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Abstract 16 

Early infancy is characterized by rapid, nonlinear reorganization of the functional 17 

connectome, yet its dominant growth modes and relationship to short-timescale brain 18 

dynamics remain unclear. Using a densely sampled longitudinal multimodal dataset 19 

collected across the first six postnatal months, we estimated days-scale trajectories of 20 

whole-brain functional connectivity growth and visually guided behaviors. We identify 21 

a growth-mode transition in the functional connectome at approximately 2-4 months, 22 

marked by a shift from predominantly local strengthening toward increasingly 23 

distributed integration. This developmental reorganization was preceded by changes in 24 

the fluctuation asymmetry ratio (FLARe), a measure of asymmetry in recurring short-25 

timescale co-fluctuation states. Across individuals, FLARe predicted subsequent 26 

change rates of functional connectivity and visually guided behaviors. These findings 27 

identify short-timescale fluctuation asymmetry as a previously unrecognized 28 

prospective signal of later days-scale connectome and behavioral change, and provide 29 

a cross-timescale framework for linking functional brain dynamics unfolding over 30 

seconds to developmental change emerging over weeks to months. 31 

Keywords: infancy, functional connectome development, dynamic functional 32 

connectivity, visually guided behavior, fluctuation asymmetry ratio, longitudinal MRI  33 
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Introduction 35 

The first months of life are marked by rapid reorganization of large-scale functional 36 

brain networks 1,2. Unimodal networks, including visual, auditory, and sensorimotor 37 

systems, are established early and undergo rapid refinement within the first postnatal 38 

months, whereas long-range and multimodal connectivity, essential for flexible 39 

cognition, develops more gradually 3-5. This early reorganization can be understood in 40 

terms of the brain’s functional growth mode, defined as the dominant pattern by which 41 

functional connections strengthen or weaken to shape network architecture over 42 

developmental time. A predominantly local-modular growth mode, in which 43 

developmental changes are dominated by increasing short-range connectivity and 44 

network segregation, is well documented prenatally 6-8. In contrast, longitudinal studies 45 

beginning around 4 months reveal a shift toward a more distributed growth mode, 46 

characterized by developmental changes that increasingly emphasize long-range, cross-47 

network integration over local strengthening 9-12. Because longitudinal fMRI studies 48 

from birth to ~3 months are scarce, it remains unknown whether early postnatal 49 

functional connectome development remains dominated by local strengthening or 50 

whether a shift toward increasingly distributed growth has already begun.  51 

Behavior similarly undergoes rapid reorganization during early infancy as sensory, 52 

motor, cognitive, and social behaviors become increasingly coordinated over the first 53 

postnatal months 13,14. For example, eye movements become increasingly coordinated 54 

with head and body movements 15, while visual attention is deployed with increasing 55 

flexibility according to social context in addition to the perceptual properties of stimuli 56 

16. Early behaviors are thought to be supported primarily by interactions among 57 

subcortical systems and early-developing cortical networks, with increasingly 58 

coordinated behaviors recruiting progressively broader interactions among distributed 59 

cortical systems 17,18. This developmental progression parallels the hypothesized 60 

transition in functional growth mode, in which developmental change shifts from local 61 

patterns of organization toward increasingly distributed interactions across the 62 

functional connectome 11,17,18. Pinpointing when and how this functional reorganization 63 



 

 

unfolds is therefore critical for understanding how the developing functional 64 

connectome supports increasingly coordinated behavior. 65 

Equally important is understanding the mechanisms that drive this early reorganization 66 

of the functional connectome. Resting-state connectivity is dynamically organized over 67 

seconds, forming a functional chronnectome composed of recurring modes of network 68 

interaction 19. Hebbian plasticity provides a compelling framework for linking these 69 

short-timescale dynamics to longer-term developmental change: repeated, patterned co-70 

fluctuations tend to bias synaptic strengthening or weakening over time 20-24. On this 71 

view, recurring patterns of seconds-scale network co-fluctuation—often studied using 72 

dynamic functional network connectivity—should systematically influence longer-73 

term trajectories of days-scale functional connectivity change and, ultimately, emerging 74 

behavior. Supporting this cross-timescale relationship, alterations in seconds-scale 75 

dynamics in preterm infants, such as reduced mean synchronization, accompany delays 76 

in network maturation and atypical cognitive and motor outcomes 25,26. These 77 

observations suggest that spontaneous dynamic activity is not merely a reflection of 78 

current network state but may be a driver of subsequent developmental change. 79 

To test whether fast dynamics shape longer-term development, we introduce a dynamic 80 

measure—fluctuation asymmetry ratio (FLARe)—that quantifies how asymmetrically 81 

the brain expresses recurring patterns of second-scale network co-fluctuation. Dynamic 82 

functional connectivity analyses have shown that resting-state activity is organized into 83 

a small number of recurring co-fluctuation states, each representing a characteristic 84 

pattern of coordinated fluctuations among large-scale brain networks27-30. Brain states 85 

can be expressed in two opposing forms that represent opposite fluctuations of the same 86 

underlying co-fluctuation27,31. FLARe quantifies the asymmetry between these 87 

opposing state expressions, with its magnitude indicating the degree to which one 88 

expression predominates over the other and its sign indicating which expression 89 

predominates. We hypothesized that states exhibiting greater asymmetry would exert a 90 

stronger influence on subsequent days-scale connectivity change because repeated 91 



 

 

expression of one state configuration provides more consistent opportunities for 92 

activity-dependent strengthening or weakening32-34.  93 

Guided by this framework, we tested two hypotheses in a densely sampled longitudinal 94 

cohort with repeated resting-state fMRI and behavioral measures across the first six 95 

postnatal months. First, we hypothesized that the infant functional connectome 96 

undergoes a growth mode transition during this period, with the predominant pattern of 97 

developmental change shifting from local strengthening toward distributed integration. 98 

Second, we hypothesized that seconds-scale dynamics, indexed by FLARe, predict 99 

days-scale changes in functional connectivity and behavior during this period. We 100 

focused on oculomotor control and social visual engagement because these behaviors 101 

mature rapidly during early infancy and depend on coordinated activity across visual, 102 

motor, attentional, and social brain systems, making them sensitive behavioral 103 

indicators of the large-scale functional connectome reorganization occurring during this 104 

developmental period 35-37. Together, these analyses test both the presence and timing 105 

of a growth-mode transition and the dynamic mechanisms that may drive functional 106 

connectome reorganization. 107 

We identify a brief but marked transition in growth mode around 2-4 months, shifting 108 

from localized strengthening to increasingly distributed integration. We further show 109 

that FLARe exhibits a developmental shift that precedes the growth-mode transition 110 

and prospectively predicts changes in both functional connectivity and visual behavior. 111 

These findings reveal a mechanistic pathway linking spontaneous dynamics to both 112 

neural and behavioral development, demonstrating how seconds-scale dynamic activity 113 

helps shape the early architecture of the human functional connectome and the 114 

developmental trajectories of emerging behaviors. More broadly, they highlight a 115 

dynamic signature with potential utility as an early indicator of functional connectome 116 

and behavioral trajectories during a period of exceptional plasticity and vulnerability. 117 



 

 

Results 118 

We analyzed longitudinal resting-state fMRI (n=128 sessions; up to 3 sessions per 119 

infant) and eye-tracking data (n=168 sessions; up to six sessions per infant) collected 120 

from 71 typically developing infants sampled across the first six postnatal months (see 121 

Methods, “Participants for inclusion/exclusion criteria and ‘Dataset and preprocessing’ 122 

for quality-control procedures). Across all participants, the sample yielded dense 123 

coverage throughout early infancy, allowing developmental trajectories to be estimated 124 

across the full 0-6-month window (see Fig. 2a and Supplementary Figure S1 for 125 

sampling distribution). Visual behaviors included measures of oculomotor control 126 

(indexed as percentage of visual targets reached) and social visual engagement (indexed 127 

as percentage of time spent looking at the eyes of others) derived from eye-tracking 128 

assessments (see Methods ‘Dataset and preprocessing’).  129 

Functional connectivity was characterized using static functional network connectivity 130 

(sFNC) among 53 networks38 (Fig. 1a, see Methods “Individual static functional 131 

network connectivity”), with developmental change in connectivity and visual behavior 132 

quantified as change rates (CRs; see Methods ‘Change-rate trajectories and zero-133 

crossing points’). We additionally characterized infant whole-brain co-fluctuation 134 

patterns and their seconds-scale dynamics using FLARe (see Methods ‘Identification 135 

of seconds-scale brain states and axes from spontaneous dynamic connectome’ and 136 

