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A B S T R A C T   

Processing of low-level visual information shows robust developmental gains through childhood and adoles
cence. However, it is unknown whether low-level visual processing in the occipital cortex supports age-related 
gains in memory for complex visual stimuli. Here, we examined occipital alpha activity during visual scene 
encoding in 24 children and adolescents, aged 6.2–20.5 years, who performed a subsequent memory task while 
undergoing electrocorticographic recording. Scenes were classified as high- or low-complexity by the number of 
unique object categories depicted. We found that recognition of high-complexity, but not low-complexity, scenes 
increased with age. Age was associated with decreased alpha power and increased instantaneous alpha frequency 
during the encoding of subsequently recognized high- compared to low-complexity scenes. Critically, decreased 
alpha power predicted improved recognition of high-complexity scenes in adolescents. These findings demon
strate how the functional maturation of the occipital cortex supports the development of memory for complex 
visual scenes.   

1. Introduction 

Our ability to remember complex visual stimuli shows robust gains 
from childhood through young adulthood. Research on the neural basis 
of these age-related gains in memory has primarily focused on the 
protracted maturation of brain regions identified as crucial for memory, 
such as the prefrontal cortex and medial temporal lobe (Johnson et al., 
2018; Ofen, 2012; Ofen et al., 2019, 2007; Tang et al., 2018; Yu et al., 
2018). Yet, several lines of work point to the critical role of visual 
processing in the development of memory, and thus the protracted 
maturation of brain regions involved in visual processing as a key factor 
in limiting young children’s memory for visual stimuli (Chai et al., 2010; 
Golarai et al., 2010, 2007; Gomez et al., 2017). Evidence of the pro
tracted development of basic aspects of visual processing (van den 
Boomen, van der Smagt and Kemner, 2012), combined with structural 

changes in the occipital cortex (Ducharme et al., 2016; Huttenlocher 
et al., 1982), raises the possibility that the functional maturation of the 
occipital cortex plays an important role in visual memory development. 
Here, we provide direct evidence recorded from the occipital cortex in 
children and adolescents demonstrating the involvement of the occipital 
cortex in memory formation across development. 

Functional and structural MRI studies have documented the pro
tracted maturation of category-selective, high-level visual regions such 
as the ventral temporal cortex (Golarai et al., 2010; Gomez et al., 2018, 
2017; Natu et al., 2019; Peelen et al., 2009; Scherf et al., 2007). The 
maturation of these category selective high-level visual regions is asso
ciated with developmental gains in recognition memory for scenes and 
faces (Chai et al., 2010; Golarai et al., 2010, 2007; Gomez et al., 2017), 
suggesting a link between the maturation of high-level visual processes 
and the development of visual memory. 
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Studies of behavior and visual evoked potentials have also identified 
prolonged maturation of several aspects of visual processing which 
constitute the basic building blocks of scene perception (van den Boo
men, van der Smagt and Kemner, 2012). Evidence of prolonged matu
ration comes from studies of contrast sensitivity during the perception of 
natural images, with differences observed between children aged 6–10 
years and adults (Ellemberg et al., 2012), and between children and 
adolescents aged 7–15 years and adults (Rokszin et al., 2018). Prolonged 
maturation was further documented in study of spatio-chromatic pro
cessing, with age differences observed in participants aged 2–26 years 
(Madrid and Crognale, 2000). There is also evidence of age differences 

in orientation perception as indexed by texture segregation between 
infants, 13-year-olds, and adults (Sireteane and Rieth, 1992), and as 
indexed by spatial integration between participants aged 5–14 years and 
adults (Kovacs et al., 1999). Finally, there is evidence of age differences 
in stereoacuity between children aged 5–10 years and adults (Sloper and 
Collins, 1998). Collectively, these studies point to the prolonged 
development of low-level visual processes. Evidence that basic, 
low-level aspects of visual processing continue to develop throughout 
childhood and adolescence is consistent with the notion of prolonged 
functional development of the human visual system. 

The prolonged development of low-level visual processes is further 

Fig. 1. Scene subsequent memory paradigm and electrode coverage. (A) Subsequent memory paradigm. Scenes were presented in two consecutive study-test cycles. 
In each study cycle, participants studied 40 scenes (3000 ms each) and indicated whether each scene was indoor/outdoor. In each test cycle, participants were tested 
on all 40 studied scenes, intermixed with 20 new scenes as foils. Participants made an old/new judgement of each scene based on whether they remembered seeing 
the scene at study. The test was self-paced. ISI, interstimulus interval (500 ms fixation). (B) Reconstruction of occipital cortex electrode coverage (n = 109) for all 
participants (n = 24). Each electrode was color-coded by participant’s age. (For interpretation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.) 
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supported by evidence of the prolonged structural maturation of the 
occipital cortex. Neuroimaging anatomical evidence shows that the oc
cipital cortex continues to mature through adolescence, as evident in age 
differences in cortical thickness in participants aged 5–21 years (Duch
arme et al., 2016), suggesting synaptic pruning of inefficient connec
tions as observed in brains varying in age from fetal gestation week 28 to 
71 years (Huttenlocher et al., 1982). Given that memory for visual 
stimuli depends on input from the occipital cortex, these findings raise 
the possibility that the maturation of the occipital cortex contributes to 
the development of memory for complex visual stimuli. Overall, evi
dence suggests that the functional maturation of the occipital cortex may be 
critical for developmental gains in perception and therefore also in memory. 

