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Abstract 36 

Emotion perception is fundamental to affective and cognitive development and is thought to 37 

involve distributed brain circuits. Efforts to chart neurodevelopmental changes in emotion 38 

have been severely hampered by narrowly focused approaches centered on activation of 39 

individual brain regions and small sample sizes. Here we investigate the maturation of human 40 

functional brain circuits associated with identification of fear, anger, sadness, happiness, and 41 

neutral faces using a large sample of 759 children, adolescents, and adults (ages 8-23; 42 

female/male = 419/340). Network analysis of emotion-related brain circuits revealed three 43 

functional modules, encompassing lateral frontoparietal, medial prefrontal-posterior 44 

cingulate, and subcortical-posterior insular cortices, with hubs in medial prefrontal, but not 45 

posterior cingulate, cortex. This overall network architecture was stable by age eight, and it 46 

anchored maturation of circuits important for salience detection and cognitive control, as well 47 

as dissociable circuit patterns across distinct emotion categories. Our findings point to 48 

similarities and differences in functional circuits associated with identification of fearful, 49 

angry, sad, happy, and neutral faces, and reveal aspects of brain circuit organization 50 

underlying emotion perception that are stable over development as well as features that 51 

change with age. Reliability analyses demonstrated the robustness of our findings and 52 

highlighted the importance of large samples for probing functional brain circuit development. 53 

Our study emphasizes a need to focus beyond amygdala circuits and provides a robust 54 

neurodevelopmental template for investigating emotion perception and identification in 55 

psychopathology.  56 
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Significance Statement 57 

Emotion perception is fundamental to cognitive and affective development. However, efforts 58 

to chart neurodevelopmental changes in emotion perception have been hampered by narrowly 59 

focused approaches centered on the amygdala and prefrontal cortex and small sample sizes. 60 

Using a large sample of 759 children, adolescents, and adults and a multipronged analytical 61 

strategy, we investigated the development of brain network organization underlying 62 

identification and categorization of fearful, happy, angry, sad, and neutral facial expressions. 63 

Results revealed a developmentally-stable modular architecture that anchored robust 64 

age-related and emotion category-related changes in brain connectivity across multiple brain 65 

systems that extend far beyond amygdala circuits and provide a new template for 66 

investigation of emotion processing in the developing brain.  67 
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Introduction  68 

Identification of distinct facial expressions, which is fundamental to recognizing the 69 

emotional state of others, begins in infancy and continues to develop throughout childhood 70 

and adolescence (Batty and Taylor, 2006; Thomas et al., 2007; Rodger et al., 2015; Leitzke 71 

and Pollak, 2016; Theurel et al., 2016). How emotions are identified and categorized in the 72 

developing brain remains a fundamental open question. Analysis of task-evoked brain 73 

circuits using a ‘Big Data’ approach has the potential to accelerate foundational knowledge of 74 

emotion perception circuit development, and provide robust templates for understanding 75 

miswiring of functional circuits in developmental psychopathologies. Here, we leverage the 76 

Philadelphia Neurodevelopmental Cohort (PNC) (Satterthwaite et al., 2014) to address 77 

critical gaps in our knowledge regarding the functional circuits of emotion perception and 78 

their development. 79 

 80 

Meta-analyses of neuroimaging studies in adults have identified widely-distributed, and 81 

overlapping functional systems engaged by distinct emotion categories (Kober et al., 2008; 82 

Fusar-Poli et al., 2009). In particular, brain regions associated with three large-scale 83 

functional brain networks are relevant for emotion processing based on their extensive role in 84 

integrating salient cues across cortical and limbic systems. The ‘salience network’ facilitates 85 

rapid detection of personally relevant and salient emotional cues in the environment (Seeley 86 

et al., 2007; Menon and Uddin, 2010; Menon, 2011), the ‘default mode network’ is important 87 

for mentalizing and inferring the emotional states of others (Greicius et al., 2003; Blakemore, 88 
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2008), and the frontoparietal ‘central executive network’ is involved in attention, reappraisal, 89 

and regulation of reactivity to emotional stimuli (Dosenbach et al., 2007; Gyurak et al., 2011; 90 

Tupak et al., 2014; Braunstein et al., 2017; Sperduti et al., 2017). However, previous 91 

neurodevelopmental studies of emotion perception have focused almost exclusively on the 92 

amygdala and its connectivity with the medial prefrontal cortex (mPFC) (Gee et al., 2013; 93 

Vink et al., 2014; Kujawa et al., 2016; Wolf and Herringa, 2016; Wu et al., 2016), with 94 

inconsistent findings (see Table 1 for a summary). While some studies found no age-related 95 

changes (Kujawa et al., 2016; Wolf and Herringa, 2016; Wu et al., 2016), others have 96 

reported increases (Vink et al., 2014; Wolf and Herringa, 2016) or decreases with age (Gee et 97 

al., 2013; Kujawa et al., 2016; Wu et al., 2016) in amygdala activation or connectivity with 98 

the mPFC. In contrast, intrinsic functional connectivity studies have highlighted protracted 99 

developmental changes in distributed brain networks (Power et al., 2010; Menon, 2013), 100 

including developmental changes in amygdala connectivity with subcortical, paralimbic, and 101 

limbic structures, polymodal association, and ventromedial prefrontal cortex (Qin et al., 102 

2012). These findings highlight a critical need for characterizing the development of 103 

task-evoked functional brain circuits and network organization underlying emotion 104 

perception (Barrett and Satpute, 2013).   105 

 106 

Here, we characterize the neurodevelopment of emotion perception circuits leveraging 107 

high-quality data (N=759) from the emotion-identification fMRI task in the PNC, an 108 

unprecedented “Big Data” initiative for charting brain development in a large community 109 
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sample (Satterthwaite et al., 2014) (Figure 1). We first used meta-analysis and community 110 

detection methods to identify and characterize the modular architecture of brain circuits 111 

associated with perception and identification of fearful, angry, sad, happy, and neutral faces. 112 

We then investigated aspects of brain circuit organization that are stable over development in 113 

addition to aspects that changed with age. Lastly, given the challenges of small sample sizes 114 

(Button et al., 2013; Szucs and Ioannidis, 2017; Turner et al., 2018), high false positive rates 115 

(Eklund et al., 2016; Szucs and Ioannidis, 2017), and lack of replicability in neuroimaging 116 

research (Ioannidis, 2005; Eklund et al., 2016; Szucs and Ioannidis, 2017), we evaluated the 117 

reliability of our age-related findings on randomly subsampled independent datasets across a 118 

wide range of sample sizes (Figure 1d) and assessed the replicability of previously reported 119 

findings. Our findings advance a new understanding of emotion circuit development in the 120 

human brain. 121 

 122 

Materials and Methods 123 

Participants 124 

Participants were selected from the Philadelphia Neurodevelopmental Cohort (PNC) aged 8 – 125 

23 years (N = 1495). Data were excluded based on the following criteria: (1) lack of complete 126 

emotion task fMRI data; (2) high in-scanner motion (mean scan-to-scan displacement > 0.2 127 

mm or maximum scan-to-scan displace > 1 mm or maximum displacement > 3 mm); (3) 128 

missing brain coverage; (4) medical rating > 2 (i.e., having significant or major medical 129 

problems); and (5) overall task performance (accuracy) < 70%. 759 participants (fMRI 130 
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sample) survived these exclusion criteria and were included in further behavioral and 131 

neuroimaging analyses (Figure 1a and Table 2). Additional behavioral analysis was 132 

performed to investigate age-related effects on emotion categorization accuracy and reaction 133 

time in a larger sample of 1338 participants (behavioral sample) who had valid behavioral 134 

data. 157 participants with medical issues or incomplete data or incapable of performing the 135 

task were excluded from any analysis. All study procedures were approved by the 136 

institutional review boards of both the University of Pennsylvania and the Children’s 137 

Hospital of Philadelphia (Satterthwaite et al., 2014). 138 

 139 

Behavioral and demographic differences between the neuroimaging and excluded 140 

samples 141 

We examined whether participants in the fMRI (N = 759) and excluded (N = 579) samples are 142 

similar cross-sections of the overall population in terms of age, sex, and behavioral 143 

performance (accuracy and RT). The excluded sample included participants who did not meet 144 

our criteria for inclusion in fMRI data analysis, but were included in the behavioral analysis. 145 

 146 

PNC Emotion identification fMRI task 147 

Participants were presented with faces and were required to categorize them as one of five 148 

emotion categories: neutral, fear, anger, sadness, or happiness. Each face was presented for 149 

5.5 seconds followed by a jittered inter-stimulus interval ranging between 0.5 and 18.5 150 

seconds, during which a complex crosshair that matched perceptual qualities of the face was 151 
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displayed. There were 12 faces per emotion category resulting in 60 total trials (Satterthwaite 152 

et al., 2014).  153 

 154 

Neuroimaging data acquisition and preprocessing  155 

Images were acquired using a 3T Siemens TIM Trio scanner (32 channel head coil), with a 156 

single-shot, interleaved multi-slice, gradient-echo, echo planar imaging sequence (TR/TE = 157 