‘Fluctuation asymmetry ratio of state co-fluctuation patterns’).  Finally, we tested 137 

whether individual differences in FLARe prospectively predicted subsequent days-138 

scale changes in functional connectivity and visual behavior (see Methods ‘Prediction 139 

of days-scale change rates from seconds-scale fluctuation asymmetry’).  140 

Static functional connectivity trajectories reveal a growth-mode transition  141 

We hypothesized that the first six postnatal months contain a transition in functional 142 

growth mode, with CRs more positive for short- than long-range connections early in 143 

infancy and more positive for long- than short-range connections later in infancy.   Such 144 



 

 

a transition would be reflected by clustered zero-crossings in distance-stratified CR 145 

trajectories.  146 

To test this hypothesis, we computed CR trajectories for 1,378 unique pairwise 147 

connections between the 53 networks and examined how these trajectories varied as a 148 

function of inter-network distance, defined as the Euclidean distance between network 149 

peak coordinates (see Methods ‘Individual static functional network connectivity’). 150 

When pairwise connectivity CRs were averaged within connectivity-length bins (Fig. 151 

2b), short-range connections (10-40 mm) showed positive CRs in early life that became 152 

negative by approximately four months, whereas long-range connections (80-110 mm) 153 

exhibited the opposite pattern, transitioning from negative to positive CRs over the 154 

same interval. Connections at intermediate distances showed trajectories that fell 155 

between these two extremes. Zero-crossings of distance-stratified CR trajectories 156 

clustered between postnatal days 71 and 133, defining a growth-mode transition 157 

window separating an early stage (Stage 1; prior to day 71) from a later stage (Stage 2; 158 

after day 133).  A similar transition window was observed when CR trajectories were 159 

estimated at the individual rather than population level (Supplementary Fig. S2).  160 

This transition period was also evident at the level of functional domains (Fig. 2c). 161 

Across auditory (AUD), sensorimotor (SM), visual (VS), cognitive-control (CC), 162 

default-mode (DM), and cerebellar (CB), and subcortical (SC) domains, a substantial 163 

proportion (39.3%) of within- and between-domain CR trajectories crossed zero within 164 

the same 71-133-day window. Because domain-level connections vary in their spatial 165 

distances (Supplementary Fig. S3), we highlight two representative domain pairs that 166 

predominantly reflect short-range (VS-VS; mean distance=35.2 mm) and long-range 167 

(CC-CB; mean distance=82.5 mm) connectivity. VS-VS crossed zero at day 127, and 168 

CC-CB crossed at day 77 (Fig. 2c), consistent with the distance-dependent transitions 169 

observed at the pairwise connection level (Fig. 2b).  170 

Change rate trajectories for eye-tracking measures showed a similar temporal pattern 171 

(Fig. 2d). Both oculomotor control and preferential attention to eyes exhibited their 172 

highest change rates during the first four postnatal months, followed by a marked 173 



 

 

slowing thereafter (eye-looking CR crossed zero at day 167; CR trajectory for 174 

oculomotor function did not cross zero). Thus, rapid behavioral development 175 

characterized Stage 1 and progressively slowed as the functional connectome 176 

underwent its growth-mode transition. 177 

Stage-dependent reorganization of connectivity growth dynamics  178 

Having identified a transition window based on clustered zero-crossings in change-rate 179 

trajectories, we next tested whether the organizing principle governing connectivity 180 

change differed between the two developmental stages defined by this window. 181 

Because the hypothesized growth-mode transition expects distinct distance-dependent 182 

patterns of connectivity change, we first examined whether the relationship between 183 

connectivity change and inter-network distance differed between Stage 1 and Stage 2.  184 

During Stage 1, connectivity length was negatively correlated with CR (r = −0.16, p < 185 

0.001), with a zero-crossing at ~60 mm, indicating stronger increases in short- than 186 

long-distance connections (Fig. 3a, left). In contrast, during Stage 2, this relationship 187 

reversed: connectivity length was positively correlated with CR (r = 0.23, p < 0.001), 188 

with a zero-crossing at ~56 mm (Fig. 3a, right), indicating stronger increases in long- 189 

than short-distance functional connections 11. Thus, functional connectivity does not 190 

change in a single uniform direction across development but instead follows different 191 

organizational patterns before and after the transition period, shifting from a local-192 

modular to a more distributed organizing principle. 193 

Multiple domains showed reversals in the direction of CRs from Stage 1 to Stage 2, 194 

indicating that stage-dependent differences in connectivity change were broadly 195 

distributed across functional domains, rather than confined to specific systems (Fig. 196 

3b). Among 28 domain connectivity pairs, 11 of these exhibited a reversal in the 197 

direction of change, indicating that the transition in functional connectivity growth 198 

mode was widespread rather than restricted to a small number of functional systems 199 

(Supplementary Fig. S6). For example, connectivity within the visual domain (VS-200 

VS) showed positive CRs in Stage 1 (mean CR = 2.04) but negative CRs in Stage 2 201 



 

 

(mean CR = -0.88), whereas sensorimotor-cognitive control connectivity (CB-CC) 202 

showed the opposite pattern, transitioning from negative CRs in Stage 1 (mean CR = -203 

1.44) to positive CRs in Stage 2 (mean CR = 1.06). Although some domains showed 204 

more extensive shifts than others--for example, multiple visual connections reversed 205 

directions, whereas relatively fewer default mode connections did—the high proportion 206 

of direction reversals across domain pairs indicates that the transition in functional 207 

connectivity growth mode is widespread rather than domain-specific.  208 

Finally, we examined whether the dynamics of connectivity growth—its overall 209 

magnitude and direction—differed across stages. Growth magnitude, defined as the 210 

mean absolute change rate (|CR|) across connections (Fig. 3c, see Methods ‘Magnitude 211 

and direction of change-rate pattern in functional connectome’), decreased across Stage 212 

1 (−30.8%), indicating a slowing of connectivity change during early infancy, but 213 

increased across Stage 2 (+25.1%), reflecting faster rates of change following the 214 

transition. To quantify changes in the direction of growth, we measured the angle of 215 

cosine similarity between CR patterns at the beginning and end of each stage. Larger 216 

angular change indicates greater reorientation of the overall connectivity growth pattern. 217 

Notably, the transition period was characterized by relatively low growth magnitude 218 

yet exhibited the largest change in growth direction (1.47°/day), exceeding that 219 

observed in Stage 1 (0.66°/day) and Stage 2 (0.70°/day). Together, these findings 220 

indicate that Stage 1 is characterized by slowing but directionally stable connectivity 221 

change, the transition window by low overall change magnitude coupled with the 222 

largest shift in growth direction, and Stage 2 by renewed acceleration of connectivity 223 

change under a different growth mode. In other words, the system slows as it reorients 224 

before accelerating under a newly established growth mode. 225 

Seconds-scale dynamic states are associated with the growth-mode transition.  226 

We next examined how seconds-scale dynamics relate to days-scale changes in FNC20. 227 

First, we tested the edge-wise correspondence between dynamic connectivity modes or 228 

states derived from dFNC and stage-specific static FNC change-rate patterns. Such 229 

correspondence, while not required for FLARe to predict subsequent connectivity 230 



 

 

change, would provide connectome-level specificity by showing that short-timescale 231 

states preferentially involve the same connections that strengthen or weaken over 232 

development. Second, we asked how the identified dynamic states jointly account for 233 

the evolving pattern of connectivity change across development. Finally, at the 234 

population level, we tested whether reorganization of the dynamic states preceded the 235 

growth-mode transition observed in static functional connectivity. Temporal 236 

precedence would be consistent with a role for changing seconds-scale dynamics in the 237 

emergence of subsequent connectivity growth patterns. 238 

To characterize seconds-scale dynamics, we identified five dynamic states from 239 

dynamic functional network connectivity (dFNC) using spatial independent component 240 

analysis (spatial ICA; Fig. 4A; see Methods ‘Identification of seconds-scale brain states 241 

and axes from spontaneous dynamic connectome’ and Supplemental Fig. S8). 242 

Individual state timeseries were then estimated using spatially constrained ICA, 243 

allowing us to quantify the expression of each state in every infant and scan. All five 244 

states showed high reliability across ICA runs (ICASSO IQ > 0.8; Supplementary Fig. 245 