To test this proposal, we capitalized on a rare opportunity to inves
tigate activity recorded directly from the occipital cortex in 24 children 
and adolescents who performed a subsequent memory task while un
dergoing electrocorticographic (ECoG) recording (Fig. 1). ECoG data 
provide unprecedented spatiotemporal resolution in the study of neu
rocognitive development (Ofen et al., 2019), and coverage of the oc
cipital cortex is exceedingly rare (Parvizi and Kastner, 2018). To assess 
differences in visual processing, we took advantage of scene complexity. 
All scenes were of either high or low complexity, defined by the number 
of unique object categories depicted (Fig. 2A). We investigated visual 
processing by analyzing the difference in occipital ECoG signals during 
the encoding of high- compared to low-complexity scenes (Chai et al., 
2010; Russell et al., 2008). We further investigated how visual pro
cessing contributed to memory formation by comparing effects during 
the perception of scenes that were subsequently recognized correctly or 
forgotten (Ofen et al., 2019). We focused on oscillations in the alpha 
range (~7–14 Hz) given the well-established role of alpha oscillations in 
visual processing (for a review, see Clayton, Yeung and Cohen Kadosh, 
2017). We measured two aspects of alpha oscillations: broadband power 
and instantaneous frequency. 

Decreased alpha power has been proposed to reflect increased neural 
activity, as demonstrated by inverse relationships between alpha power 
and multiunit neuronal activity (Haegens et al., 2011; van Kerkoerle 
et al., 2014) and hemodynamic fMRI responses (Goldman et al., 2002; 
Harvey et al., 2013). More recently, alpha power decreases have been 
termed alpha desynchronization, which has been proposed to index the 
richness of information encoded by the brain, and more specifically to 
predict memory encoding success (Hanslmayr et al., 2016, 2012). 
Indeed, alpha desynchronization is associated with subsequent memory 
formation (Griffiths et al., 2019; Johnson et al., 2020; Lega et al., 2017). 

Time-resolved peak alpha frequency has been proposed to modulate 
the timing of neuronal spiking (Cohen, 2014) and support rhythmic 
perception (Samaha and Postle, 2015; VanRullen, 2016). Electrophysi
ological evidence suggests that visual perception happens in a cyclic 
manner such that particular phases of the alpha cycle are associated with 
increased neural activity (Haegens et al., 2011; Klimesch et al., 2007) 
and thus more efficient sensory perception than others (Busch et al., 
2009; Busch and VanRullen, 2010; Mathewson et al., 2009). Therefore, 
time-resolved peak alpha frequency, measured here by instantaneous 
frequency (Cohen, 2014), may index the temporal resolution of 
perception (Samaha and Postle, 2015; Shen et al., 2019; Wutz et al., 
2018). 

Alpha power and instantaneous frequency are thought to reflect the 
dynamics of neural activity which regulate visual information process
ing (Nelli et al., 2017). Therefore, we hypothesized that measures of 
alpha power and frequency would reveal complementary age-related 
differences in the processing of complex visual scenes. In addition, 
alpha power and instantaneous frequency may reflect dissociable 
properties of visual information processing. Whereas broadband alpha 
power may reflect the rate of neuronal spiking and predict memory 
outcomes (Hanslmayr et al., 2016, 2012), instantaneous alpha fre
quency may reflect the timing of neuronal spiking and predict percep
tual outcomes (Cohen, 2014; Samaha; Postle, 2015; Shen et al., 2019; 
Wutz et al., 2018). Thus, we anticipated that alpha power and frequency 
would show complementary but dissociable relationships with memory 
performance. 

Using the same scene subsequent memory paradigm (Fig. 1A), Chai 
et al. (2010) previously found age-related improvements in the recog
nition of high- but not low-complexity scenes. These improvements in 
high-complexity scene recognition accuracy were associated with the 
functional maturation of the parahippocampal gyrus, as measured by 
fMRI during scene encoding. They also found that viewing 
high-complexity scenes induced greater activation in the occipital cortex 
compared to low-complexity scenes, suggesting that the perception of 
complex scenes demands low-level visual processes. Here, we hypoth
esized that age-related differences in occipital alpha power and fre
quency would be specific to the perception of high-complexity scenes 
that were subsequently recognized. We further tested the extent to 
which these age differences would predict age-related improvements in 
the recognition of complex visual scenes, thus linking the maturation of 
low-level visual processes to developmental gains in memory for com
plex visual scenes. 

Fig. 2. Age-related increase in recognition of high- but not low-complexity scenes. (A) Examples of high-complexity (top; defined by 5 or more object categories) and 
low-complexity (bottom; 3 or fewer object categories) scenes. Original scenes are presented on the left and object categories identified in those scenes are presented 
on the right, indicated by different colors. (B) There was an age by scene complexity interaction in recognition accuracy (hit rate – false alarm [FA] rate; p < 0.001). 
The interaction was driven by an age-related increase in the recognition of high- (blue; p = 0.09; r = 0.36) but not low-complexity (orange; p = 0.77; r = − 0.06) 
scenes. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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2. Materials and methods 

