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Facial expressions are critical social cues for deciphering others’ emotional states and intentions.
While the neural architecture supporting emotional face processing is well established, few studies
have examined the developmental trajectory of the underlying oscillatory dynamics. Using
magnetoencephalography in a large typically-developing sample (6-17 years-old), we quantified
neural oscillations during gender judgments of angry, happy, and neutral faces. Alpha/beta responses
to neutral faces increased with age in the posterior superior temporal cortices and decreased in the
prefrontal cortex, indicating a shift toward posterior processing. Gamma oscillations increased with
age for angry and neutral faces in the temporoparietal junction and fusiform, suggesting enhanced
specialization for processing threatening and ambiguous stimuli. Happy faces elicited age-related
gamma decreases in attention cortices, implying less attentional demand for positive faces. These
findings offer the largest assessment to date of developmental changes in the neural dynamics
supporting facial expression processing and mechanisms relevant to emerging psychopathology.

Facial expressions are important multi-dimensional cues that convey a
wealth of information about the emotional states and behavioral intentions
of others'”. The ability to perceive and understand emotions through facial
expressions is considered to be evolutionarily essential for guiding inter-
personal interactions and behaviors, given their complex social and moti-
vational significance. Building upon the influential framework proposed by
Haxby and colleagues, a revised dual face perception model proposes two
interactive pathways (i.e., ventral and dorsal; refs. 3,4). The ventral stream is
primarily associated with our ability to perceive and distinguish facial
expressions through the construction of invariant representations, whereas
the dorsal pathway plays a key role in ongoing social interactions by pro-
cessing rapidly changing aspects of faces, such as expression, gaze, and
mouth movement. Neuroimaging studies have also identified face-selective
regions along these pathways, including the fusiform gyrus, anterior tem-
poral lobe, anterior and posterior regions of the superior temporal sulcus
(STS), lateral occipital cortex (LOC), prefrontal cortex (PFC), and the
inferior frontal gyrus™®. Among these, the posterior superior temporal
sulcus serves as a central hub, integrating form and movement information

and projecting to other networks, including limbic and frontoparietal
areas”'’. These extended networks function to facilitate social, cognitive, and
regulatory processes, such as the evaluation of social feedback, self-regula-
tion, and mentalization™'™"".

The neural architecture supporting face processing is available as early
asinfancy'*"'°and continues to develop into adolescence'”**. This protracted
developmental trajectory is marked by increased functional connectivity
and continued specialization in core and extended face-processing areas'’™*".
Several regions supporting facial expression processing in adults, such as the
STS, LOC, and PFC have also been shown to support face processing in early
infancy, suggesting the partial activation of most regions of the social brain
network from three months onward**’. Notably, while the PEC is one of the
last brain regions to fully mature™”, it responds early to social stimuli,
including emotional faces, underscoring its foundational role in processing
social information. Ventromedial regions of the PFC, in particular, have
been implicated in social cognitive functions such as mentalizing and self-
referential processing, based largely on evidence from adult neuroimaging
studies®®. Furthermore, through its connections to posterior regions, the
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PFC helps direct attentional resources and integrate sensory input to help
regulate cognitive and emotional responses in both adult” and pediatric
populations™. This interaction between social information and attention
highlights the PFC’s capacity to prioritize and interpret social cues from the
environment, shaping how children learn from and respond to their social
experiences.

Facial expressions differ in motivational salience throughout devel-
opment, contributing to age-related differences in the neural and behavioral
processing of happy, angry, and neutral faces. A large body of developmental
research demonstrates that an attentional bias toward threatening cues, like
angry faces, is normative and emerges early in life*” . Anger conveys goal-
directed interpersonal threat and is recognized with above-chance accuracy
by children as young as six’’, making it developmentally appropriate and
socially salient for studies spanning abroad age range. In contrast, happy
faces are more easily recognized across all ages, likely due to their familiarity,
predictability, and positive valence***. Neutral faces, however, are known to
pose a challenge for youth to categorize due to their ambiguous nature. In
early neuroimaging studies, neutral faces were often used as a control
condition to identify the specific neural underpinnings of emotions that
were thought to be more arousing (e.g., anger)*”’”. However, subsequent
studies have shown that neutral faces are not always perceived as emo-
tionally neutral®; they may be seen as cold or threatening due to the
expectation of positive social interactions™. Indeed, both children and adults
tend to rate neutral faces with negative valence**, particularly when pre-
sented with other negative faces”. In their motivational relevance frame-
work, Maratos and Pessoa argue that individuals should be motivated to
attend to ambiguous stimuli because attention is necessary to determine
relevance®. This process of disambiguation may be especially demanding
during development, when social-cognitive and regulatory systems are still
maturing. Importantly, alterations in the developmental trajectory of these
processes have been implicated in neurodevelopmental disorders (e.g.,
autism), mental health disorders that become increasingly prevalent in
adolescence (e.g., anxiety and depression), and adult-onset psychiatric
disorders (e.g., schizophrenia)**~¥. Children’s ability to recognize and
understand facial expressions has also been found to predict social success*
and school performance”. Therefore, research on typically developing
children is essential as it establishes a baseline for the development of facial
expression processing.

While much prior research on emotional face processing has relied on
functional MRI (fMRI) and event-related potentials (ERP)***", these
approaches are limited in capturing the full spatiotemporal dynamics of
neural activity. Magnetoencephalography (MEG), by contrast, offers a
unique combination of millisecond temporal resolution and excellent spa-
tial precision, enabling detailed examination of cortical neural oscillations
across spectral bands that are thought to reflect distinct neurocomputational
functions. For example, alpha and beta oscillations are commonly linked to
top-down processes, including attentional control and inhibition of task-
irrelevant information®, whereas gamma-band activity is associated with
local processing demands and bottom-up prediction error signaling’*™.
Developmental changes in oscillatory power are thought to reflect dynamic
shifts in cortical excitability, efficiency, and integration of specific compu-
tational processes. MEG studies on face processing in children do exist™™",
though investigations specifically examining dynamic oscillatory responses
to varying emotional expressions remain limited.

