—where higher gamma values accentuate larger amplitude differences and 78 

lower values highlight smaller ones25—to create a flexible framework for assessing 79 

metabolic energy demand mismatches across varying amplitude scales in the BOLD 80 

signal. Our focus is on resting-state fMRI (rs-fMRI) data, recognizing that significant 81 

energy is consumed even at rest and that resting-state activity is linked to metabolic 82 

processes26.  83 

The proposed two-cell model presents a unifying hypothesis that links schizophrenia to 84 

dysregulated glucose metabolism in astrocytes and neurons, suggesting that cognitive 85 

and psychiatric symptoms arise through a two-hit mechanism27. This hypothesis is 86 

supported by numerous studies connecting schizophrenia to disruptions in metabolic 87 

energy28,29. Based on this and recognizing that blood flow—carrying glucose—increases 88 

in response to higher energy demand, we investigate imbalances in energy demand 89 

between neural networks in individuals with schizophrenia compared to healthy controls 90 

using blood flow fMRI data. Consistent with previous findings, we focus on nDTW due to 91 

its increased sensitivity to group differences20. We hypothesize that energy mismatches 92 

between networks are more pronounced in broadband signals; therefore, we extend our 93 

analysis beyond the classic low-frequency BOLD signals to include higher frequency 94 

bands—specifically slow-5 (0.01–0.027 Hz), slow-4 (0.027–0.073 Hz), and slow-3 95 

(0.073–0.198 Hz)—which have been shown to exhibit functional relevance30. We refer to 96 

the broader frequency ranges of 0.01–0.198 Hz and 0.01–0.15 Hz as F1 and F2, 97 

respectively. In addition, we develop a time-resolved nDTW measure to track how brain 98 

networks converge or diverge in their metabolic energy demands over time during rest. 99 

By capturing these nuances, our approach offers a novel framework to understand neural 100 

network specialization and energy demand dynamics, with the potential to advance the 101 

characterization of neuropsychiatric disorders linked to energy metabolism abnormalities. 102 

This methodology not only enhances our ability to detect subtle energy imbalances within 103 

and between neural networks but also provides new insights into the pathophysiology of 104 

conditions such as schizophrenia with the potential to inform more targeted therapeutic 105 

interventions. 106 
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2. RESULTS 107 

2.1. Simulation of DTW sensitivity non-stationarity and signal bandwidth 108 

We evaluated DTW as a potential measure of metabolic energy demand mismatch 109 

between brain networks through simulations assessing its ability to detect amplitude 110 

disparities and its invariance to phase shifts. Sinusoids with varying amplitude and phase 111 

modulations were generated, and the performance of DTW, nDTW, and correlation was 112 

compared across different 𝛾 values and signal bandwidths (Supplementary Material). 113 

DTW aligned original and temporally warped signals, demonstrating its capability to 114 

capture temporal deformations (Fig. 1a). Both DTW and nDTW remained invariant to non-115 

stationary phase perturbations across increasing modulation indexes. In contrast, 116 

correlation decreased with higher phase modulation (Fig. 1b). In contrast, under non-117 

stationary amplitude perturbations, correlation remained stable, while DTW and nDTW 118 

detected increasing amplitude disparities as modulation indexes rose (Fig. 1b).  119 

The sensitivity of DTW and nDTW to amplitude scales was further examined by varying 120 

the 𝛾 parameter. Simulations involving amplitude non-stationarity across several 121 

modulation indexes revealed that smaller 𝛾 values resulted in higher rates of change in 122 

DTW and nDTW similarity scores at lower modulation indexes, indicating enhanced 123 

detection of minor amplitude disparities (Fig. 1c). Conversely, larger 𝛾 values exhibited 124 

higher rates of change at higher modulation indexes, reflecting improved tracking of 125 

substantial amplitude disparities (Fig. 1c). Additionally, while DTW generally maintains 126 

phase invariance, nDTW demonstrated slight sensitivity to phase differences when 𝛾 ≥ 1 127 

(Fig. 1c). This suggests that nDTW is better capable of responding to phase variations 128 

alongside amplitude tracking, offering a more nuanced assessment when absolute phase 129 

invariance is not essential. 130 

In bandwidth analyses, DTW and nDTW sensitivity to randomness increased with broader 131 

full frequency spectrum, approaching the Nyquist frequency, unlike correlation, which 132 

remained unaffected (Fig. 1d). This indicates that amplitude differences become more 133 

prominent in broader full frequency bands. 134 

Figure 1e illustrates nDTW (𝛾 = 1) in capturing average aligned amplitude differences 135 

between brain networks. Lower nDTW values indicate convergence, potentially reflecting 136 

balanced metabolic energy demands, while higher values signify divergence, potentially 137 

highlighting greater energy demand discrepancies between networks (Fig. 1e). 138 
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 139 

Fig. 1: Simulation to analyze non-stationarity and signal bandwidth  

 
a. Illustration of DTW’s ability to extract temporal deformations. A signal is warped by applying a modulation function 

(warp function) to its time index, and DTW successfully aligns the original and warped signals, extracting the 

induced temporal deformation. b. Behavior of DTW, nDTW and correlation under amplitude and phase non-

stationarity. Time-varying amplitude perturbations (mi=100) and phase perturbations (mi=10) are shown. Similarity 

scores are derived from DTW and nDTW to highlight high distances (approaching 0) and low distances 

(approaching 1). Correlation is used as a benchmark. DTW and nDTW tracks amplitude disparities but remains 

invariant to phase shifts, unlike correlation. Both DTW and nDTW track amplitude disparities as mi increases (Time-

varying amplitude sensitivity) but remain invariant to phase shifts, unlike correlation (Time-varying phase 

sensitivity). c. Sensitivity of DTW and nDTW to 𝛾 values in amplitude and phase non-stationarity. The derivative of 

similarity scores under amplitude non-stationarity reveals that for lower mi, smaller 𝛾 values yield higher scores 

compared to larger 𝛾 values, whereas for higher mi, larger 𝛾 values yield higher scores (Time-varying amplitude 

tracking). This indicates that smaller 𝛾 values are more adept at tracking minor amplitude disparities, while larger 

𝛾 values are more suited to tracking larger amplitude disparities. Although DTW is inherently phase-invariant, 

nDTW exhibits slightly higher derivatives indication slight sensitivity to phase differences when 𝛾 ≥ 1 (Time-varying 

phase tracking). d. DTW sensitivity across signal bandwidths. Random signal pairs (i.i.d Gaussian, 𝒩(0,1)) are 

filtered with increasing bandwidths up to the Nyquist frequency. DTW alignment and distances demonstrate 

increasing sensitivity to disparities in broadband signals, unlike correlation, which remains unaffected by the 

increasing frequency spectrum. This highlights DTW’s suitability for capturing disparities in full spectrum signals 

against slow narrowband ones. e. Illustration of convergence and divergence in brain networks. Using nDTW with 

𝛾 = 1, the average amplitude difference between two pairs of aligned brain networks is shown. A small nDTW 

indicates convergence, while a large nDTW signifies divergence in signal power differences, providing insights into 

imbalances in metabolic energy demand. 
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2.2. Signal power imbalances between schizophrenia and control in 140 

broader fMRI bandwidth using nDTW 141 

The intrinsic brain networks identified using the NeuroMark pipeline were categorized into 142 

seven domains: subcortical (SC), auditory (Aud), sensory motor (SM), visual (Vis), 143 

cognitive control (CC), default mode (DM), and cerebellum (Cb). 144 

To validate the use of nDTW in the context of higher frequency fMRI data, we extended 145 

our analysis to include broader frequency bands (slow-5, slow-4, and slow-3; 0.01–146 

0.198 Hz). We also examined the impact of varying 𝛾 values on test–retest reliability and 147 

sensitivity to group differences. 148 

Focusing on the F1 frequency range, we observed that test–retest reliability improved 149 

with higher 𝛾 values, as indicated by lower mean ranks (Fig. 2a). 𝛾 values of ≥1.5 150 

demonstrated significantly higher reliability compared to correlation after false discovery 151 

rate (FDR) (Wilcoxon signed-rank test, FDR corrected p < 0.05). Given that physiological 152 

noise correction in the fMRI data reduces within-subject variability31, thus increasing test-153 

retest reliability, the higher test-retest score for higher 𝛾 values may be indicative of the 154 

reduced sensitivity of higher 𝛾 values to physiological noise in the data.  155 

Figure 2b illustrates that 𝛾 values of 1.5 and 1.25 exhibit the highest sensitivity for 156 

detecting group differences across both frequency ranges, outperforming other 𝛾 values 157 

and correlation. These 𝛾 values outperform other parameters and the correlation 158 

benchmark, as indicated by the greater number of directional arrows pointing towards 159 

them and the significant sensitivity enhancements marked by yellow asterisks.  However, 160 

since 𝛾 = 1.25 has significantly lower test–retest reliability than the correlation benchmark 161 

(Fig. 2a), 𝛾 = 1.5 was selected as the optimal parameter for further analysis. Additionally, 162 

nDTW consistently detected more group differences in the broader F1 frequency range 163 

than in F2 across all 𝛾 values, whereas correlation did not. This indicates that nDTW is 164 

more sensitive to capturing clinical functional relevance at higher BOLD signal 165 

frequencies while maintaining high test–retest reliability, particularly at 𝛾 = 1.5. 166 