2.1. Participants 

Twenty-six neurosurgical patients (15 males; 6.2–20.5 years of age; 
mean ± SD, 13.6 ± 3.3 years) with subdural electrodes implanted for the 
clinical evaluation of refractory epilepsy participated in this study. 
Twenty-five patients were from the Children’s Hospital of Michigan, and 
one patient was from the University of California, San Francisco, Benioff 
Children’s Hospital. Written informed consent was obtained from pa
tients aged 18 years and older and from the guardians of participants 
under age 18 years. Written assent was obtained from participants aged 
13–17 years and oral assent was obtained from younger children. This 
study was approved by the Institutional Review Board at each data 
collection site in accordance with the Declaration of Helsinki. Data from 
two participants were excluded from analysis due to overall negative 
recognition accuracy (age 9.3 years, accuracy = − 0.14; age 16.7 years, 
accuracy = − 0.06), resulting in 24 participants (13 males; 6.2–20.5 
years of age; mean ± SD, 13.7 ± 3.2 years; Table S1). 

2.2. Stimuli 

A total of 120 full-color pictures of natural scenes (60 indoor, 60 
outdoor) were used in the subsequent memory paradigm (Fig. 1A). 
Pictures of scenes were classified as high- or low-complexity by the 
number of unique object categories depicted (Fig. 2A), as determined 
using the LabelMe image toolbox (Russell et al., 2008). Scenes that 
included five or more object categories were classified as 
high-complexity, and scenes that included three or fewer object cate
gories were classified as low-complexity (Chai et al., 2010). High- and 
low-complexity scenes were fully counter-balanced within each of the 
study and test cycles, as described below. The spatial frequency of each 
scene was characterized and compared between high- and 
low-complexity scenes using the method of Chai et al. (2010). There was 
no difference between high- and low-complexity scenes in spatial fre
quency (t(118) = 0.95, p = 0.34). 

2.3. Subsequent memory task 

Memory formation was assessed in a scene subsequent memory 
paradigm (Fig. 1A) that has been used extensively in this age group 
(Chai et al., 2010; Johnson et al., 2018; Ofen et al., 2019, 2007; Tang 
et al., 2018). Scenes were presented in two consecutive study-test cycles. 
In each study cycle, participants studied 40 scenes (20 indoor, 20 out
door), each presented for 3000 ms following a 500-ms fixation screen. 
Participants verbalized whether each scene was “indoor” or “outdoor” in 
preparation for a recognition test. Responses were coded as correct or 
incorrect via offline review of individual audio recordings. Analysis of 
electrophysiological data was restricted to studied scenes that were 
properly attended, as indicated by a correct indoor/outdoor response. 

In each test cycle, participants were tested on all 40 studied scenes, 
intermixed with 20 new scenes as foils. Participants were instructed to 
respond “old” if they remembered seeing the scene at study and “new” if 
they thought they had not seen the scene. Each scene remained on screen 
until a response was given, following a 500-ms fixation screen. All 
participants completed a short practice cycle and at least one full study- 
test cycle (Table S1). Responses were coded as hit (i.e., “old” response to 
studied scene), miss (“new” response to studied scene), correct rejection 
(“new” response to foil), or false alarm (“old” response to foil). Recog
nition accuracy was calculated by subtracting the false alarm rate 
(number of false alarms out of total number of foils) from the hit rate 
(number of hits out of total number of studied scenes). Recognition 
accuracy was calculated for high- and low-complexity scenes separately. 
Electrophysiological data for studied scenes were analyzed as a function 
of subsequent memory at test (i.e., hit or miss) (Johnson et al., 2020; 
Ofen et al., 2019). 

2.4. Electrode placement and localization 

Platinum macro-electrodes (4 mm diameter, 10 mm intercontact 
distance) were placed subdurally for extra-operative ECoG monitoring 
based solely on the clinical needs of each patient. Three-dimensional 
electrode reconstructions were created by co-registering post-implan
tation planar x-ray images of the cortical surface with preoperative T1- 
weighted spoiled gradient echo MRIs. Automatic parcellation of cortical 
gyri was performed using FreeSurfer software (Desikan et al., 2006) and 
anatomical labels were assigned to electrode sites (Pieters et al., 2013). 
Participants were included in this study by artifact-free electrode 
coverage of the occipital lobe, as determined by review of individual 
reconstructions and automatic parcellation results. Electrodes were 
transformed into standard Talairach space for visual representation 
across all participants (Fig. 1B) using NeuralAct (Kubanek and Schalk, 
2015). 

2.5. ECoG data acquisition and preprocessing 

ECoG data were acquired using a 192-channel Nihon Kohden Neu
rofax 1100A Digital System, sampled at 1 kHz. Raw electrophysiology 
data were filtered with 0.1-Hz high-pass and 300-Hz low-pass finite 
impulse response filters, and 60-Hz line noise harmonics were removed 
using discrete Fourier transform. Data traces were demeaned, and the 
study data were epoched into 4500-ms trials (− 1000 to +3500 ms from 
scene onset). Pathological electrodes and electrodes near lesions iden
tified by the clinical teams (Drs. Asano and Auguste) were removed. 
Electrodes and epochs displaying epileptiform activity or artifactual 
signal (from poor contact, machine noise, etc.) were then determined 
based on visual inspection and removed. Each artifact-free electrode was 
re-referenced to the common average of all artifact-free electrodes. Each 
study trial was re-inspected after re-referencing and any trials with re
sidual noise were removed. The final data set included 109 occipital 
electrodes across all participants (mean ± SD, 5 ± 2 electrodes/partic
ipant; range, 1–9). 