In this study, we utilized high-density MEG in a large sample of chil-
dren and adolescents to investigate the development of oscillatory neural
responses across different spectral bands supporting the processing of angry,
happy, and neutral facial expressions. We expected age-related alterations in
the neural dynamics supporting face processing overall, as well as alterations
that vary based on the emotion being processed, given that socio-affective
cues are increasingly salient across development as children become more
socially motivated, sensitive to peer evaluation, and capable of complex
mentalizing”*®. We hypothesized that while fewer neural resources would
be required to process happy faces across development, neutral and angry
faces would engage stronger neural oscillations and involve more

widespread neural representations, as they are more context-dependent.
Such stronger neural oscillations may reflect the need to resolve the emo-
tional ambiguity and process the social relevance of these expressions.
Specifically, we expected these dynamics to involve a broader network of
face-processing areas, including areas involved in emotional interpretation
and social cognition.

Results
Demographic and behavioral analyses
Seventeen out of the 186 original participants were excluded due to poor
performance, excessively noisy MEG data, or technical issues. The
remaining 169 participants (Mg, = 10.50 years, SD,g = 2.72 years; 93 males;
154 right-handed) included 141 who identified as Caucasian/White, 22 as
multiracial, 4 as African American/Black, one as Asian, and one who did not
report race. Mean reaction times were 861.79 ms (SD = 161.74 ms) for angry
faces, 853.95 ms (SD = 156.08 ms) for happy faces, and 859.88 ms (SD =
160.30) for neutral faces. The average accuracy for the gender of the faces
was 92.85% (SD =5.02%) for angry faces, 93.76% (SD = 4.45%) for happy
faces, and 93.14% (SD = 5.47%) for neutral faces. After trimming trials that
were 3 SD or more away from the participant’s mean response time, we
conducted separate repeated-measures ANCOVAs for the reaction time
and accuracy data and found significant effects of age on reaction time (F(1,
163) = 101.80, p < 0.001, n,* = 0.38, 95% CI [0.32, 0.44]) and accuracy (F(1,
162) = 34.20, p < 0.001, n,* = 0.17, 95% CI [0.08, 0.28]; Fig. 1b). We did not
observe significant main effects of expression or age-by-expression inter-
action effects in the behavioral data. All behavioral analyses were completed
using SPSS (Version 29).

MEG sensor- and source-level analyses

Statistical analysis of time-frequency spectrograms revealed significant
alpha/beta (11-20 Hz) and gamma (64-84 Hz) oscillatory responses in
sensors near the occipital and parietal cortices across all participants and
conditions (all ps < 0.005, corrected). Specifically, we observed a strong
decrease in oscillatory power relative to baseline in the alpha/beta fre-
quency range from 150 to 750 ms (Fig. 2a), which was imaged as two
non-overlapping time-frequency windows of interest (i.e., early: 150-450,
late: 450-750 ms) since the duration of our baseline period was limited to
400 ms (ie., —400 to 0 ms). Within the gamma frequency band, there
was a strong increase in oscillatory power relative to the baseline between
500 to 800 ms (Fig. 2a).

To assess data quality and identify regions exhibiting the strongest
oscillatory responses, we grand-averaged the beamformer images across all
facial expression conditions and participants, per neural oscillatory
response. This revealed robust alpha/beta and gamma oscillatory responses
across a broad region of the occipital and posterior temporal cortices, as well
as frontal, parietal, and sensorimotor cortical responses in the late alpha/beta
and gamma windows (Fig. 2b).

Age-by-facial expression interactions: alpha/beta oscillatory
dynamics

The condition-wise functional maps per oscillatory response were examined
using whole-brain, voxel-wise, ANCOVAs with facial expression (three
levels) and age (continuous) as factors to test for developmental effects in the
neural dynamics serving facial expression processing. To assess the direction
of all main effects of age and expression and the age-by-expression inter-
action, we extracted peak values from significant clusters (all ps < 0.005,
corrected) and performed post hoc tests. Our whole-brain ANCOVAs on
alpha/beta activity revealed age-by-expression interactions in multiple brain
regions. In the early alpha/beta window, a significant age-by-expression
interaction was found in the right posterior superior temporal cortex (Fig. 3;
right pSTC; F(2, 274) = 8.43, p <0.001, n,* = 0.06). Post hoc testing indi-
cated that early alpha/beta oscillatory responses to neutral faces in this
region became stronger (i.e, more negative relative to baseline) with
increasing age (b = —0.63,95% CI [—0.91, —0.34], t = —4.30, p < 0.001), and
this relationship was significantly different than that of both angry (F(1,
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Fig. 1 | Task paradigm and behavioral performance. a MEG facial expression

viewing task. A total of 169 healthy youth (Mg = 10.50 years, SD,g. = 2.72 years; 93
males) successfully completed the emotional faces (i.e., angry, happy, neutral) task
during MEG. Stimuli were presented on a screen and participants were instructed to
respond to the gender of the stimulus. All face stimuli were taken from the RADI-
ATE dataset, with consents from all actors to use their photographs for research and
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scientific purposes”. b Behavioral performance during the task. Scatterplots with
regression lines display the main effects of age on total reaction times (top left) and
accuracy (bottom left) across the three facial expression conditions. Violin plots to
the right show reaction time (top right) and accuracy (bottom right) data for each
condition. Neither the main effect of expression nor the age-by-expression inter-
action was significant for reaction time or accuracy. n.s. = not significant.

137) = 1445, p < 0.001,n, = 0.10,95% CI [0.02, 0.20]) and happy faces (F(1,
137) =8.12, p=0.005, 1,7 = 0.06, 95% CI [0.01, 0.14]), neither of which
exhibited significant relationships with age.

This age-by-expression interaction was sustained in the right pSTC
during the late alpha/beta window (F(2, 284) = 8.22, p < 0.001, I]P2 =0.06),
with neural oscillations to neutral faces again becoming stronger in this
region with increasing age (b = —0.52, 95% CI [—0.85, —0.19], t = —3.09,
p=0.002) and this relationship being significantly different compared to
both angry (F(1, 142) = 10.63, p = 0.001, n,* = 0.07,95% C1[0.01,0.16]) and
happy faces (F(1, 142) = 11.90, p < 0.001, n,> = 0.08, 95% CI [0.01, 0.17]).
Notably, no relationships with age were detected for the angry or happy
faces during the late alpha/beta windows (ps > 0.05).

