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Abstract

Development of cognitive functions and the underlying neurophysiology is evident throughout
childhood and adolescence, with higher order processes such as working memory (WM) being
some of the last cognitive faculties to fully mature. Previous functional neuroimaging studies of
the neurodevelopment of WM have largely focused on overall regional activity levels rather than
the temporal dynamics of neural component recruitment. In this study, we used
magnetoencephalography (MEG) to examine the neural dynamics of WM in a large cohort of
children and adolescents who were performing a high-load, modified verbal Sternberg WM task.
Consistent with previous studies in adults, our findings indicated left-lateralized activity
throughout the task period, beginning in the occipital cortices and spreading anterior to include
temporal and prefrontal cortices during later encoding and into maintenance. During maintenance,
the occipital alpha increase that has been widely reported in adults was found to be relatively weak
in this developmental sample, suggesting continuing development of this component of neural
processing, which was supported by correlational analyses. Intriguingly, we also found sex-
specific developmental effects in alpha responses in the right inferior frontal region during
encoding and in parietal and occipital cortices during maintenance. These findings suggested a
developmental divergence between males and females in the maturation of neural circuitry serving
WM during the transition from childhood to adolescence.
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1. Introduction

Working memory involves the real-time processing and retention of incoming stimuli, using
temporary storage and manipulation mechanisms to reactivate and maintain neural
representations. Working memory (WM) processing is typically dissected into three phases:
encoding, maintenance and retrieval. Encoding broadly applies to the process of loading
relevant stimuli into a temporary buffer, while maintenance corresponds to the short-term
retention and manipulation of the loaded representations, and finally, retrieval is the process
of utilizing these representations to recall or recognize the stimuli to achieve current task
goals (Baddeley, 1992). Many studies examining the underlying neurophysiology of WM in
healthy adults have found widespread activity in frontal-parietal networks, superior temporal
and occipital cortices, and the cerebellum, with clear lateralization on domain-specific tasks
(e.g., verbal versus visuospatial; Cabeza and Nyberg, 2000; Heinrichs-Graham and Wilson,
2015; Rottschy et al., 2012). In addition, studies of the neural oscillatory dynamics serving
WM processing have implicated broad alpha frequency (8-16 Hz) activity in these neural
regions as being essential for task performance (Bonnefond and Jensen, 2012; Handel et al.,
2011; Heinrichs-Graham and Wilson, 2015; Jensen et al., 2002; Jensen and Mazaheri, 2010;
Proskovec et al., 2016; Roux and Uhlhaas, 2014).

Previous studies of WM in children and adolescents have found mostly similar, albeit more
widespread patterns of brain activity relative to adults, with this more extensive recruitment
thought to reflect inefficiencies in developing brain networks (Bathelt et al., 2017; Jolles et
al., 2011). Most developmental studies of WM and other higher order cognitive functions
have found that these processes continue to develop into late adolescence (Andre et al.,
2016; Brahmbhatt et al., 2008; Peters et al., 2014; Thomason et al., 2009; Vogan et al.,
2016), however many of these studies focused on the visuospatial component of WM
processing (Andre et al., 2016; Conklin et al., 2007; Darki and Klingberg, 2015; Klingberg,
2006; Olesen et al., 2007; Scherf et al., 2006). Studies of verbal WM in particular have been
far less numerous, but several functional MRI (fMRI) studies have evaluated WM processing
in children, and broadly these studies have shown developmental alterations between
children and adults in the frontal, parietal, and cerebellar regions responding to memory load
manipulations (O’Hare et al., 2008; Thomason et al., 2009; Vogan et al., 2016).