2.6. Time-frequency analysis 

Time-frequency representations of power were calculated using the 
FieldTrip toolbox (Oostenveld et al., 2011) for MATLAB (MathWorks 
Inc., Natick, MA). Each 4500-ms study trial was zero-padded to 12,500 
ms, and power was calculated between 5 and 15 Hz (1-Hz resolution, 
2-Hz bandwidth) using Fast Fourier transforms with adaptive, 
frequency-dependent sliding windows of five cycles (e.g., 500-ms win
dow at 10 Hz). Time windows were advanced in increments of 50 ms. 
Power was z-scored on the pre-stimulus baseline via bootstrapping (see 
below, Statistical bootstrapping). 

2.7. Instantaneous frequency analysis 

Instantaneous alpha frequency was computed using methods and 
code developed by Cohen (2014). Each 4500-ms study trial was band
pass filtered between 7 and 14 Hz with a zero-phase, plateau-shaped 
filter with 15% transition zones. The Hilbert transform was used to 
extract the phase angle time series from the filtered data and instanta
neous frequency was computed by taking the temporal derivative of the 
phase angle time series, scaled to Hz by the sampling rate and 2π. 
Because noise in the phase angle time series can cause sharp, 
non-physiological responses in the derivative, the instantaneous fre
quency was filtered 10 times using a median filter with different window 
sizes (i.e., 10 equally spaced time windows between 10 and 400 ms). 
Instantaneous frequency was calculated per-trial as the median of the 
median-filtered outputs. 
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3. Statistical analysis 

3.1. Statistical bootstrapping 

Scene-induced changes in power were quantified in single trials by 
normalizing the study data (− 150 to +3000 ms from scene onset) on the 
pre-stimulus baseline (− 450 to − 150 ms from scene onset) using sta
tistical bootstrapping (Flinker et al., 2015; Johnson et al., 2018). Base
line raw values were pooled into a single time series for each electrode 
and frequency, from which we randomly selected and averaged r data 
points (r = number of trials in that participant’s data). This process was 
repeated 1000 times to create normal distributions of pre-stimulus 
baseline data. Study data were z-scored on the pre-stimulus baseline 
distributions. This procedure adjusts the time-frequency representations 
to correct for 1/f power scaling and reveal changes in power within each 
frequency induced by the presentation of a scene. 

3.2. Linear mixed-effects models 

Behavioral and ECoG data were modeled on the group level using 
linear mixed-effects models (Baayen et al., 2008; Johnson et al., 2018). 
To model complexity and age effects in behavior, recognition accuracy, 
study response time (RT), and recognition test RT data were submitted 
to models with scene complexity (high, low) and age as fixed effects and 
participants (n = 24) as the random effect. 

Because of the nature of the recording technique, electrode coverage 
differed between participants and it is possible that, in addition to left- 
or right-hemisphere ECoG, coverage of occipital sub-regions (e.g., V1- 
V3) differed between participants. The use of mixed-effects models 
with electrodes as nested random effects controls for the possibility of 
systematic variability in individual electrode coverage, including 
hemisphere, sub-region, and the number of electrodes analyzed per 
participant. To model subsequent memory effects in occipital alpha, 
power data were submitted to models with subsequent memory (hit, 
miss) as the fixed effect and participants and nested electrodes (n = 109) 
as random effects. To model complexity and age effects in occipital 
alpha, power and instantaneous frequency data were submitted to 
models with scene complexity and age as fixed effects, and participants 
and nested electrodes as random effects. The false discovery rate (FDR) 
was used to correct for multiple comparisons at the 0.05 level (i.e., FDR- 
corrected p < 0.05). 

Analyses of behavioral RT and of alpha power and frequency were 
conducted separately for subsequent hit and subsequent miss trials, with 
the exception of direct analyses of subsequent memory effects (i.e., hit 
vs. miss). We took this approach instead of submitting the data to a 
complex model to look for an interaction between subsequent memory 
(hit, miss), complexity (high, low), and age. Because a three-way 
interaction would be difficult to interpret, we systemically modeled 
complexity and age effects separately for subsequently recognized (i.e., 
hit) and forgotten (miss) scenes. Subsequent memory effects on ECoG 
data were examined to justify separate models for subsequent hit and 
miss trials. 

Analyses were performed using the MATLAB fitlme. m function. To 
compare effects between subsequently recognized and forgotten scenes, 
effect sizes were calculated for the interaction terms using Cohen’s f2 

(Selya et al., 2012), with f2 ≥ 0.02, f2 ≥ 0.15, and f2 ≥ 0.35 representing 
small, medium, and large effect sizes, respectively (Cohen, 1988). 

3.3. Post-hoc linear regression 

Significant data points were averaged separately for high- and low- 
complexity scenes within each participant and submitted for post-hoc 
analyses with age and recognition accuracy as predictors. We first 
determined whether significant complexity by age interactions were 
driven by age-related differences in the encoding of high- or low- 
complexity scenes, as indexed by a main effect of age. We further 

examined whether these age-related differences predicted recognition 
accuracy, as indexed by an interaction between age and accuracy. A 
significant age by accuracy interaction indicates that age-related dif
ferences in scene encoding are directly relevant to recognition memory 
behavior. Analyses were performed using the MATLAB fitlm. m function. 