In addition, a significant age-by-expression interaction was
revealed in the right anterior prefrontal cortex (PFC) extending onto the
ventral surface (F(2, 284) = 6.44, p=0.002, npz =0.04) during the late
alpha/beta window (Fig. 3). Post hoc analysis revealed that late alpha/
beta oscillations became weaker (i.e., less negative relative to baseline) in
response to angry (b =0.51, 95% CI [0.21, 0.81], t = 3.37, p < 0.001) and
neutral faces (b=0.29, 95% CI [0.02, 0.55], t=2.14, p=0.03) with
increasing age in the right anterior PFC. The association between late
alpha/beta responses to happy faces and age significantly differed from
that of both angry (F(1, 142) = 11.95, p < 0.001, r]PZ =0.08, 95% CI [0.01,
0.17]) and neutral faces (F(1, 142) = 4.74, p = 0.03, qu =0.03,95% CI [0,
0.11]). We did not observe any age-related differences between angry
and neutral faces (ps > 0.05).

Gamma age-by-facial expression interactions
Age-by-facial expression interactions were also found for gamma oscilla-
tions in multiple brain regions (see Fig. 4), including the right posterior
parietal cortex (PPC; F(2, 280) = 9.55, p < 0.001, npz =0.06), the left lateral
occipital cortex (LOC; F(2, 280) =8.47, p <0.001, np2=0.06), the right
temporoparietal junction (TPJ; F(2, 280) = 8.75, p <0.001, np2 =0.06), the
left fusiform gyrus (FG; F(1, 140) =7.52, p <0.001, r]p2 =0.05), the right
frontal eye fields (FEF; F(2,280) = 7.59, p < 0.001, npz =0.05), the left parietal
cortex (F(2, 280) =7.02, p =0.001, npz =0.05), and right cerebellum (F(2,
280) = 6.57, p = 0.002, nj,> = 0.05).

In the right PPC, gamma oscillations became stronger (i.e., more
positive) with increasing age during angry face processing (b = 0.29, 95% CI
[0.12, 0.46], t=3.32, p =0.001), weaker with increasing age during happy

faces (b= —0.24, 95% CI [—0.42, —0.06], t = —2.69, p =0.008), and there
was no relationship with age during neutral face processing (p > 0.05). These
relationships between age and gamma oscillations in the right PPC sig-
nificantly differed between angry and happy faces (F(1, 140)=24.63,
p<0.001, npz =0.15, 95% CI [0.06, 0.26]), angry and neutral faces (F(1,
140) =5.01, p=0.03, r]p2 =0.04, 95% CI [0, 0.11]), and happy and neutral
faces (F(1, 140) = 6.02, p = 0.02, 1j,> = 0.04, 95% CI [0.001, 0.12]). A similar
pattern of results was found in the right FEF, with gamma power becoming
stronger with increasing age for angry faces (b =0.27, 95% CI [0.07, 0.47],
t=2.64, p=0.009), decreasing with age for happy faces (b= —0.19, 95% CI
[—0.37,—0.001], t = -1.99, p = 0.049), and no age-related changes for neutral
faces (ps > 0.05). The association between gamma oscillations and age in the
right FEF significantly differed between angry and happy faces (F(1,
140) = 14.99, p <0.001, npz =0.10, 95% CI [0.02, 0.20]) and neutral and
happy faces (F(1, 140) = 3.90, p = 0.05, n,” = 0.03, 95% CI [0, 0.10]), but not
between angry and neutral faces (p > 0.05).

In contrast, in the right TPJ, age-related increases in gamma oscil-
latory power were found during angry (b=0.31, 95% CI [0.13, 0.48],
t=3.46, p <0.001) and neutral face processing (b =0.21, 95% CI [0.01,
0.05], t=2.52, p=0.013), with no significant changes for happy faces
(p>0.05). The relationship between age and gamma power in the right
TPJ differed between angry and happy faces (F(1, 140) = 13.43, p < 0.001,
qu =0.09, 95% CI [0.02, 0.18]) and between neutral and happy faces
(F(1, 140)=9.10, p=0.003, 1,2 =0.06, 95% CI [0.01, 0.15]), but not
between angry and neutral faces (p > 0.05). Gamma responses in the left
FG followed the same pattern, increasing with age during angry (b =0.31,
95% CI [0.12, 0.51], ¢ =3.20, p = 0.002) and neutral faces (b =0.25, 95%
CI [0.06, 0.45], t=2.61, p=0.01), with no age-related changes when
viewing happy faces. The relationship between age and gamma power
differed between angry and happy faces (F(1, 140) =11.68, p <0.001,
Ny’ =0.08, 95% CI [0.01, 0.17]) and neutral and happy faces (F(1,
140) = 9.80, p = 0.002, n,*>=0.07, 95% CI [0.01, 0,16]), but not between
angry and neutral faces (p > 0.05).

In the left parietal cortex, gamma oscillatory power increased with
age during neutral face processing (b = 0.25, 95% CI [0.08, 0.42], t = 2.95,
p =0.004), with no relationship for angry or happy faces (ps > 0.05). The
association between age and gamma activity in left parietal cortex sig-
nificantly differed between happy and angry faces (F(1, 140)=8.34,
p=0.004, sz =0.06, 95% CI [0.01, 0.14]) and between happy and neutral
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Fig. 2 | Sensor and source-level neural responses. a Time-frequency spectrograms
from near the posterior parietal cortex revealed robust changes in alpha/beta
(11-20 Hz; early: 150-450 ms; late: 450-750 ms) and gamma (64-84 Hz;