3000/32 ms, flip angle = 90°, field of view = 192 × 192 mm2, matrix = 64 × 64, slice thickness 158 

= 3 mm). FMRI data were preprocessed and analyzed using Statistical Parametric Mapping 159 

software SPM8 (Wellcome Trust Department of Cognitive Neurology, London, UK). Images 160 

were slice-time corrected, motion corrected, re-sampled to 3 mm × 3 mm × 3 mm isotropic 161 

voxels, normalized to MNI space, spatially smoothed with a 6 mm FWHM Gaussian filter, 162 

and temporally filtered using a high-pass filter with a cutoff frequency of 1/128 Hz.  163 

 164 

Head Motion 165 

Participants with mean scan-to-scan displacement less than or equal to 0.2 mm and maximum 166 

scan-to-scan displace less than or equal to 1 mm and maximum displacement less than or 167 

equal to 3 mm were included in further analysis. In addition to correction for motion 168 

correction at the whole brain level during fMRI preprocessing (as described above), to rule 169 

out any potential residual effects of motion, mean scan-to-scan displacement was included as 170 

a nuisance covariate in all our analyses. 171 

 172 
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Network analysis 173 

Network nodes. To overcome limitations of extant neurodevelopmental studies of emotion 174 

perception and categorization, which have predominantly focused on the amygdala (Gee et 175 

al., 2013; Vink et al., 2014; Kujawa et al., 2016; Wolf and Herringa, 2016; Wu et al., 2016), 176 

we conducted a meta-analysis to identify cortical and subcortical brain regions that are 177 

consistently involved in emotion-related processes. Specifically, using the meta-analysis 178 

toolbox Neurosynth (Yarkoni et al., 2011) and the search term “emotion”, we identified local 179 

peaks (at least 8 mm apart) within each cluster in the forward and reverse inference maps. We 180 

selected peaks in frontal, parietal, medial temporal, limbic and subcortical areas. Regions of 181 

Interest (ROIs) were defined as a 6 mm sphere with an identified peak as center. If a unilateral 182 

peak was detected at a specific region, we included its contralateral counterpart by flipping 183 

the peak coordinate along the x axis.  184 

 185 

Taken together, nodes encompassed the ventromedial, dorsomedial, ventrolateral and 186 

dorsolateral prefrontal cortex (vmPFC, vmPFC, vlPFC, vlPFC), lateral orbitofrontal cortex 187 

(lOFC), inferior and superior parietal lobule (IPL, SPL), subgenual, pregenual, dorsal anterior 188 

and posterior cingulate cortex (sgACC, pgACC, dACC, PCC), pre-supplementary motor area 189 

(preSMA), basolateral amygdala (BLA), dorsal anterior and posterior insula (dAI, PI), 190 

hippocampus and fusiform gyrus (FFG). An additional pair of dorsolateral prefrontal ROIs 191 

superior to the pair identified by Neurosynth were included based on two recent 192 

emotion-regulation meta-analyses (Buhle et al., 2014; Kohn et al., 2014). We also included 193 
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nodes in the ventral anterior insula (vAI), centromedial amygdala (CMA), bed nucleus stria 194 

terminalis (BNST) and nucleus accumbens (NAc) based on their well-known roles in 195 

perception of negative and positive emotions (LeDoux, 2007; Deen et al., 2011; Chang et al., 196 

2013; Floresco, 2015; Lebow and Chen, 2016; Namkung et al., 2017). The vAI node was 197 

identified using Neurosynth and search term “anxiety” (Paulus and Stein, 2006; Etkin, 2010; 198 

Menon, 2011; Blackford and Pine, 2012; Qin et al., 2014), the CMA was identified based on 199 

its cytoarchitectonically-defined probabilistic map using the Anatomy toolbox (Eickhoff et 200 

al., 2005), the BNST node was based on the meta-analysis by Avery et al. (2014), and NAc 201 

was identified based on the Harvard-Oxford atlas distributed with FSL 202 

(http://www.fmrib.ox.ac.uk/fsl/). These procedures identified 50 ROIs consistently 203 

associated with emotion processing (Figure 1b and Table 3). Finally, we further verified 204 

that the activation maps of emotion-related topics encompassed the maps reported in a large 205 

meta-analytic database of fMRI studies (Rubin et al., 2017).   206 

 207 

Emotion-related node-level activity. Task-related brain activation was identified using a 208 

general linear model (GLM) implemented in SPM8. At individual level, brain activation 209 

representing correct trials for each emotion task condition (neutral, fear, anger, sad, or happy) 210 

was modeled using boxcar functions convolved with a canonical hemodynamic response 211 

function and a temporal derivative to account for voxelwise latency differences in 212 

hemodynamic response. An error regressor was also included in the model to account for the 213 

influence of incorrect trials. Additionally, six head movement parameters generated from the 214 
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realignment procedure were included as regressors of no interest. Serial correlations were 215 

accounted for by modeling the fMRI time series as a first-degree autoregressive process. For 216 

each emotion task condition, ROI activity was obtained by averaging the estimated beta 217 

values across voxels within that ROI. 218 

 219 

Emotion-related inter-node connectivity. Functional connectivity was assessed using a beta 220 

series analysis approach (Rissman et al., 2004). At individual level, brain activation related to 221 

each trial was modeled using boxcar functions convolved with a canonical hemodynamic 222 

response function. Six head movement parameters were included as regressors of no interest. 223 

Serial correlations were accounted for by modeling the fMRI time series as a first-degree 224 

autoregressive process. Trial-wise ROI activity was obtained by averaging the estimated beta 225 

values across voxels within that ROI. A beta-series was derived for each ROI each emotion 226 

condition by concatenating trial-wise ROI activity belonging to the same emotion condition. 227 

Only ROI activity corresponding to correct trials were used to construct beta-series. 228 

Condition-wise beta series were demeaned and used to calculate Pearson correlation between 229 

all pairs of ROIs. Pearson correlation coefficients were Fisher-Z transformed and used to 230 

index functional connectivity strength and form emotion-related networks in each participant 231 

(Figure 1c).  232 

 233 

Emotion-related network structure. To determine common patterns of community structure 234 

across all participants, we used a consensus-based approach for identifying functional 235 
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modules (Lancichinetti and Fortunato, 2012; Dwyer et al., 2014) associated with each 236 

emotion. In each participant, the Louvain algorithm (Blondel et al., 2008), as implemented in 237 

the Brain Connectivity Toolbox (Rubinov and Sporns, 2010), was used to first determine the 238 

modular structure of the signed, weighted connectivity matrix (Newman, 2004, 2006). To 239 

handle potential degeneracy of community assignments, we repeated this procedure 1000 240 

times in each participant (Lancichinetti and Fortunato, 2012; Dwyer et al., 2014). In each 241 

iteration, we generated a co-classification matrix in which each element contained 1 if two 242 

nodes were part of the same module and 0 otherwise. The resulting 1000 co-classification 243 

matrices were averaged to generate a co-occurrence matrix indicating the probability of two 244 

nodes being in the same module across 1000 iterations. Co-occurrence matrices were then 245 

averaged across participants to produce a positive, weighted group consistency matrix, with 246 

higher weight in elements of this matrix indicating that two nodes were more frequently 247 

classified in the same module across participants. This group consistency matrix was used to 248 

determine a consensus partition (Lancichinetti and Fortunato, 2012). To evaluate the 249 

influence of resolution parameter Gamma, which tunes the size and number of communities 250 

obtained from modularity maximization (Fortunato and Barthelemy, 2007; Sporns and 251 