Figure 2c shows that controls (lower triangle) consistently exhibit higher convergence in 167 

signal power differences, whereas individuals with schizophrenia (upper triangle) display 168 

greater divergence across several brain network pairs. This suggests that controls have 169 

more balanced metabolic energy demands between brain networks, while schizophrenia 170 

patients exhibit imbalances. Controls display significantly more convergent power 171 

differences than schizophrenia patients across multiple network pairs (positive red cells 172 

in the upper triangle of the FDR-corrected group difference matrix, Fig. 2c). Additionally, 173 

Cohen’s d effect sizes (min-max = 0.19 − 0.89; median = 0.49) highlight the practical 174 

significance of these group differences. 175 

Furthermore, significant associations between nDTW scores and PANSS scores were 176 

identified. Positive PANSS associations were primarily observed between Cb networks 177 
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and the DM, CC, and superior temporal gyrus (Aud), Vis and SC networks. In contrast, 178 

negative PANSS was mainly associated with connections between the CC, DM, and Vis 179 

brain networks. 180 
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 181 

Fig. 2: Reliability and group difference sensitivity across 𝜸 values and frequency 
bands  
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 182 

2.3. Signal power imbalance effects of including higher frequency fMRI 183 

We evaluated the effect of nDTW on expanding the frequency range from F2 to F1 by 184 

conducting paired sample t-tests for controls and individuals with schizophrenia 185 

separately. Normality of nDTW scores was confirmed using Shapiro-Wilk tests with t-186 

values close to 1 across brain network pairs (Fig. 3a). After FDR correction, controls 187 

exhibited significantly increased convergence in F1 compared to F2, whereas 188 

schizophrenia patients showed greater divergence in F1 versus F2 across specific brain 189 

network pairs. These results suggest that broader F1 frequencies enhance metabolic 190 

energy balance in controls but exacerbate imbalances in schizophrenia, indicating that 191 

higher frequency fMRI enhances the identification of schizophrenia characteristics. 192 

Cohen’s d effect sizes were modest (median d = 0.18 for controls and d = 0.15 for 193 

schizophrenia). Nonetheless, higher frequencies amplified group distinctions, as reflected 194 

by larger effect size differences between controls and schizophrenia across several brain 195 

network pairs (Fig. 3a). Upset plot analysis identified 914 significant pairs across both 196 

frequencies, with 196 unique to F1 and 10 unique to F2, highlighting the enhanced group 197 

sensitivity of nDTW in F1 (Fig. 3b). 198 

Figure 3b displays FDR-corrected p-values for significant pairs shared by both 199 

frequencies (left panel), with F1 (lower triangle) showing higher practical relevance than 200 

a. Test-retest reliability of nDTW was evaluated across multiple 𝛾 values using the HCP dataset, with correlation 

serving as a benchmark. The mean ranks for all twelve 𝛾 values and correlation are presented for the F1 frequency 

range. Lower mean rank values indicate higher test-retest reliability. 𝛾 values ≥ 1.5 and 𝛾 = 0.25 show significantly 

higher test-retest than correlation, as determined by a Wilcoxon signed-rank test (FDR-corrected p < 0.05) on the 

test–retest ranks. b. Gamma sensitivity in distinguishing schizophrenia from controls. We applied McNemar tests 

across all 𝛾 values for the F1 and F2 frequency ranges, as well as between F1 and F2. In the resulting matrices, 

arrows point to the parameter with higher sensitivity, and yellow asterisks highlight significant results with FDR-

corrected p-values < 0.05. Results showed that 𝛾 values of 1.5 and 1.25 are the most effective in distinguishing 

schizophrenia patients from controls compared to other 𝛾 values and correlation for both F1 and F2 frequency 

ranges. Furthermore, the comparison between F1 and F2 demonstrates that all 𝛾 values increase group difference 

sensitivity when transitioning from F1 to F2, whereas correlation (rho) does not. These findings suggest that nDTW 

is more sensitive to group differences when higher frequencies are incorporated. c. Group difference between 

schizophrenia and controls using a 𝛾 = 1.5. nDTW values were z-scored across both groups and multiplied by -1, 

converting smaller nDTW values to positive scores (indicating convergence) and larger values to negative scores 

(indicating divergence). Group averages of nDTW scores reveal that controls exhibit convergence (lower triangle) 

while individuals with schizophrenia show divergence (upper triangle) across several brain network pairs. FDR-

corrected p-values from a generalized linear model, controlling for sex, age, site, and mean frame displacement, 

are displayed in the lower triangle, with significant results (FDR < 0.05) highlighted in the upper triangle. The findings 

indicate that multiple brain network pairs show significant differences, with controls consistently demonstrating 

greater convergence than schizophrenia patients. Additionally, Cohen’s d effect sizes exceeding 0.2 underscore 

the practical relevance of these group differences. d Association of nDTW with PANSS scores. Significant 

associations between brain network pairs and both positive and negative PANSS scores (FDR-corrected p < 0.05) 

were identified using a generalized linear model with a Poisson distribution. The analysis controlled for sex, age, 

site, and mean frame displacement. These significant associations are displayed for both positive and negative 

PANSS, highlighting the relationship between nDTW scores and symptom severity in schizophrenia. 
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F2 (upper triangle) based on effect sizes. Pairs unique to F1 had Cohen’s d > 0.2, 201 

underscoring nDTW's increased sensitivity and clinical relevance at higher frequencies. 202 

To validate F1-unique pairs, we conducted null hypothesis testing using 1,000 surrogate 203 

datasets generated through phase randomization within the 0.15–0.198 Hz range 204 

(Fig. 3c). Several network pairs remained significant, confirming that higher frequency 205 

fMRI results are statistically robust and potentially derived from non-stationary amplitude 206 

processes. 207 

Finally, we examined PANSS associations exclusively linked to F1 and not F2. Positive 208 

PANSS correlated with connections between the Cb with SC, DM, CC, Aud and Vis 209 

networks. Negative PANSS was primarily associated with CC-DM connections. These 210 

associations were absent in F2, suggesting that higher frequency fMRI enhances 211 

symptom severity detection. 212 
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 213 

Fig. 3: Clinical significance of high frequency fMRI data inclusion.  
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 214 

2.4. Dynamics of time-resolved nDTW 215 

To identify recurring states of power imbalance dynamics, we applied k-means clustering 216 

with three clusters on the time-resolved nDTW, including both controls and individuals 217 

with schizophrenia. An elbow plot (Fig. 4c) confirmed that three clusters were optimal, 218 

determined by the derivative of the within-sum of squared distances. For visualization, we 219 

subtracted the median of all clusters and multiplied the distribution by −1, ensuring 220 

positive values represent convergence and negative values indicate divergence (Fig. 4a). 221 

The clusters were classified as follows: state 1—a convergent state, state 3—a divergent 222 

state, and state 2—a mixed state showing neither strong convergence nor divergence. 223 

Figure 4b illustrates brain network representations for each state. In convergent state 1, 224 

the top 5% most convergent pairs predominantly involved sensory networks, including 225 

Vis, SM, and Aud networks. The divergent state 3 featured the top 5% most divergent 226 

pairs, mainly between the Cb and other networks. The mixed state 2 showed the top 2.5% 227 

most convergent and top 2.5% most divergent pairs, combining both dynamics. 228 

A Markov chain was constructed to model state transitions, with transition probabilities 229 

shown in Figure 4d. Mixed state 2 had the highest self-retention probability (0.9021), 230 

followed by the convergent state 1 (0.8485) and divergent state 3 (0.8133). No direct 231 

transitions occurred between divergent and convergent states, likely due to the 232 

monotonicity constraint in the DTW alignment process, which prevents abrupt shifts 233 

without intermediate states. 234 

The Markov chain’s “stable point” (stationary distribution: Fig. 4e) showed that mixed state 235 

2 accounted for 57.36% of system dynamics, the convergent state 1 for 37.21%, and the 236 

divergent state 3 for 5.42%. This highlights the predominance of mixed and convergent 237 

states in stabilizing power imbalance dynamics. 238 

We further analyzed these dynamics by calculating the entropy rate and the convergence 239 

rate to the stationary distribution. The entropy rate was 36.6%, where 100% represents 240 

complete randomness and 0% indicates full order. This suggests a balance between 241 

randomness and order, with a slight preference for order (Fig. 4f). The rate of 242 

a. Statistical analysis of power imbalances between F1 and F2 frequencies. Shapiro-Wilk tests confirmed normality 

(𝑇-𝑣𝑎𝑙𝑢𝑒𝑠 ≈ 1) for all groups, validating the use of paired t-tests. FDR-corrected p-values of paired t-test indicated 

that controls exhibit increased signal power convergence, whereas individuals with schizophrenia show power 

divergence when transitioning from F2 to F1. This suggests that controls demonstrate greater convergence, while 

schizophrenia patients exhibit increased divergence with the inclusion of higher frequencies. Cohen’s d effect sizes 

(~0.4) highlight enhanced separability between groups. b. Group differences from a generalized linear model 

controlling for sex, age, mean frame displacement, and site. FDR-corrected p-values across brain network pairs 

revealed 914 common significant pairs, with F1 showing larger effect sizes and greater practical relevance (left 

panel). Additionally, 196 significant pairs were uniquely identified in F1 with effect sizes above 0.2 (right panel), 

indicating modest practical relevance, while only 10 pairs were unique to F2. c. Null hypothesis testing using phase 

randomization confirmed that the significant brain network pairs uniquely identified in F1 are statistically relevant. 

