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Although the neural basis of working memory (WM) capacity is often studied by exploiting interindividual differences,
capacity may also differ across memory materials within a given individual. Here, we exploit the content dependence of WM
capacity as a novel approach to investigate the oscillatory correlates of WM capacity, focusing on posterior 9–12Hz alpha ac-
tivity during retention. We recorded scalp electroencephalography (EEG) while male and female human participants per-
formed WM tasks with varying memory loads (two vs. four items) and materials (English letters vs. regular shapes vs. abstract
shapes). First, behavioral data confirmed that memory capacity was fundamentally content dependent; capacity for abstract shapes
plateaued at around two, whereas the participants could remember more letters and regular shapes. Critically, content-specific
capacity was paralleled in the degree of attenuation of EEG-alpha activity that plateaued in a similar content-specific manner.
Although we observed greater alpha attenuation for higher loads for all materials, we found larger load effects for letters and regu-
lar shapes than for abstract shapes, which is consistent with our behavioral data showing a lower capacity plateau for abstract
shapes. Moreover, when only considering two-item trials, alpha attenuation was greater for abstract shapes where two items were
close to the capacity plateau than for other materials. Multivariate decoding of alpha activity patterns reinforced these findings.
Finally, for each material, load effects on capacity (K) and alpha attenuation were correlated across individuals. Our results demon-
strate that alpha oscillations track memory capacity in a content-specific manner and track not just the number of items but also
their complexity.
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Significance Statement

WM is limited in its capacity. We show that capacity is not fixed for an individual but is rather memory-content dependent.
Moreover, we used this as a novel approach to investigate the neural basis of WM capacity with EEG. We found that both be-
havioral capacity estimates and neural oscillations in the alpha band varied with memory loads and materials. The critical
finding is a capacity plateau of approximately two items only for the more complex materials, accompanied by a similar pla-
teau in the EEG alpha attenuation. The load effects on capacity and alpha attenuation were furthermore correlated across
individuals for each of the materials. Our results demonstrate that alpha oscillations track the content-specific nature of WM
capacity.

Introduction
Working memory (WM) allows individuals to retain past sensa-
tions for a brief period of time to guide behavior. A defining
characteristic of WM is its capacity limit (Luck and Vogel, 1997;

Cowan, 2010; Ma et al., 2014; D’Esposito and Postle, 2015).
Many influential studies have proposed that WM capacity could
be determined by a certain number of items that can be repre-
sented (Zhang and Luck, 2008) or by a finite resource that can be
distributed among items (Bays and Husain, 2008). Although
WM capacity is often considered to be a fixed property for an
individual, the capacity may also depend on the material to be
memorized. In this electroencephalography (EEG) study, we
investigated the influence of memory material on behavioral esti-
mates of WM capacity and tested whether oscillatory activity in
the alpha band during WM retention scales with WM capacity in
a memory-content-specific manner.

Extensive investigations have focused on the neural mecha-
nisms underlying capacity limitations in WM (Edin et al., 2009;
Buschman et al., 2011; Luck and Vogel, 2013). One key approach
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has been to capitalize on individual variability in WM capacity
and look for neural signatures during WM retention that may
plateau at an individual’s estimated capacity. Following this logic,
numerous studies in humans using functional magnetic reso-
nance imaging (fMRI) and electrophysiological recordings have
demonstrated load-dependent changes in neural activity dur-
ing the WM retention that increase as the number of items to
be memorized increases, up to an asymptotic limit for an indi-
vidual’s storage capacity (Todd and Marois, 2004; Vogel and
Machizawa, 2004; Xu and Chun, 2006; Luria et al., 2016).
Individual variability in capacity has also been shown to be a
good predictor of general cognitive abilities (Conway et al.,
2003; Luck and Vogel, 2013).

Although the individual difference approach has yielded
promising results, it is important to note that capacity varia-
tions across individuals can result from a variety of sources.
These include differences in participants’ attentional processes
or motivation (Vogel et al., 2005; Cowan and Morey, 2006),
learned experience (Umemoto et al., 2010; Kuo, 2016), psychi-
atric and neurologic states (Johnson et al., 2013), encoding
strategies (Linke et al., 2011; Bengson and Luck, 2016), and
even socioeconomic status (St John et al., 2019).

In addition to across-individual variations, WM capacity
varies with the visual properties of memoranda (Alvarez and
Cavanagh, 2004; Eng et al., 2005; Luria et al., 2010; Brady et al.,
2016; Asp et al., 2021; Brady and Störmer, 2021). The content-
specific variability in WM capacity provides a novel opportu-
nity to link neural signatures with WM capacity across memory
materials because it allows us to bypass potential contributions
from the wide range of individual variations discussed above.
If WM capacity depends on mnemonic content, the question
arises whether neural measures (within a given individual) scale
with the number of to-be-memorized items or the proximity to
the capacity plateau for the specific memory material. Here, we
specifically tested whether the load-dependent alpha attenua-
tion, which has recently been linked to visual WM retention
across individuals (Fukuda et al., 2015; Proskovec et al., 2019b;
Pavlov and Kotchoubey, 2021), scales with and plateaus at WM
capacity in a content-specific manner.