Betzel, 2016), the above consensus-based approach was repeated at Gamma values ranging 252 

from 0.1 to 2.0 in increments of 0.1. 253 

 254 

To assess the significance of the modular structure we compared the actual Q to the Q derived 255 

from null networks. Specifically, the group consistency matrix was used to create 1000 null 256 
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networks with preserved weight and degree distributions. For each null network, weak edges 257 

with weight below 0.1 were first set to 0 and Q was calculated 1000 times and used to 258 

establish an empirical null distribution of Q. Q was considered significant if it was larger than 259 

the 95th percentile of the empirical null distribution. 260 

 261 

Emotion-related hubs. To identify hubs in the affective circuits and their development with 262 

age, we first computed nodal degree for each individual and each emotion category. Degree 263 

of a node i is defined as the number of edges connected to that node: 264 

 

where eij is the connection status (0 or 1) between node i and node j, and n is the total number 265 

of nodes (Rubinov and Sporns, 2010). Because the functional matrix is fully connected, a 266 

sparsity condition, based on the ratio of the actual edge number to the maximum possible 267 

edge number in a network, was applied to the connectivity matrix before computing nodal 268 

degree. To minimize the impact of setting an arbitrary level of sparsity, we calculated degree 269 

over a wide range of sparsity (i.e., 10% ≤ sparsity ≤ 40% with an interval of 5%) and then 270 

computed area under the curve (AUC), to obtain an integrated metric of node degree as in 271 

previous studies examining functional circuits (Yan et al., 2013; Lv et al., 2016). A node with 272 

high degree indicates high interconnectivity with other brain nodes. Hub nodes were defined 273 

as nodes with integrated degree metric at least 1 standard deviation above the mean across all 274 

nodes. 275 

 276 
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Generalization of ROIs to the Brainnetome atlas. We used the Brainnetome atlas to 277 

determine robustness and generalizability of findings from the 50 emotion-related 278 

metanalysis-derived ROIs. An advantage of the Brainnetome atlas, compared to other many 279 

other functional brain parcellations, is that it includes both cortical and subcortical clusters 280 

with appropriate anatomical labels (Fan et al., 2016). Specifically, we identified Brainnetome 281 

clusters in which each of the 50 ROIs was located; because 2 ROI pairs were located in the 282 

same Brainnetome cluster, this procedure yielded 46 matching clusters. We then repeated all 283 

our analyses using these spatially extended clusters.  284 

 285 

Statistical analysis  286 

Linear vs. Nonlinear age models. The remainder of our analyses involved assessing 287 

age-related changes in task performance, regional activity, regional connectivity, and intra- 288 

and inter-module connectivity. For task performance, we analyzed both the fMRI (N= 759) 289 

and behavioral (N=1338) samples. We examined three models – linear, quadratic, and cubic 290 

spline – to test for linear and nonlinear age-related effects, and used Bayesian Information 291 

Criteria (BIC) to determine the best model. The vast majority of the analyses indicated that 292 

non-linear models did not fit the data better than linear models. Where appropriate we report 293 

nonlinear age effects that survived FDR correction for multiple comparisons.     294 

 295 

Linear mixed-effect model. To examine main effects of age, emotion, and age by emotion 296 

interactions on task performance and brain measures, we used R package lme4 (Bates et al., 297 
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2015) to perform a linear mixed-effect analysis. As fixed effects, we entered age, emotion, 298 

and age by emotion interactions (regressors of interest) as well as sex, race, and head 299 

movement (regressors of no interest) into the model. As random effects, we had intercepts for 300 

participants. Significance of regressor coefficients were obtained by F-tests. 301 

 302 

Multiple linear regression of age-related changes. For significant age by emotion 303 

interactions, we performed additional analyses to examine age-related changes in each 304 

emotion category. Specifically, we employed multiple linear regression models, with 305 

behavioral or brain measure as dependent variable, age as a covariate of interest, and sex, 306 

race, and head movement as covariates of no interest.  307 

 308 

Development of emotion circuits 309 

Development of emotion-related network structure. To determine how network structure 310 

changes with age, we first determined community structure for each participant and each 311 

group as described above. We then computed the Jaccard index between individual and group 312 

consensus community structures. Specifically, overlap in community structure was computed 313 

using a co-occurrence matrix, with 1 indicating two nodes belonging to the same module and 314 

0 indicating two nodes belonging to different modules. The Jaccard index is defined as the 315 

ratio of the intersection between two matrices divided by their union, ranging from 0 (no 316 

overlap) to 1 (full overlap). A linear mixed-effect model was then applied to the Jaccard index 317 

to determine main effects of age, emotion, and age by emotion interactions. We also 318 
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examined community structure in three distinct age groups, children (8-12 years), adolescents 319 

(13-17 years) and adults (18-23 years), to provide additional insights into the development of 320 

emotion circuits. 321 

 322 

Development of emotion-related intra- and inter-module connectivity. To examine main 323 

effect of age, emotion, and age by emotion interactions on functional interactions between the 324 

module, we assessed the intra-module connectivity, by computing the mean strength of all 325 

connectional weights within a module, and inter-module interaction, by computing the mean 326 

strength of connectional weights between modules, for each individual and each emotion 327 

category. 328 

 329 

Development of emotion-related hubs. To investigate the development of hub nodes, we first 330 

computed the probability of an ROI being a hub in a 1-year age window, separately for each 331 

emotion category. Specifically, for each participant and each emotion category, we identified 332 

hubs (see above) and counted, for each node, how many times it functioned as hub across 333 

participants under a specific emotion category. This count was divided by the total number of 334 

participants within that specific age window to derive a node’s hub probability. To assess the 335 

significance of hub probability, we constructed an empirical null distribution for each region 336 

and each age window under each emotion category. Specifically, we first permuted hub 337 

identity across all nodes within each individual, by randomly designating which nodes were 338 

hubs while keeping the total number of hubs constant over 1000 iterations, and then 339 
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calculated the probability of a brain region being a hub node within each age window for all 340 

permutations. Only nodes with a probability above the 95th percentile of its empirical null 341 

distribution were considered as a significant hub.  342 

 343 

Classification analysis 344 

We used a non-linear SVM classification algorithm with 10-fold cross-validation to assess the 345 

discriminability of regional connectivity measures between all pairs of emotion categories. 346 

The python scikit-learn package (https://scikit-learn.org/stable/) was used to perform this 347 

analysis. Permutation test was used to assess the performance of the classifier. Specifically, 348 

for each pair of emotion categories, data were divided into 10 folds, with those belonging to 349 

the same participant included in the same fold. A non-linear SVM classifier was trained using 350 

nine folds, leaving out one fold. The samples in the left-out fold were then predicted using 351 

this classifier and an accuracy was derived by calculating the percentage of correct 352 

predictions. This procedure was repeated ten times, and a final classification accuracy was 353 

derived by calculating the mean of the 10 left-out accuracy, which was used as a measure of 354 

model performance. Next, the statistical significance of the model was assessed using 355 

permutation test. In each permutation, emotion category labels (e.g., neutral vs. fear) were 356 

randomly exchanged with a probability of 0.5 for each participant. A classifier was trained, 357 

and a classification accuracy was derived using the same scheme described above. 358 

Classification accuracy from 100 permutations were used to construct the empirical null 359 

distribution from which a p-value was computed. 360 
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 361 

Reliability analysis 362 

Behavior. We examined the reliability of our developmental findings and assessed the effect 363 

of sample size on reliability for each emotion category. First, we randomly drew N (sample 364 

size) participants (50 <= N <= 700, incremented by 50) from either the fMRI (N=759), or 365 

behavioral (N=1338), sample without replacement and with the proportion of children (ages 366 

8-12 years), adolescents (ages 13-17 years) and adults (ages 18-23 years) in each subsample 367 

being matched to the fMRI, or behavioral, sample. Second, we assessed developmental 368 

changes in the subsample using multiple linear regression models. Third, we repeated the first 369 

two steps 1000 times at each sample size. Finally, we calculated the probability of observing a 370 

significant age effect with the same direction as the one revealed in the full sample across 371 

1000 runs for each sample size, which was used as the measure of reliability. We defined 372 

findings with reliability above 0.7 as reliable because it is unlikely (p < 2.2e-16) to observe a 373 

significant effect 700 times or more out of 1000 runs, assuming equal probability to observe a 374 

significant or null effect in a run. 375 

 376 

Brain networks. We randomly drew N participants from the fMRI sample (N = 759) and 377 

assessed age-related changes in the subsample using linear mixed-effect model. This was 378 

repeated 1000 times at each sample size across a wide range of sample sizes (50 <= N <= 379 

400). Next, correlation between age effects in regional activity or connectivity across all brain 380 

regions from a subsample and that from the full sample was calculated and then averaged 381 



 

 
 

20 
 

across subsamples at each sample size. The resulting average correlation was used as the 382 

measure of network-level reliability of overall developmental pattern across all brain regions. 383 

We defined reliable findings as those with correlation above 0.7 (i.e., R-square > 0.5), the 384 

point at which the model explains more variance than is unexplained. Finally, we also 385 

constructed empirical null distributions for reliability measured as average correlation, using 386 

the same approach described above, with an additional step that age was permuted in each 387 

subsample before assessing developmental changes. Average correlation above the 95th 388 

percentile of its empirical null distribution was considered as significantly different from null.  389 

 390 

Replication analysis of previous developmental findings related to amygdala circuitry 391 