Developmental sex differences have previously been found in behavioral studies of attention,
psychomotor, and memory measures (Gur et al., 2012; Gur and Gur, 2016; Malagoli and
Usai, 2018). Some of these differences in performance have been linked to structural and
resting-state functional brain differences between male and female youth (Gur and Gur,
2016). Basically, fMRI and behavioral studies of adolescence have found sex differences in a
variety of higher order cognitive functions, including WM (Gur and Gur, 2016; Zilles et al.,
2016), but the oscillatory dynamics underlying these differences have not been examined
and remain poorly understood.
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In the current study, we examined the neurophysiology of verbal WM using high-density
magnetoencephalography (MEG) in a large cohort of children and young adolescents aged 9
to 14 years. Participants completed a high-load, modified Sternberg verbal WM task during
MEG, and we identified the specific neural oscillatory responses corresponding to verbal
WM encoding and maintenance processes. In addition, our large sample size allowed for the
investigation of sex differences in the development of WM processing. We hypothesized
that, consistent with previous adult findings in similar tasks, adolescents would show a
characteristic left-lateralized response, but would also recruit additional areas, including
right homologue regions, to complete task goals. We further hypothesized that as age
increased, specific neural component recruitment would decrease in strength with increasing
development, consistent with the consolidation of the underlying networks, and that the
pattern of regional recruitment would differ by sex as age increased, showing a divergent
pattern of neural maturation in adolescence.

2. Methods

2.1 Participants

Ninety-five participants completed the verbal WM task as part of the National Science
Foundation (NSF)-funded Developmental Chronnecto-Genomics (Dev-CoG) study. All
participants were recruited from the University of Nebraska Medical Center (UNMC) site
and were between the ages of 9 and 14 years (Mzge = 11.22, SD,ge = 1.54; 47 females).
Participants were typically developing, without attention-deficit/hyperactivity disorder
(ADHD) or other disorders affecting brain function, mental illness or previous head trauma,
and identified English as their primary language. Participants were excluded according to
general MEG/MRI exclusionary criteria such as the presence of metal implants, dental
braces or permanent retainers, or other metallic or otherwise magnetic non-removable
devices. Other exclusionary criteria included major medical conditions such as cancer,
history or diagnosis of alcohol or substance use disorder, or pregnancy. All procedures were
approved by the UNMC Institutional Review Board and informed consent from the child’s
parent or legal guardian, as well as assent from the child, was obtained before proceeding
with the study.

2.2 Procedure

2.2.1 Task Paradigm.—Participants were shown a centrally-presented fixation cross
embedded in a3 x 2 grid for 1.3 s (Figure 1). An array of six consonants then appeared at
fixed locations within the grid for 2.0 s (i.e., encoding). Following, the letters disappeared
and the empty grid remained on the screen for 3.0 s (i.e., maintenance). A single probe letter
then appeared in the grid for 0.9 s, and the participant was instructed to respond by button
press with their right index or middle finger as to whether the probe was in or out of the
previous array of letters. A total of 128 trials were completed, equally split and
pseudorandomized between in- and out-of-set trials, for a total run time of about 15 minutes.
Responses were recorded concomitantly with the MEG data, with accuracy and reaction
time to be determined offline. This task has been utilized in several previous studies of
adults (Heinrichs-Graham and Wilson, 2015; Proskovec et al., 2016; Wiesman et al., 2016;
Wilson et al., 2017). Using signal detection theory, participants’ responses were categorized
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into hits (correctly responding in-set to an in-set probe stimulus), misses (incorrectly
responding out-of-set to an in-set probe stimulus), false alarms (incorrectly responding in-set
to an out-of-set probe stimulus), and correct rejections (correctly responding out-of-set to an
out-of-set probe stimulus). To calculate each participant’s ¢ value, or the likelihood of
correctly identifying an in-set probe stimulus, we subtracted the normalized false alarm rate
from the normalized hit rate. Participants were excluded from analyses for @ “values of less
than 1 SD below the full group mean.

2.2.2 MEG Data Acquisition.—MEG recordings were conducted in a one-layer
magnetically shielded room with active shielding engaged. Neuromagnetic responses were
acquired with an Elekta MEG system with 306 magnetic sensors (204 planar gradiometers,
102 magnetometers; Elekta, Helsinki, Finland) using a bandwidth of 0.1-330 Hz, sampled
continuously at 1 kHz. Each participant’s data were individually corrected for head motion,
and noise reduction was applied using the signal space separation method with a temporal
extension (tSSS; Taulu and Simola, 2006; Taulu et al., 2005).