500-800 ms) power relative to the baseline period. Time is shown on the x-axis in
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Fig. 3 | Age-by-facial expression interactions in early and late alpha/beta oscil-
latory dynamics. Whole-brain statistical maps showing significant interaction
clusters in the early (top) and late (bottom) alpha/beta window. Scatterplots show
the associations between age and the strength of neural oscillations in the posterior
superior temporal cortex (pSTC) during both time windows (left), as well as in the
right anterior prefrontal cortex (PFC) extending ventrally for the late window
(right). Pseudo-t values with the number of trials per condition regressed out are
displayed on the y-axis and age on the x-axis. Regression lines represent angry (red;
A), happy (yellow; H), and neutral faces (green; N). The background colors indicate
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which facial expressions exhibited a significant relationship between age and neural
response strength for each age-by-expression interaction peak. Green backgrounds
indicate a significant relationship in the neutral condition, while purple backgrounds
indicate a significant relationship between both angry and neutral conditions.
Shaded areas around regression lines indicate 95% confidence intervals. To enhance
visualization (i.e., data spread), data points that were >3 SD from the mean were
excluded from the scatterplots. Note that all data were included in the statistical
analyses and that the results remained the same regardless of whether these data
points were included or excluded.
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Fig. 4 | Age-by-facial expression interactions for gamma oscillatory dynamics.
Whole-brain statistical maps show significant clusters with age-by-expression
interaction effects in the gamma window. Scatterplots show the associations between
age and the strength of gamma oscillations in the right cerebellum, left parietal
cortex, left lateral occipital cortex (LOC), right temporoparietal junction (TP]), left
fusiform gyrus (FG), right frontal eye fields (FEF), and right posterior parietal cortex
(PPC). Pseudo-t values with the number of trials per condition regressed out are
displayed on the y-axes, with age shown on the x-axes. Scatterplot colors are con-
sistent with Fig. 3. Regression lines represent angry faces (red; A), happy faces
(yellow; H), and neutral faces (green; N). The background colors indicate which
facial expressions exhibited a significant relationship between age and neural activity

for each age-by-expression interaction peak. Green backgrounds indicate a sig-
nificant relationship in the neutral condition, while red backgrounds indicate a
significant relationship in the angry condition. Blue backgrounds indicate a sig-
nificant relationship between both angry and happy conditions, while purple
backgrounds indicate a significant relationship between both angry and neutral
conditions. Shaded areas around regression lines indicate 95% confidence intervals.
To enhance visualization (i.e., data spread), data points that were >3 SD from the
mean were excluded from the scatterplots. Note that all data were included in the
statistical analyses and that the results remained the same regardless of including/
excluding these data points.

faces (F(1, 140) =11.70, p <0.001, l]p2=O.08, 95% CI [0.01, 0.17]), but
not between angry and neutral faces (p > 0.05). This overall pattern was
also observed in the right cerebellum, with increases in gamma oscillatory
power with age during neutral faces (b=0.28, 95% CI [0.08, 0.47],
t=2.80, p=0.006) and no relationship for angry or happy faces
(p>0.05). Likewise, the relationship between age and gamma power
significantly differed between angry and happy faces (F(1, 140) =5.98,
p=0.02, n,”=0.04, 95% CI [0.001, 0.12]) and neutral and happy faces
(F(1, 140) =12.41, p<0.001, I]P2=0.08, 95% CI [0.02, 0.18]), but not
angry and neutral faces (p > 0.05).

Lastly, in the left LOC, gamma power increased with age for angry faces
(b=0.27, 95% CI [0.03, 0.51], t=2.23, p=10.03), but not for happy and
neutral faces (ps > 0.05). This relationship between age and gamma power
significantly differed between angry and happy faces (F(1, 140) =18.12,
p<0.001, np2 =0.12,95% CI [0.03, 0.22]) and angry and neutral faces (F(1,
140) = 5.90, p=0.02, n,>=0.04, 95% CI [0.001, 0.12]), but not between
happy and neutral faces (p > 0.05).

Main effects of age

During the early window, stronger alpha/beta oscillatory responses (ie.,
more negative relative to baseline) with increasing age were observed in the
left sensorimotor cortex (F(1, 137) =36.72, p <0.001, r]pz =2.11, 95% CI
[0.10,0.32]), right motor cortex (F(1,137) = 11.87,p < 0.001, r]p2 =0.08,95%
CI [0.01, 0.18]), and right somatosensory cortex (F(1, 137)=14.31,
p<0.001, r]pz =0.10, 95% CI [0.02, 0.19]), likely reflecting motor planning
related responses for the task. In the late window, stronger alpha/beta
oscillations with increasing age were sustained in the left (Fig. 5; F(1,
142) = 17.94, p<0.001, n,* = 0.11, 95% CI [0.03, 0.21]) and right sensor-
imotor cortices (F(1, 142) = 23.46, p < 0.001, r]p2 =0.14,95% CI [0.05,0.25]),
and emerged in the right cerebellum (F(1, 142) = 21.16, p < 0.001, qu =0.13,
95% CI [0.04, 0.23]). In contrast, alpha/beta oscillations in the left dor-
somedial PFC became significantly weaker with increasing age (F(1,
142) = 22.28, p < 0.001, 11,2 = 0.14, 95% CI [0.05, 0.24]). Lastly, significant
age-related increases in gamma power were identified in the left TP] (Fig. 6;
F(1, 140) = 29.29, p < 0.001, sz =0.17,95% CI [0.07, 0.28]) and left anterior
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Fig. 5 | Main effects of age on late alpha/beta oscillatory dynamics. (middle):
Whole-brain statistical maps showing the significant main effects of age in the late
alpha/beta window. Scatterplots display the associations between age and the
strength of neural oscillations at the peak voxel in the left dorsomedial prefrontal
cortex (dmPFC; top left), left sensorimotor cortex (bottom left), right sensorimotor
cortex (top right), and right cerebellum (bottom right) collapsed across the three
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expressions. Pseudo-t values with the number of trials per condition regressed out
are displayed on the y-axis and age in years on the x-axis. Shaded areas around
regression lines indicate 95% confidence intervals. To enhance visualization (i.e.,
data spread), data points that were >3 SD from the mean were excluded from the
scatterplots. Note that all data were included in the statistical analyses and that the
results remained the same regardless of including/excluding these data.
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Fig. 6 | Main effects of age on gamma oscillatory dynamics. (middle): Whole-brain
statistical map showing the significant main effects of age in the gamma window.