We examined the development of amygdala activity and connectivity in the current PNC 392 

cohort using coordinates reported in three published task-fMRI studies using similar 393 

emotion face perception tasks, contrasts, and age range as the PNC (Gee et al., 2013; Kujawa 394 

et al., 2016; Wu et al., 2016). Tables 1 and 4 provide details of the studies and coordinates 395 

used. Moreover, we performed additional gPPI (generalized psychophysiological interaction) 396 

analysis to establish amygdala-mPFC connectivity and examine age-related changes as a 397 

similar method (gPPI or PPI) was used in the three published studies. Specifically, gPPI 398 

model included one regressor of seed time series, five regressors of task conditions (neutral, 399 

fear, anger, sadness, or happiness) and their interaction with seed time series, one regressor 400 

of error trials and its interaction with seed time series, six regressors of head movement, and 401 
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one regressor of constant. Replication analysis was then applied to amygdala-mPFC gPPI 402 

connectivity. 403 

 404 

Data and code availability 405 

Raw data associated with this work are available through dbGaP 406 

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000607.v2.p2. 407 

All data analysis scripts used in the study will be made publicly available upon publication. 408 

 409 

Results 410 

Behavioral maturation of emotion identification  411 

We first examined the main effects of age, emotion, and age by emotion interactions on 412 

accuracy (i.e., proportion of correct responses) and median reaction time of emotion 413 

identification in the fMRI sample (N= 759), which included participants who had valid 414 

behavioral and neuroimaging data.  415 

 416 

Accuracy vs age. Our analysis revealed no main effect of age (p > 0.1) but a significant effect 417 

of emotion (F (4, 3028) = 187.156, p < 2.2e-16) and age by emotion interactions (F (4, 3028) 418 

= 5.370, p = 0.0003). Further analysis revealed that accuracy increased with age for Fear (r = 419 

0.151, p = 4.71e-05) and Anger (r = 0.152, p = 3.83e-05) conditions (Figure 2a-i), but not for 420 

Sad (r = -0.028, p = 0.457), Happy (r = 0.064, p = 0.084) or Neutral (r = 0.055, p = 0.144) 421 

conditions.  422 

 423 
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Reaction time vs age. Results revealed a significant age effect (F (1, 1785) = 5.370, p = 424 

1.15e-07), showing that median reaction time decreased with age such that older participants 425 

were faster at identifying emotions. Moreover, there is a significant effect of emotion (F (4, 426 

3028) = 397.167, p < 2.2e-16) and age by emotion interactions (F (4, 3028) = 4.023, p = 427 

0.003). Further analysis revealed that median reaction time decreased with age for all five 428 

emotions (Figure 2a-ii): Fear (r = -0.230, p = 4.62e-10), Anger (r = -0.173, p = 3.11e-6), Sad 429 

(r = -0.111, p = 0.003), Happy (r = -0.235, p = 1.75e-10) and Neutral (r = -0.207, p = 430 

2.01e-08). The significant age by emotion interaction was characterized by differences in 431 

slope between the Sad and Fear conditions and between the Sad and Happy conditions.  432 

 433 

Reliability of age-related changes. We examined the reliability of age-related changes in 434 

relation to sample size. For each emotion category, we used multiple linear regression model 435 

to assess age-accuracy and age-reaction time associations across a wide range of sample sizes 436 

(50 <= N <= 700, increased by 50) with the proportion of children (ages 8-12 years), 437 

adolescents (ages 13-17 years) and adults (ages 18-23 years) in each subsample matched to 438 

the full sample (1000 times per sample size). Reliability was measured as probability of 439 

observing a significant correlation between age and accuracy or reaction time with the same 440 

direction as the one revealed in the full sample. For Fear and Anger, the two emotion 441 

categories that showed a significant age-related increase in accuracy in the full sample, 442 

reliability increased with sample size (Figure 2c-i). Reliability of negative age-reaction time 443 

associations increased with sample size across all five emotion categories (Figure 2c-ii). In 444 
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general, a sample size of 300-350 was needed to identify reliable age-accuracy associations 445 

and a sample size of 200-300 was needed to identify reliable age-reaction time association. 446 

Results also demonstrate that age-related improvements in emotion identification were 447 

strongest for fear and anger, the two high arousal negative emotions.  448 

 449 

Behavioral maturation of emotion identification assessed using the full behavioral 450 

sample 451 

Most developmental neuroimaging studies typically restrict analysis of fMRI-task behavioral 452 

data to participants with high levels of accuracy and low head movement during scanning, as 453 

noted above. The large PNC dataset allowed us to investigate potential biases in age-related 454 

effects in a robust manner using a larger sample of 1338 participants. 455 

 456 

Accuracy vs age. Results revealed significant main effect of age (F (1, 4515) = 53.814, p < 457 

2.6e-13), showing that accuracy increased with age such that older participants were better at 458 

identifying emotions. Moreover, there was a significant main effect of emotion (F (4, 5344) = 459 

344.866, p < 1.86e-264), and age by emotion interactions (F (4, 5344) = 10.434, p < 460 

2.04e-08). Further analysis revealed that accuracy increased with age for Neutral (r = 0.078, p 461 

= 0.006), Fear (r = 0.150, p = 9.32-08), Anger (r = 0.129, p = 6.43e-06), and Happy (r = 462 

0.058, p = 0.044) conditions, but not for the Sad condition (r = 0.036, p = 0.203) (Figure 463 

2b-i). Additional analysis revealed that the age by emotion interaction was driven by slope 464 

differences between Fear and each of the other four conditions, between Anger and Happy 465 
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conditions, and between Neutral and Happy conditions. While all significant findings 466 

revealed in the fMRI sample were replicated in the larger behavioral sample, we also noted a 467 

few additional significant effects in the behavioral sample, including a main effect of age as 468 

well as associations between accuracy and age under Neutral and Happy conditions. 469 

However, these additional age-related effects during Neutral and Happy conditions were 470 

weaker than those during Fear and Anger.  471 

 472 

Reaction time vs age. Results revealed a significant main age effect (F (1, 3091) = 139.818, p 473 

= 1.38e-31), showing that median reaction time decreased with age such that older 474 

participants were faster at identifying emotions. Moreover, there was a significant main effect 475 

of emotion (F (4, 5344) = 594.997, p = 0.000) and age by emotion interactions (F (4, 5344) = 476 

9.162, p = 2.25e-07). Further analysis revealed that median reaction time decreased with age 477 

for all five emotions (Figure 2b-ii): Neutral (r = -0.300, p = 9.57e-28), Fear (r = -0.146, p = 478 

1.85e-21), Anger (r = -0.221, p = 4.76e-15), Sad (r = -0.185, p = 4.84e-11), and Happy (r = 479 

-0.260, p = 5.66e-21). Additional analysis revealed that age by emotion interaction was 480 

driven by slope differences between Fear and Anger/Sad/Happy conditions and between 481 

Neutral and Anger/Sad/Happy conditions. Notably, all significant findings revealed in 759 482 

participants were replicated in this larger behavioral sample. 483 

 484 

Reliability of age-related changes. Reliability of age-related changes as a function of sample 485 

size were conducted using the same procedures as ones used above for the fMRI sample. For 486 
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Fear and Anger, the two emotion categories that showed a significant age-related increase in 487 

accuracy in both the fMRI and the full behavioral samples, reliability increased with sample 488 

size, and in general, a sample size of 300-350 was needed to identify reliable age-accuracy 489 

associations (Figure 2c-i). This finding is not surprising given that the effect size during Fear 490 

and Anger conditions were comparable across the two samples. Moreover, for Sad and 491 

Happy, the two emotion categories that showed a significant age effect only in the full 492 

behavioral sample, reliability increased with sample size but remained low (< 0.5) even at a 493 

sample size of 700, reflecting the small effect size under these two conditions. In addition, 494 

reliability of negative age-reaction time associations increased with sample size across all 495 

five emotion categories, and in general, a sample size of 150-200 was needed to identify 496 

reliable age-reaction time associations (Figure 2c-ii). Results also demonstrate that 497 

age-related improvements in emotion identification were strongest for Fear and Anger, the 498 

two high arousal negative emotions.  499 

 500 

Behavioral and demographic differences between the neuroimaging and excluded samples 501 

Finally, we examined whether participants in the fMRI (N = 759) and excluded (N = 579) 502 

samples are similar cross-sections of the overall population in terms of age, sex, and 503 

behavioral performance (accuracy and RT). The excluded sample included participants who 504 

did not meet our criteria for inclusion in fMRI data analysis, but were included in the 505 

behavioral analysis. We found a significant difference in age between the fMRI and excluded 506 

samples (t (1186) = 11.68, p < 2.2e-16), with participants in the fMRI sample (age: 16.20  507 

3.27) older than participants in the excluded sample (age: 13.99  3.56). Moreover, sex and 508 
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exclusion/inclusion was not independent ( 2(1) = 6.52, p = 0.011), with higher female/male 509 

ratio in the fMRI sample (F/M = 419/340) than that in the excluded sample (F/M = 278/301). 510 

Lastly, we found significant differences in accuracy (t (781) = 8.83, p < 2.2e-16) and RT (t 511 

(998) = -8.87, p < 2.2e-16) between the two samples, with participants in the fMRI sample 512 

showing higher accuracy and faster response (accuracy: 0.92  0.05; RT: 2.29  0.36) than 513 

participants in the excluded sample (accuracy: 0.88  0.10; RT: 2.51  0.51). These findings 514 

are not surprising as children, and boys in particular, usually tend to move more in the scanner 515 