2.2.3 MEG Coregistration and Structural MRI Processing.—Preceding MEG
measurement, four coils were attached to the participant’s head and localized, together with
the three fiducial points and scalp surface, using a 3-D digitizer (Fastrak 3SF0002, Polhemus
Navigator Sciences, Colchester, VT, USA). Once the participant was positioned for MEG
recording, an electric current with a unique frequency label (e.g., 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 MEG data were
coregistered with their individual structural T1-weighted MRI data prior to source space
analyses using BESA MRI (Version 2.0). Structural T1-weighted MRI images were acquired
using a Siemens Skyra 3-Tesla MRI scanner with a 32-channel head coil and a MP-RAGE
sequence with the following parameters: TR = 2400 ms; TE = 1.94 ms; flip angle = 8°; FOV
= 256 mm; slice thickness = 1 mm (no gap); voxel size =1 x 1 x 1 mm. These data were
aligned in parallel to the anterior and posterior commissures and transformed into
standardized space. Following source analysis (i.e., beamforming), each participant’s 4.0 x
4.0 x 4.0 mm functional images were also transformed into standardized space using the
transform that was previously applied to the structural MRI volume and spatially resampled.

2.2.4 MEG Time-Frequency Transformation and Statistics.—Cardiac artifacts
were removed from the data using signal-space projection (SSP), which was accounted for
during source reconstruction (Uusitalo and llmoniemi, 1997). The continuous magnetic time
series was divided into epochs of 7.2 s duration, with the baseline being defined as -0.4 to
0.0 s before the onset of the encoding grid. Epochs containing artifacts (e.g., eye blinks,
muscle artifacts, eye saccades, swallowing, coughing) were rejected based on a fixed-
threshold method, supplemented with visual inspection. Briefly, the distribution of
amplitude and gradient values per participant was computed using all trials, and the highest
amplitude/gradient trials relative to the total distribution were excluded by selecting a
threshold that rejected extreme values. Notably, thresholds are set for each participant due to
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differences among individuals in head size and sensor proximity, which strongly affect MEG
signal amplitude. Trials were also randomly excluded from participants with the highest total
trial counts so that the total number of accepted trials used in the final analyses did not differ
by age. An average of 95.2 (SD = 9.7) trials were used for further analysis, and a one-way
ANOVA of number of trials included by age in years revealed that this did not statistically
differ by age (F=1.15; p=.346).

Acrtifact-free epochs were transformed into the time-frequency domain using complex
demodulation (resolution: 1.0 Hz, 50 ms; Papp and Ktonas, 1977), and the resulting spectral
power estimations per sensor were averaged over trials to generate time-frequency plots of
mean spectral density. These sensor-level data were normalized using the respective bin’s
baseline power, which was calculated as the mean power during the —0.4 to 0 s time period.
The specific time-frequency windows used for imaging were determined by statistical
analysis of the sensor- level spectrograms across the entire array of gradiometers during the
5.0 s “encoding” and “maintenance” time windows (Figure 1). To reduce the risk of false-
positive results while maintaining reasonable sensitivity, a two-stage procedure was followed
to control for Type 1 error. In the first stage, two-tailed one-sample #tests were conducted on
each data point and the output spectrograms of t-values were thresholded at p < 0.05 to
define time-frequency bins containing potentially significant oscillatory deviations across all
participants. In stage two, the time-frequency bins that survived the threshold were clustered
with temporally and/or spectrally neighboring bins 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 one) was tested
directly using this distribution (Ernst, 2004; Maris and Oostenveld, 2007). For each
comparison, at least 10,000 permutations were computed to build a distribution of cluster
values. Based on these analyses, the time-frequency windows that contained significant
oscillatory events across all participants during the encoding and maintenance phases were
subjected to the beamforming analysis (see Results, Section 3.2).