3.4. Data availability 

De-identified raw data are deposited to the NIMH public database 
(DOI: 10.15154/1519366). Additional data related to the paper may be 
requested from the authors. 

4. Results 

4.1. Age-related gains in memory for complex visual scenes 

Across all participants, a mean of 0.94 ± 0.07 of high-complexity 
scenes and 0.94 ± 0.08 of low-complexity scenes were correctly iden
tified as indoor/outdoor at study (Table S1), indicating proficiency at 
the scene encoding task. Trials with incorrect indoor/outdoor responses 
were removed, restricting further analyses to trials in which participants 
attended sufficiently to indicate the correct scene category (Johnson 
et al., 2018). Of correctly identified scenes, 0.64 ± 0.20 of 
high-complexity scenes and 0.66 ± 0.17 of low-complexity scenes were 
later recognized as “old” (i.e., hit rate). Of the scenes used as foils during 
recognition, 0.26 ± 0.17 of high-complexity scenes and 0.27 ± 0.18 of 
low-complexity scenes were falsely identified as “old” (false alarm rate). 
Recognition accuracy (hit rate – false alarm rate) for high-complexity 
scenes varied across participants from − 0.21 to 0.88 (mean ± SD, 
0.38 ± 0.24), and recognition accuracy for low-complexity scenes varied 
from − 0.01 to 0.80 (mean ± SD, 0.40 ± 0.22). Note that participants 
with overall recognition accuracy (collapsed across high- and 
low-complexity scenes) below zero were excluded from all analyses (see 
Participants). Because participants were not informed of the complexity 
manipulation, the different accuracy ranges reported for high- and 
low-complexity scenes reflect scene complexity effects in recognition. 
Linear mixed-effects modeling revealed a main effect of scene 
complexity (F(1,44) = 12.22, p < 0.002) and a complexity by age inter
action (F(1,44) = 12.59, p < 0.001) in recognition accuracy (Fig. 2B). 
Post-hoc linear regression indicated that this interaction was driven by 
an age-related increase in recognition accuracy for high-complexity 
scenes (β = 0.36, F(1,22) = 3.19, p = 0.09), not low-complexity scenes 
(β = − 0.06, F(1,22) = 0.09, p = 0.77), suggesting developmental gains in 
memory for complex visual scenes. 

Participants’ RTs on the scene encoding task varied from 773 to 
2402 ms (mean ± SD, 1522 ± 418 ms) for high-complexity scenes and 
753 to 2410 ms (1471 ± 376 ms) for low-complexity scenes. RTs on the 
recognition test varied from 1264 to 4806 ms (2490 ± 1018 ms) for 
high-complexity scenes and 1346 to 4446 ms (2367 ± 843 ms) for low- 
complexity scenes. RTs were not significantly related to age, scene 
complexity, or the interaction of age and complexity for scenes that were 
later recognized (study, p > 0.69; test, p > 0.08) or forgotten (study, p >
0.87; test, p > 0.37). 

4.2. Negative alpha subsequent memory effects in complex visual scenes 

Scene perception was associated with task-induced occipital power 
decreases in the broadband alpha range (~7–14 Hz). Decreased alpha 
power was evident during the first second of viewing of both high- and 
low-complexity scenes (z < − 2.57, p < 0.01; Fig. 3A–B). Linear mixed- 
effect modeling revealed negative subsequent memory effects (i.e., hit 
< miss) throughout the 3000-ms scene perception period for high- but 
not low-complexity scenes (FDR-corrected p < 0.05; Fig. 3C). Alpha 
power decreases were maximal during the encoding of complex scenes 
that were subsequently recognized, predicting memory formation. 
These subsequent memory effects show that occipital alpha is involved 
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in the successful encoding of complex visual scenes and demonstrate 
that decreased alpha power benefits visual memory formation. For this 
reason, further analyses were performed separately on subsequent hit 
and miss trials, and relevance to memory is inferred from effects that are 
specific to the encoding of scenes that were subsequently recognized. 

4.3. Age-related decrease in alpha power during complex scene encoding 
predicts recognition accuracy 

To investigate age differences in alpha power during the encoding of 
subsequently recognized scenes, we conducted linear mixed-effects 
modeling of alpha power for subsequent hit trials with scene 
complexity and age as fixed effects. The model revealed significant scene 
complexity by age interactions during the encoding of subsequently 
recognized scenes (FDR-corrected p < 0.05; mean f2 = 0.19; Fig. 4A). 
These interactions were maximal between ~7 and 9 Hz and sustained 
for 400 ms around the indoor/outdoor response (1150–1550 ms from 
scene onset; RT = 1488 ± 391 ms). Post-hoc linear regression analysis 

revealed that these interactions were driven largely by an age-related 
decrease in power during the encoding of high-complexity scenes (β 
= − 0.31, F(1,22) = 2.27, p > 0.14), but not low-complexity scenes (β =
0.09, F(1,22) = 0.17, p > 0.68; Fig. 4B). This age-related decrease in 
power during the encoding of subsequently recognized, high-complexity 
scenes suggests an age-related increase in visual processing in the oc
cipital cortex during memory formation for high-complexity scenes. 