(Yuan et al., 2009; Dosenbach et al., 2017; Engelhardt et al., 2017) so the excluded sample 516 

includes more boys and younger participants, leading to age and performance differences in 517 

the full sample of 1338 participants. 518 

 519 

Meta-analysis of brain areas involved in emotion  520 

To take a broad and inclusive view of cortical and subcortical brain regions involved in 521 

emotion perception, we proceeded in a two-step manner. First, we used the meta-analysis 522 

toolbox Neurosynth (Yarkoni et al., 2011) and the search term “emotion” to identify the most 523 

consistently reported cortical and subcortical regions implicated in emotion processing, 524 

including ventromedial, dorsomedial, ventrolateral and dorsolateral prefrontal cortex 525 

(vmPFC, dmPFC, vlPFC, dlPFC), lateral orbitofrontal cortex (lOFC), inferior and superior 526 

parietal lobule (IPL, SPL), subgenual, pregenual, dorsal anterior and posterior cingulate 527 

cortex (sgACC, pgACC, dACC, PCC), pre-supplementary motor area (preSMA), basolateral 528 

amygdala (BLA), ventral and dorsal anterior insula (vAI, dAI), posterior insula (PI), 529 
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hippocampus (Hipp), and fusiform gyrus (FFG) (Figure 1b and Table 3). Second, given 530 

recent theoretical focus on the salience network (Menon, 2011), specifically the subdivisions 531 

of the insula and the amygdala, we identified additional distinct functional subdivisions of the 532 

anterior insula (vAI: ventral anterior insula) and amygdala (CMA: centromedial amygdala) 533 

and additional subcortical regions, including the bed nucleus of the stria terminalis (BNST) 534 

and the nucleus accumbens (NAc), thought to play distinct functional roles in emotion 535 

processing (LeDoux, 2007; Deen et al., 2011; Chang et al., 2013; Floresco, 2015; Lebow and 536 

Chen, 2016; Namkung et al., 2017). The brain areas identified by this analysis showed strong 537 

overlap with salience, central executive, and default mode networks (Seeley et al., 2007; 538 

Menon, 2011). 539 

 540 

Modular structure of emotion-related circuits is established in childhood and remains 541 

developmentally stable 542 

To investigate how the functional organization of emotion perception circuits change with 543 

age, we first identified the modular structure of inter-regional connectivity, computed using 544 

beta series correlation (Rissman et al., 2004), for each emotion task condition. Next, we 545 

determined common patterns of modular structure across all participants for each emotion 546 

condition, which was used as a template for further analysis. Across all five emotion 547 

categories, we observed three consistent network modules corresponding to a frontoparietal 548 

(FP) module, a mPFC/PCC module, and a subcortical/posterior insula (SPI) module (Figure 549 

3a). This 3-module structure was stable across emotion categories for all values of Gamma > 550 
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0.5; results are reported here for Gamma = 1, the most commonly used value in most fMRI 551 

studies. The modularity value Q for Gamma = 1 was highly significant compared to empirical 552 

null networks with preserved weight and degree distributions (p < 0.001). 553 

 554 

Next, we assessed main effects of age, emotion, and age by emotion interactions on the 555 

Jaccard overlap between individual and template modular structure. Results revealed a 556 

significant emotion effect (F (4, 3028) = 3.656, p = 0.006) but no significant effect of age or 557 

age by emotion interactions (ps > 0.1), indicating that the overall modular structure for all 558 

emotion conditions was stable with age. Additional analysis using the Jaccard overlap 559 

between individual and adult-group modular structure revealed similar results. This was 560 

further confirmed by findings of modular structure within distinct age groups: children (8-12 561 

years), adolescents (13-17 years) and adults (18-23 years) (Figure 3b). Notably, this modular 562 

architecture maps closely onto the triple-network model (Menon, 2011). Finally, a similar 563 

3-module structure was observed when using the 46 spatially extended clusters, 564 

demonstrating the robustness and generalizability of our finding with respect to Brainnetome 565 

functional brain parcellations (Fan et al., 2016). 566 

 567 

Development of hubs underlying emotion perception 568 

We next identified which nodes served as hubs and examined whether these change with age. 569 

Briefly, we identified hub regions for each individual, computed the probability of a brain 570 

region being a hub within a one-year age window for each emotion category and assessed the 571 
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significance of hub probability by permutation. We found that hubs resided in the medial 572 

prefrontal nodes (pgACC, vmPFC, and dmPFC) of the mPFC/PCC module (Figure 4a) and 573 

were stable over age across all five emotion categories (Figure 4b and 4c).  574 

 575 

Developmental changes in intra- and inter-module connectivity  576 

We examined main effects of age, emotion, and age by emotion interactions on intra- and 577 

inter-module connectivity. Results revealed a significant main effect of age for intra-FP 578 

connectivity (F (1, 2692) = 7.015, p = 0.008) and for connectivity between FP and SPI (F (1, 579 

2766) = 5.253, p = 0.022; Figure 3c), indicating that intra-FP and FP-SPI connectivity 580 

increased with age. Results revealed a significant emotion effect in intra-FP (F (4, 3028) = 581 

7.487, p = 5.35e-06), intra-SPI (F (4, 3028) = 4.184, p = 0.002), between FP and mPFC/PCC 582 

(F (4, 3028) = 10.546, p = 1.75e-08), between FP and SPI (F (4, 3028) = 3.980, p = 0.003), 583 

and between mPFC/PCC and SPI (F (4, 3028) = 5.531, p = 1.9e-04) connectivity (Figure 3c 584 

and 3d). Age by emotion interactions is significant for intra-mPFC/PCC connectivity (F (4, 585 

3028) = 2.724, p = 0.028). Further analysis revealed that intra-mPFC/PCC connectivity 586 

increased with age under Fear (F (1, 754) = 3.910, p = 0.048) and Anger (F (1, 754) = 4.579, 587 

p = 0.033) but not the other three emotion categories (ps > 0.1). 588 

 589 

Developmental changes in inter-regional connectivity 590 
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Using the modular architecture identified in the previous sections we examined main effects 591 

of age, emotion, and age by emotion interactions on inter-regional connectivity. All results 592 

are reported at q < 0.05, FDR corrected for multiple comparisons. 593 

 594 

Main effect of age. We found age-related increases within FP and SPI modules, between FP 595 

and SPI modules and between mPFC/PCC and SPI modules, including left dlPFC 596 

connectivity with right dAI, right vAI connectivity with right sgACC and bilateral PI, right 597 

BNST connectivity with right IPL and SPL, and right BLA connectivity with left PI (Figure 598 

5a). We found age-related decreases within mPFC/PCC and SPI modules, including right 599 

sgACC connectivity with left vmPFC and left CMA connectivity with right CMA and left PI. 600 

In addition, we found two links – left NAc connectivity with bilateral dACC – which showed 601 

significant quadratic age effects, consistent with findings in the literature regarding enhanced 602 

sensitivity of dopaminergic reward circuits in adolescence (Padmanabhan et al., 2011; 603 

Padmanabhan and Luna, 2014). 604 

 605 

Main effect of emotion. We found widespread emotion effect, especially within FP module, 606 

between FP and mPFC/PCC modules, between FP and SPI modules, and between 607 

mPFC/PCC and SPI modules (Figure 5a). Classification analysis revealed that it was 608 

sufficient to discriminate all pairs of emotion categories using all inter-regional links (Figure 609 

5c), with classification accuracy ranging from 56.2% to 67.2% and significantly higher than 610 

chance level (ps < 0.01) as assessed by permutation test. 611 
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 612 

Age by emotion interactions. No age by emotion interactions were found. 613 

 614 

Reliability of age-related changes. To examine the robustness of our age-related changes and 615 

the effect of sample size on reliability, we performed reliability analysis (Figure 1d). Briefly, 616 

we randomly drew N (sample size) participants from the full sample and assessed age-related 617 

changes in the subsample using linear mixed-effect model. This was repeated 1000 times at 618 

each sample size across a wide range of sample sizes (50 <= N <= 400, increased by 50). 619 

Correlation between age effects from a subsample and that from the full sample was 620 

calculated and then averaged across subsamples at each sample size. The resulting average 621 

correlation was used to measure the reliability of overall developmental patterns across all 622 

inter-regional links. We found that reliability increased with sample size, that a minimum 623 

sample size of 50 was sufficient for reliability to surpass the 95th percentile of its 624 

corresponding empirical null distribution, and that a minimum sample size of 200 – 250 was 625 

needed to identify reliable (reliability > 0.7) age-related changes (Figure 5b). These results 626 

highlight the robustness of our main age-related effects and indicate that large samples are 627 

needed to produce reliable findings.  628 

 629 

Amygdala responses are invariant with age while FP node responses decrease with age  630 
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We examined main effects of age, emotion, and age by emotion interactions on regional brain 631 

activity in each of the ROIs. All results reported here at q < 0.05, FDR corrected for multiple 632 

comparisons.  633 

 634 

Main effect of age. We found significant age-related decreases in cognitive control regions, 635 

including bilateral preSMA, dACC and DLPFC, left SPL, right IPL, and right LOFC (Figure 636 