d. Associations between normalized nDTW and PANSS scores were exclusively observed in the F1 frequency 

range, with no significant associations found in F2. 
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convergence computed by the spectral gap was 0.1851, and the mixing time—defined as 243 

the number of timesteps required to reach a tolerance level of 10−3 from the stationary 244 

distribution—was 36 timesteps (72 seconds; TR=2). The mixing time was determined 245 

from the farthest distribution point in the Markov chain’s state space, specifically the state 246 

[0, 0, 1] (completely divergent), as shown in Fig. 4e. 247 

We explored the relationship between entropy and convergence rate and investigated 248 

potential interventions to accelerate convergence and enhance cognitive ability by 249 

introducing perturbations to each transition probability and measuring the relative 250 

changes in convergence and entropy rates (Fig. 4g–h). Increasing self-retention in any 251 

brain state led to reductions in both convergence rate and entropy rate. While adding 252 

transitions between the mixed state and other states (excluding mixed to divergent) 253 

enhanced both rates, transitions between divergent and convergent states were marked 254 

with red crosses due to their impracticality as no such transitions were identified in the 255 

dynamics (Fig. 4d).  256 

Notably, increasing transition probability from mixed to divergent states extends 257 

trajectories away from the stable point (Fig. 4e), reducing convergence speed. While this 258 

increased entropy, our findings suggest that higher entropy does not universally 259 

accelerate convergence; instead, the effect depends on the specific dynamic transitions 260 

within the Markov chain’s state space. 261 
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 262 

Fig. 4: Dynamics of time-resolved nDTW  
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 263 

2.5. Group differences between controls and schizophrenia 264 

We assessed group differences in metrics derived from time-resolved nDTW, including 265 

mean dwell time, occupancy rate, state transition probabilities, stationary distribution, 266 

spectral gap, mixing time, and entropy rate. Schizophrenia patients showed greater 267 

association with mixed state 2 and divergent state 3, while controls predominantly 268 

engaged with the convergent state 1. Specifically, schizophrenia patients had longer 269 

mean dwell times in mixed and divergent states, whereas controls spent more time in the 270 

convergent state (Fig. 5a). Similarly, occupancy rates (Fig. 5b) reflected higher mixed and 271 

divergent state occupancy in schizophrenia, and greater convergent state occupancy in 272 

controls. 273 

The stationary distribution (Fig. 5d) revealed that schizophrenia dynamics are more 274 

influenced by mixed and divergent states than controls, while controls are more 275 

influenced by the convergent state than schizophrenia. State transition probabilities 276 

showed controls were more likely to transition from mixed to convergent states (Fig. 5c). 277 

In contrast, schizophrenia patients had increased transitions from convergent to mixed, 278 

mixed to divergent, and higher self-retention in both mixed and divergent states. 279 

 280 

a. Distribution of recurring brain states identified using K-means clustering on time-resolved nDTW. The median 

across all 3 cluster centroids were subtracted and multiplied by –1 to ensure positive values represent convergence 

and negative values represent divergence. Three states were identified: convergent, divergent, and mixed. b. Brain 

state matrices with corresponding axial brain thumbnails. For convergent and divergent states, the top 5% most 

convergent and 5% most divergent brain connections are displayed, respectively. The mixed state shows the top 

2.5% most convergent and top 2.5% most divergent connections. c. Elbow plot illustrating the within-sum of 

squared distances (WSS) for different cluster numbers. The first inflection point in the first derivative of WSS 

indicates that three clusters are optimal. d. State transition probabilities between the identified brain states, 

highlighting the likelihood of moving from one state to another. e. Stationary distribution within the Markov chain 

state space, demonstrating that the stable point of the dynamics is predominantly influenced by the mixed and 

convergent states. f. Mixing time of the dynamics, indicating the number of timesteps required to converge to the 

stationary distribution within a tolerance of 10−3. Additionally, the convergence rate is shown through the spectral 

gap and entropy rate. g. Effects of perturbing state transitions on the spectral gap. Small perturbations were added 

to each transition probability, and the relative change in spectral gap was calculated to assess changes in 

convergence rate. h. Effects of perturbing state transitions on the entropy rate. 
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 281 

Fig. 5: Group differences and cognitive score associations 
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Regarding convergence to the stationary distribution, controls exhibited a higher spectral 282 

gap, indicating a faster convergence rate (Fig. 5e). Using a tolerance of 10−3 and starting 283 

from the completely divergent state ([0, 0, 1]), controls also had a lower mixing time, 284 

reflecting quicker stabilization. No significant difference in entropy rate was observed, 285 

suggesting that faster convergence rates in controls may stem from dynamic transition 286 

efficiency rather than entropy. 287 

2.6. Controls and schizophrenia cognitive score associations 288 

We examined associations between time-resolved nDTW metrics and Computerized 289 

Multiphasic Interactive Neurocognitive System (CMINDS) scores using generalized linear 290 

models (GLM) for controls and schizophrenia patients separately to avoid group bias (Fig. 291 

5h). 292 

In controls, working memory was positively associated with transitions from convergent 293 

to mixed states and negatively associated with convergent self-retention and mixed-to-294 

divergent transitions, indicating that transitions into the mixed state support memory 295 

performance. Verbal learning was positively associated with transitions from mixed to 296 

convergent states and negatively with convergent-to-mixed transitions, suggesting that 297 

the convergent state facilitates verbal learning. Additionally, the spectral gap was 298 

positively associated with reasoning and problem-solving, highlighting the link between 299 

faster convergence rates and higher cognitive performance. 300 

In schizophrenia, reasoning and problem-solving were negatively associated with 301 

transitions from mixed to convergent states but positively with self-retention in the mixed 302 

state. Attention vigilance was positively associated with transitions from divergent to 303 

mixed states and negatively with self-retention in the divergent state. These results 304 

suggest that specific dynamic transitions, such as moving into the mixed state, enhance 305 

a. Mean dwell time in each state for schizophrenia patients and controls, highlighting increased dwell time in mixed 

and divergent states for schizophrenia and convergent state for controls. b. Occupancy rate of each state, showing 

longer occupancy in mixed and divergent states for schizophrenia and in convergent state for controls. c. State 

transition probabilities between states for schizophrenia patients and controls, illustrating higher transition rates 

from convergent to mixed and mixed to divergent states in schizophrenia. d. Group difference in stationary 

distribution of the Markov chain. e. Spectral gap, reflecting the convergence rate, is higher in controls compared to 

schizophrenia patients, suggesting faster convergence to the stable point in controls. f. Mixing time, representing 

the number of timesteps required to reach the stationary distribution within a tolerance of 10−3, is shorter in controls 

than in schizophrenia patients, indicating quicker convergence in controls. g. Entropy rate, showing the balance 

between order and flexibility, does not differ significantly between groups. h. Associations between cognitive scores 

and nDTW metrics, analyzed separately for each group to account for group bias. In controls, working memory and 

verbal learning are associated with specific state transitions and spectral gap is associated with reasoning and 

problem-solving. In schizophrenia, reasoning, problem-solving, and attention vigilance are linked to different 

transitions and state retention. 

All analyses were conducted using generalized linear models controlling for sex, age, site, and mean frame 

displacement. Results were FDR-corrected with a significance threshold of 0.05. One asterisk (*) indicates p-values 

between 0.05 and 0.01, two asterisks (**) indicate p-values between 0.01 and 0.001, and three asterisks (***) 

indicate p-values below 0.001. 
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cognitive abilities in schizophrenia, whereas others, like remaining in the divergent state, 306 

may impede them. 307 

3. DISCUSSION 308 

This study developed a comprehensive framework to assess power imbalances between 309 

brain networks using fMRI data, offering insights into metabolic energy demands while 310 

accounting for varying temporal scales of brain activity. The physiological basis of the 311 

BOLD signal is not entirely straightforward. Studies combining fMRI with PET imaging 312 

have shown that the magnitude of the BOLD signal can track glucose utilization in the 313 

brain4,5. However, other studies indicate that even under conditions of hyperemia (excess 314 

amount of blood) and hyperoxia (excess amount of oxygen), the BOLD signal still 315 

accompanies neuronal activation, suggesting that it does not strictly reflect a deficiency 316 

of glucose or oxygen32,33. Research further supports this by proposing that due to the 317 

slow response of NVC, neurons initially rely on astrocytic glycogen and lactate stores 318 

before blood flow compensates for energy use34,35. This indicates that blood flow does 319 

not simply match real-time neuronal energy consumption36. Nevertheless, neuronal 320 

activation consistently triggers vasoactive signaling, leading to vasodilation through NVC, 321 

regardless of brain baseline oxygen or glucose levels33. Therefore, while the immediate 322 

energy source may vary, the magnitude of the BOLD signal consistently reflects the 323 

overall energy demand driven by neuronal activation, whether the energy is supplied by 324 

blood-derived glucose and oxygen or by intracellular reserves. Tracking amplitude 325 

changes in BOLD signals using DTW provides valuable insights into metabolic energy 326 

demands, offering robustness against temporal variability introduced by neural 327 

processing and hemodynamic modulations. 328 

By utilizing our recently proposed nDTW metric20, we explored functional relevance 329 

beyond the typical 0.01–0.15 Hz range. Our time-resolved nDTW identified three intuitive 330 

brain states: convergence, divergence, and a mixed state, indicating flexibility in energy 331 

distribution. Simulations confirmed the robustness of nDTW in capturing amplitude and 332 

power disparities between signals, tracking non-stationary amplitude changes, and 333 

remaining invariant to timing and phase deformations. Importantly, our framework 334 

demonstrated functional relevance by associating brain dynamics with clinical and 335 

cognitive scores. 336 

Static results revealed that control subjects exhibited stronger convergence, while 337 

schizophrenia showed relatively greater divergence in brain network power disparities. 338 