S9). To summarize the network organization of each state, we extracted the dominant 246 

eigenvector of the state pattern (Fig. 4B). The sign of the eigenvector loadings separated 247 

networks into two groups that fluctuated in opposite directions, which were further 248 

summarized at the functional-domain level (Fig. 4C).  249 

Identified five states includes two forms: 1) segregated form characterized by stronger 250 

within-group and weaker cross-group co-fluctuation, and 2) integrated form (sign-251 

reversed segregated form), characterized by weaker within-group and stronger cross-252 

group co-fluctuation. All five states exhibited a modular organization consisting of two 253 

network groups, indicating a main fluctuation axis that was captured by the first 254 

eigenvector of the state pattern. For example, State 1 comprised two network groups 255 

(SM-AUD-SC and VS-DM-CB), fluctuating along a previously described 256 

sensorimotor-visual functional gradient (Neuromaps39 cortical similarity with Axis 1, 257 

|r|=0.65). Larger fluctuation amplitudes along this dominant axis were associated with 258 

the segregated form of the state (mean Pearson’s r=0.43, Fig. 4D), because higher/lower 259 



 

 

amplitude of axis fluctuation will be more likely to increase/reduce brain transient 260 

synchronized activity along this axis, showing dynamic within-group and cross-group 261 

state patterns in the dFNC. This organization provides the basis for interpreting brain 262 

dynamics using segregated and integrated network configurations. 263 

To test whether seconds-scale states involved the same connections undergoing days-264 

scale growth, we compared the spatial loading pattern (segregated form) of each 265 

dynamic state (Fig. 4A) with the mean stage-specific connectivity CR pattern derived 266 

from static FNC (Fig. 5a) and found strong stage-dependent correspondence between 267 

the five state patterns and days-scale connectivity CR patterns (Fig. 5b). Growth 268 

patterns in Stage 1 and Stage 2 show highly overlaps in connections that are co-269 

fluctuated in the state segregated and integrated forms. 270 

Having established that the spatial patterns of individual dynamic states correspond to 271 

stage-specific patterns of connectivity growth, we next asked how the five states jointly 272 

account for the evolving pattern of connectivity change over development. We 273 

therefore decomposed the days-scale connectivity CR trajectories using the five 274 

dynamic state patterns as spatial priors (Fig. 5A; see Methods, "Contribution 275 

trajectories of state co-fluctuation patterns"). This analysis estimated a state-specific 276 

contribution trajectory for each state, reflecting how strongly that state accounted for 277 

the observed connectivity CR pattern at each developmental time point (Fig. 5C). 278 

Together, the five states explained 80.0% of the temporal variance in connectivity CR 279 

trajectories, with State 2 accounting for the largest share (55.2%). State-specific 280 

contribution trajectories remained relatively stable throughout Stage 1, shifted during 281 

the transition period, and reached a new equilibrium during Stage 2. Notably, the 282 

trajectories exhibited a pronounced convergence period, characterized by reduced 283 

variability in the relative contributions of the five states, centered around day 91 and 284 

spanning approximately days 69-131. This convergence closely overlapped the growth-285 

mode transition window identified in the static connectivity analysis (Fig. 3), 286 

suggesting that the growth-mode transition is accompanied by a redistribution of the 287 

relative contributions of the five dynamic states to connectivity growth. 288 



 

 

To determine whether seconds-scale dynamics reorganize before the observed growth-289 

mode transition, we next examined developmental trajectories of each state’s 290 

fluctuation asymmetry ratio (FLARe; Fig. 5D, see Methods “Fluctuation asymmetry 291 

ratio of state co-fluctuation patterns”). As introduced above, FLARe quantifies the 292 

asymmetry between the two opposing expressions of a dynamic state, providing a 293 

measure of how consistently one state expression is favored over the other. Across the 294 

0-6-month period, the mean state FLARe remained modestly positive (approximately 295 

0.24, Fig. 5d), indicating a slight overall bias toward the segregated form of the 296 

identified states. State-specific FLARe trajectories converged toward this mean 297 

between approximately days 51 and 113, with maximal convergence around day 77 298 

(Fig. 5d). A MANOVA revealed significant differences in FLARe before versus after 299 

this convergence window for States 1, 2, 3 and 5 (Wilks’ lambda, F = 2.48, p < 0.05; 300 

n₁ = 72, n₂ = 72), demonstrating coordinated developmental changes across multiple 301 

dynamic states (Fig. 5e). Specifically, State 1 and State 5 showed increasingly positive 302 

FLARe over development, reflecting increasing dominance of their segregated forms, 303 

whereas State 2 showed negative FLARe, indicating increasing dominance of its 304 

integrated form. Critically, convergence of the FLARe trajectories preceded 305 

convergence of days-scale connectivity CRs by approximately 14 days. Moreover, 306 

state-specific FLARe trajectories closely tracked the corresponding state contribution 307 

trajectories derived from the connectivity decomposition (mean r=0.728 using a 14-day 308 

delay correlation), indicating that changes in seconds-scale asymmetry were temporally 309 

aligned with changes in each state’s association with days-scale connectivity growth. 310 

Although temporal precedence alone does not establish causality, this ordering is 311 

consistent with a model in which reorganization of structured seconds-scale co-312 

fluctuation asymmetry precedes, and potentially contributes to, the subsequent changes 313 

in static functional connectivity. 314 



 

 

State-specific fluctuation asymmetry predicts future connectivity growth at the 315 

individual level 316 

We next directly tested the central prediction of our cross-timescale framework: 317 

whether seconds-scale FLARe predicts subsequent days-scale connectivity growth at 318 

the individual level. Specifically, we used individual FLARe values at an earlier 319 

timepoint (T1) to predict connectivity CRs at a later timepoint (T2), up to 60 days later 320 

(T1 age range: 15-148 days; mean T1-T2 interval: 50.3±9.2 days), using 1,000 trials of 321 

subject-separated cross-validation (Fig. 6a). The 60-day T1-T2 interval was selected to 322 

capture downstream connectivity changes following the approximately 14-day lead of 323 

FLARe reorganization relative to the growth-mode transition. Mean CRs for 10 of the 324 

28 domain pairs were significantly predicted by earlier FLARe values (FDR-corrected 325 

p < 0.001; r CIs > 0; full statistics in Supplementary Tables S1 and S2). Notably, 326 

these 10 domain pairs accounted for 81.1% of the total variance in developmental 327 

connectivity trajectories across all 28 domain pairs (Supplementary Figure S4b), 328 

indicating that predictive relationships were concentrated within the principal modes of 329 

connectome development. As a temporal specificity control, we repeated the analysis 330 

in the reverse direction, asking whether T2 FLARe predicted T1 connectivity CRs. In 331 

contrast, only 3 of 28 domain pairs were significantly predicted, together accounting 332 

for just 6.05% of the variance. For significant prospective predictions (T1-to-T2), 333 

associations between state FLARes and subsequent days-scale CRs were either linear 334 

or quadratic. Because the magnitude of FLARe indicates how strongly one state 335 

expression predominates and the sign indicates which expression predominates, the 336 

predicted direction of connectivity change depended on whether the domain pair 337 

belongs to the same or opposing state-defined network groups (Fig. 4c). This 338 

relationship is illustrated by representative examples for VS-SM and VS-CB domain 339 

pairs (Fig. 6b, c). For the VS-SM domain pair, days-scale CR showed a significant 340 

quadratic relationship with State 3 FLARe (quadratic term, partial r=0.27, FDR-341 

corrected p<0.05), with the strongest effects observed for negative FLARe values. 342 

Because VS and SM belong to opposing groups in State 3 (Fig. 4c), negative FLARe 343 



 

 

indicates greater dominance of the integrated form, which is characterized by stronger 344 

cross-group co-fluctuation. Thus, preferential expression of the integrated form of State 345 

3 predicted subsequent strengthening of negative VS-SM connectivity. For the VS-CB 346 

domain pair, days-scale CR showed a significant positive linear association with State 347 

4 FLARe (linear term, partial r=0.28, FDR-corrected p<0.05). Because VS and CB 348 

belong to the same group in State 4 (Fig. 4c), positive FLARe indicates greater 349 

dominance of the segregated form, characterized by stronger within-group co-350 

fluctuation. Thus, preferential expression of the segregated form of State 4 predicted 351 

subsequent strengthening of VS-CB connectivity. Additional state-wise associations 352 

are shown in Supplementary Figure S10).  353 

Notably, significant predictions were not uniformly distributed across the connectome: 354 

all involved primary sensory or sensorimotor, subcortical, or cerebellar domains (AUD, 355 

VS, SM, SC and CB), whereas connectivity growth involving only higher-order cortical 356 

domains (CC and DM) was not significantly predicted.  357 

State-wise fluctuation asymmetry predicts subsequent changes in visual behavior 358 

at the individual level 359 

We next tested whether FLARe also predicts subsequent changes in visual behaviors. 360 