We recorded EEGs while participants performed a stand-
ard WM task with high and low (four and two items) WM
load. Memory materials were manipulated based on their vis-
ual complexity (English letters, regular shapes, and abstract
shapes). To preview our results, we find that WM capacity
varies with memory material, with more complex shapes
having lower capacity than other materials. We show that
the load-dependent alpha attenuation during the retention
interval scales with the WM capacity in a memory-content-
dependent manner, plateauing at low load for more complex
memory materials associated with lower capacities. Our
results indicate that alpha activity tracks memory-content-
specific capacity and are sensitive not just to the number of
items in WM but also their complexity.

Materials and Methods
Participants. Twenty-four healthy volunteers (11 males and 13

females, age range 20–30 years old, mean age 24.22 years) partici-
pated in this study. All participants were right-handed, according
to the Edinburgh Handedness Inventory (Oldfield, 1971). The par-
ticipants reported normal or corrected-to-normal visual acuity,
provided informed written consent before the experiment, and
were financially reimbursed for their time ($750 NTD, approxi-
mately $25 US). All experimental methods and procedures were

approved by the Research Ethics Office of National Taiwan
University.

Stimuli. The stimuli were presented on a 17-inch cathode ray tube
(CRT) monitor with a refresh rate of 60Hz using Presentation software
(Neurobehavioral Systems). We selected six capital English letters (F, J,
S, Q, R and Y, presented in Arial font), six regular shapes (circle, triangle,
square, cross, star, and diamond), and six abstract shapes from a set of
100 meaningless closed shape contours developed by Endo et al. (2003).
These stimuli were chosen as memory materials based on visual com-
plexity, which ranged from simple to complex letters, regular shapes,
and abstract shapes. We also collected ratings of the stimulus charac-
teristics using a 5-point Likert Scale (from 1 to 5) from a new group of
participants (N = 33, 17 females, age range 20–38 years, mean age =
27.74 years). This confirmed that abstract shapes were indeed rated as
subjectively more complex (from simple to complex; letters, 1.21 6 0.37;
regular shapes, 1.30 6 0.33; abstract shapes, 3.32 6 0.87), harder to
imagine (from easy to difficult to imagine; letters, 1.18 6 0.36; regular
shapes, 1.166 0.26; abstract shapes, 3.256 1.01), and more difficult to
memorize (from easy to difficult to remember the stimulus; letters,
1.12 6 0.31; regular shapes, 1.13 6 0.23; abstract shapes, 3.27 6 0.92).
Each stimulus subtended a visual angle of ;1.3 � 1.3° (edge to edge)
and was randomly placed in one of four possible peripheral locations
of an invisible two-by-two matrix that subtended ;4.74° (vertical) �
5.28° (horizontal). All visual stimuli were presented in greyscale against
a black background.

Task design. The experimental design followed a two (WM load:
high, low)-by-three (memory material: letter, regular shape, abstract
shape) within-subjects factorial design. The task procedure is illus-
trated in Figure 1A. The participants performed a WM task. Each trial
began with a centrally displayed fixation for 500ms, which signaled the
onset of the trial. Following a blank interval (500ms), a memory array
consisting of two items (low load) or four items (high load) was dis-
played for 600ms. In the memory array for the low load trials, the loca-
tions with no stimulus were replaced by hashtag signs, which served as
fillers to make the bottom-up sensory inputs comparable between the
low and high load conditions. Participants were told that the hashtag
signs could be ignored during the task. Following a randomized reten-
tion interval (1000–1500ms), a probe item was shown in the center for
250ms. After the probe disappeared, there was a 1000ms response
window. The intertrial interval ranged between 1500 and 2000ms.
Participants were instructed to indicate whether the probe item was
present (50%) or absent (50%) from the memory array by pressing the
left or right mouse button with their right hand.

Experimental procedure. Participants sat comfortably in a dimly lit
room and faced a CRT monitor placed 57 cm in front of them. Before
the formal experiment, the participants were given written and verbal
instructions about the task requirements. They first completed a practice
session with 24 trials for each memory material to ensure that they could
perform the task as instructed. In the formal experiment, different types
of stimuli were presented in separate blocks (six blocks for each memory
material), and the order of the blocks was pseudorandom across partici-
pants. The WM load (two or four) and required response (probe item
present or absent in the original memory array) were equiprobable and
randomized within each block. There were 18 blocks of 48 trials, for a
total of 864 trials (288 trials for each memory material). The participants
were instructed to concentrate on a small fixation marker in the center
of the screen during the experimental trials and to respond as quickly
and accurately as possible. They were encouraged to rest between blocks
so that they could self-initiate and were asked to minimize blinks and
eye movement while performing each trial throughout the experiment.
The total experiment time for each participant was;120min.