2.2.5 MEG Source Imaging and Statistics.—Cortical activity were imaged through
an extension of the linearly constrained minimum variance vector beamformer (Gross et al.,
2001; Hillebrand et al., 2005; Van Veen et al., 1997), which employs spatial filters in the
frequency domain to calculate source power for the entire brain volume. The single images
are derived from the cross-spectral densities of all combinations of MEG gradiometers
averaged over the time-frequency range of interest, and the solution of the forward problem
for each location on a grid specified by input voxel space. This use of the cross- spectral
densities is often referred to as the dynamic imaging of coherent sources (DICS)
beamformer (Gross et al., 2001). Following convention, we computed noise-normalized,
source power per voxel in each participant using active (i.e., task) and passive (i.e., baseline)
periods of equal duration and bandwidth (Hillebrand et al., 2005). Such images are typically
referred to as pseudo-#maps, with units (i.e., pseudo-2) that reflect noise-normalized power
differences (i.e., active vs. passive) per voxel. MEG preprocessing and imaging used the
BESA (V 6.1) software.
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Normalized differential source power was computed for the statistically-selected time-
frequency bands (see below), using a common baseline, over the entire brain volume per
participant at 4.0 x 4.0 x 4.0 mm resolution. The resulting 3D maps of brain activity were
averaged across participants to assess the neuroanatomical basis of significant oscillatory
responses identified through the sensor-level analysis. Next, whole brain correlations were
generated between the participant-level maps and age in months to examine developmental
changes in the neural responses of males and females separately. To statistically compare
these sex specific correlations, we computed voxel-wise Fisher Ztests (thresholded at p< .
001) between the whole-brain correlation maps for each sex, which represent age-by-sex
interactions in the oscillatory coding of verbal WM. Maps were corrected for multiple
comparisons using a cluster correction threshold of 300 contiguous voxels, which was a
conservative estimate based on the spatial smoothness of the image.

3. Results

3.1 Demographic Data and Behavioral Results

Of the 95 participants who completed the task, 16 participants were excluded for ¢ values
less than one standard deviation below the mean (M, = 1.22, SD,”= 0.695), and an
additional 21 participants were excluded during MEG preprocessing and analysis due to
excessive motion and/or other MEG artifacts. A cohort of 58 participants were used in the
final analyses (Mage = 11.78 years, SD,ge = 1.59; 30 females, 28 males). Importantly, the
age distribution of these participants did not differ between sexes, = -1.23, p=.
224.Average accuracy rate for the 58 participants was 70.83 £ 10.59%, with a correct mean
hit rate of 0.72, a mean false alarm rate of 0.21, an average reaction time of 1061.78
+229.43 ms, and an average o= 1.48. All artifact-free trials were utilized in the final MEG
analyses to maximize the signal to noise ratio (SNR), although we conducted preliminary
analyses both ways (with and without incorrect trials) and the results were very similar. As
stated in the methods, the number of trials included in the final analyses did not significantly
differ by age.

There was a significant correlation between age in months and accuracy, such that as age
increased, accuracy rates also increased, = .42, p< .001 (see Figure 2). Further, the
correlation between age in months and reaction time was significant, such that as age
increased, reaction time decreased, r=-.40, p=.002 (see Figure 2). Accuracy and reaction
time were also significantly correlated, such that as accuracy increased, reaction time
decreased, r=-.59, p<.001 (i.e., the opposite of a speed-accuracy tradeoff; see
Supplementary Figure S1). Notably, there was no significant age by sex interaction in any of
the behavioral metrics examined (accuracy: F=1.67, p=0.111; reaction time: F=1.37, p=
0.218; d” F=1.67, p=0.111).

3.2 Sensor-Level Results

Statistical evaluation of the time-frequency spectrograms showed a significant alpha
decrease throughout the encoding period from 9 to 16 Hz in posterior and left hemispheric
sensors, and a significant alpha increase from 8 to 11 Hz during maintenance in posterior
sensors (p < 0.001, corrected; Figure 3). Time-frequency bins were broken into 400 ms
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windows of 9-16 Hz from 200 to 2200 ms and 8-11 Hz from 3400 to 5000 ms. Each 400 ms
window was reconstructed in source space using a beamformer to identify the neural regions
underlying these responses.