Our static analysis suggests that healthy controls maintain more uniform energy demand 339 

across brain networks globally, whereas individuals with schizophrenia exhibit significant 340 

imbalances. These imbalances reflect abnormal glucose metabolic demands and align 341 

with existing studies demonstrating that schizophrenia is associated with glucose 342 
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metabolism abnormalities, including an increased risk of diabetes and insulin 343 

resistance37,38. 344 

A key finding was the increased convergence in controls and increased divergence in 345 

schizophrenia when higher-frequency signals were included. These results indicate that 346 

high-frequency BOLD signals—indicating rapid glucose utilization—play a crucial role in 347 

supporting healthy cognition and enhancing the distinction between control subjects and 348 

those with schizophrenia. In controls, the inclusion of these frequencies appeared to 349 

increase the balance of metabolic energy demands across brain networks, while in 350 

schizophrenia, it exacerbates imbalances. Furthermore, several brain network pairs 351 

showed significant differences between controls and schizophrenia exclusively when 352 

higher frequencies were included. The phase-randomized null model confirmed that these 353 

results were statistically significant and likely attributable to non-stationary amplitude 354 

processes detected by nDTW. While synchronization studies have established the 355 

functional relevance of higher-frequency BOLD signals30, our findings provide a novel 356 

perspective. We demonstrate that higher-frequency BOLD signals improve the distinction 357 

between control individuals and those with schizophrenia by capturing non-stationary 358 

energy demand disparity during rapid neural processing. 359 

We also found positive associations between nDTW and positive symptoms, particularly 360 

in connections involving the cerebellum with the Aud, DM, CC, SC, and Vis domains. The 361 

cerebellum, recognized as a key predictive hub in the brain39, not only regulates rapid 362 

cognitive processing—including speed, capacity, and consistency40— but also plays a 363 

central role in orchestrating mental coordination. This observation aligns with the 364 

“cognitive dysmetria” theory, which attributes schizophrenia to impaired coordination 365 

among prefrontal regions, thalamic nuclei, and the cerebellum41.  366 

Our findings further support this theory, revealing that altered cerebellar coordination of 367 

neural processing is linked with positive symptoms41. Specifically, lower divergence—or 368 

relatively higher convergence—in schizophrenia was correlated with more severe positive 369 

symptoms such as hallucinations, delusions, and disorganized thinking. Considering that 370 

our results show significantly stronger convergence in controls compared to individuals 371 

with schizophrenia, the observed positive associations with symptom severity may 372 

indicate maladaptive or compensatory 42 cerebellar coordination of glucose utilization, 373 

inadvertently exacerbating positive symptomatology in the affected networks. 374 

Negative associations were observed between brain networks and negative symptoms, 375 

indicating that lower convergence (or higher divergence) is linked to more severe negative 376 

symptoms. These associations were most prominent between higher-order processing 377 

networks such as DM and CC. Given that negative symptoms—characterized by reduced 378 

motivation, pleasure, and emotional expression—are linked to high-level cognitive 379 

processing43, our findings suggest that greater imbalances in metabolism demands within 380 

and between the DM and CC are associated with increased negative symptoms in 381 

schizophrenia. Prior studies have connected impaired metabolism to negative symptoms 382 
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like depression44,45, and a recent study found that improvements in glucose metabolism—383 

achieved through prefrontal cortex stimulation—were associated with reductions in 384 

negative symptoms46. 385 

Notably, most of the PANSS associations identified were due to the inclusion of higher 386 

frequencies, emphasizing the importance of higher frequency BOLD signal. Although 387 

higher frequency bands have been associated with various sources of noise47, work has 388 

also identified high frequency fluctuations as a source of non-noise variability30,48,49. 389 

Alterations within such frequency bands may therefore reflect alterations to rapid neural 390 

processing and rapid glucose utilization in schizophrenia. 391 

Our framework identified three dynamic states: convergent, divergent, and mixed. The 392 

convergent state reflects relatively balanced energy demands, suggesting that neural 393 

circuits are operating within optimal ranges, with consistent glucose delivery supporting 394 

stable metabolism and neural energy homeostasis50. Conversely, the divergent state 395 

represents imbalanced energy demands, where certain brain networks receive either 396 

insufficient or excessive blood flow. This imbalance can destabilize neural activity and 397 

disrupt the homeostatic regulation of brain energy, ultimately leading to reduced cognitive 398 

performance45,50,51. The mixed state lies between these extremes, reflecting neither 399 

strong convergence nor strong divergence. Transitions were observed only between the 400 

mixed and either the convergent or divergent states, with no direct shifts between 401 

convergent and divergent states (Fig. 4d). Thus, the mixed state appears to function as 402 

an adaptive intermediary, enabling the brain to switch flexibly between functional states 403 

as needed. 404 

The brain criticality theory posits that the brain functions near a critical point—a delicate 405 

balance between order and disorder52. The mixed state in our framework exemplifies this 406 

balance, contributing 57.36% to the stationary distribution. Combined with the Markov 407 

chain’s entropy rate of 36.6%, this finding suggests that the brain operates closer to the 408 

critical entropy point of 50% rather than being too ordered or too disordered, with a slight 409 

bias toward order that remains within the “zone of criticality”53. Indeed, critical entropy 410 

serves as an indicator of brain criticality54—a state that helps the brain maintain flexibility 411 

and adaptability in its functions. 412 

A key dynamic metric in our study is the convergence rate, which measures how quickly 413 

a system reaches its stable state. Our perturbation analysis revealed that increasing self-414 

retention probabilities reduced both convergence and entropy rates. This is because 415 

higher self-retention enforces predictability, which runs counter to the flexibility required 416 

by criticality theory. Generally, higher convergence rates correlated with increased 417 

entropy, except for transitions from the mixed to divergent state—highlighting the 418 

significant role of transition dynamics in convergence. State space analysis further 419 

demonstrated that trajectories moving from the divergent state takes the longest to reach 420 
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the stable point (Fig. 4e), thereby validating why increasing mixed to divergent transitions 421 

reduces the rate of convergence to the stable point. This pattern underscores the need 422 

to balance order and disorder (i.e., to increase entropy) while optimizing the trajectory 423 

toward stability. 424 

Importantly, control subjects exhibited significantly higher convergence rates—evidenced 425 

by metrics such as the spectral gap and mixing time—compared to patients with 426 

schizophrenia, despite both groups maintaining similar entropy levels. This suggests that 427 

although both groups operate near critical entropy, the dynamics of schizophrenia hinder 428 

efficient convergence to stability, likely due to altered transition pathways. These findings 429 

further imply that high entropy does not necessarily equate to enhanced information 430 

integration or superior cognitive performance, challenging the notion that richer conscious 431 

experiences always result from increased entropy55. 432 

Cognitive flexibility was further underscored by the associations observed with the mixed 433 

state. In control subjects, working memory performance was positively linked to 434 

transitions from convergent to mixed states and negatively associated with both self-435 

retention in the convergent state and transitions from mixed to divergent states. These 436 

relationships suggest that the mixed state—reflecting critical dynamics—facilitates the 437 

flexibility necessary for effective higher-order functions such as working memory56. In 438 

individuals with schizophrenia, reasoning and problem-solving abilities were negatively 439 

associated with transitions from mixed to convergent states, while showing positive 440 

associations with self-retention in the mixed state and transitions from divergent to mixed 441 

states. Additionally, attention vigilance was negatively related to self-retention in the 442 

divergent state but positively correlated with transitions from divergent to mixed states. 443 

Overall, these findings emphasize the pivotal role of the mixed state in supporting 444 

cognitive flexibility and indicate that disruptions in transitions to and from this state may 445 

contribute to the cognitive impairments observed in schizophrenia. 446 

However, the mixed state may not be optimal for every task. For example, in control 447 

subjects, transitions from the mixed to convergent state were positively associated with 448 

verbal learning, whereas extended self-retention in the mixed state showed negative 449 

associations. Given findings that verbal learning benefits from structured cognitive 450 

training57—consistent with the ordered nature of the convergent state—it appears that 451 

while the mixed state promotes flexibility, tasks that require structured cognition may rely 452 

more on the consistency of the convergent state. Overall, these results underscore the 453 

importance of balancing flexibility and stability to optimize cognitive performance. 454 

Group-level analysis revealed that controls predominantly engaged in the convergent 455 

state, while schizophrenia subjects showed greater involvement in the mixed and 456 

divergent states. Metrics such as mean dwell time, fraction rate, state transitions and 457 

stationary distribution confirmed these patterns. The increased presence of divergent 458 

states in schizophrenia aligns with the disorder’s characteristic disruption in neural 459 
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dynamics58. Furthermore, as transitions toward the mixed state were found to decrease 460 

the convergence rate to stability, the excessive engagement of the mixed state in 461 

schizophrenia may reflect an overly sustained flexibility that potentially undermines 462 

cognitive processes such as working memory. 463 

Although our study provides a unifying platform connecting various brain mechanistic 464 

concepts, the use of BOLD fMRI inherently reflects relative rather than absolute metabolic 465 

energy demands. Since BOLD is a hemodynamic signal rather than a direct measure of 466 

energy consumption, its amplitude does not correspond to absolute metabolic 467 

differences. Additionally, preprocessing steps such as z-scoring remove mean and 468 

variance information, making the signal inherently relative. Performing ICA further 469 

emphasizes this, as ICA focuses on maximizing statistical independence and extracting 470 

components based on relative differences rather than absolute amplitudes. As a result, 471 

while we cannot directly map differences in network amplitudes onto absolute 472 

physiological energy demands, relative changes over time in ICA signals remain 473 

meaningful and provide valuable insights into how different brain networks engage with 474 

varying levels of neural activity and associated metabolic demand. 475 

In summary, we provide evidence to suggest that schizophrenia is characterized by a 476 

pronounced disparity in metabolic energy distribution across the brain, both throughout 477 

the scanning session and dynamically, becoming more evident during rapid neural 478 

processing. Additionally, we observed maladaptive metabolic energy demands in a hub-479 

like interaction between the cerebellum and other brain networks linked to positive 480 

symptoms, while stronger heterogeneity in energy demands across high-order 481 

processing networks, such as the DM and CC, was associated with negative symptoms. 482 