6a-i). 637 

 638 

Main effect of emotion. We found a significant emotion effect in all ROIs except bilateral 639 

BNST (Figure 6b). 640 

 641 

Age by emotion interactions. No age by emotion interactions were found.  642 

 643 

Reliability of age-related changes. We performed reliability analysis using the procedure 644 

same to that described in regional connectivity section (Figure 1d). We found that reliability 645 

increased with sample size, that a minimum sample size of 50 – 100 was sufficient for 646 

reliability to surpass the 95th percentile of its corresponding empirical null distribution, and 647 

that a minimum sample size of 150 – 200 was needed to identify reliable (reliability > 0.7) 648 

age-related changes (Figure 6a-ii). These results highlight the robustness of our main 649 

age-related effects and indicate that large samples are needed to produce reliable findings.  650 

 651 
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Replicability of previous developmental findings related to amygdala circuitry  652 

Given the inconsistencies with regards to developmental changes in amygdala recruitment 653 

and connectivity in the extant literature, we further examined age-related changes in the 654 

current large sample using precise anatomical coordinates reported in three previously 655 

published studies with similar emotion face recognition tasks, experimental contrasts, and 656 

age ranges (Table 4) (Gee et al., 2013; Kujawa et al., 2016; Wu et al., 2016). 657 

 658 

Amygdala activity. Gee et al. (2013) reported age-related decreases in right amygdala activity 659 

during fearful face processing. We first included all five emotion categories in our linear 660 

mixed-effect model and did not identify age effect or age by emotion interactions in their 661 

reported amygdala region in the current PNC sample (Fs < 2, ps > 0.1). We further examined 662 

age-related changes for each of the five emotion categories and still did not identify any 663 

age-related changes (Table 5). Kujawa et al. (2016) and Wu et al. (2016) reported no 664 

age-related changes in amygdala activity during identification of happy, fearful, and angry 665 

faces. When we included all five emotion categories in our linear mixed-effect model, we 666 

found no age-related changes or age by emotion interactions (Fs < 1, ps > 0.1). When we 667 

included only Fear, Anger and Happy, the three emotion categories used in Kujawa et al. 668 

(2016) and Wu et al. (2016) studies, we found significant age-related increases (F (1,1886) = 669 

4.357, p = 0.037, effect size = 0.076) and age by emotion interactions (F (2, 1514) = 5.804, p 670 

= 0.003) in left amygdala using coordinates reported in Kujawa et al. (2016), and significant 671 

age-related increases (F (1,1681) = 4.962, p = 0.026, effect size = 0.081) in right amygdala 672 
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using coordinates reported in Wu et al. (2016). We further examined age-related changes for 673 

each of the five emotion categories. Age-related increases were found in the left amygdala 674 

under Fear, Sad and Happy using coordinates reported in Kujawa et al. (2016) and in bilateral 675 

amygdala under Fear, Sad, and/or Happy using coordinates reported in Wu et al. (2016) 676 

(Table 5). In summary, our replication results from the large sample are partially consistent 677 

with Kujawa et al. (2016) and Wu et al. (2016) findings and inconsistent with Gee et al. 678 

(2013) finding (Table 7). 679 

 680 

Amygdala connectivity. Gee et al. (2013) reported age-related decreases in the right 681 

amygdala-vmPFC connectivity during fearful face processing. We included five emotion 682 

categories in our linear mixed-effect model and did not identify age effect or age by emotion 683 

interactions in their reported amygdala-VMPFC regions in the current PNC sample (Fs < 1, 684 

ps > 0.1). We further examined age-related changes for each of the five emotion categories 685 

and did not identify any age-related changes (Table 6). Kujawa et al. (2016) reported 686 

age-related decreases in bilateral amygdala-dACC connectivity during happy, angry, and 687 

fearful face identification in typically developing individuals. When we included five 688 

emotion categories in linear mixed-effect model, we found no age-related changes or age by 689 

emotion interactions using the reported coordinates (Fs < 1, ps > 0.1). When we included only 690 

Fear, Anger and Happy, the three emotion categories used in Kujawa et al. (2016) study, we 691 

found a significant age-related increases in right amygdala-dACC connectivity (F (1, 2011) = 692 

8.250, p = 0.004, effect size = 0.104). We further examined age-related changes for each of 693 
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the five emotion categories. Age-related increases were found in left amygdala-dACC under 694 

Fear and Happy and in right amygdala-dACC under Fear, Anger and Sad (Table 6). Finally, 695 

Wu et al. (2016) reported age-related decreases in bilateral amygdala-mPFC/ACC during 696 

identification of fearful, angry, and happy faces. When we included all five emotion 697 

categories in linear mixed-effect model, we found no age effect or age by emotion 698 

interactions (Fs < 2, ps > 0.1). When we included only Fear, Anger and Happy, the three 699 

emotion categories used in Wu et al. (2016) study, we found a significant age-related 700 

increases in right amygdala connectivity with left mPFC (F (1, 2041) = 8.046, p = 0.005, 701 

effect size = 0.103) and right ACC (F (1, 2037) = 6.749, p = 0.009, effect size = 0.094). We 702 

further examined age-related changes for each of the five emotion categories and found 703 

age-related increases in bilateral amygdala-mPFC/ACC connectivity under Fear and/or 704 

Anger (Table 6).  705 

 706 

Amygdala connectivity (gPPI analysis). Because previous developmental studies of 707 

amygdala connectivity have used PPI (Gee et al., 2013) or gPPI techniques (Kujawa et al., 708 

2016; Wu et al., 2016), we conducted additional analyses using a similar approach. When we 709 

included the five emotion categories in linear mixed-effect model, we did not find a main 710 

effect of age, or age by emotion interactions in analyses using coordinates from the three 711 

studies (Fs < 1.5, ps > 0.1). When we included only Fear, Anger and Happy in linear 712 

mixed-effect model, we did not identify age effect or age by emotion interactions in any of the 713 

amygdala connectivity using coordinates from Kujawa et al. (2016) and Wu et al. (2016) 714 
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studies (Fs < 2.2, ps > 0.1). Finally, we examined age-related changes for each emotion 715 

category. Results revealed no age effect using coordinates reported in Gee et al. (2013) study 716 

(Fs < 2, ps > 0.1) but significant age-related increases in bilateral amygdala-dACC 717 

connectivity under Fear (left: F (1, 754) = 5.602, p = 0.018, effect size = 0.088; right: F (1, 718 

754) = 4.605, p = 0.032, effect size = 0.080) using coordinates reported in Kujawa et al. 719 

(2016) study as well as in left amygdala-mPFC connectivity under Fear (F (1, 754) = 7.041, p 720 

= 0.008, effect size = 0.099) using coordinates reported in Wu et al. (2016) study. These 721 

results are consistent with those derived using beta time series analysis, as described in the 722 

previous section. 723 

 724 

Taken together, these results point to poor replicability of previous developmental findings 725 

on amygdala connectivity associated with emotion processing (Table 7). 726 

 727 

Discussion 728 

A large sample of children, adolescents, and young adults with high quality emotion 729 

perception task fMRI data from the PNC (Satterthwaite et al., 2014) afforded us an 730 

unprecedented opportunity to address critical gaps in our knowledge regarding the 731 

development of human emotion identification circuits. We employed a multipronged 732 

analytical strategy to investigate the development of functional circuits associated with 733 

perception and identification of five distinct emotion categories: fear, anger, sadness, 734 

happiness, and neutral. Our analysis disentangled aspects of emotion-related brain circuitry 735 
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that were stable over development and those that changed with age. We found a 736 

developmentally-stable modular architecture anchored in the salience, default mode and 737 

central executive networks, with hubs in the mPFC and emotion-related reconfiguration of 738 

the salience network. Developmental changes were most prominent in fronto-parietal circuits 739 

important for salience detection and cognitive control. Crucially, reliability analyses provided 740 

quantitative evidence for the robustness of our findings. Our findings provide a new template 741 

for investigation of emotion processing in the developing brain. 742 

 743 

Maturation of emotion identification and specificity with respect to high arousal 744 

negative emotions   745 

Behaviorally, facial emotion identification emerges early in infancy with continued 746 

improvements through childhood and adolescence (Batty and Taylor, 2006; Thomas et al., 747 

2007; Rodger et al., 2015; Leitzke and Pollak, 2016; Theurel et al., 2016). We found that 748 

although emotion identification accuracy was high for all five emotion categories even in the 749 

youngest individuals (age 8), identification of Fear and Anger emotion categories improved 750 

significantly with age, consistent with previous reports (Gee et al., 2013; Kujawa et al., 2016; 751 