3.3 Source-Level Results

Average beamformer images across all participants revealed a broad alpha decrease in left
hemispheric brain regions throughout most of the task. This alpha decrease initially emerged
in the bilateral occipital cortices, and then extended anteriorly with time to include left
temporal and inferior frontal regions, with activity concentrated in these latter regions
throughout mid to late maintenance periods, as shown in Figure 4. In addition, there was an
increase in alpha observed during the maintenance period, especially during later time bins,
and this was primarily generated by bilateral parieto-occipital cortices (see Figure 5). Next,
we investigated the impact of age and sex on these neuronal dynamics. First, we computed
whole-brain correlation maps with age for each time-frequency bin imaged, controlling for
reaction time. No significant correlations between age and neural oscillatory activity,
accounting for reaction time, were found in the full sample (i.e., across both sexes). We
further examined whether biological sex differentially influenced the effects of age on neural
oscillatory activity. As mentioned above, age distribution did not differ by sex, t=-1.23, p=
0.224. Interestingly, we found significant sex-by-age interaction differences in multiple brain
regions during encoding and maintenance (see Figure 6 and Supplementary Figure S2).

Specifically, during encoding, we detected a significant age-by-sex interaction within the
right inferior frontal cortex, 2= 3.85, p< .001, where females showed a stronger negative
correlation between age in months and neural activity, whereas males had a weaker positive
relationship. It should be noted that, since the alpha response during this time period (i.e.,
encoding) was a decrease from baseline, this finding should be interpreted as females
exhibiting a stronger response with increasing age, with the opposite effect found for males.
Follow-up Pearson correlations suggested this stronger alpha response in females was
associated with higher @’ scores, r=-.42, p< 0.05, while males exhibited no relationship
with performance. During maintenance, three posterior peaks showed sex-specific
developmental effects, including peaks in the right occipital cortex (Z = 4.07, p <.001), right
cerebellum (Z = 3.79, p <.001), and parietal regions (Z = 4.26, p < .001). In these regions,
males exhibited a stronger alpha increase with increasing age in months, while females
showed a weaker negative relationship. Since the alpha response in these regions during the
maintenance period was an increase from baseline, this finding should be interpreted as
males exhibiting a stronger response with increasing age. Follow-up Pearson correlations
indicated alpha activity in these regions was not significantly correlated with behavioral
performance in either group.

4. Discussion

In the current study, we used high-density MEG to characterize the neural dynamics of the
encoding and maintenance phases of WM during the transition from childhood to
adolescence. Behaviorally, we found that as age increased, accuracy increased and reaction
time decreased, reflecting a strong developmental improvement across this age range. In
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regards to the neural mechanisms, our data showed a largely left lateralized response with an
occipital alpha decrease early-on that extended into left temporal and prefrontal cortices
during later encoding and maintenance, followed by a parieto-occipital alpha increase during
middle and later maintenance. As predicted, this general pattern of activity was consistent
with previous studies in adults (Cabeza and Nyberg, 2000; Heinrichs-Graham and Wilson,
2015; Proskovec et al., 2016; Rottschy et al., 2012), as well as this age group (Bathelt et al.,
2017; Brahmbhatt et al., 2008; Kharitonova et al., 2015; Nagel et al., 2013; Thomason et al.,
2009; Vogan et al., 2016), although the temporal evolution of these dynamics have not been
previously evaluated in a youth sample. In addition, we found that WM related oscillations
were altered by development, but interestingly these developmental effects were all sex-
specific suggesting a divergence in this age range between males and females. Below, we
discuss the implications of these findings for understanding changes in WM performance
and oscillatory activity during the emergence of sex differences during adolescence.