Post-hoc analysis further revealed a significant age by recognition 
accuracy interaction during the encoding of subsequently recognized, 
high-complexity scenes (β = − 0.31, F(1,20) = 4.44, p < 0.05; Fig. 4C, 
left), suggesting that alpha power is related to age-related gains in the 
recognition of high complexity scenes. The main effect of accuracy was 
not significant (β = − 0.40, F(1,20) = 3.94, p > 0.06). To visualize this 
interaction, we plotted the relationship between power and accuracy in 
equally sized subgroups of participants split by median age, referred as 
children (6.2–13.3 years) and adolescents (13.3–20.5 years). As shown 
in Fig. 4C (left), lower alpha power predicted greater high-complexity 
recognition accuracy among adolescents, and this relationship was 

Fig. 3. Negative alpha subsequent memory effects in complex visual scenes. (A) Spectral power (5–15 Hz) for subsequent hit trials during the encoding of high- (left) 
and low-complexity (right) scenes, averaged across all occipital electrodes for all participants. Scene viewing induced power decreases (i.e., z-scored power values 
compared with a baseline distribution) in the alpha range (z < − 2.57, p < 0.01). The solid vertical line indicates scene onset and the dashed vertical line indicates 
mean RT. (B) Same as (A) for subsequent miss trials. (C) Power differences between subsequent hit and miss trials for high- (left) and low-complexity (right) scenes, 
averaged across all occipital electrodes for all participants. Enclosed areas indicate the data points of significant subsequent memory effects (i.e., hit < miss; FDR- 
corrected p < 0.05). The subsequent memory effects were all negative and mostly specific to high-complexity scenes. The solid vertical line indicates scene onset and 
the dashed vertical line indicates mean RT. SME, subsequent memory effect. 
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largely absent among children. In contrast, power during the encoding 
of low-complexity scenes was not significantly related to recognition 
accuracy (β = 0.18, F(1,20) = 0.12, p > 0.73) or the interaction of age and 
accuracy (β = − 0.50, F(1,20) = 2.36, p > 0.13; Fig. 4C, right). By showing 
that lower occipital alpha power predicted better memory outcomes 
among adolescents, these results demonstrate that the maturation of 

visual processes in the occipital cortex contributes to age-related im
provements in the encoding of complex visual scenes (see Fig. 2B). 

To assess whether age differences in visual processing are specific to 
memory formation, we conducted linear mixed-effects modeling for 
subsequently forgotten scenes (i.e., miss) with complexity and age as 
fixed effects. We did not observe age-related interactions on miss trials 

Fig. 4. Age-related decrease in alpha power during complex scene encoding predicts recognition accuracy. (A) F-statistics of complexity by age interactions for 
subsequent hit trials. Enclosed areas indicate the data points of significant interactions (FDR-corrected p < 0.05), which were maximal between ~7 and 9 Hz and 
sustained 400 ms around the indoor/outdoor response (1150–1550 ms from scene onset). The solid vertical line indicates scene onset and the dashed vertical line 
indicates mean RT. (B) Left: individual alpha power for subsequent hit trials by age, averaged over the data points of significant interactions in (A). The interactions 
in (A) were largely driven by an age-related decrease in power for high- (blue; p = 0.15, r = − 0.31) but not low- (orange; p > 0.68, r = 0.09) complexity scenes. 
Right: representative spectral power for high- and low-complexity subsequent hit trials in two participants aged 6.2 years and 16.7 years demonstrating that age 
differences differ by scene complexity. Enclosed areas indicate the data points of significant interactions in (A). The solid vertical line indicates scene onset and the 
dashed vertical line indicates mean RT. (C) Visualization of individual alpha power for high- (right) and low- (left) complexity subsequent hit trials by age and 
recognition accuracy, averaged over the data points of significant interactions in (A). A significant age by accuracy interaction was identified for high- (p < 0.05, left; 
dark blue, adolescents; light blue, children), but not low- (p > 0.13, right; dark orange, adolescents, light orange, children) complexity scenes. Note: Age by accuracy 
interactions were tested with age as a continuous variable and the median age split is used only for visualization. (D) Same as (A) for subsequent miss trials. Minimal 
effects observed. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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(mean f2 = 0.05 from the hits mask; Fig. 4D), suggesting that age-related 
alpha power effects reflect age-related differences in visual memory 
formation and not visual perception more broadly. 

4.4. Age-related increase in instantaneous alpha frequency during 
complex scene encoding 

We observed dynamic changes in alpha frequency during the 
encoding of both high- and low-complexity scenes (Fig. 5). Linear 
mixed-effects modeling revealed significant scene complexity by age 
interactions during the encoding of scenes that were subsequently 

recognized (FDR-corrected p < 0.05; mean f2 = 0.14; Fig. 5B). These 
interactions were sustained for 130 ms around the indoor/outdoor 
response (1220–1350 ms from scene onset; RT = 1488 ± 391 ms). Of 
note, these interactions were sustained for 347 ms at the uncorrected 
threshold of p < 0.05 (1139–1486 ms from scene onset; mean f2 = 0.10), 
suggesting that approximately three alpha cycles contributed to the 
observed effect. These instantaneous frequencies varied from 8.87 to 
10.46 Hz (mean ± SD, 9.71 ± 0.44 Hz) during the encoding of high- 
complexity scenes, and 8.62–10.49 Hz (9.79 ± 0.45 Hz) during the 
encoding of low-complexity scenes. The window of significant 
complexity by age interactions in instantaneous frequency overlaps fully 