Scatterplots display the associations between age and neural oscillatory strength in
the left anterior superior temporal cortex (aSTC; left) and the left temporoparietal
junction (TPJ; right) collapsed across the three expressions. Pseudo-t values with the
number of trials per condition regressed out are displayed on the y-axis and age on

the x-axis. Shaded areas around regression lines indicate 95% confidence intervals.
To enhance visualization (i.e., data spread), data points that were >3 SD from the
mean were excluded from the scatterplots. Note that all data were included in the
statistical analyses and that the results remained the same regardless of including/
excluding these data.

superior temporal cortex (aSTC; F(1,140) = 12.31,p < 0.001,1]1[,2 =0.08,95%
CI [0.02, 0.18]), as well as several other regions that overlapped with the
interaction effects and thus are not reported here.

Main effects of facial expression

Significant main effects of expression were found for early and late alpha/
beta oscillations, but these spatially overlapped almost entirely with the
interaction effects and thus were not interpreted. Likewise, main effects of
expression were found for gamma oscillations across multiple brain regions,
including the right anterior PFC, right cerebellum, and other cortical
regions, but again these clusters strongly overlapped with the interaction
effects shown in Fig. 4 and thus were not further examined.

Discussion

This study examined developmental changes in the neural oscillatory
dynamics underlying the processing of emotional facial expressions,
including angry, happy, and neutral faces. Behaviorally, the participants
were faster and more accurate in identifying gender with increasing age,
which was not surprising. We did not observe any interactions with facial
expression. Given the implicit nature of the gender judgment task and the
age of our participants, these behavioral results likely reflect general age-
related improvements in reacting to stimuli rather than emotion-specific
processes, which were less explicitly taxed by this task’>*". The neural results
revealed neurodevelopmental changes across a distributed network of
visuoperceptual and attention-related regions in both dorsal and ventral
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perceptual processing streams, with emotion-dependent modulation across
an extended age window critical for the refinement of social processing.
While some brain regions exhibited broad age-related shifts in emotional
expression processing, others showed narrower developmental changes
specific to a single emotional expression, suggesting regional and expression
specificity. Importantly, these developmental effects had distinct spectral
signatures (e.g., alpha/beta or gamma) in different brain regions, likely
reflecting different mechanisms, with changes in gamma-band activity
reflecting refinement of bottom-up sensory precision and prediction error
signaling, whereas alpha/beta-band changes likely indexing shifts in top-
down control and attention regulation. Taken together, these findings
extend the field’s understanding of emotional face perception, highlighting
developmental effects in key brain regions for social cognition, attention,
and related functions that undergo significant specialization during child-
hood and adolescence for face and emotion expression processing™'".

We identified a distributed network of brain areas exhibiting age-by-
expression interactions in the gamma range, reflecting developmental shifts
in attention, sensorimotor integration, and socio-emotional processing.
Notably, the right PPC and right FEF, critical nodes of the dorsal attention
network, exhibited opposing age-related trajectories in neural responses to
angry and happy faces. The PPC helps integrate top-down goals with
bottom-up sensory input to guide spatial attention and salience mapping™,
whereas the FEF is known to be essential for oculomotor control and
voluntary attentional orienting toward motivationally salient stimuli®’. As
children mature, angry expressions may elicit increased sensorimotor and
attentional resources to support rapid behavioral responses to salient
threats”. The stronger gamma oscillations with increasing age in the right
PPC and FEF during angry face processing largely supports this inter-
pretation and aligns with predictive coding models, in which gamma activity
is posited to reflect bottom-up signaling of local prediction errors™**.
Conversely, the age-related decrease in gamma to happy faces may reflect
reduced top-down attention needs, likely because these expressions become
more familiar and predictable over time, consistent with developmental
tuning of attention and reward systems™*>®,

In addition, we found that neural populations in the left FG and right
TPJ exhibited increased gamma power with increasing age during both
angry and neutral face processing, but not during happy face trials. The
stronger gamma oscillations for threat-related (angry) and contextually
ambiguous (neutral) faces in the FG, a core region in the face-processing
network, is consistent with its role in extracting fine-grained visual facial
features” and interacting with extended networks for emotional evaluation’.
Prior work in adults using intracranial recordings has shown that gamma
oscillations in the FG are associated with the integration of detailed facial
features necessary for recognizing expressions and identities®, supporting
the idea that gamma activity reflects the perceptual precision required for
decoding socially salient cues. Our developmental findings extend this work
by showing age-related gamma increases in FG, suggesting that the
underlying neural computations involved in decoding complex social sig-
nals become more finely tuned and/or less reliant on attention signals across
development. Similarly, the TPJ, a region critical for social perception and
attentional reorienting”® may facilitate threat detection by directing
attention toward socially salient cues that demand rapid behavioral
responses. Stronger gamma oscillations in the TPJ, especially during neutral
faces, may support context-sensitive inference when emotional signals are
ambiguous, and likely reflect increasing integration of sensory input with
social-contextual experiences™”. These findings may suggest a dynamic
interplay between the FG and TPJ within the core and extended face-
processing networks, with the FG refining visual feature extraction and the
TP]J guiding attentional and contextual evaluation. The selective increase in
gamma oscillations for angry and neutral, but not happy, faces may also
suggest that heightened bottom-up prediction error signaling with visual
input deviates from internally generated expectations, again supporting
predictive coding frameworks™".

Neutral faces were also associated with age-related increases in the
strength of gamma oscillations within the left parietal cortex and the right

cerebellum. These increases may reflect enhanced sensorimotor simulation
and embodied interpretation of ambiguous facial cues, processes thought to
require precise multisensory integration and error resolution during
development’®”". Similarly, angry faces elicited stronger gamma oscillations
with increasing age in the left LOC, possibly reflecting greater reliance on
bottom-up perceptual systems and less attentional involvement in
extracting threat-related visual information as these systems mature. Col-
lectively, these gamma-band findings suggest that with age, children engage
perceptual circuits more robustly for processing complex or ambiguous
social cues, in line with predictive coding models and developmental
refinement of excitatory/inhibitory (E/I) balance, which is a core mechan-
ism shaping gamma oscillatory dynamics’™".