Using the same ≤60-day prediction framework, we examined whether individual 361 

FLARe values at T1 predicted subsequent CRs in oculomotor control and preferential 362 

attention to eyes at T2 (T1 age range: 58-160 days; mean T1-T2 interval: 30.6±8.9 days). 363 

T2 CRs in oculomotor control (percentage of visual targets reached) were significantly 364 

predicted by T1 FLARe values (mean r = 0.212, CIs [0.167, 0.257], p < 0.001, df = 365 

999), whereas T2 FLARe values did not significantly predict T1 behavior change (mean 366 

r=-0.164, CIs [-0.218, -0.109], p=1, df=999; Fig. 6d). Exploratory state-wise analyses 367 

suggested nominal associations between oculomotor CRs and States 4 and 5 FLARe 368 

(Supplementary Fig. S11), although neither survived FDR correction. State 4 showed 369 

a quadratic association (quadratic term, partial r=-0.24), whereas State 5 showed a 370 

negative linear association.  371 



 

 

CR in preferential attention to eyes at T2 was predicted more strongly by T1 FLARe 372 

values (mean r = 0.402, CIs [0.363, 0.440], p < 0.001, df = 999) than by T2 FLARe 373 

values (mean r=-0.155, CIs [-0.208, -0.101], p=1, df=999; Fig. 6d, f). State-wise 374 

analyses revealed that CR in preferential attention to eyes showed a positive linear 375 

association with State 2 FLARe (partial r=0.31, FDR-corrected p<0.05) and a negative 376 

linear association with State 5 FLARe (partial r=-0.31, FDR-corrected p<0.05; Fig. 6e). 377 

Greater dominance of the segregated form of State 2 and the integrated form of State 5 378 

was each associated with larger subsequent increases in preferential attention to eyes 379 

during the first six postnatal months. State 2 separates visual and cerebellar systems 380 

(VS, CB) from cognitive control networks (CC), whereas State 5 separates auditory, 381 

sensorimotor, and subcortical systems (AUD, SM, SC) from visual, cognitive control, 382 

and cerebellar systems (VS, CC, CB) (Fig. 4c).  383 

Discussion 384 

Here, we identify a growth-mode transition in the infant functional connectome during 385 

the first six postnatal months and show this transition is preceded and partly predicted 386 

by seconds-scale co-fluctuation dynamics. The dominant pattern of functional 387 

connectivity change shifted from early local strengthening to later long-range 388 

strengthening, with a transition period around 2-4 months after birth. Importantly, 389 

FLARe, a measure of asymmetry in recurring seconds-scale co-fluctuation states, 390 

predicted future connectivity change and subsequent visually guided behaviors. 391 

Together, these findings show that short-timescale functional brain dynamics contain 392 

prospective information about functional connectome organization and behavioral 393 

development. 394 

We identified a previously unrecognized transition in the dominant mode of functional 395 

connectome growth during early infancy, consistent with our hypothesis that postnatal 396 

development comprises temporally distinct phases of network maturation. Rather than 397 

following a monotonic local-to-distributed developmental principle from birth onward, 398 

early postnatal development was characterized by two distinct growth modes. During 399 



 

 

Stage 1, developmental change was dominated by strengthening local connections; 400 

following a transition period around 2-4 months, the predominant pattern of change 401 

shifted toward longer-range connectivity. In interpreting this transition, it is important 402 

to note that growth modes describe the dominant pattern of change across the 403 

developing connectome rather than the trajectories of individual connections. A 404 

distributed growth mode therefore does not imply cessation of local strengthening, but 405 

rather a shift in the overall organization of connectivity change. These findings refine 406 

developmental models proposing that functional brain organization progresses from 407 

local specialization toward increasingly distributed network architecture 6,11, suggesting 408 

that this progression occurs through a distinct transition period rather than a gradual, 409 

monotonic process 40. Resolving this transition was made possible by longitudinal 410 

sampling that provided dense temporal coverage across infants during the first six 411 

postnatal months, a period of especially rapid functional connectome development. 412 

The timing of the identified growth-mode transition coincides with one of the most 413 

dynamic periods of behavioral change during infancy. During the first postnatal months, 414 

infants rapidly acquired increasingly coordinated visual, motor, and social behaviors 41-415 

44. For example, visual orienting becomes more efficient and flexible, eye movements 416 

become increasingly coordinated with head and body movements, and visual attention 417 

and smiling are progressively incorporated into reciprocal social interactions with 418 

caregivers 45-48. Dynamic systems perspectives propose that these developmental 419 

advances emerge through interactions among multiple developing systems rather than 420 

independent maturation of individual functions 49,50. In this context, the growth-mode 421 

transition identified here may represent a connectome-level correlate of this broader 422 

developmental reorganization, as the dominant pattern of functional connectivity 423 

growth shifts toward longer-range integration during the same developmental window. 424 

Beyond identifying the transition in functional connectome growth, our findings 425 

demonstrate that this developmental reorganization can be largely accounted for the 426 

organization of short-timescale co-fluctuation dynamics. At the group level, the five 427 

identified recurring co-fluctuation states explained approximately 80% of the temporal 428 



 

 

variance in connectivity growth trajectories, and both their relative contributions and 429 

state-specific FLARe trajectories underwent coordinated reorganization around the 430 

growth-mode transition period, with FLARe changes preceding the transition by 431 

approximately two weeks. At the individual level, FLARe—a measure of the 432 

directional asymmetry with which recurring co-fluctuation states are expressed—433 

predicted for subsequent rates of functional connectivity growth. Together, these 434 

findings suggest that seconds-scale co-fluctuation dynamics anticipate future large-435 

scale connectome development rather than simply reflecting contemporaneous 436 

functional organization. Extending prior work linking dynamic functional connectivity 437 

to age, cognitive state, behavior, and developmental maturity 51-54, we show that short-438 

timescale co-fluctuation dynamics also contain prospective information about the 439 

subsequent trajectory of functional connectome maturation. 440 

The functional significance of these predictive dynamics is underscored by their ability 441 

to anticipate subsequent behavioral development. FLARe predicted not only 442 

subsequent rates of functional connectivity growth but also subsequent rates of change 443 

in both oculomotor control and, more strongly, preferential attention to the eyes of 444 

others. State-specific analyses provided additional insight into the network interactions 445 

that predict subsequent increases in preferential attention to others' eyes. Greater 446 

dominance of the segregated form of State 2, characterized by stronger co-fluctuation 447 

within the visual and cerebellar network group and within the cognitive control group 448 

than between them, and the integrated form of State 5, characterized by stronger co-449 

fluctuation between the auditory, sensorimotor, and subcortical group and the visual, 450 

cerebellar, and cognitive control group, each predicted larger subsequent increases in 451 

preferential attention to eyes. Although State 2 and State 5 represent distinct 452 

interactional configurations, both repeatedly implicated visual, cerebellar, and 453 

cognitive control systems. This suggests that the predictive information resides not 454 

simply in which functional systems are engaged, but in how interactions among those 455 

systems are dynamically organized. This interpretation is consistent with 456 

developmental accounts in which functional specialization emerges through changing 457 



 

 

patterns of interaction among brain regions 18, as well as cascading models of early 458 

visual development, which propose that visual orienting and social attention emerge 459 

through interactions among developing visual, attentional, oculomotor, motor, and 460 

learning systems 14. The recurring network interactions identified in our analyses are 461 

consistent with both neural systems supporting early visually guided behavior and 462 

broader patterns of functional network reorganization during infancy. Subcortical 463 

pathways are thought to support early visual orienting and attention to socially relevant 464 

stimuli 55, while recent work demonstrates progressive refinement of cerebellar 465 

interactions with visual and sensorimotor systems together with increasing 466 

incorporation of cognitive-control networks during infancy 56,57, closely paralleling the 467 

visual, sensorimotor, cerebellar, subcortical, and cognitive control systems implicated 468 

in our state-specific prediction analyses. 469 

The finding that short-timescale co-fluctuation dynamics prospectively predict both 470 

connectome and behavioral development have broader implications for understanding 471 

how functional brain dynamics relate to developmental change across temporal scales. 472 

Conceptually, FLARe quantifies asymmetry in transient, state-specific co-fluctuation 473 

patterns, whereas connectivity change rates capture the direction and magnitude of 474 

longer-term, static functional connectome development. Static and dynamic functional 475 

connectivity are often treated as related signatures of the same underlying neural 476 

process 51,54, yet how seconds-scale co-fluctuation dynamics relate to subsequent 477 

developmental change has remained largely unknown. Here, we demonstrate that short-478 

timescale fluctuation asymmetry along the principal functional axes of recurring co-479 

fluctuation states prospectively guide the dominant growth modes (temporal derivative) 480 

of longer-term functional connectome, which together account for the majority of 481 

developmental variance across the connectome, as well as subsequent visual behaviors.   482 