Fig. 5. Age-related increase in instantaneous alpha frequency during the encoding of high-complexity scenes. (A) Instantaneous alpha frequency for high- (blue) and 
low-complexity (orange) scenes that were subsequently recognized (hit), averaged across all occipital electrodes for all participants. Shaded areas indicate SEM. The 
solid vertical line indicates scene onset and the dashed vertical line indicates mean RT. (B) F-statistics of complexity by age interactions for subsequent hit trials. Grey 
shaded areas indicate the epochs of complexity by age interactions. The FDR-corrected interaction was sustained for 130 ms around the indoor/outdoor response 
(dark grey; 1220–1350 ms from scene onset). The uncorrected interaction (light grey; 1139–1486 ms from scene onset, 347 ms duration) is shown to indicate that 
approximately three alpha cycles likely contribute to the observed effect. (C) Left: individual instantaneous alpha frequency for subsequently hit trials by age, 
averaged over the epoch of the FDR-corrected interaction in (B). The interaction was largely driven by an age-related increase in frequency during the encoding of 
high- (blue; p > 0.16, r = 0.30) but not low-complexity (orange; p > 0.93, r = − 0.02) scenes. Right: representative instantaneous alpha frequency for high- and low- 
complexity subsequent hit trials in two participants aged 6.2 years and 16.7 years demonstrating that age differences differ by scene complexity. (D–E) Same as (A–B) 
for subsequent miss trials. Minimal effects observed. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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in time and partially in frequency with the window of significant 
complexity by age interactions in alpha power (see Fig. 4A). 

Post-hoc analysis indicated that these interactions were driven 
largely by an age-related increase in instantaneous alpha frequency 
during the encoding of high-complexity scenes (β = 0.30, F(1,22) = 2.10, 
p > 0.16), but not low-complexity scenes (β = − 0.02, F(1,22) = 0.01, p >
0.93; Fig. 5C). By showing that adolescents exhibited higher occipital 
alpha frequency during the processing of complex visual scenes, these 
results suggest age-related gains in the efficiency of visual processing. 
However, alpha frequency was not directly related to recognition ac
curacy (high, p > 0.74; low, p > 0.52) or to the interaction of age by 
accuracy (high, p > 0.81; low, p > 0.43). 

We did not observe complexity by age interactions during the 
encoding of scenes that were subsequently forgotten (mean f2 = 0.003 
from the hits mask; Fig. 5D–E). The difference in age-related scene 
complexity effects between subsequently recognized and forgotten 
scenes again suggests that age-related effects are specific to visual 
memory formation and do not reflect general age-related differences in 
visual perception. 

5. Discussion 

Using ECoG recordings in children and adolescents, we provide 
unique evidence showing how the functional maturation of the occipital 
cortex supports age-related improvements in the formation of memory 
for complex visual scenes. We first show behaviorally that the recogni
tion of high- but not low-complexity scenes improves with age. This 
result is consistent with previous work using the same scene subsequent 
memory task in an independent, non-clinical sample of children and 
adolescents (Chai et al., 2010). Critically, we then show that individual 
differences in the recognition of complex scenes are associated with the 
functional maturation of the occipital cortex, as indexed by comple
mentary measures of alpha power and frequency with millisecond pre
cision. All effects were specific to the encoding of scenes that were 
subsequently recognized, thus linking the maturation of low-level visual 
processes to developmental gains in memory for complex visual scenes. 

First, we observed task-induced alpha power decreases, or 
desynchronization, in the first second of viewing both high- and low- 
complexity scenes. Because alpha desynchronization indexes increased 
neural activity (Goldman et al., 2002; Haegens et al., 2011; Harvey 
et al., 2013; van Kerkoerle et al., 2014), this finding indicates visual 
processing in the occipital cortex during scene perception. Second, we 
observed negative subsequent memory effects in alpha power during the 
encoding of high- but not low-complexity scenes. Consistent with find
ings in adults (Hanslmayr et al., 2016, 2012; Johnson et al., 2020), these 
negative subsequent memory effects likely reflect increased information 
processing and suggest that the successful encoding of complex visual 
scenes places demands on the occipital cortex over and above visual 
perception. 

Third, we observed an age effect in alpha power during the successful 
encoding of scenes. Specifically, we observed an age-related decrease in 
alpha power during the successful encoding of high- but not low- 
complexity scenes. This effect fits nicely with the age-related increase 
in recognition accuracy observed for high- but not low-complexity 
scenes. Furthermore, this age-related decrease in alpha power pre
dicted age-related gains in recognition memory performance. During the 
successful encoding of high-complexity scenes, lower alpha power pre
dicted better recognition in adolescents. No such relationship was 
observed during the encoding of low-complexity scenes. Together, these 
results suggest that the functional maturation of the occipital cortex 
contributes to age-related gains in memory for complex visual scenes, 
extending the link between the maturation of visual processes and 
development of visual memory (Chai et al., 2010; Golarai et al., 2010, 
2007; Gomez et al., 2017) to low-level visual cortex. 