Beyond gamma, our findings revealed significant age-by-expression
interaction effects in neural alpha/beta oscillations. Across both early and
late alpha/beta time windows, the right pSTC exhibited a sustained oscil-
latory response (i.e., decrease in power relative to baseline) that became
stronger with increasing age exclusively for neutral faces. Unlike angry or
happy faces, neutral faces generally lack clear emotional cues, making them
more challenging to interpret, particularly in a developmental context where
social cognition is still maturing®*>*’. This progressive increase in alpha/
beta oscillations within the pSTC, a hub for decoding dynamic social cues
such as gaze shifts and subtle expression changes'*”*, may reflect heightened
sensitivity to motivationally relevant ambiguous cues”, with youth
increasingly drawing on these posterior temporal resources to
resolve uncertainty and perform greater integration of social context as
cognitive and affective systems mature. Concurrently, oscillatory responses
in the right anterior PFC extending onto the ventral surface became weaker
with age (i.e., less negative relative to baseline) during the late alpha/beta
window for both neutral and angry faces. This area of the PFC undergoes
protracted maturation into early adulthood and is critical for evaluating the
motivational relevance and affective salience of social cues, in part through
its connectivity with extended face-processing networks involved in emo-
tional appraisal and self-referential processing. The weaker alpha/beta
oscillations in this area may reflect decreased reliance on top-down reg-
ulatory control as facial expression perception becomes more automatic and
perceptually grounded'. Essentially, young children may rely more heavily
on the anterior/ventral PFC to regulate and interpret angry face processing,
as potential threats or socially salient signals often necessitate more self-
referential evaluation”®, while older youth may increasingly leverage
posterior systems that support more efficient and stimulus-driven proces-
sing, possibly due to accumulated social experience or regulation
maturation’””®, This interpretation aligns with the view that the gender
judgment task still requires participants to regulate attention and suppress
distractions arising from emotionally salient facial expressions, particularly
in younger participants with the maturing frontoparietal control
networks” ™",

Beyond the interaction effects, our findings also revealed broader age-
related patterns of change in emotional face processing across both spectral
bands. In the gamma band, social cognition hubs like the left TP] showed
developmental specialization, suggesting a shift from basic visual recogni-
tion to socially contextualized processing. Gamma oscillations in the left
aSTC also became stronger with age, consistent with a role in the dorsal face-
processing pathway for dynamic social cue analysis and complementing
fMRI evidence implicating anterior temporal regions in emotional face
processing’. Alpha/beta oscillations in motor and cerebellar cortices
increased with age, likely reflecting maturation of task-related sensorimotor
networks serving the behavioral motor response®**. Lastly, developmental
weakening of alpha/beta oscillations in the dmPFC mirror the anterior/
ventral PFC effects described above. Together, these findings may suggest a
developmental shift from effortful, distributed regulation involving frontal
hubs to more specialized posterior networks that can more efficiently
encode and interpret facial signals, consistent with the broader develop-
mental maturation of frontoparietal control networks that support goal-
directed attention in the face of emotional distraction®"*. Although not
examined here, the concurrent developmental changes observed in frontal
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alpha/beta and posterior gamma activity raise the possibility of coordinated
interactions between these signals, such as through dynamic coupling and/
or cross-frequency coding, which could provide a mechanistic link between
regulatory and perceptual systems.

While these findings are exciting and add to the field’s understanding
of the developmental trajectory of emotional face processing, several lim-
itations should be acknowledged. First, our multimodal neuroimaging
approach, combining the high temporal resolution of MEG with anatomical
MRY, allows us to identify age-related changes in neural oscillations, but the
cross-sectional design limits our ability to infer how these processes unfold
over time within individuals. Longitudinal studies avoid this limitation and
are needed to more precisely map individual developmental trajectories and
establish a normative range of variability. Second, while our implicit task was
appropriate for a wide age range and effectively elicited developmental
changes in behavior and neural activity, it may not fully capture higher-
order processes involved in explicit emotion recognition or social decision-
making. Future research would benefit from incorporating both implicit
and explicit paradigms to improve ecological validity and clarify how task
demands influence developmental trajectories of emotional processing.
Third, although MEG provides excellent temporal resolution, its limited
sensitivity to deep brain structures should be acknowledged™. Fourth,
although beyond the scope of the current study, our findings of concurrent
age-related changes in frontal alpha/beta and posterior gamma oscillations
highlight the potential of future interregional and/or cross-frequency cou-
pling analyses to probe mechanisms of frontal-posterior communication
during emotion processing. As developmental increases in resting-state
alpha frequency have been well documented””™, incorporating individual
alpha frequency estimates in future task-based studies may also improve the
precision of oscillatory analyses across development. Fifth, given its well-
documented role in shaping higher-order cortices subserving social-
emotional processing’>”, variability in pubertal development and asso-
ciated hormonal changes, which were not directly investigated in this study,
could influence the observed neurological and behavioral differences in our
sample. Finally, our study focused on three static facial expressions.
Expanding to include dynamic or socially complex expressions, as well as
examining individual differences (e.g., anxiety traits), would help capture
the full heterogeneity in emotional processing during development.
Addressing these gaps in future studies may further enhance our under-
standing of the subtle mechanisms underlying changes in the development
of emotional face processing.