Critically, all of the developmental effects observed in this study were sex-specific, which
was not altogether surprising given the age range of our participants and known sex
differences in behavior and physiology during adolescence. In particular, we found stronger
recruitment of right inferior prefrontal regions in females during the encoding phase, and
stronger alpha increases in posterior regions of males during maintenance. Previous studies
have shown that more widespread prefrontal recruitment reflects inefficiencies in systems
that are still under development (Bathelt et al., 2017; Jolles et al., 2011), although given the
overall age-related improvements in performance and our follow-up correlational analyses
we propose that this increased recruitment in females had a positive effect, analogous to the
greater recruitment of right hemispheric prefrontal areas seen in healthy aging (Proskovec et
al., 2016). Essentially, WM studies of healthy aging have shown that greater involvement of
right hemispheric homologue regions is generally associated with preserved performance in
older adults (Cabeza et al., 2002; Emery et al., 2008; Proskovec et al., 2016; Reuter-Lorenz
et al., 2000). In male participants, we found increased alpha activity during maintenance in
posterior regions, including occipital, parietal, and cerebellar cortices. Such activity has
previously been related to the ability to inhibit the processing of incoming visual stimuli,
which is thought to be critical for maintaining the integrity of representations held in WM
(Andre et al., 2016; Bonnefond and Jensen, 2012, 2013; Handel et al., 2011; Payne et al.,
2013). Thus, increases in parietal and occipital alpha with age likely reflect improved
suppression of incoming visual information during maintenance in males, which would
enhance WM task performance. Surprisingly, females exhibited developmental effects in the
opposite direction (i.e., reduced occipital alpha with increasing age). This could indicate that
WM network maturational patterns during the adolescent transition differ in males and
females, with prefrontal development leading in females and parieto-occipital circuits
leading in males. Such sex differences in parieto-occipital circuits may explain why the
alpha increases in these regions across all participants were qualitatively weaker than
observed in previous studies of adults. The weakness of this response throughout
maintenance was particularly noteworthy, as it is a prominent, robust response in verbal WM
studies in adults (Heinrichs-Graham and Wilson, 2015; McDermott et al., 2016; Proskovec
et al., 2016; Wiesman et al., 2016; Wilson et al., 2017). Future studies focusing on later
adolescence and early adulthood should continue to focus on this response, and thereby map

Neuroimage. Author manuscript; available in PMC 2020 January 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Embury et al.

Page 9

its full developmental trajectory. We would hypothesize that the response pattern in males
and females would converge by early adulthood, as sex differences in the occipital alpha
increase have not been previously reported in adults. Finally, cerebellar activity found during
maintenance also differed by sex, and such right cerebellar activity is consistent with the
WM literature (Brahmbhatt et al., 2008; Cabeza and Nyberg, 2000; Heinrichs-Graham and
Wilson, 2015; McDermott et al., 2017; Ng et al., 2016).

The neural dynamics observed in these children and adolescents follows the adult literature
and the established Baddeley model of WM (Baddeley, 1992, 2000), including the central
executive, phonological loop, and visuospatial sketchpad components. Briefly, multiple
studies have connected activity in superior temporal and inferior frontal cortices to verbal
processing and subvocal rehearsal mechanisms, consistent with operation of the
phonological loop component of WM processing (Heinrichs-Graham and Wilson, 2015;
Proskovec et al., 2016; Rottschy et al., 2012; Wilson et al., 2017). Prefrontal and posterior
cortical activity has previously been linked to executive level processing (prefrontal), and
potentially top-down modulation of parieto-occipital alpha to suppress incoming visual
information from disturbing representations currently held in the so-called slave systems
(Andre et al., 2016; Bathelt et al., 2017; Bonnefond and Jensen, 2012, 2013; Handel et al.,
2011; Jolles et al., 2011; Payne et al., 2013). In line with previous studies, we found this
executive component of WM processing to be more dynamic within this age range,
suggesting continuing development of these neural and cognitive faculties during the
transition from childhood to adolescence.

One limitation of the current study is that our high-load verbal WM task was very difficult
for participants, with the youngest participants exhibiting lower accuracy rates. To maintain
a reasonable SNR for our MEG analyses and to avoid age-related differences in the number
of accepted trials, we opted to include both correct and incorrect trials in our final analyses.
This practice is common in the neuroimaging literature, but does raise concerns regarding
the impact of accuracy on the neural responses. Importantly, in the current study, we ran the
analysis both ways (i.e., correct trials only vs. correct + incorrect trials), and the results were
very similar; thus, ultimately this aspect of the analysis had a negligible impact on the
results. Additionally poor task performance led to a high number of exclusions at early
stages of analysis, a limitation that should be addressed in future studies. Another possible
limitation is that we did not perform any direct comparisons with adult WM responses. Such
responses are well characterized in adults (Cabeza and Nyberg, 2000; Heinrichs-Graham and
Wilson, 2015; Jensen et al., 2002; Proskovec et al., 2016; Rottschy et al., 2012), but future
studies should include an adult group and/or longitudinal designs so that the overall
trajectory is further clarified. Finally, the current study did not examine the direct
involvement of sex hormones in this age range, and their role should be addressed in future
studies of sex differences in cognitive and neural development.