These findings establish short-timescale fluctuation asymmetry as a prospective marker 483 

of longer-term developmental change, revealing a predictive link between functional 484 

brain dynamics unfolding over seconds and developmental change emerging over 485 

weeks to months. 486 



 

 

One possible explanation for these predictive relationships comes from activity-487 

dependent models of brain development, in which repeated patterns of neural 488 

coactivation contribute to refinement of developing circuits through Hebbian 489 

mechanisms. Animal studies have established that endogenous spontaneous activity 490 

plays a fundamental role in formation and refinement of developing neural circuits, 491 

while human developmental studies have linked early electrophysiological activity to 492 

subsequent structural brain growth and maturation of neonatal functional networks 58-493 

62. A complementary perspective comes from scaffold-based models of brain 494 

organization, in which spontaneous dynamics are constrained by the brain's existing 495 

structural and functional architecture 63-65. Consistent with this view, the recurring co-496 

fluctuation states identified here aligned closely with established functional gradients, 497 

suggesting that spontaneous fluctuations preferentially occur along the brain's existing 498 

large-scale organizational axes. Within this scaffold-constrained repertoire, persistent 499 

directional asymmetries in state expression may capture signatures of activity-500 

dependent processes, linking existing functional architecture to subsequent 501 

connectivity refinement. Although FLARe is not a direct measure of neuronal plasticity, 502 

these findings provide a conceptual bridge between scaffold-based and activity-503 

dependent models and offer a framework for future multimodal longitudinal studies 504 

investigating how structural maturation, functional dynamics, and activity-dependent 505 

plasticity interact during early brain development. 506 

Several limitations warrant consideration. First, although the present findings establish 507 

a prospective relationship between spontaneous dynamics and subsequent brain and 508 

behavioral development, they do not establish causality or identify the biological 509 

mechanisms underlying this relationship. Second, FLARe is a systems-level measure 510 

derived from BOLD fMRI and therefore provides an indirect index of the neuronal 511 

processes underlying activity-dependent plasticity. Third, while the dense sampling 512 

across participants during the first six postnatal months enabled characterization of 513 

rapid developmental change during a period of heightened neuroplasticity, it remains 514 

unclear whether similar coupling between spontaneous dynamics and subsequent 515 



 

 

connectome development is observed across other developmental periods. Addressing 516 

these questions will require future multimodal longitudinal studies spanning broader 517 

stages of development. 518 

Together, these findings identify short-timescale co-fluctuation dynamics as a 519 

previously unrecognized source of prospective information about early functional 520 

connectome and behavioral development. By linking functional brain dynamics 521 

unfolding over seconds to developmental change emerging over weeks to months, this 522 

work provides a framework for investigating how intrinsic brain activity shapes early 523 

brain development. Beyond advancing our understanding of normative development, 524 

these findings raise the possibility that dynamic brain states may provide early 525 

indicators of developmental trajectories before stable behavioral differences emerge. 526 

Materials and Method 527 

Participants 528 

Participants were typically developing infants (43 males and 31 females) enrolled in an 529 

ongoing prospective longitudinal study of infants at low- and elevated-likelihood for 530 

autism spectrum disorder (ASD). Typicality was ascertained by the absence of factors 531 

associated with increased likelihood of developmental disability: all infants had 532 

uncomplicated deliveries (mean gestational age = 39.2 weeks, SD=1.34 weeks), had no 533 

family history of ASD in first, second, or third degree relatives, no developmental 534 

delays in first degree relatives, no pre- or perinatal complications, no history of seizures, 535 

no known medical conditions or genetic disorders, and no hearing loss or visual 536 

impairment. Participants had no contraindications for MRI. The research protocol was 537 

approved by the Emory University Institutional Review Board and legal guardians 538 

provided informed consent for their infant's participation. All ethical regulations 539 

relevant to human research participants were followed. 540 

Dataset and Preprocessing 541 

1 Functional MRI Data 542 



 

 

MRI data collection: Infants were scheduled to undergo MRI scans at up to three 543 

pseudorandom timepoints between birth and 6 months to optimize scan coverage over 544 

the first six postnatal months. Across all participants, sessions were separated by a mean 545 

of 1.4 days during the first six months. MRI scans were acquired at Emory University’s 546 

Center for Systems Imaging Core on a 3T Siemens Tim Trio or a 3T Siemens Prisma 547 

scanner, using a 32-channel head coil. All infants were scanned during natural sleep. 548 

Functional MRI data were acquired using a multiband echo planar imaging (EPI) 549 

sequence. The acquisition parameters for the Tim Trio/Prisma scanner were TR = 550 

720/800 ms, TE = 33/37 ms, flip angle = 53°/52°, FOV = 208 × 208 mm, and 2.5/2 mm 551 

isotropic spatial resolution.  A total of 290 scans were acquired across imaging sessions, 552 

with each session comprising an average of 2.07 scans; each scan lasted approximately 553 

6 minutes. 554 

fMRI preprocessing: Data were preprocessed as in 66. The first 16 volumes were 555 

discarded to allow the MR signal to reach magnetization equilibrium. Head motion 556 

correction was performed using the ‘mcflirt’ function in FSL 557 

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL), aligning all volumes to the first one. To 558 

correct for distortion in the multi-band resting-fMRI (rs-fMRI) data, single-band data 559 

acquired with phase encoding in both the AP and PA directions were used to estimate 560 

the susceptibility-induced off-resonance field. Following distortion correction, slice 561 

timing correction was applied. A two-step normalization process was employed to align 562 

the infant datasets into a common Montreal Neurological Institute (MNI) space. The 563 

first step involved normalizing the infant fMRI data to the 3-month UNC/UMN baby 564 

connectome project (BCP) T1 template 67. In the second step, the output from the first 565 

normalization was further aligned to the SPM EPI template 68. Finally, a 6 mm Gaussian 566 

kernel was applied to smooth the spatially normalized fMRI images.  567 

Quality control for excluding cases: Individual resting-state fMRI scans were excluded 568 

if they (1) showed poor normalization to MNI space, assessed by comparing individual 569 

brain masks with the group mask (n=16); (2) contained fewer than 100 usable volumes 570 

(n=34); or (3) exhibited excessive head motion (mean framewise displacement > 0.65 571 



 

 

mm) (n=18). After quality control, 222 resting-state fMRI scans from 128 imaging 572 

sessions in 71 infants (31 female, 40 male) were retained.  Overall, 39.4%, 40.8%, and 573 

19.7% of infants contributed data from one, two, and three longitudinal visits, 574 

respectively. When multiple resting-state fMRI scans from the same imaging session 575 

passed quality control, they were treated as repeated measures in subsequent analyses. 576 

2 Eye-tracking Data  577 

Eye-tracking data collection: Eye-tracking data were collected and analyzed as 578 

described in previous studies 36,69. Infants completed up to six eye-tracking sessions 579 

between birth and seven months. Eye-tracking data were acquired using an ISCAN eye-580 

tracking system based on the pupil–corneal reflection method and sampled at 60 Hz. 581 

Prior to the start of data collection, experimenters calibrated infant gaze position based 582 

on the image of the right eye using a five-point calibration procedure 36. Each point was 583 

individually validated by experimenters.  Calibration accuracy was assessed throughout 584 

each session using automated presentation of a five-point calibration target sequence, 585 

and the resulting calibration measurements were used to correct gaze coordinates during 586 

post-processing. During eye-tracking sessions, infants watched pre-recorded videos of 587 

actresses engaging them in an infant-directed manner with simple speech, songs, and/or 588 

gestures. The videos were filmed against a classroom-like backdrop to represent an 589 

infant-friendly environment. Eye-tracking sessions lasted approximately 40 minutes 590 

depending on the extent of infant participation and were ended early by experimenters 591 

in cases where infants were fussy or fell asleep.  Of the 71 infants with resting-state 592 

fMRI data, 64 also contributed valid eye-tracking data, yielding a total of 168 eye-593 

tracking sessions. 594 

Eye-tracking Preprocessing: Eye movement analysis and fixation coding were 595 

performed using custom software written in MATLAB (MathWorks). The first stage of 596 

processing automatically identified non-fixation data, including blinks, saccades, and 597 

fixations directed away from the stimulus presentation screen. Saccades were identified 598 

using an eye velocity threshold of 30°/s, blinks were detected as previously described 599 