Taken together, our findings support established face perception
models™”, revealing sophisticated and distinct developmental trajectories
underlying the processing of emotional facial expressions, with notable
differences across expressions (angry, happy, neutral) and spectral bands
(alpha/beta and gamma). Overall, we found that gamma oscillations appear
to track the refinement of perceptual prediction and encoding for socially
salient inputs, while the strength of alpha/beta oscillations reflect develop-
mental changes in top-down attentional and regulatory mechanisms. These
distinct and complementary developmental trajectories of alpha/beta and
gamma oscillations help highlight MEG’s strength in disentangling the
spectral dynamics underlying social cognition across childhood and ado-
lescence. As children mature, neural responses to emotionally salient angry
faces increase across distributed brain regions, particularly in dorsal atten-
tion (PPC/FEF), visual salience (occipital cortex), and social cognition
(PFC/TP]) networks, suggesting the prioritization of threat-related stimuli
for faster interpretation and potential action preparation. Neutral faces, in
contrast, due to their ambiguous nature, engage regions like the right TP],
core face-processing areas (pSTC/FG), and sensorimotor regions (parietal
cortex/cerebellum), reflecting deeper processing and interpretation and
context-dependencies in resolving uncertainty (i.e., motivational relevance
theory). Happy faces elicited reduced gamma oscillations in the dorsal
attention (PPC/FEF) areas, reflecting automatized processing of rewarding
stimuli with increasing age. These findings are consistent with our
hypothesis that happy faces require fewer cognitive resources, while angry
and neutral faces require more extensive neural involvement due to their

emotionally salient or ambiguous nature. Given the significant socio-
affective face processing differences observed across multiple mental health
disorders in youth, it is critical to establish a baseline for identifying altered
neural signatures in future clinical investigations.

Methods

Participants

A total of 186 healthy children and adolescents (range,q.: 6 to 17 years;
Mage = 10.46 years, SD,g. = 2.77 years; 102 males; 167 right-handed) were
enrolled in this study. All were recruited from the greater Omaha metro-
politan area as part of the Developmental Multimodal Imaging of Neuro-
cognitive Dynamics (DevMIND) study (R01-MH121101). Of the 186
participants, 155 identified as Caucasian, 24 as multiracial, 5 as African
American, one as Asian, and one did not report their race. Across all races, 8
identified as Hispanic. This distribution corresponds closely to the racial/
ethnic demographics of the greater Omaha metropolitan area. Exclusionary
criteria included a diagnosis of neurological or psychiatric disorders, history
of head trauma, and current substance use, as well as the standard exclusion
criteria (e.g., ferromagnetic implants) for MEG/MRI studies. Informed
assent and consent were obtained from the participants and their guardians,
respectively, following a comprehensive description of the study. The
Institutional Review Board reviewed and approved this investigation. All
ethical regulations relevant to human research participants were followed.

MEG experimental paradigm

All participants completed a facial expression viewing task while seated in
the MEG. Stimuli consisted of facial expressions from 40 different adult
actors (aged 18-30 years), balanced by sex (20 male, 20 female) and race/
ethnicity (Caucasian, African American, Asian, and Hispanic), taken from
the RADIATE face stimulus dataset”. Consents were obtained from all
actors to use their photographs for research and scientific purposes”. The
experiment consisted of 240 trials, which were equally split and pseudo-
randomized by the sex of the actor (120 trials for each sex) and by three facial
expressions (neutral, angry, and happy; 80 trials for each condition). For
each trial, a face was presented at 0 ms and remained on screen for 1500 ms.
Participants were instructed to fixate on a central crosshair and use their
right hand to respond whether the stimulus was male or female as quickly
and accurately as possible, using an index or middle finger button press,
regardless of the facial expression (Fig. 1a). After the face disappeared at
1500 ms, the screen remained white with a centrally located black crosshair
for 1600 + 100 ms before the next trial began. The total task time was
approximately 13 min and was programmed in Matlab (Mathworks, Inc.,
Massachusetts, USA) using the Psychophysics Toolbox Version 3™ and
presented using a PROPixx DLP projector (VPixx Technologies, Saint
Bruno, Canada).

MEG data acquisition

All MEG recordings were conducted in a two-layer VACOSHIELD mag-
netically shielded room (Vacuumschmelze, Hanau, Germany). Participants
were seated in a non-magnetic chair, with their head positioned within the
sensor array. A 306-sensor MEGIN Neo MEG system (Helsinki, Finland)
equipped with 204 planar gradiometers and 102 magnetometers was used to
sample neuromagnetic responses continuously at 1 kHz with an acquisition
bandwidth of 0.1-330 Hz. Participants were monitored by a real-time
audio-video feed from inside the shielded room throughout the recording.
Each participant’s data were individually corrected for head movement and
noise reduced using the signal space separation method with a temporal
extension’”. Our analyses were based on the 204 planar gradiometer data.

MRI acquisition and MEG-MRI coregistration

Prior to MEG measurement, five head-position indicator (HPI) coils were
attached to the participant’s head and localized with three fiducial points
and the scalp surface using a 3-D digitizer (FASTRAK, Polhemus Navigator
Sciences, Colchester, VT, USA). Once the participant was positioned for
MEG recording, an electric current with a unique frequency label (e.g.,

Communications Biology | (2025)8:1395


www.nature.com/commsbio

https://doi.org/10.1038/s42003-025-08808-z

Article

322 Hz) was fed to each of the coils. This induced a measurable magnetic
field and allowed each coil to be localized in reference to the sensors
throughout the recording session. Since coil locations were also known in
head coordinates, all MEG measurements could be transformed into a
common coordinate system. With this coordinate system, each participant’s
movement-corrected MEG data was co-registered with their structural MRI
data prior to source space analyses using the Brain Electrical Source Analysis
(BESA) MRI software (Version 3.0; BESA GmbH, Grifelfing, Germany).
High-resolution T1-weighted structural MRI data were acquired usinga 3 T
Siemens Prisma magnet with a 32-channel head coil and the following
parameters: TR: 2400 ms; TE: 2.05ms; field of view: 256 mm; matrix:
256 x 256; slice thickness: 1 mm with no gap; voxel size: 1.0 x 1.0 x 1.0 mmy;
acquisition plane: sagittal; flip angle: 8 degrees. These anatomical images
were aligned parallel to the anterior/posterior commissures and trans-
formed into standard space. Following source analysis (i.e., beamforming),
each participant’s 4.0 x 4.0 x 4.0 mm MEG functional images were also
transformed into standardized space using the transform that was pre-
viously applied to the structural MRI volume and spatially resampled.