Our findings provide a novel and intuitive perspective on brain criticality using blood flow, 483 

revealing that cognitive flexibility—a key marker of brain criticality—is linked to improved 484 

working memory and fluid intelligence in both controls and individuals with schizophrenia. 485 

However, we also establish that cognitive flexibility may hinder performance on structured 486 

tasks like verbal learning. Furthermore, transitions into a state of greater energy demand 487 

heterogeneity are associated with declines in attention and vigilance in schizophrenia. 488 

Finally, we propose a therapeutic intervention in Supplementary material using 489 

photobiomodulation and the developed directional DTW. This comprehensive framework 490 

linking blood flow to cognition and schizophrenia symptoms offers a unifying perspective 491 

for various hypotheses of brain function in neuroscience research. 492 

4. METHODS 493 

4.1. Dynamic time warping as a measure of energy/power disparity 494 

Dynamic time warping is a widely used signal processing algorithm that aligns signals 495 

with nonlinear temporal deformations by applying adaptive “elastic” transformations to 496 

achieve a meaningful similarity measure19,59. When temporal deformations complicate 497 

phase or timing relationships, it becomes logical to isolate these aspects and concentrate 498 

solely on the amplitude of the signals. DTW tackles this by resolving temporal 499 
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dissimilarities, optimally aligning signal pairs to minimize a distance metric and bring them 500 

to a shared temporal scale, leaving amplitude as the primary source of disparity. 501 

The algorithm computes a distance cost matrix that captures the cumulative cost of 502 

aligning pairwise elements of the sequences and identifies the optimal warping function 503 

to adjust their time axes, minimizing a distance metric. To enhance computational 504 

efficiency and ensure meaningful alignments, particularly when guided by domain 505 

knowledge, a window size constraint is applied to limit the maximum allowable warping 506 

between indices in the time series19. 507 

For discrete signals 𝑥 and 𝑦 of lengths 𝑁 and 𝑀 respectively, the distance cost matrix, 508 

𝐶𝑀𝐷𝑇𝑊(𝑖,𝑗), is initialized as follows: 509 

𝐶𝑀𝐷𝑇𝑊(𝑖,𝑗)𝜖(𝑥,𝑦) = {
0, 𝑖𝑓 (𝑖, 𝑗) = (0,0)

+∞, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 510 

The cells in 𝐶𝑀𝐷𝑇𝑊(𝑖,𝑗) that are within the allowable window, 𝑤, can be defined as: 511 

𝐶𝑀𝐷𝑇𝑊(𝑖𝑤,𝑗𝑤)𝜖{|𝑖−𝑗|≤𝑤}

=  𝜆𝛾(𝑥𝑖𝑤
, 𝑦𝑗𝑤

)

+ 𝑚𝑖𝑛 {

𝐶𝑀𝐷𝑇𝑊(𝑖𝑤−1,𝑗𝑤−1)

𝐶𝑀𝐷𝑇𝑊(𝑖𝑤−1,𝑗𝑤)

𝐶𝑀𝐷𝑇𝑊(𝑖𝑤,𝑗𝑤−1)

 

(1) 

Following the parameterization of the DTW algorithm recently proposed25, let 𝛾𝜖ℝ+ 512 

denote that 𝛾 is a positive real number. Then, the generalized distance metric is given as: 513 

𝜆𝛾(𝑥𝑖𝑤
, 𝑦𝑗𝑤

) =  |𝑥𝑖𝑤
− 𝑦𝑗𝑤

|
𝛾
 (2) 

Where 𝛾 > 1 emphasizes large amplitude disparity, 𝛾 < 1 highlights small amplitude 514 

disparity and 𝛾 = 1 provides a balance between both25. 515 

The optimal warping path or function 𝜑, with length 𝐿, derived from DTW, is the path that 516 

belongs to the set of all possible warping functions Π, where the cumulative distance 517 

metric between corresponding points in signals 𝑥 and 𝑦 is minimized. It can be expressed 518 

as: 519 

 𝜑 = arg 𝑚𝑖𝑛𝜑𝜖Π ∑ 𝐶𝑀𝐷𝑇𝑊(𝑖𝑤,𝑗𝑤)

(𝑖𝑤,𝑗𝑤)𝜖{|𝑖−𝑗|≤𝑤}

 (3) 

Where 𝐿 ≥ max (𝑀, 𝑁)   520 

The distance cost 𝐷 in DTW, which measures the phase/timing-invariant amplitude 521 

disparity between the signal pair, is computed as the sum of distance metric along the 522 

warping path. This cost is expressed as: 523 
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𝐷 = ∑ 𝐶𝑀𝐷𝑇𝑊(𝜑𝑥(𝜏),𝜑𝑦(𝜏))

𝐿

𝜏=1

 (4) 

Where 𝜏 is the time index for the warp function,  𝜑𝑥(𝜏) is the warping path along signal 𝑥, 524 

and 𝜑𝑦(𝜏) is the warping path along signal 𝑦. 525 

Notably, when the distance metric with 𝛾 = 2 is chosen the DTW distance cost becomes: 526 

𝐷 = ∑ |𝑥(𝜑𝑥(𝜏)) − 𝑦 (𝜑𝑦(𝜏))|
𝛾=2

𝐿

𝜏=1

 (5) 

This represents the energy of the difference signal 𝑥(𝜑𝑥(𝜏)) − 𝑦 (𝜑𝑦(𝜏)), with the 527 

normalized DTW 20 distance cost 𝐷𝑛, representing the power of the difference signal, as 528 

given below: 529 

𝐷𝑛 =
1

𝐿
∑ |𝑥(𝜑𝑥(𝜏)) − 𝑦 (𝜑𝑦(𝜏))|

𝛾=2
𝐿

𝜏=1

 (6) 

This positions the algorithm as a measure of temporal/phase-invariant energy/power 530 

disparity between two signals. Leveraging the 𝛾 −parameterization, DTW and nDTW 531 

effectively capture energy and power disparities between signals, respectively. This 532 

flexible framework adjusts to different amplitude scales based on the value of 𝛾.  533 

We define convergence as the scenario where the energy or power differences—534 

quantified by DTW and nDTW respectively—are relatively low, indicating that the signal 535 

levels are close together. Conversely, when these differences are relatively high, we refer 536 

to it as divergence. 537 

In the context of fMRI signals, convergence between two brain networks suggests that 538 

the metabolic energy demands, or consumption of the corresponding neural networks are 539 

homogenous. Conversely, divergence suggests an imbalance in energy demands 540 

between these networks. These patterns provide insights into the metabolic energy 541 

specificity and functional interactions of brain networks. 542 

4.2. Allowable window size for fMRI application 543 

The two main challenges of DTW are its computational cost, with a time complexity of 544 

𝑂(𝑀 × 𝑁), and the issue of singularities19, where a single time point in one signal is 545 

unnaturally matched to a large portion of the other signal. Both challenges are mitigated 546 

by constraining the alignment to a window size that limits the maximum window of 547 

allowable alignment60. Given the focus on temporal deformations such as leads/lags and 548 

nonlinear dynamics like stretching and shrinking, selecting an appropriate window size to 549 

capture relevant temporal deformations in fMRI data is crucial. In our previous study using 550 

the proposed warp elasticity approach, we demonstrated that stretching and shrinking 551 

dynamics could introduce anti-correlations24. Considering that anti-correlations may also 552 
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arise from lead/lag relationships, it is intuitive to choose a window size that spans the 553 

length of the signal required to produce maximum anti-correlations (−1). This approach 554 

has also been validated as optimal in prior fMRI studies21. The longest wavelength 555 

yielding an anti-correlation of −1 corresponds to the lowest frequency component 556 

(0.01𝐻𝑧), which equates to a 100-second window. Achieving an anti-correlation of −1, 557 

requires a time shift of half the wavelength (50 seconds). For the DTW algorithm to 558 

capture relevant temporal deformations in fMRI data, two 50-second windows are 559 

sufficient to account for deformations in both directions, resulting in a total window length 560 

of 100 seconds21, corresponding back to the low-cutoff frequency of 0.01𝐻𝑧. However, 561 

since the filter design for the data—commonly Butterworth—is typically nonideal, we 562 

instead recommend selecting a window size based on the spectral characteristics of the 563 

activity signal, determined by the −3𝑑𝑏 point of the low-frequency cutoff of the fMRI 564 

signal13,23,24,61. The equation for determining the window size is: 565 

𝑓3𝑑𝑏 =
0.88

√𝑁2 − 1
𝐹𝑠 (7) 