Wu et al., 2016). These findings suggest that high arousal negative (“threat-related”) 752 

emotions show more prominent differentiation, allowing for further sharpening of emotion 753 

concepts with age (Widen, 2013; Nook et al., 2017).  754 

 755 

Architecture and developmental stability of emotion circuitry 756 
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Network analysis of inter-regional connectivity provided novel evidence for a 757 

developmentally stable architecture of emotion-related circuitry. We found three distinct 758 

communities (FP, mPFC/PCC, and SPI) that shared similarities with canonical intrinsic 759 

salience, central executive, and default mode networks (Menon, 2011), with some key 760 

differences.  761 

 762 

We found significant reconfiguration of the salience network during emotion identification, 763 

including segregation of individual insula subdivisions, amygdala, and dACC, into separate 764 

modules. The dorsal AI and the dACC grouped with the FP community of cognitive control 765 

systems while the ventral AI, PI, and amygdala grouped with the SPI module of 766 

subcortical/limbic systems. This is noteworthy because the dorsal, ventral, anterior, and 767 

posterior subdivisions of the insula play distinct and integrative roles in cognitive-affective 768 

aspects of emotion perception (Craig, 2009; Menon and Uddin, 2010; Uddin et al., 2014). 769 

Findings provide novel evidence that the overall functional architecture of emotion 770 

identification is largely stable across development and different categories of emotion. 771 

 772 

Multiple mPFC regions form a developmentally stable core of emotion circuitry  773 

Network analysis also revealed developmentally stable hubs in mPFC regions pgACC, 774 

vmPFC, and dmPFC across all five emotion categories. These regions play central roles in 775 

socio-emotional processing (Phillips et al., 2003; Ochsner et al., 2004; Peelen et al., 2010) 776 

The vmPFC and dmPFC are thought to be important for self-referential processing and 777 
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mentalizing (Ochsner et al., 2012; Dixon et al., 2017), while the pgACC is important for 778 

awareness of one’s own emotions (Lane et al., 2015; Dixon et al., 2017). Lastly, our results 779 

are in line with the theoretical framework that the mPFC plays a central role in emotion 780 

categorization by tuning other brain systems to distinct emotion categories (Heberlein et al., 781 

2008; Roy et al., 2012; Barrett and Satpute, 2013; Satpute et al., 2013; Satpute et al., 2016). 782 

 783 

Surprisingly, while the PCC was part of the same module as the mPFC, it was not a hub 784 

region, despite being consistently identified as hub in intrinsic functional connectivity studies 785 

(Buckner et al., 2008; Fransson and Marrelec, 2008; Greicius et al., 2009; Andrews-Hanna et 786 

al., 2010). These key differences between intrinsic and task-based network organization 787 

argues for the critical importance of characterizing task-dependent brain circuits.  788 

 789 

Modular and regional connectivity changes are largely driven by emotion category and 790 

are stable with age  791 

Anchored on a stable modular architecture, we found significant differences in intra- and 792 

inter- module and regional connectivity associated with emotion category, and to a lesser 793 

degree age. Prominent differences between emotion categories provides evidence that 794 

distinct emotions, although anchored in a common modular architecture, may be represented 795 

differently in the brain at the network level (Kragel and LaBar, 2015; Saarimaki et al., 2016). 796 

Our SVM-based classification provides evidence of unique brain connectivity patterns 797 
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elicited by each emotion category and indicate differential patterns of distributed network 798 

connectivity patterns involving the same regions (Barrett, 2017). 799 

 800 

While module connectivity was largely developmentally stable, two findings of age-related 801 

changes are noteworthy. First, significant age-related increases in FP intra-module 802 

connectivity point to continued maturation of FP control systems underlying emotion 803 

categorization over development (Ahmed et al., 2015; Guyer et al., 2016). Second, 804 

age-related increases in mPFC/PCC intra-module connectivity during identification of fearful 805 

and angry faces suggest that maturation of midline DMN systems underlie continued 806 

developmental improvements in perception of threat and high emotion-arousal emotions. 807 

Lastly, significant developmental changes in regional connectivity centered predominantly 808 

on the insula, a core node of the salience network, highlighting a central and previously 809 

underrecognized role of the insula in the development of emotion perception and 810 

identification.  811 

 812 

Developmental changes in amygdala reactivity and amygdala-PFC circuits  813 

Surprisingly, we did not detect developmental changes in the amygdala and its functional 814 

circuity, given that amygdala and its connectivity with the mPFC have been the focus of 815 

developmental studies of emotion processing, but with contradictory findings (see Table 1 816 

for a summary). To address these discrepancies, we examined amygdala activity and 817 

amygdala-mPFC connectivity in our PNC cohort using specific amygdala seed and mPFC 818 
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target regions from three published studies with similar emotion face recognition tasks, 819 

experimental contrasts, and age ranges (Gee et al., 2013; Kujawa et al., 2016; Wu et al., 820 

2016). We were unable to replicate the findings of these previous studies, suggesting that 821 

small samples and not differences in amygdala and mPFC coordinates are a major contributor 822 

to the discrepancies between the current and previous studies. These findings suggest that a 823 

narrow focus on amygdala-mPFC connectivity has precluded characterization of other 824 

important brain regions, most notably the insula and other PFC regions, underlying the 825 

development of emotion perception and categorization.  826 

 827 

Further studies are needed to determine the extent to which differences in experimental 828 

design contributed to inconsistent patterns of developmental changes in amygdala activity 829 

and connectivity reported in previous studies. Critically, addressing this question will require 830 

much larger developmental samples than used in previous studies, along with stability and 831 

reliability analyses as in the present study.  832 

 833 

Neutral faces engage emotion circuitry in the context of emotion identification  834 

Another surprising finding of our study was that neutral faces showed distributed and strong 835 

levels of activity and connectivity across the three modules. Disambiguation of neural faces 836 

from other emotions would require perception, evaluation, and decision-making and, as our 837 

data indicates, engage emotion perception and categorization circuits. Moreover, the 838 

classification rates for neutral faces were no different from those between the other emotions. 839 
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These findings suggest that previous findings with neutral faces as a control condition in 840 

emotion identification tasks should be reassessed and interpreted with caution. This is also an 841 

important consideration for future studies of emotion identification.  842 

 843 

Reliability analyses highlight robustness of findings 844 

Lack of replication arising from small sample sizes is a significant problem in neuroscience 845 

research (Button et al., 2013; Szucs and Ioannidis, 2017). We examined the robustness of our 846 

findings by assessing reliability of findings at different sample sizes (Schaer et al., 2015; 847 

Moser et al., 2018; Turner et al., 2018). We found that sample sizes of about 200 – 300 848 

allowed us to achieve a reliability of 0.70 and higher, providing strong evidence for the role of 849 

sample size in generating potentially reproducible findings and that the modest sample sizes 850 

of 25-65 used in previous studies have low reliability (< 0.5). 851 

 852 

It is also important to note that logistical challenges often preclude individual research groups 853 

from collecting large samples of data, which can significantly impede scientific progress 854 

(Nee, 2018). The recent curation and sharing of large-scale neurodevelopmental datasets, 855 

such as the PNC, provide a promising solution to this challenge and afford the opportunity to 856 

begin reconciliation of mixed findings in the extant literature.  857 

 858 

Conclusions 859 
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Emotion identification and categorization are fundamental to affective and cognitive 860 

development and involve integration of multiple widely distributed brain systems. We 861 

employed quantitatively rigorous procedures that span multiple levels of regional, circuit, and 862 

network analysis and provide robust evidence for shared, unique, stable, and changing neural 863 

fingerprints of emotion perception development from childhood to adulthood. We stress the 864 

importance of large sample sizes and a systems-wide brain networks approach for 865 