MEG data preprocessing

The continuous magnetic time series was divided into 3000 ms epochs
(—1500, 1500), with a baseline period of ~400 to 0 ms. Cardiac and eyeblink
artifacts were removed using signal-space projection (SSP)”. Notch filters
were set at 60 Hz to minimize contributions from the North American
power main frequency. Epochs with remaining artifacts were rejected per
participant using a fixed threshold method, supplemented with visual
inspection. Specifically, the amplitude and gradient distributions were
computed across all trials per participant to account for variance related to
differences in head size, differences in the distances between the brain and
the MEG sensor array, and other person-specific factors that can have a
major impact on the overall signal amplitude across all trials. Using these
individual distributions, thresholds were set to reject trials with the highest
amplitude and/or gradient values per participant. Following artifact rejec-
tion, participants with lower than 60% accepted trials were excluded and an
average of 200.51 trials (SD = 16.15, min = 144, max = 228) per participant
were available for final analyses. To ensure the number of trials per con-
dition was equal across the sample, we conducted a repeated-measures
ANCOVA analysis to examine the effect of expressions, the effect of age, and
age-by-expression interaction. The results indicated that the effect of facial
expression and the age-by-expression interaction were not significant
(ps>0.05), but that the effect of age was significant (F (1, 165) = 30.59,
P <0.001, n,” = 0.14), revealing that older participants tended to have more
accepted trials than younger participants. Since the number of trials can
affect the signal-to-noise ratio (SNR) and thus bias developmental effects,
we covaried out the square root of the number of trials per person in all
functional mapping analyses””. This helped mitigate the impact of SNR
differences in developmental changes in the amplitude of neural responses
(see “MEG source imaging and statistics”). All MEG pre-processing steps
completed using the BESA Research (Version 7.1) software.

Sensor level statistics

The remaining artifact-free epochs were transformed into the time-
frequency domain using complex demodulation with a time-frequency
resolution of 1 Hz 50 ms™. The resulting spectral power estimates per sensor
were averaged across trials to generate time-frequency plots of mean spectral
density, and these sensor-level data were then normalized by the baseline
power per frequency bin during the -400 to 0 ms window. The time-
frequency windows used for beamforming analysis were identified using a
data-driven approach that involved statistical analyses of the sensor-level
spectrograms across the array of gradiometers using the BESA Statistical
software (Version 2.1; BESA GmbH, Grifelfing, Germany). Specifically, to
minimize false-positive results, paired-sample t-tests against baseline were
performed per spectrogram pixel per sensor at stage one to identify
potentially significant pixels (p < 0.05) across the array. In stage two, the
pixels that survived the threshold were clustered with temporally, spectrally,

and/or spatially neighboring pixels that were also above the (p < 0.05)
threshold and a cluster value was derived by summing all the ¢-values of all
data points in the cluster. Nonparametric permutation testing was then used
to derive a distribution of cluster values, and the significance level of the
observed clusters (from stage 1) was tested directly using this
distribution”™'*. For each comparison, 10,000 permutations were computed
to build a distribution of cluster values. By applying this data-driven
method, we were able to focus our beamforming analyses on the time-
frequency windows containing significant oscillatory events relative to
baseline across all participants and facial expression conditions.

MEG source imaging and statistics

Using the time-frequency windows identified through the sensor-level
analysis, cortical oscillatory responses were imaged using the dynamic
imaging of coherent sources (DICS) beamformer'”"'”’, which uses the
sensor-level cross-spectral densities to calculate voxel-wise estimates of
neural power. Each task condition (i.e., emotional expression) was imaged
separately per participant. Following convention, the source power in these
images was normalized per participant using a pre-stimulus period (i.e.,
baseline) of equal duration and bandwidth'”’. Such images are typically
referred to as pseudo-t maps, with units (pseudo-t) that reflect noise-
normalized power differences (i.e., active vs. baseline) per voxel. This
approach generated three-dimensional, participant-level pseudo-t maps per
emotional face condition (i.e., angry, happy, neutral faces) for each time-
frequency cluster identified in the sensor-level analysis. MEG imaging used
the BESA Research (Version 7.1) software.

Statistics and reproducibility

To investigate potential developmental differences in neural oscillatory
responses during emotional face processing, we first obtained whole-
brain residual maps by regressing the number of accepted trials as a
covariate of no interest to control for any SNR differences related to this
parameter”. To assess data quality and the origins of the strongest
contributors to each significant oscillatory response identified at the
sensor level, the facial expression maps were first averaged together for
each participant, per time-frequency component, and then grand-
averaged across all participants. For our primary analyses, we conducted
a whole-brain ANCOVAs with the three facial expressions (i.e., happy,
angry, neutral) as within-subject factors and age as a covariate of interest
in R Studio (Version 4.4.0). To account for multiple comparisons, we
implemented a stringent two-tailed p-value threshold of 0.005 and a
cluster threshold (k-threshold) minimum of 8 contiguous voxels (ie.,
>500 mm®). Pseudo-t values were extracted from the peak voxel of each
significant cluster from the whole-brain residual maps and subjected to
post hoc testing in SPSS (Version 29) to examine directionality and
origin of observed main effects of age, main effects of facial expression,
and age-by-expression interactions.

Inclusion & ethics

All collaborators of this study have fulfilled the criteria for authorship
required by Nature Portfolio journals and been included as authors, and
their contributions were essential for the design and implementation of the
study. Roles and responsibilities were agreed among collaborators ahead of
the research. This research was not severely restricted or prohibited in the
setting of the researchers, and does not result in stigmatization, incrimi-
nation, discrimination or personal risk to participants. Local and regional
research relevant to our study was considered in citations.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The numerical source data for graphs has been provided in Supplementary
Data 1. De-identified MEG and MRI data are publicly available via the
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Collaborative Informatics and Neuroimaging Suite (COINS; https://coins.
trendscenter.org/) upon request.

Code availability

The MEG and MRI analyses reported herein utilized the Brain Electrical
Source Analysis software (BESA Research: version 7.1; BESA MRI: version
3.0; BESA Statistics: version 2.1). We also used R studio version 4.4.0 and
IBM SPSS version 29 for statistical analyses. Any requests for code or batch
functions used in these analyses are available upon request.
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