Where 𝑁 represents the number of points in the window, 𝐹𝑠 denotes the sampling 566 

frequency, and 𝑓3𝑑𝑏 is the low cutoff frequency. 567 

4.3. Time-resolved nDTW 568 

To derive a time-resolved evolution of power imbalances between signals, we modify the 569 

nDTW measure by eliminating its summation and normalization components. This yields 570 

a time-resolved power mismatch metric, 𝐷𝑡𝑟(𝜏), for the aligned signals, ensuring that its 571 

average corresponds to the original nDTW value. The formulations are as follows: 572 

𝐷𝑡𝑟(𝜏) = |𝑥(𝜑𝑥(𝜏)) − 𝑦 (𝜑𝑦(𝜏))|
𝛾

 

𝐷𝑛 =
1

𝐿
∑ 𝐷𝑡𝑟(𝜏)

𝐿

𝜏=1

 
(8) 

However, the DTW algorithm results in aligned signal lengths 𝐿 that vary across different 573 

signal pairs, complicating comparisons between brain network pairs. To ensure that the 574 

length of the time-resolved metric equals the signal length and averages to the nDTW, it 575 

is necessary to interpolate 𝐷𝑡𝑟(𝜏) with the warped time scale (𝜏) to have the same length 576 

as the original time index (𝑡), 𝑁 or 𝑀 (noting that 𝑁 = 𝑀). This interpolation must preserve 577 

the integrity of the metric, particularly the first derivatives of the warping functions, which 578 

are crucial for capturing the varying temporal scales of fMRI time series as established in 579 

our previous study24. 580 

To address this, we employed the piecewise cubic Hermite interpolating polynomial 581 

(PCHIP) method for interpolating 𝐷𝑡𝑟(𝜏) to the original signal length 𝑁. PCHIP was 582 

selected for its ability to preserve the shape and monotonicity62 of the original warping 583 

functions, thereby maintaining the temporal dynamics of the fMRI signals. Unlike standard 584 
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cubic splines, PCHIP avoids introducing artificial oscillations and overshoots62, ensuring 585 

the fidelity of the power mismatch measurements. Additionally, PCHIP guarantees 586 

continuous first derivatives62, aligning with our requirement to maintain the derivatives of 587 

the warping functions. This interpolation ensures that the interpolated metric 𝐷𝑡𝑟
𝑝𝑐ℎ𝑖𝑝(𝜏) 588 

accurately averages to the 𝐷𝑛, facilitating consistent and comparable analyses across all 589 

brain network pairs. 590 

The interpolated time-resolved nDTW metric is thus defined as: 591 

𝐷𝑡𝑟
𝑝𝑐ℎ𝑖𝑝(𝜏) = 𝑃𝐶𝐻𝐼𝑃(𝐷𝑡𝑟(𝜏)),   𝑤ℎ𝑒𝑟𝑒 |𝜏| = 𝑁 = 𝑀 

𝐷𝑛 ≈
1

𝑁
∑ 𝐷𝑡𝑟

𝑝𝑐ℎ𝑖𝑝(𝜏)

𝑁

𝜏=1

 
(9) 

To validate our approach, we generated 10,000 independent and identically distributed 592 

(i.i.d.) Gaussian signal pairs, each sampled from a standard normal distribution 𝒩(0,1). 593 

Calculating the percentage relative difference between the nDTW and the average time-594 

resolved nDTW yielded a median percentage difference of 0.20% (Supplementary 595 

Material). 596 

This methodology ensures that the time-resolved metric retains its temporal dynamics 597 

and derivative continuity while standardizing its length. Consequently, preserving 𝐷𝑛 598 

within the time-resolved measure maintains its reliability, thereby enhancing the 599 

robustness of our analysis. 600 

4.4. Resting-state fMRI data 601 

The first dataset used is from the Function Biomedical Informatics Research Network 602 

(fBIRN) study including resting fMRI data collected from schizophrenia patients and 603 

controls63. Scans were collected at a repetition time (TR) of 2 seconds. The study led to 604 

a total of 160 controls with an average age of 37.04 ± 10.86 years, ranging from 19 to 59 605 

years. Among these, 45 were female and 115 were male. Additionally, there were 151 606 

patients diagnosed with schizophrenia, with an average age of 38.77 ± 11.63 years, 607 

ranging from 18 to 62 years. In this group, 36 were female and 115 were male. The typical 608 

controls and schizophrenic patients were meticulously matched in terms of age, gender 609 

distribution, and mean framewise displacement during scans (age: p = 0.18; gender: 610 

p = 0.39; mean framewise displacement: p = 0.97). Schizophrenic patients were in a 611 

clinically stable condition during the time of their scans. The fBIRN dataset is used in all 612 

the clinical analysis performed in this study. 613 

The second dataset used in our study is the resting-state fMRI dataset collected from 827 614 

subjects via the Human Connectome Project (HCP) database64,65. We utilized both 615 

session scans acquired using a Siemens Skyra 3T scanner with a multiband accelerated, 616 

gradient-echo echo-planar imaging (EPI) sequence. The scanning parameters were set 617 

to a TR of 0.72s, 72 slices, an echo time (TE) of 58ms, and a flip angle of 90°. A voxel 618 
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size of 2 × 2 × 2 mm was used to acquire 1200 time points of fMRI data for each subject. 619 

The HCP dataset was used for our test-retest analysis. 620 

4.5. Resting-state fMRI pre-processing 621 

fMRI data requires extensive preprocessing to correct for various sources of noise and 622 

artifacts before analysis. The preprocessing steps commonly applied in fMRI studies 623 

include slice timing correction, realignment, spatial normalization, and spatial 624 

smoothing66. Following typical preprocessing67, we implemented the NeuroMark pipeline, 625 

a fully automated spatially constrained ICA on the preprocessed fMRI data68. Using the 626 

neuromark_fMRI_1.0 template (available in GIFT 627 

at http://trendscenter.org/software/gift or http://trendscenter.org/data) we generated 53 628 

intrinsic connectivity networks (ICNs) for each subject. These ICNs are grouped into brain 629 

functional domains, including subcortical, auditory, sensorimotor, visual, cognitive control, 630 

default mode, and cerebellum. 631 

4.6. Resting-state fMRI post-processing 632 

To enhance the quality of these ICNs, we implemented detrending and despiking 633 

methods to eliminate drifts, sudden fluctuations, and significant artifacts that may have 634 

persisted after the initial preprocessing stages. The time series of the ICNs were 635 

bandpass-filtered within two frequency ranges: F1 (0.01-0.198Hz) and F2(0.01-0.15Hz). 636 

An infinite impulse response filter was designed using the butter function in MATLAB and 637 

applied via the filtfilt function to ensure zero phase shifts and preserve phase information. 638 

The optimal filter order was estimated using the Buttord function in MATLAB, which 639 

returns the lowest order of the Butterworth filter with no more than 3dB ripple in the 640 

passband and at least 30dB of attenuation in the stopband. Finally, we performed z-641 

scoring on the ICNs. The MATLAB version used was MATLAB R2022a for all steps of the 642 

analysis. 643 

4.7. Test-retest reliability 644 

Typically, test-retest reliability is evaluated using the intra-class correlation coefficient 645 
(ICC). However, the ICC relies on a linear parametric ANOVA model that assumes 646 
separability and additivity69. This makes ICC unsuitable for DTW applications, as DTW 647 
generates a distance metric based on nonlinear warping, where pairwise distances are 648 
interdependent20,21 and thus lack decomposable variance components. We utilize the 649 
HCP dataset, which includes two sessions and a large sample size of 827 subjects, 650 
facilitating robust test-retest analysis. 651 

4.7.1. Within-subject variability 652 

We adopt the approach of a previous study by employing a straightforward method to 653 

assess within-subject variability: a paired sample t-test between sessions for each brain 654 

network pair21. The absolute t-value is reported as a measure of how much the differences 655 

between the two sessions deviate from zero, where lower absolute t-values indicate 656 
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higher within-subject consistency. The formula for calculating the absolute t-value 657 

between two sessions of a single network pair across all subjects is provided below: 658 

|𝑡|𝑤𝑖𝑡ℎ𝑖𝑛 = |
𝑑̅

𝑠𝑑/√𝑛
| (10) 

Where 𝑑̅ is the mean difference between two sessions, 𝑠𝑑 is the standard deviation of the 659 

differences, and 𝑛 is the total number of subjects. 660 

4.7.2. Between-subject variability 661 

To assess between-subject variability, we developed a non-parametric equivalent of the 662 
absolute t-value. First, we calculate the differences between the means of each subject’s 663 
distribution to capture variability across the group. Since the direction of these differences 664 
is not of primary interest, we take their absolute values, resulting in a distribution skewed 665 
toward zero. This transformation allows us to perform a non-parametric test to evaluate 666 
how a non-parametric central tendency measure, such as the median deviates from zero. 667 
Unlike the parametric approach, which scales the central tendency measure by the 668 
standard deviation, our non-parametric method scales it by the interquartile range to 669 
account for the skewed distribution. The formula for the non-parametric absolute 670 
variability measure for a single session is as follows: 671 

𝑑𝑖 =  |𝑠1,𝑖 − 𝑠1̅| 

|𝑡|𝑏𝑒𝑡𝑤𝑒𝑒𝑛 = |
𝑚𝑒𝑑𝑖𝑎𝑛(𝑑)

𝐼𝑄𝑅(𝑑)/√𝑛
| (11) 