understanding the development of human emotion perception.  866 
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Figure Legends 1101 
 1102 
Figure 1. Schematic view of participant selection procedure and main analysis steps. a 1103 
From the original 1495 participants, 157 were excluded due to incomplete data, medical 1104 
problems, poor brain coverage, or not being able to perform the task. 567 participants were 1105 
excluded due to excess head motion and 12 participants were excluded due to low task 1106 
accuracy. 759 participants ages 8 – 23 years survived these exclusion criteria. b Brain regions 1107 
of interest (ROI) involved in emotion perception were identified using meta-analysis 1108 
implemented in Neurosynth (Yarkoni et al., 2011). They included ventromedial, dorsomedial, 1109 
ventrolateral and dorsolateral prefrontal cortex (vmPFC, dmPFC, vlPFC, dlPFC), lateral 1110 
orbitofrontal cortex (lOFC), inferior and superior parietal lobule (IPL, SPL), subgenual, 1111 
pregenual, dorsal anterior and posterior cingulate cortex (sgACC, pgACC, dACC, PCC), 1112 
pre-supplementary motor area (preSMA), basolateral amygdala (BLA), ventral and dorsal 1113 
anterior insula (vAI, dAI), posterior insula (PI), hippocampus (Hipp), and fusiform gyrus 1114 
(FFG). Subcortical ROIs, including centromedial (CMA) nuclei of the amygdala, bed nucleus 1115 
stria terminalis (BNST) and nucleus accumbens (NAc) were identified using anatomical 1116 
atlases (see also Table 3). ROIs were overlaid on a reference brain surface using BrainNet 1117 
Viewer (Xia et al., 2013). c Network analysis steps used to investigate development of the 1118 
affective circuits. i. ROI beta series were derived from each task condition (fear, anger, sad, 1119 
happy, or neutral) for each individual. ii. Functional connectivity matrices were computed for 1120 
each individual. iii. Functional connectivity matrices were fed into a community detection 1121 
algorithm to determine community structure of the ROIs. iv. ROI nodal degree was computed 1122 
over a wide range of sparsity (10% ≤ sparsity ≤ 40% with an interval of 5%) and then an 1123 
integrated metric of nodal degree was obtained by computing the area under the curve (AUC). 1124 
v. Intra- and inter-module interactions were computed. vi. Deviation of individual community 1125 
structure from template community structure were measured as the Jaccard overlap between 1126 
the two. vii. ROIs were further categorized into hubs or non-hubs and then probability of a 1127 
ROI to be a hub within each age year was calculated. Permutation test was used to assess hub 1128 
significance. viii. These resulting brain metrics were further fed into linear mixed-effect 1129 
models to assess age, emotion, and age emotion effects. d Reliability analyses assessed the 1130 
robustness of age-related findings and the effect of sample size. Briefly, we randomly drew N 1131 
(sample size) participants from the full sample and assessed age-related changes in the 1132 
subsample. This was repeated 1000 times across a wide range of sample sizes (50 <= N <= 1133 
400, increased by 50). Correlation between age effects from a subsample and that from the 1134 
full sample were calculated and then averaged across subsamples for each sample size. The 1135 
resulting average correlation was used to measure reliability. 1136 
 1137 
Figure 2. Developmental changes in behavior and reliability. Accuracy The ability to 1138 
correctly identify high arousal negative (threat-related) emotions (fear and anger) improved 1139 
with age in both the fMRI (a-i) and full behavioral samples (b-i). Note that only reliability of 1140 
significant effects were assessed. Reaction Time. Time to identify an emotion decreased with 1141 
age across all five emotion categories in both the fMRI (a-ii) and full behavioral samples 1142 
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(b-ii). c Reliability was measured as the probability of observing a significant correlation 1143 
between accuracy and age or that between reaction time and age. i. Accuracy. Reliability of 1144 
age-accuracy associations increased as sample size increased for conditions that showed 1145 
significant age-related changes in accuracy in the fMRI (solid line) and the full behavioral 1146 
(dashed line) samples. ii. Reaction Time. Reliability of age-reaction time associations 1147 
increased as sample size increased for all five emotion categories in the fMRI (solid line) and 1148 
the full behavioral (dashed line) samples. In general, a sample size of 300 – 350 was needed 1149 
to identify reliable (reliability > 0.7) age-accuracy association and that of 200 was needed to 1150 
identify reliable age-reaction time association. 1151 
 1152 
Figure 3. Main effects of age and emotion on modular organization and connectivity. a i. 1153 
Three functional modules were identified across all participants: the frontoparietal (FP) 1154 
module (red), medial prefrontal cortex/posterior cingulate cortex (mPFC/PCC) module 1155 
(green), and subcortical/posterior insula (SPI) module (yellow). ii. As shown in the group 1156 
consistency matrix, the FP module (red border) includes bilateral dorsolateral and 1157 
ventrolateral prefrontal cortex (dlPFC, vlPFC), dorsal anterior insula (dACC), dorsal anterior 1158 
cingulate cortex (dACC), pre-supplementary motor area (preSMA), inferior and superior 1159 
parietal lobule (IPL, SPL), and fusiform gyrus (FFG). The mPFC/PCC module (blue border) 1160 
includes bilateral nucleus accumbens (NAc), subgenual and pregenual anterior cingulate 1161 
(sgACC, pgACC), posterior cingulate cortex (PCC), and ventromedial and dorsomedial 1162 
prefrontal cortex (vmPFC, dmPFC). The SPI module (yellow border) includes bilateral 1163 
basolateral and centromedial amygdala (BLA, CMA), ventral anterior and posterior insula 1164 
(vAI, PI), bed nucleus stria terminalis (BNST), and hippocampus (Hipp). The color bar 1165 
indicates the probability of two nodes being classified in the same module across participants. 1166 
b As shown in the group consistency matrices, overall modular structure is stable across all 1167 
five emotion categories and age groups (children: 8-12 y/o, adolescents: 13-17 y/o, and 1168 
adults: 18-23 y/o). c Intra-FP connectivity and FP-SPI connectivity increased with age; 1169 
Intra-FP, intra-SPI, and all inter-module connectivity measures varied across emotions; 1170 
age-related changes in intra-mPFC/PCC connectivity was modulated by emotion category. d 1171 
Intra- and inter-module connectivity varied across emotions. Data are represented as mean  1172 
SEM. 1173 
 1174 
Figure 4. Developmentally-stable hubs in medial prefrontal cortex. a ROI nodal degree 1175 
for each emotion category. Node size is in proportion to integrated nodal degree measure. b 1176 
Probability measures averaged across all regions within each module at each age year. 1177 
Overall, the medial prefrontal cortex/posterior cingulate cortex (mPFC/PCC) module has a 1178 
higher probability to be a functional hub across age than the frontoparietal (FP) and 1179 
subcortical/posterior insula (SPI) modules. Data are represented as mean  SEM. c Multiple 1180 
regions of the mPFC/PCC module, including the pregenual anterior cingulate cortex 1181 
(pgACC), ventral medial prefrontal cortex (vmPFC), and dorsal medial prefrontal cortex 1182 
(dmPFC) of the mPFC/PCC module were identified as functional hub regions for all five 1183 
emotion categories and were stable over development. Here, probability matrices are masked 1184 
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by the 95th percentile of empirical null distribution at each region and age year, with 1185 
probability values less than or equal to the 95th percentile set as 0. An age year includes all 1186 
participants whose age was larger than or equal to the current age year and less than the next 1187 
age year (e.g., Age 8 includes all participants with age >= 8 and < 9).  1188 
 1189 
Figure 5. Main effects of age and emotion on regional connectivity. a Connectivity within 1190 
FP and SPI modules, between FP and SPI modules and between mPFC/PCC and SPI modules 1191 
increased with age, including left dlPFC connectivity with right dAI, right vAI connectivity 1192 
with right sgACC and bilateral PI, right BNST connectivity with right IPL and SPL, and right 1193 
BLA connectivity with left PI. Connectivity within mPFC/PCC and SPI modules decreased 1194 
with age, including right sgACC connectivity with left vmPFC and left CMA connectivity 1195 
with right CMA and left PI. Emotion effects are widespread, especially within FP module, 1196 
between FP and mPFC/PCC modules, between FP and SPI modules, and between 1197 
mPFC/PCC and SPI modules. b Reliability of age-related changes in regional connectivity 1198 
across all brain regions increased with sample size. A sample size of 50 is sufficient for 1199 
reliability to surpass the 95th percentile of its corresponding empirical null distribution 1200 
(dashed line), and a minimum sample size of 200 – 250 was needed to identify reliable 1201 
age-related changes. c Classification analysis showed that it was sufficient to discriminate all 1202 
pairs of emotion categories using all inter-regional links, with classification accuracy ranging 1203 
from 56.2% to 67.2% and significantly higher than chance level as assessed by permutation 1204 
test. 1205 
 1206 
Figure 6. Main effects of age and emotion on regional activity. a i. Brain regions showing 1207 
age-related changes. Activity in cognitive control regions, including bilateral preSMA, 1208 
dACC and DLPFC, left SPM, right IPL, and right LOFC, decreased with age. Node size was 1209 
scaled to present effect size of age-related decrease. ii. Reliability of age-related changes 1210 
across all brain regions. A minimum sample size of 50 – 100 was needed for reliability to 1211 
surpass the 95th percentile of its corresponding empirical null distribution (dashed line), and a 1212 
minimum sample size of 50 – 100 was needed to identify reliable (correlation > 0.7) 1213 
age-related changes. b i. Brain regions showing emotion effects. Node size was scaled to 1214 
present F value of emotion effect. ii. Activity in all brain regions except bilateral BNST 1215 
varied across emotion category.  1216 

 1217 



















±
±

±
±

±
±
±
±
±
±
±
±
±
±









F (1, 754) p Effect Size 

−

−

−

−

−



F (1, 754) p Effect Size 



−