In conclusion, defining the underlying oscillatory mechanisms of WM processing in terms
of encoding and maintenance operations allows a more refined characterization of the
development of this cognitive capacity. Our study used MEG to examine the neural
dynamics of these responses, finding many similarities with previous studies in adults, as
well as some minor divergence. Overall, the findings were broadly consistent with the
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existing literature, showing continual development of both the behavioral and neural
components in this age range. Finally, our data showed sex-specific differences in the
development of key oscillatory responses serving WM processing, which is a novel finding
that holds major implications for understanding the developmental trajectory of WM
performance, dynamics, and circuitry.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
. A large cohort of 9-14 year-olds completed a verbal working memory task
during MEG
. Behavioral performance on the working memory task improved with age
. Left-lateralized alpha responses were dynamic based on the phase of the task
. Developmental effects were sex-specific for several key oscillatory responses
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1300 ms 2000 ms 3000 ms 900 ms

Figure 1.

Working memory task paradigm. Presentation started with a fixation cross shown over an
empty 3 x 2 grid, followed by the appearance of six consonants within the grid for 2 s
(encoding), an empty grid for 3 s (maintenance), and finally a probe letter in the grid
(retrieval). During the retrieval phase, participants were to respond by button press as to
whether the probe letter was present or absent in the original encoding set of six consonants.

Retrieval

Fixation Encoding
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Figure 2.

Behavioral correlations. Left. Age in months and accuracy were significantly correlated,
such that as age increased, accuracy increased, r= .42, p< .001. Right. Age in months also
significantly correlated with reaction time, such that as age increased, reaction time
decreased, r=-.40, p=.002. These behavioral data show a clear developmental curve,
where performance improves with age.
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TIME FREQUENCY SPECTROGRAM
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Figure 3.
Time-frequency spectrogram. A grand-averaged time-frequency spectrogram from a

representative sensor (M2313) near the parieto-occipital cortices. The same sensor was
chosen in each participant. Time is shown on the x-axis in seconds, while frequency is
shown on the y-axis in Hz. The colors reflect power increases (red) and decreases (blue)
relative to the baseline, with the scale bar shown to the far right. A significant decrease in
alpha from 9-16 Hz can be discerned throughout encoding into early maintenance, followed
by a significant alpha increase throughout mid to late maintenance in a more narrow 8-11
Hz range. Time-frequency windows for source imaging (beamforming) were derived from
statistical analysis of the sensor-level spectrogram data, and these windows are demarcated
by the black boxes.
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LEFT HEMISPHERIC ALPHA OSCILLATORY DYNAMICS

Figure 4.
Left hemispheric alpha oscillatory dynamics. Group averaged images per time window

during encoding (time bin shown in red), transition (white), and maintenance (blue) periods
depict the progression of responses during task performance. A strong decrease in alpha
activity relative to the baseline can be seen during encoding time bins starting in occipital
and stretching forward to more temporal and prefrontal regions through later encoding,
transition, and into maintenance.
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PARIETO-OCCIPITAL ALPHA IN LATE MAINTENANCE

Figure 5.
Parieto-occipital alpha during late maintenance. This response extended through most of the

maintenance phase and has been reported in previous working memory studies focused on
adults. The response is believed to be related to the ability to suppress incoming visual
information, thereby maintaining the integrity of the target stimuli representations.
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SEX DIFFERENCES IN REGIONAL RECRUITMENT WITH AGE

Encoding Maintenance
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Figure 6.
Sex differences in regional recruitment with age. During encoding stronger alpha decreases

with age were observed in the right inferior frontal region of females (left), while during
maintenance stronger alpha increases with age were observed in parietal, occipital, and
cerebellar regions of males (right).

Neuroimage. Author manuscript; available in PMC 2020 January 15.



	Abstract
	Introduction
	Methods
	Participants
	Procedure
	Task Paradigm.
	MEG Data Acquisition.
	MEG Coregistration and Structural MRI Processing.
	MEG Time-Frequency Transformation and Statistics.
	MEG Source Imaging and Statistics.


	Results
	Demographic Data and Behavioral Results
	Sensor-Level Results
	Source-Level Results

	Discussion
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Figure 5.
	Figure 6.