Where 𝑑𝑖 is the absolute difference between subject 𝑖’s measure in session 1 (𝑠1,𝑖) and 672 

the group mean for session 1 (𝑠1̅), 𝐼𝑄𝑅(𝑑) is the interquartile range of the differences 𝑑, 673 

and 𝑛 is the total number of subjects. 674 

This non-parametric approach provides a robust measure of between-subject variability 675 

that is less influenced by outliers and non-normal distributions, thereby enhancing the 676 

reliability of our variability assessments. 677 

4.7.3. Composite test-retest reliability score 678 

To further summarize these two approaches to give a wholistic view of test-retest 679 

reliability, we compute a composite score of test-retest as follows: 680 

𝑡𝑟𝑡 = 1 − 
|𝑡|𝑤𝑖𝑡ℎ𝑖𝑛

|𝑡|𝑏𝑒𝑡𝑤𝑒𝑒𝑛
 (12) 

Scores approaching 1 indicate higher test-retest reliability. 681 

In our study, we compared 𝑡𝑟𝑡 scores across various gamma values of nDTW against 682 

correlation as a benchmark. To achieve this, we ranked the 𝑡𝑟𝑡 scores and performed 683 

Wilcoxon signed-rank tests between each gamma value’s 𝑡𝑟𝑡 scores and the correlation 684 
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benchmark across all brain network pairs, following a critical difference computation 685 

approach.   686 

4.8. Group difference and clinical association analyses 687 

We employed generalized linear models for both group difference analyses and 688 

associations with clinical scores. All GLM analyses controlled for sex, age, site, and mean 689 

frame displacement. P-values were adjusted using the false discovery rate method, with 690 

significance set at a threshold of 0.05. For group difference analyses and computerized 691 

multiphasic interactive neurocognitive system scores, a normal distribution was assumed, 692 

whereas a Poisson distribution was applied for PANSS score associations due to the 693 

positive integer and skewed nature of the fBIRN dataset’s PANSS scores. Effect sizes 694 

were calculated using Cohen’s d.  695 

4.9. Group difference sensitivity test 696 

To evaluate the sensitivity of various gamma values of nDTW and correlation in 697 

distinguishing between controls and individuals with schizophrenia, we conducted 698 

McNemar’s sensitivity tests comparing each gamma value and correlation against each 699 

other. Following the GLM group difference analyses, we counted the number of significant 700 

brain network pairs (FDR corrected p < 0.05) for each gamma value (nDTW) and for 701 

correlation. We then compared the unique and shared significant pairs between each 702 

gamma and correlation using McNemar’s test, with p-values adjusted via FDR correction 703 

across all comparisons. 704 

These sensitivity tests were performed separately for each frequency range, F1 and F2. 705 

Additionally, we compared F1 and F2 across all gamma values and correlation metric to 706 

assess how transitioning from the lower frequency range F2 to the broader F1 range 707 

affects group difference sensitivity.   708 

4.10. Validation of high fMRI frequency results. 709 

High-frequency fMRI signals are vulnerable to various sources of noise and artifacts, 710 

including physiological factors like respiratory and cardiac activity, as well as non-711 

neuronal influences such as head motion70. Comprehensive preprocessing steps 712 

followed by our use of ICA help mitigate these concerns. ICA effectively separates 713 

independent components, allowing us to identify and remove artifact-related components 714 

from the data. Additionally, we included head motion parameters as covariates in our 715 

GLM analyses to ensure that detected group differences in high-frequency signals are 716 

not attributable to head motion effects. 717 

We conducted several additional analyses further to validate our findings within the F1 718 

frequency range. 719 

4.10.1. Statistical effects on groups with the inclusion of higher frequency 720 

We aimed to evaluate the impact of transitioning from the F2 to the broader F1 frequency 721 

range on both control and schizophrenia groups. Since F1 and F2 comprise the same 722 
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dataset differentiated only by frequency range, a paired sample t-test was appropriate for 723 

this analysis. To validate the use of the paired t-test, we first assessed the normality of 724 

nDTW scores for each group between F1 and F2 using the Shapiro-Wilk test, ensuring 725 

that t-values were close to 1. 726 

Subsequently, we conducted paired t-tests separately for the control and schizophrenia 727 

groups to examine the effects of transitioning from F2 to F1, with p-values adjusted using 728 

the FDR correction. Effect sizes for these comparisons were calculated using Cohen’s d. 729 

Additionally, to highlight the differential impact of transitioning from F2 to F1 between 730 

groups, we computed the differences in Cohen’s d effect sizes between controls and 731 

schizophrenia. This comparison aimed to determine whether the transition to the broader 732 

F1 frequency range enhances or diminishes group-specific distinctions. 733 

Furthermore, we identified statistical group differences between schizophrenia and 734 

controls that were present in F1 but not in F2 by analyzing the shared and unique 735 

significant brain network pairs from our GLM analysis (see Section 3.7). We also 736 

highlighted their corresponding effect sizes, demonstrating that significant group 737 

differences are more pronounced in the F1 frequency range. 738 

4.10.2. Null hypothesis test 739 

The phase randomization (PR) technique generates surrogate fMRI data by preserving 740 

the correlation between brain network pairs71. This method is suitable for fMRI null 741 

hypothesis testing as it assesses non-stationarity by capturing information beyond linear 742 

and static correlations71. In our previous study20, we employed PR to evaluate the 743 

statistical relevance of both DTW and nDTW in fMRI data, demonstrating that both 744 

metrics rejected the null hypothesis for several brain region pairs. This validation confirms 745 

that the DTW and nDTW methods are sensitive to capturing information beyond 746 

traditional correlation measures. Since DTW and nDTW are amplitude-sensitive methods 747 

and the intrinsic brain network timecourses are z-scored, they likely capture amplitude 748 

non-stationarity, potentially providing insights into temporal variations in metabolic energy 749 

demands between networks. 750 

In this study, we utilize PR to assess the statistical relevance of nDTW in capturing non-751 

stationary amplitude changes specifically due to the inclusion of higher frequency data 752 

(0.15–0.198 Hz). The following steps were followed to generate 1,000 surrogate fMRI 753 

datasets: 754 

I. Phase Randomization: Apply PR to the F1 frequency range data (0.01–0.198 Hz) 755 

to create surrogate data, denoted as 𝑍. 756 

II. Filtering 𝑍: Use the designed filter applied to achieve original F2 fMRI data (see 757 

section 3.4.) on 𝑍 to extract the 0.01–0.15 Hz frequency range of the surrogate 758 

data, resulting in surrogate data 𝑌. 759 

III. Isolating Higher Frequencies: Subtract 𝑌 from 𝑍 to obtain the surrogate data 760 

residual high frequency 0.15–0.198 Hz, denoted as 𝑋. 761 
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IV. Full surrogate data: Add 𝑋 to the original F2 fMRI data (0.01–0.15 Hz) to generate 762 

surrogate data with phase randomization affecting only the residual 0.15–0.198 Hz 763 

frequency range. 764 

This process generates surrogate datasets where randomization impacts solely the 765 

residual 0.15–0.198 Hz frequency range. A high-pass filter was not applied to 𝑍 to obtain 766 

the 0.15–0.198 Hz surrogate data because non-ideal filters will artificially create 767 

frequency multiples at the edges (~0.15 Hz). 768 

We performed a Wilcoxon rank-sum test (FDR-corrected p < 0.05) to compare nDTW 769 

scores from the original fMRI data with those from surrogate data. This test assessed 770 

whether the significant brain network pairs distinguishing controls from schizophrenia, 771 

identified exclusively in the F1 range, also rejected the null hypothesis. 772 

4.10.3. PANSS association exclusive to F1 773 

We identified significant brain network pairs associated with symptom scores that were 774 

exclusive to the F1 frequency range and not present in the F2 range. 775 

4.11. Power imbalance dynamics 776 

4.11.1. Brain state estimation 777 

In time-resolved fMRI studies, k-means clustering is frequently utilized to identify recurring 778 

brain states within the temporal dynamics of the data72. The DTW algorithm inherently 779 

anchors the first and last time points during alignment, potentially introducing bias by 780 

disproportionately influencing brain states at the temporal extremes. To mitigate this bias, 781 

we excluded the first and last 5 time points from the time-resolved nDTW metrics prior to 782 

clustering. This exclusion reduces alignment-induced artifacts, enabling the clustering 783 

algorithm to more accurately capture intrinsic transitions between brain states. 784 

We concatenated the time-resolved nDTW metrics from all subjects in the fBIRN dataset 785 

into a single feature matrix, where each time point from every subject serves as an 786 

individual sample and each brain network pair constitutes a distinct feature. We 787 

implemented the k-means algorithm with cluster numbers ranging from 1 to 10, setting 788 

the maximum number of iterations to 10,000 and using 20 random initializations to ensure 789 

robust convergence. The city-block (Manhattan) distance metric was selected for its 790 

demonstrated robustness in handling high-dimensional data73. To determine the optimal 791 

number of clusters, we generated an elbow plot based on the within-cluster sum of 792 

squares (WSS). The optimal cluster number was identified as 3, corresponding to the first 793 

significant inflection point in the WSS curve’s first derivative. 794 

4.11.2. Markov chain & stationary distribution 795 

We quantified the transitions between brain states by counting the number of times each 796 

subject moved from one state to another and normalizing these counts across each state 797 

to construct individual transition probability matrices. This represents the probability of a 798 

subject transitioning from one state to another and further provides insights into the 799 
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Markov chain of state dynamics. To gain a comprehensive understanding of the general 800 

transition patterns independent of specific groups, such as patients and controls, we 801 

aggregate the probability transitions across all subjects in the fBIRN dataset. 802 

Furthermore, the stationary distribution of the Markov chain represents the long-term 803 

behavior of the system, indicating the proportion of time the system spends in each state 804 

once it has converged to equilibrium74. This distribution serves as an indication of a 805 