Fourth, we observed an age-related increase in instantaneous alpha 
frequency during the successful encoding of high- but not low- 

complexity scenes. Alpha frequency is associated with rhythmic 
perception (Samaha and Postle, 2015; VanRullen, 2016) such that 
particular phases of the alpha cycle are associated with increased neural 
activity (Haegens et al., 2011; Klimesch et al., 2007) and thus more 
efficient sensory perception (Busch et al., 2009; Busch and VanRullen, 
2010; Mathewson et al., 2009). Because increased alpha frequency in
dicates more alpha cycles within the same time duration, the age-related 
increase in frequency suggests increased visual processing efficiency 
among adolescents compared to children. 

The age-related effects observed in complementary measures of 
alpha power and frequency provide evidence, with millisecond preci
sion, of functional mechanisms supporting prolonged development of 
visual processing. The evidence presented here is consistent with 
behavioral evidence of the prolonged development of certain aspects of 
visual processing (Ellemberg et al., 2012; Kovacs et al., 1999; Madrid 
and Crognale, 2000; Rokszin et al., 2018; Sireteane; Rieth, 1992; Sloper 
and Collins, 1998), pointing to possible neuronal mechanisms underly
ing these behavioral effects. Moreover, this evidence is consistent with 
neuroimaging and postmortem evidence of prolonged structural matu
ration of the occipital cortex (Ducharme et al., 2016; Huttenlocher et al., 
1982). 

Indeed, the age-related differences in alpha power and frequency 
during the encoding of complex scenes overlapped in time (power: 
1150–1550 ms after scene onset, 400 ms duration; frequency: 
1220–1350 ms after scene onset, 130 ms duration, FDR-corrected p <
0.05; 1139–1486 ms after scene onset, 347 ms duration, uncorrected p 
< 0.05). Furthermore, the instantaneous frequency of the significant 
interaction (high-complexity: 8.87–10.46 Hz; low-complexity: 
8.62–10.49 Hz) overlapped with the upper frequencies of the signifi
cant interaction in alpha power (~7–9 Hz). Instantaneous alpha fre
quency indicates the time-resolved peak oscillatory frequency (Cohen, 
2014); therefore, within the overlapping time-frequency window, the 
age-related increase in alpha frequency may partially explain the 
age-related decrease in broadband alpha power. This explanation is 
consistent with previous reports that alpha frequency and amplitude are 
related through individual amplitude spectra (Nelli et al., 2017) and 
dually modulated by low-level aspects of visual stimuli (Cohen, 2014). 
Our results suggest that these complementary measures of alpha power 
and frequency reflect age-related differences in neural activity contrib
uting to visual memory development. 

However, instantaneous alpha frequency was not significantly 
associated with individual differences in recognition performance. This 
may be explained by the dissociable, albeit complementary, neural 
mechanisms reflected in broadband alpha power and peak oscillatory 
alpha frequency. Whereas instantaneous alpha frequency reflects the 
timing of neuronal spiking and an oscillatory mechanism that is directly 
relevant to sensory perception (Cohen, 2014; Haegens et al., 2011; 
Klimesch et al., 2007; VanRullen, 2016), alpha desynchronization is 
directly relevant to memory encoding (Hanslmayr et al., 2016, 2012; 
Johnson et al., 2020). Thus, alpha frequency relates more to visual 
perception (Samaha and Postle, 2015; Shen et al., 2019; Wutz et al., 
2018) than to visual memory performance. Indeed, we showed that 
alpha desynchronization, but not alpha frequency, was associated with 
individual differences in memory performance. 

In this study, we proposed that the functional maturation of the oc
cipital cortex supports developmental gains in perception and therefore 
also in memory. The alpha power and frequency effects described above 
provide strong support for this proposal. Nonetheless, we note limita
tions of the current study. The first concerns resolution; we investigated 
effects across occipital electrodes that likely sample different structural 
and functional occipital sub-regions (e.g., V1-V3) (Wandell et al., 2007). 
Developmental trajectories may differ by sub-region and some 
age-related improvements in visual memory likely result from 
fine-tuned interactions within and across these sub-regions. Future 
studies may investigate how the functional maturation of different oc
cipital sub-regions contributes to visual memory development. Future 
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studies may further incorporate structural measures, such as cortical 
thickness (Ducharme et al., 2016), to investigate how the structural 
maturation of the occipital cortex gives rise to functional and behavioral 
developments in visual memory. 

Importantly, our findings suggest that age-related effects in occipital 
alpha activity are relevant to the successful encoding of complex visual 
scenes, and not simply to visual perception. To this point, we 
acknowledge that the occipital cortex is one player of many in the brain 
that contribute to developmental gains in visual memory. Thus, the 
second limitation concerns neural networks; the prolonged maturation 
of connections between the occipital cortex and key memory regions, 
namely, the hippocampus (Poppenk et al., 2013; Poppenk and Mosco
vitch, 2011) and prefrontal cortex (Barceló et al., 2000; Gazzaley et al., 
2007; Zanto et al., 2011) likely contribute to developmental gains in 
visual memory. Future studies investigating the role of interactions be
tween the occipital cortex and high-level visual and mnemonic regions, 
as well as regions involved in executive control, may uncover the 
complex manner by which changes in brain connectivity scaffold 
cognitive development. Finally, future studies may examine occipital 
alpha activity during memory retrieval to test the extent to which the 
perception-induced reactivation of encoded content (Griffiths et al., 
2019; Hanslmayr et al., 2016, 2012; Johnson et al., 2020) also supports 
the development of memory for complex visual scenes. 
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