 

 

70, and off-screen fixations were identified based on fixation coordinates falling outside 600 

the stimulus presentation screen. 601 

Remaining eye movements classified as fixations were assigned to one of four regions 602 

of interest (ROIs) defined for every frame of each video: eyes, mouth, body (neck, 603 

shoulders, and contours surrounding the eyes and mouth, including hair), and objects 604 

(surrounding inanimate stimuli). ROIs were manually traced for every video frame and 605 

stored as binary bitmaps using custom MATLAB software. Fixation coding was then 606 

performed automatically by comparing each participant's fixation coordinates with the 607 

corresponding ROI bitmaps to determine fixation time within each region. 608 

Measure of oculomotor control - Percentage of visual targets reached: The percentage 609 

of targets ‘hit’ during each automated calibration check was calculated as an index of 610 

oculomotor control. A ‘hit’ was determined as gaze coordinates falling within a radius 611 

of 5° of visual angle of the calibration target. Five targets (upper left, upper right, center, 612 

bottom left, bottom right) were presented in randomized order during each test,the 613 

percentage of hits was measured as a value out of 5. The average performance across 614 

multiple trials in one session was calculated. 615 

Measure of Social Visual Attention - Percentage of fixation time on eyes:  The 616 

percentage of fixation time on eyes was calculated as the number of frames spent 617 

fixating to eyes divided by the total number of recorded fixations for each video in the 618 

session. 619 

Individual static functional network connectivity 620 

We first implemented the NeuroMark framework via GIFT fMRI toolbox 621 

(http://trendscenter.org/software/gift) to capture individual intrinsic connectivity 622 

networks (ICNs) from fMRI scans  71-73. This pipeline is capable of capturing subject-623 

specific variability within brain functional networks and maintains comparability 624 

across participants. In this study, we used the NeuroMark_fMRI_1.0 template 625 

(available in GIFT and at http://trendscenter.org/data) as the spatial priors for 626 

estimating functional networks for each participant. This NeuroMark template includes 627 



 

 

53 replicable ICNs 38 arranged into seven functional domains: subcortical (SC), 628 

auditory (AUD), sensorimotor (SM), visual (VS), cognitive-control (CC), default-mode 629 

(DM), and cerebellar (CB) domains. The timeseries of ICNs were postprocessed to 630 

remove residual noise, including: 1) detrending linear, quadratic, and cubic trends, 2) 631 

multiple regression of the six realignment parameters and their derivatives, 3) removal 632 

and replacement of detected outliers, and 4) band-pass filtering with a cutoff frequency 633 

of 0.01 Hz–0.15 Hz. 634 

Static functional network connectivity (sFNC) was estimated by calculating Pearson 635 

correlation coefficients between the time courses of each pair of intrinsic connectivity 636 

networks (ICNs), yielding a 53 × 53 connectivity matrix.  Connectivity strength (CS) 637 

in sFNC was corrected using Fisher-Z transformation. Since the sFNC matrix is 638 

symmetric, only the 1378 unique connections in the upper triangle portion of the matrix 639 

were used for subsequent analyses. Domain-level functional connectivity was 640 

summarized in a 7*7 matrix by averaging sFNC values for all connections within and 641 

between the seven functional domains. Inter-network distance was defined as the 642 

Euclidean distance between the peak coordinates of each pair of ICNs in the 3-month 643 

BCP T1 template. Peak coordinates were obtained by mapping the NeuroMark v1.0 644 

atlas (https://trendscenter.org/data/) from the SPM EPI template to the 3-month BCP 645 

template. 646 

Change-rate trajectories and zero-crossing points 647 

We estimated change rates for both static functional connectivity and eye-tracking-648 

derived behaviors during the first six postnatal months. Change rate was defined as the 649 

temporal derivative of each measure. Because estimating developmental change 650 

requires different trade-offs between population-level reliability and individual-level 651 

precision, change rates were calculated differently for the population- and individual-652 

level analyses, as described below. 653 

1) Population change rate: Population-level CRs were estimated by taking the 654 

temporal derivative of the fitted developmental trajectory for each measure. Estimating 655 



 

 

CRs from the fitted trajectories leverages all available longitudinal observations, 656 

providing more robust estimates than derivatives computed from individual scan pairs. 657 

For functional connectivity, developmental trajectories were estimated independently 658 

for each of the 1,378 unique functional connections. The change rate at timepoint 𝑡 is 659 

calculated as the value in the derivative of FNC trajectory at timepoint 𝑡 , i.e. 660 ܥܰܨݏ௜,௝(𝑡 + 1) − sFNC௜,௝(𝑡). 661 

2) Individual change rate: Individual-level change rates (CRs) were estimated from 662 

pairs of consecutive visits within the same infant. For each measure, CR was calculated 663 

as the difference between values at the two visits divided by the corresponding 664 

difference in age, providing an estimate of the infant’s mean daily change over that 665 

interval: 666 

௜,௝௡ܴܥ (𝑡2 + 𝑡12 ) ≈ ௜,௝௡ܥܰܨݏ (𝑡2) − ௜,௝௡ܥܰܨݏ (𝑡1)𝑡2 − 𝑡1 ,                                                         (1) 667 

in which ܥܰܨݏ௜,௝ is the functional connectivity between the ݅th and ݆th network, and 𝑡2 668 

and 𝑡1 are corrected ages for time 1 (T1) and time 2 (T2) visits for each participant ݊. 669 

Based on Lagrange’s Mean Value Theorem 74, for a continuous function (e.g. 670 

developmental trajectory), at least one point c between 𝑡1  and 𝑡2  where the 671 

instantaneous change rate equals the mean change rate over the whole period. In this 672 

study, this mean change rate over the whole period approximates the instantaneous 673 

change rate at the midpoint (𝑡2 + 𝑡1)/2 of this period. To reach a relatively accurate 674 

measurement, we excluded samples with a time interval greater than two months.  675 

Change rates for oculomotor control and eye-looking were calculated using the same 676 

derivative-based framework. CR trajectories for each functional connection and 677 

behavioral measure were estimated using generalized additive models (GAMs; see 678 

‘Trajectory estimation via generalized additive model’). Zero-crossing points were 679 

defined as the ages at which a fitted CR trajectory crossed zero, indicating a transition 680 

from increasing to decreasing growth (or vice versa). Accordingly, the zero-crossing 681 

point marks the age at which the developmental direction changes. 682 



 

 

3) Magnitude and direction of connectome change-rate patterns. At each age, the 683 

upper triangular portion of the functional connectivity CR matrix (1,378 unique 684 

connections) was represented as a high-dimensional vector describing the pattern of 685 

developmental change across the connectome. We quantified two complementary 686 

properties of this vector. First, its magnitude was defined as the mean absolute CR 687 

across all 1,378 connections, reflecting the overall rate of connectome reorganization. 688 

Second, its direction was characterized by the angle between the CR vectors at the 689 

beginning and end of each developmental stage, computed from their cosine similarity. 690 

Larger angles indicate greater changes in the relative pattern of connectivity 691 

development across the connectome. The cosine similarity is computed as below: 692 

cos ߠ = (𝑡1)ܴܥ ∗ |(𝑡1)ܴܥ|(𝑡2)ܴܥ ∗ |(𝑡2)ܴܥ|  ,                                                             (2) 693 

in which (2ܶ)ܴܥ ,(1ܶ)ܴܥ present CR patterns at the beginning and end of a stage, and 694 | | is the norm of a vector. The cosine similarity ranges from -1 to 1. Larger ߠ per day 695 

indicates a greater change in growth direction. 696 

Trajectory estimation via generalized additive model 697 

The trajectory of a connection was estimated via a linear generalized additive model 698 

using the ‘pygam’ packages 75. For a linear GAM model, the response variable ݕ can 699 

be formulated as a linear combination of age-related spline basis functions and 700 

covariates: 701 

ݕ = 0ߚ + ∑ ௜݂(ݔ௝)௣
௝=1 + 1ߚ ∙ ܩ + 2ߚ ∙ ܯ + 3ߚ ∙ ܵ + ߳,                                                   (3) 702 

in which 0ߚ  represents the intercept, 1ߚ, 2ߚ  and 3ߚ  the covariation parameter, p 703 

indicates the predictor number, ௜݂(ݔ) is the ݅th smooth function of age ݔ, and ߳ is error 704 

term. The linear GAM uses a set of spline basis functions (defaulted as cubic functions) 705 

to represent the smooth functions ௜݂(ݔ௝). The number of basis functions determines the 706 

model’s flexibility. In our study, the spline parameter is set with the spline number = 707 