“stable point” when analyzing systems from the perspective of their Markov chains rather 806 

than traditional state-space representations. For the stationary distribution to be unique 807 

and ensure convergence from any initial state, the Markov chain must be ergodic75. A 808 

Markov chain is considered ergodic if it is irreducible (it is possible to get from any state 809 

to any other state, aperiodic (the system does not cycle in a fixed pattern), and positive 810 

recurrent (the expected return time to each state is finite). 811 

The stationary distribution 𝜋 is computed by solving the following system of linear 812 

equations: 813 

𝜋𝑃 = 𝜋 

∑ 𝜋𝑘

𝐾

𝑘=1

= 1 
(13) 

Where 𝜋 = [𝜋1, 𝜋2, … , 𝜋𝑘] is the stationary distribution vector, 𝑃 is the transition probability 814 

matrix of the Markov chain, 𝐾 is the number of distinct states from K-means (3 in our 815 

study).  816 

4.11.3. Convergence analysis 817 

How fast a chain takes to reach the stationary distribution gives a similar equivalent 818 

meaning to how fast a system takes to reach its stable point from any given state of the 819 

system. The spectral gap gives the rate of this convergence to equilibrium74. A larger 820 

spectral gap implies faster convergence rate to the stationary distribution. It is computed 821 

as follows: 822 

𝛾𝑠 = 𝜆1 − 𝜆2 (14) 

Where 𝜆1, and 𝜆2 are the largest and second largest eigen values of the Markov chain 823 

respectively. When the chain is ergodic, 𝜆1 = 1. 824 

Beyond the spectral gap, the mixing time provides a more comprehensive measure of 825 

how quickly the chain approaches equilibrium74. The mixing time quantifies the number 826 

of steps required for the chain's state distribution to approach the stationary distribution 827 

within a specified tolerance level. A prevalent method for determining the mixing time 828 

leverages the total variation (TV) distance, which offers a rigorous metric for assessing 829 
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the divergence between two probability distributions. The total variation distance at time 830 

step 𝑡 is defined as: 831 

‖𝜇𝑃𝑡 − 𝜋‖𝑇𝑉 =
1

2
∑|𝜇𝑃𝑡(𝑘) − 𝜋(𝑘)|

𝐾

𝑘=1

 (14) 

Where 𝜇 is the initial probability distribution, 𝑃𝑡 represents its 𝑡-th power of transition 832 

matrix, indicating the state probabilities after 𝑡 transitions, 𝜋(𝑘) is the stationary probability 833 

of state 𝑘 and 𝐾 is the total number of distinct states. 834 

The mixing time, denoted as 𝑡𝑀𝑇, is the smallest positive integer 𝑡 for which the TV 835 

distance falls below a predefined tolerance level 𝑡𝑜𝑙: 836 

𝑡𝑀𝑇 = 𝑚𝑖𝑛{𝑡 ∈ ℝ+ |  ‖𝜇𝑃𝑡 − 𝜋‖𝑇𝑉 ≤ 𝑡𝑜𝑙} (15) 

For our analysis, we set the tolerance level to 𝑡𝑜𝑙 = 10−3. We also find the mixing time 837 

using the initial probability distribution 𝜇 farthest from the stationary distribution. 838 

These metrics—spectral gap and mixing time—are instrumental in understanding the 839 

dynamic behavior of brain network states. The spectral gap provides insight into the 840 

inherent convergence rate of the system, while the mixing time offers a tangible measure 841 

of how quickly the system reaches equilibrium. Together, they facilitate a comprehensive 842 

analysis of power imbalances and their temporal evolution within the fMRI data, 843 

enhancing the robustness and reliability of our findings. 844 

4.11.4. Entropy rate 845 

We investigated how power imbalance dynamics, indicative of the metabolic energy 846 

demands between brain networks, inform the flexibility or rigidity of the brain’s metabolic 847 

consumption by analyzing the entropy rate. The entropy rate is defined as the limit of the 848 

average entropy per step as the number of steps approaches infinity. For an ergodic 849 

Markov chain, the entropy rate in bits can be mathematically expressed as: 850 

𝐻 = − ∑ 𝜋(𝑖)

𝐾

𝑖=1

∑ 𝑃(𝑖, 𝑗)𝑙𝑜𝑔2𝑃(𝑖, 𝑗)

𝐾

𝑗=1

 (16) 

Where 𝜋(𝑖) is the stationary probability of being in state 𝑖 and 𝑃(𝑖, 𝑗) is the transition 851 

probability from state 𝑖 to state 𝑗.  852 

The maximum entropy rate for 𝐾 = 3 states is: 853 

𝐻𝑚𝑎𝑥 = log2(3) = 1.585 𝑏𝑖𝑡𝑠 (17) 

In our study, we present entropy rate as a percentage of 𝐻𝑚𝑎𝑥 to enhance interpretability. 854 
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The entropy rate provides insight into the balance between order and randomness within 855 

the power imbalance dynamics. A low percentage entropy rate indicates strong order in 856 

the dynamics, potentially reducing metabolic flexibility. Conversely, a high percentage 857 

entropy rate signifies a high degree of randomness, suggesting unpredictable metabolic 858 

energy demands between brain networks. 859 

4.11.5. Impact of transition probabilities on Markov chain convergence 860 

and entropy rate. 861 

To evaluate how specific transitions within the Markov chain influence the convergence 862 

and entropy rates of the dynamics, we systematically perturbed the aggregated transition 863 

matrix. This process involved incrementally increasing the probability of individual 864 

transition cells and subsequently renormalizing the corresponding rows to ensure that 865 

each row’s probabilities sum to one. Consequently, the targeted transition’s probability 866 

increased while the probabilities of other transitions within the same row decreased. 867 

For each perturbed transition, we recalculated both the spectral gap and the entropy rate 868 

to determine their percentage relative changes compared to the original values. This 869 

perturbation procedure was applied to every transition cell across 10,000 random 870 

samples, with perturbation magnitudes ranging from 10−1 to 10−3 on a logarithmic scale 871 

to ensure uniform sampling. To maintain comparability between transitions, each sample 872 

employed a single perturbation magnitude uniformly across all transition cells. 873 

4.12. Time-resolved nDTW group difference: schizophrenia vs controls 874 

To assess the clinical relevance of the time-resolved nDTW measure, we conducted 875 

group difference analyses on several derived metrics: state transitions, stationary 876 

distribution, spectral gap, mixing time, and entropy rate (see Section 3.11). Unlike the 877 

aggregated approach in Section 3.11, these metrics were calculated individually for each 878 

subject. To ensure the uniqueness of these results, we excluded subjects with non-879 

ergodic state transitions. 880 

Additionally, we included mean dwell time and occupancy rate in our group comparisons. 881 

Mean dwell time quantifies the average duration a subject remains in a particular state 882 

once entered76, reflecting the persistence of states within the Markov chain. Occupancy 883 

rate represents the percentage of time a subject spends in each state76, indicating the 884 

relative prevalence of states during the observation period. 885 

Using these subject-specific metrics, we distinguished schizophrenia patients from 886 

control subjects and performed group difference analyses employing a GLM, as 887 

described in Section 3.8. FDR correction is applied to each metric across all three 888 

identified states.   889 

4.13. CMINDS score association 890 

Similarly, we employed a GLM, as detailed in Section 3.8, to assess associations 891 

between each metric and CMINDS scores—including speed of processing, attention 892 
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vigilance, working memory, verbal learning, visual learning, and reasoning/problem 893 

solving—within the fBIRN dataset. To account for potential group effects, separate GLM 894 

analyses were conducted for each group. For transition probabilities, we applied FDR 895 

correction to control for multiple comparisons across all transitions. 896 

4.14. Directional time-resolved nDTW 897 

The derivation of DTW, nDTW, and our developed time-resolved nDTW focuses on the 898 

absolute differences between aligned signal pairs, revealing power imbalances between 899 

brain networks. However, using only absolute differences obscures directional 900 

information—specifically, it does not indicate which brain network has higher metabolic 901 

demand. Understanding this directionality is essential for designing targeted interventions 902 

that address specific metabolic flexibilities or rigidities within neural circuits. 903 

To retain directional information, we modified the time-resolved nDTW by modulating it 904 

with directional information, resulting in directional time-resolved nDTW: 905 

𝐷𝑡𝑟
𝑑 (𝜏) = 𝒔𝒊𝒈𝒏 (|𝑥(𝜑𝑥(𝜏))| − |𝑦 (𝜑𝑦(𝜏))|) × 𝐷𝑡𝑟(𝜏) (18) 

This modification allows us to detect both the magnitude and direction of power 906 

imbalances, identifying which brain network exerts greater metabolic demand relative to 907 

its counterpart. We then averaged the directional time-resolved nDTW within each 908 

identified cluster, enabling the determination of brain networks that consistently display 909 

higher or lower power across states. This refined metric provides a more nuanced 910 

understanding of metabolic energy demands, offering precise insights to inform 911 

interventions aimed at modulating metabolic flexibility or addressing rigidities within 912 

specific neural pathways, thereby enhancing the efficacy of clinical treatments. 913 

To evaluate the similarity of directional information across states, we calculated 914 

correlations between the directional time-resolved nDTW metrics of each state. 915 

Additionally, we performed a Kruskal-Wallis test to determine whether the distributions of 916 

directional information differ among the three states. This dual analysis serves as a sanity 917 

check, as we anticipate distinct distributions even if their correlations are comparable. 918 
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