10 and cubic spline function to control the complexity of the model. For connectivity, 708 



 

 

sex (G), head motion (M) and scanner (S) information were computed as linear 709 

covariates in the GAM with coefficients 2ߚ , 1ߚ and 3ߚ. For behavior, only sex (G) was 710 

included as a covariate. A regularization in the fitting model was used to penalize the 711 

roughness of the smooth functions. A large regularization could reduce overfitting and 712 

avoid small noise fluctuations 76. A built-in grid search based on generalized cross-713 

validation was used for optimal regularization within the range from 1 to 1000 with 714 

logarithmic intervals. Since individual change rate is computed by numerical 715 

differentiation, which is known to amplify measurement noise 77, the optimal 716 

regularization parameter for the change rate was searched starting with a large value of 717 

10. To avoid overrepresenting imaging sessions with multiple fMRI scans, each scan 718 

was weighted by the inverse of the number of scans acquired from the same infant at 719 

that visit during GAM fitting. This ensured that each imaging session contributed 720 

equally to trajectory estimation. All other GAM parameters were left at their default 721 

values.  722 

Identification of seconds-scale brain states and axes from spontaneous dynamic 723 

connectome 724 

Seconds-scale brain states were identified from chronnectome using independent 725 

component analysis (ICA) (GIFT, http://trendscenter.org/software/gift; see 726 

Supplementary Fig. S7 for pipeline) 27,31. First, individual dynamic functional network 727 

connectivity (dFNC) was computed via a sliding window approach, which calculated 728 

the Pearson correlation coefficient between the timeseries of two ICNs within a 45s 729 

window slide in increments of 1 TR. Previous work has shown that 30s to 1 min 730 

windows capture reliable brain dynamics 78. Dynamic connectivity values were 731 

normalized using a Fisher-z transformation. Then we removed the dFNCs mean 732 

connectivity over time for each participant to focus on dynamic fluctuations above 733 

static FNC. Next the dFNCs across all participants in all visits were concatenated along 734 

the temporal dimension to form a large matrix. Finally, blind ICA with ‘infomax’ 735 

optimization was applied to this large matrix to obtain N brain state patterns. This 736 

procedure was performed 100 times, and the most central solution was chosen as the 737 

http://trendscenter.org/software/gift


 

 

optimal one. The reliable state number N here was chosen based on the independent 738 

component analysis with stability analysis (ICASSO) index quality above 0.8 79. After 739 

the identification of the brain states, we applied spatially constrained ICA (scICA) 80 to 740 

each participant to obtain participant-specific brain state patterns and their 741 

corresponding state timeseries.  742 

The first eigenvector of each state pattern was extracted to characterize its dominant 743 

functional axis. For visualization, eigenvector loadings exceeding an absolute threshold 744 

of 0.1 were mapped back to MNI space using a winner-take-all assignment and 745 

projected onto the fsaverageRL32k cortical surface using the pyvista Python package81. 746 

The resulting functional axis was summarized by averaging network loadings within 747 

each of the seven functional domains, yielding two opposing groups of domains with 748 

positive and negative loadings. To quantify expression of each functional axis at the 749 

individual level, spatially constrained ICA (scICA) 80 was applied to each subject's 53-750 

network time series to obtain subject-specific axis time series. Axis amplitude was 751 

calculated as the absolute value of the axis time series after smoothing with a 45-s 752 

sliding window.  753 

Fluctuation asymmetry ratio of state co-fluctuation patterns 754 

Brain states summary multi-variable co-fluctuations in the time-varying functional 755 

connectome. Each co-fluctuation state comprised two complementary configurations 756 

corresponding to positive and negative excursions of its time series. Positive value in 757 

the state timeseries represents a strengthened and weakened couplings in the state 758 

spatial pattern, whereas negative amplitudes represent its sign-reversed counterpart, 759 

with strengthened and weakened couplings exchanged. 760 

To quantify the relative expression of these two configurations, we defined the 761 

fluctuation asymmetry ratio (FLARe) for each state and scan. FLARe was calculated 762 

as the logarithm of the ratio between the mean fluctuation power during positive 763 

excursions of a state time series and the mean fluctuation power during negative 764 

excursions (Equation 4). Positive FLARe values indicate stronger expression of the 765 



 

 

positive co-fluctuation configuration, whereas negative values indicate stronger 766 

expression of the sign-reversed configuration. 767 

FLARe = log [ 1௣ܰ௢௦ ∑ ܵ௣௢௦2  1௡ܰ௘௚ ∑ ܵ௡௘௚2 ]                                                                    (4) 768 

in which ܵ௣௢௦2  and ௣ܰ௢௦ represented the square of positive fluctuations and the number 769 

of positive timepoints in a state time series, and ܵ௡௘௚2  and ௡ܰ௘௚ for negative fluctuations. 770 

Positive and negative values of a state's time series correspond to the integrated and 771 

segregated forms of its co-fluctuation pattern, respectively. FLARe quantified the 772 

relative expression of these two forms by comparing the fluctuation power of positive 773 

and negative state excursions. Positive FLARe values indicated greater expression of 774 

the segregated form, whereas negative values indicated greater expression of the 775 

integrated form. Across states, the segregated form was associated with larger 776 

functional-axis amplitudes. In addition, the magnitude of FLARe (|FLARe|) reflected 777 

the degree to which spontaneous neural fluctuations were biased toward either the 778 

integrated or segregated form, with larger absolute values indicating stronger 779 

preferential expression of one configuration. 780 

Contribution trajectories of state co-fluctuation patterns 781 

Days-scale connectivity CR trajectories (1378 connections-by-171 days) were 782 

decomposed using spatially constrained ICA (scICA) 80, with the co-fluctuation state 783 

patterns serving as spatial priors (Equation 5). The resulting temporal coefficients 784 

quantified the contribution of each co-fluctuation pattern to the developmental 785 

trajectory of functional connectivity change.  786 

௜,௝௧ܴܥ ≈ ∑ ௞௧݅ݎ𝑡݊݋ܥ௜,௝,௞ߙ ,௄
௞=1                                                                     (5) 787 

Where ܴܥ௜,௝௧  were the change rate of connectivity between network ݅ and network ݆ at 788 

age t; ߙ௜,௝,௞ was the (݅th, ݆th) element in the ݇ co-fluctuation pattern; ݊݋ܥ𝑡݅ݎ௞௧  was the 789 



 

 

contribution of the kth co-fluctuation pattern at age 𝑡. Positive values indicated greater 790 

contributions of the integrated co-fluctuation form to days-scale connectivity change, 791 

whereas negative values indicated greater contributions of the segregated form. 792 

Prediction of days-scale change rates from seconds-scale fluctuation asymmetry. 793 

Prediction models used FLARe measured at an earlier visit(T1) to estimate subsequent 794 

connectome and behavioral CRs (T2) from the same infant. Assuming the relationship 795 

function ݂(ܴ݁ܣܮܨ௞௧−ఛ) is nonlinear, we model delayed effects (߬) with state-specific 796 

lag influence via a quadratic term. Specifically, we used random forest 82 as the 797 

prediction model using ten state features (ܴ݁ܣܮܨ௜ ,௜2ܴ݁ܣܮܨ ݀݊ܽ  ݅ = 1, …, 5) with ten-798 

fold cross validation. To avoid information leaking from multiple fMRI scans of the 799 

same subject in the cross validation, we randomly split available subjects rather than 800 

fMRI scans into the training and testing datasets. The performance of a model in one 801 

trial was evaluated by Pearson’s coefficient between predicted changes and observed 802 

changes which was concatenated with ten validation folds. The number of estimators 803 

in random forest was set to 50. Each prediction was tested 1000 times to check the 804 

significance by Nadeau–Bengio corrected k-fold t-test83. The significance was further 805 

corrected by the Benjamini-Hochberg FDR method. A significance prediction should 806 

satisfy two requirements: 1) the confidence interval of r should be all positive and 2) 807 

the corrected p-corrected 0.001.  808 

The FLARe prediction of visual behaviors followed the same analytic procedures as 809 

the connectome CR prediction. Because eye-tracking and fMRI data were not always 810 

collected on the same day, we computed behavioral CR only when both eye-tracking 811 

sessions fell within ≤2 months of the corresponding fMRI scan. If there were more 812 

than two eye-tracking sessions within this interval, CRs were computed separately 813 

between two continuous sessions. The prospective prediction analyses included 112 814 

connectivity CR samples and 75 behavioral CR samples, both restricted to T1-T2 815 

intervals of ≤60 days. 816 



 

 

To characterize potentially quadratic or linear associations between a single state 817 

FLARe and a days-scale change rate, we calculated the partial correlation of all features 818 

with CRs. Specifically, we fitted a second-order polynomial regression model ݕ 0ߚ 819= + ݔ1ߚ … ௡ݔ௡ߚ + ,ߝ ݊ = 1, … . ,10 , where 0ߚ was the intercept, ߚ௡ was the 820 

coefficient of ݔ௡, and ߝ denotes residual errors. Model parameters were estimated by 821 

ordinary least squares, minimizing the sum of squared residuals. Coefficient 822 

significance was assessed using two-sided t-tests on the OLS estimates (null hypotheses: 823 1ߚ =0 and 0=2ߚ), and p-values were FDR-corrected across terms with significance 824 

threshold at 825 .0.05=ߙ 
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Figures 1 

 2 

Figure 1.  Analysis framework for predicting days-scale functional connectivity and 3 

behavioral development from seconds-scale brain dynamics. (a)  Static functional 4 

connectivity and days-scale developmental change.  Static FNC (sFNC) is calculated 5 

by correlating resting-state network time series. The growth of sFNC is quantified using 6 

connectivity change rates (CR), a derivative between two continuous timepoints. CR 7 

trajectories are binned by inter-network distance to test for a distance-dependent 8 

transition in functional growth mode from local-modular to distributed organization. (b) 9 

Dynamic functional connectivity and fluctuation asymmetry. Dynamic FNC is 10 

calculated using a sliding-window approach. Recurring co-fluctuation states were 11 

identified using spatial independent component analysis, and the principal functional 12 

axis of each state was defined by its first eigenvector. Fluctuation asymmetry ratio 13 

(FLARe) quantifies the directional imbalance between the two opposing expressions 14 

(integrated and segregated forms) of each co-fluctuation state, with magnitude 15 

reflecting the degree of asymmetry and sign indicating the predominant expression. (c) 16 

Cross-timescale prediction of connectome and behavioral development.  Seconds-scale 17 

co-fluctuation state organization and FLARe were used to characterize population-level 18 

trajectories of days-scale functional connectivity change and to predict future individual 19 

changes in functional connectivity and behavior, testing whether short-timescale brain 20 

dynamics prospectively predict connectome and behavioral development. 21 



 

 

 22 

Figure 2. Change-rate trajectories of connectivity and visual behavior during the 23 

first six postnatal months. (a) Longitudinal sampling of resting-state fMRI and eye-24 

tracking assessments across infants as a function of corrected age. Each row represents 25 

one infant; dots indicate assessment sessions, connected by lines within infant. (b) 26 

Pairwise connectivity CR trajectories binned by connectivity length (10-110 mm; 27 

10mm bins). Dotted vertical lines mark zero-crossings for each distance bin. The 28 

shaded region (days 71-133) denotes the transition window defined by zero-crossings. 29 

Inset shows the distribution of connectivity lengths across all 1,378 connections. (c) 30 

Domain-level connectivity CR trajectories illustrating representative short- and long-31 

range connectivity. Short-range within-visual connectivity (VS-VS; mean 32 

distance=35.2mm) and long-range cognitive control-cerebellar connectivity (CC-CB; 33 

mean distance=82.5mm) exhibit zero-crossings within the same window, consistent 34 

with the distance-dependent pattern observed in (b). (d) CR trajectories for visual 35 

behaviors (percentage of visual targets reached and percentage of fixation time on eyes). 36 

Behavioral change rates are highest before ~4 months and slow thereafter, coinciding 37 

with the transition window. Shaded regions in (b-d) indicate 95% confidence intervals 38 

estimated from 1,000 bootstrapped samples. 39 



 

 

  40 

Figure 3. Stage-dependent reorganization of connectivity growth. (a) Relationship 41 

between change rate (CR) and connectivity length across 1,378 connections in Stage 1, 42 

the transition period, and Stage 2. Connectivity length was defined as the Euclidean 43 

distance between peak coordinates of two connected networks. (b) Functional domain-44 

level differences in connectivity CR between stages. Linkage colors represent mean 45 

CRs within domain-level connectivity. Black edges indicate there is a significant 46 

transition in its CR trajectory during transition period. Criterions: the zero-crossing 47 

points of mean trajectory should fall within the transition period and its confidence 48 

bounds have at least one zero-crossing point. (c) Magnitude and direction of 49 

connectivity CR across stages. Shaded regions indicate 95% confidence intervals 50 

estimated from 1,000 bootstrap samples.  51 



 

 

52 

Figure 4. Five dynamic states and their opposing integrated and segregated forms. 53 

(A) State pattern loading matrices, shown in the segregated form. Color indicates the 54 

loading of the ICA-derived state pattern; large absolute values indicate stronger 55 

perturbations on connection. Networks are ordered according to the state-defined 56 

groups shown in C. In the segregated form, positive loadings predominantly occur 57 

within network groups, whereas negative loadings predominantly occur between 58 

groups, corresponding to stronger within-group and weaker cross-group coupling 59 

relative to the mean connectivity pattern. The integrated form is the sign-reversed 60 

version of the same state. (B) Dominant eigenvector maps for each state. Color indicates 61 

eigenvector loading, with opposite colors denoting networks that fluctuate in opposite 62 

directions within the state. (C) Domain-averaged eigenvector loadings, summarizing 63 

how functional domains separate into the two network groups that define each state. (D) 64 

Relationship between axis amplitude and state form across all infant fMRI scans. Larger 65 

axis amplitudes were associated with the segregated form of each state, whereas lower 66 

axis amplitudes were associated with the integrated form.  67 



 

 

 68 

Figure 5. Relationship between seconds-scale dynamics and days-scale 69 

connectivity growth. (a) Schematic illustrating the analytic framework linking 70 

seconds-scale dynamic states to days-scale connectivity change rate trajectories. Spatial 71 

patterns of five seconds-scale co-fluctuation states (Fig. 4a) were compared with stage-72 

specific days-scale CR patterns. The CR tensor (171 timepoints x 1,378 connections) 73 

was further decomposed using spatially constrained ICA with state patterns as priors to 74 

estimate state-specific contribution trajectories. (b) Spatial correspondence between 75 

dynamic state patterns and Stage 1 and Stage 2 CR patterns. Positive correlations 76 

indicate greater correspondence with the segregated form of a state, whereas negative 77 

correlations indicate greater correspondence with its integrated form. (c) State-specific 78 

contribution trajectories, indexing the relative contribution of each dynamic state to the 79 

observed connectivity CR pattern over development. Reduced cross-state variability 80 

marks a convergence window centered at approximately day 91, corresponding to the 81 

growth-mode transition identified in static connectivity analyses (Fig. 3). (d) FLARe 82 

trajectories for each state. A convergence window between approximately days 51-113 83 

reflects reduced between-state variability. (e) Statistical comparison of FLARe values 84 

before and after the convergence period. In subplot c, d, the gray band denotes ±1.5 85 

standard deviations across state trajectories. Convergence periods are defined as the 86 

contiguous window (of equal length to the growth-mode transition period) with the 87 

lowest across-state standard deviation.  Boxed dotted lines indicate the convergence 88 

period, and the vertical dotted line marks the transition point.  89 



 

 

 90 

Figure 6. State-wise FLARe predicts subsequent connectivity and behavioral 91 

change at the individual level. (a) Prediction of future connectivity CRs from earlier 92 

state FLARe values (left) and reverse-time control analyses predicting previous CRs 93 

from later FLARe values (right) within ≤60-day intervals. Heat maps show cross-94 

validated prediction performance for connectivity pairs; asterisks denote FDR-95 

corrected significant predictions (Nadeau-Bengio corrected k-fold t-test, 1000 96 

iterations of subject-independent 10-fold cross-validation; n=112 infants). (b) 97 

Representative examples illustrating prediction performance (left; predicted versus 98 

observed connectivity CR; black line denotes perfect prediction) and corresponding 99 

state-specific FLARe-CR associations (right) for the VS-SM and VS-CB domain pairs. 100 

(c) Comparison of connectivity developmental trajectories between observation and 101 



 

 

predicted trajectories using state FLARes; left: VS-SM; right: VS-CB.  (d) Prediction 102 

of future behavioral CRs from earlier state FLARes (purple line) and reverse-time 103 

control analyses using later FLARe values (orange line) within≤ 60-day intervals 104 

(n=75 infants). (e) State-specific associations between FLARe and subsequent 105 

behavioral change rates for eye looking behavior. (f) Comparison of observed behavior 106 

developmental trajectories with reconstructed trajectories using predicted CRs of eye 107 

looking behavior. 108 

 109 
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