Behavioral analyses. The behavioral measures, including accuracy
and reaction times (RTs), were each analyzed by a two (WM load:
high, low)-by-three (memory material: letter, regular shape, abstract
shape) repeated-measures ANOVA. Only correct responses were
included in the RT analyses. The K measure was calculated using the
following equation: K = S (set size of the memory array) � (hit rate –
false alarm rate; Pashler, 1988; Cowan, 2001). The hit rate was defined
as the proportion of trials during which the participants responded
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“target present” when the target was presented, and the false-alarm rate
was defined as the proportion of trials during which the participants
responded “target present” when the target was absent.

EEG acquisition. The EEG data were continuously recorded using a
NuAmp amplifier (Compumedics Neuroscan) with 37 Ag/AgCl elec-
trodes placed on the scalp with an elasticated cap, positioned in accord-
ance with the 10–20 international system. The montage included six
midline sites (FZ, FCZ, CZ, CPZ, PZ, and OZ) and 12 sites over each
hemisphere (FP1/FP2, F3/F4, F7/F8, FC3/FC4, FT7/FT8, C3/C4, T3/
T4, CP3/CP4, TP7/TP8, P3/P4, T5/T6, and O1/O2). Vertical eye move-
ments were recorded by electrodes placed on the supraorbital and in-
fraorbital ridges of the left eye [vertical electro-oculogram (VEOG)],
and horizontal eye movements were recorded by electrodes placed on
the outer canthi of the right and left eyes [horizontal electro-oculogram
(HEOG)]. Additional electrodes serving as the ground (AFz, positioned
between FPz and Fz) and reference (A1 and A2 mastoid sites, with A2
serving as the active online reference) were included throughout the re-
cording. Electrode impedances were kept below 5 KV. Ongoing brain
activity at each electrode site was sampled every 1ms (1000 Hz analog-
to-digital sampling rate). The activity was filtered with a 300 Hz low-
pass filter, with no high-pass filter used. Stimulus presentation codes for
each event, which indicated the presentation type and exact presentation
time, were sent from the stimulus presentation computer to the EEG ac-
quisition computer via a parallel port.

EEG preprocessing. Off-line, the continuous EEG signals were re-ref-
erenced to the algebraic average of the right and left mastoids (A1 and
A2). Bipolar electro-oculogram signals were generated by computing the
voltage difference for the electrodes placed on the side of each eye
(HEOG) and above and below the left eye (VEOG). The continuous data
were segmented into epochs that began 1000ms before and ended
3500ms after the onset of the memory array. The long epochs prevented
windowing artifacts in the time–frequency analysis. All the EEG epochs
were then baseline corrected with a 200 ms prestimulus period. Epochs
with excessive noise or drift (6100mV) at any electrode were excluded,
as were epochs with eye-movement artifacts (blinks or saccades). Blinks
were identified as large deflections (660mV) in the HEOG or VEOG
electrodes. Visual inspection was then conducted to confirm the appro-
priate removal of artifacts and to identify residual saccades or eye move-
ments in individual HEOG traces. Trials with incorrect behavioral
responses were also removed from further analyses. After preprocessing,
the average trial numbers for each condition were 105.566 8.99 trials of
the original 144 trials included in the experiment for each participant.

EEG time–frequency power analysis. We tested whether the WM
load and the memory material had an effect on oscillatory activity in the
alpha band during the retention interval. The time–frequency analyses
were performed using SPM software (Wellcome Centere for Human
Neuroimaging, University College London) and the FieldTrip toolbox
(Oostenveld et al., 2011) in MATLAB (MathWorks), supplemented
by in-house MATLAB scripts. The epoched EEG signals were down-
sampled to 250Hz and entered into a time–frequency decomposition
through a short-time Fourier transform of Hanning-tapered data. This
transformation was applied to every electrode, trial, and participant in
1 Hz steps across frequencies ranging from 1Hz to 20Hz, using a fixed
300 ms sliding time window that was advanced through the data in
10 ms steps. For each participant, the resulting time–frequency power
was averaged across trials based on the load of each memory material.
The power estimates were then rescaled to decibels (dBs), with a baseline
from�500ms to�200ms before the onset of the memory array.

Statistical analyses were performed on power estimates across par-
ticipants using a cluster-based nonparametric permutation approach
(Maris and Oostenveld, 2007) and a repeated-measures ANOVA. The
cluster-based nonparametric permutation analysis controlled for type
I errors without making strong prior assumptions by calculating the
size of any clusters with consecutive significant t tests (p , 0.05)
across time points from 0 to 1600ms and across frequencies from 5 to
20Hz based on the power estimates averaged across the predefined
six most posterior electrodes (e.g., P3/Z/4 and O1/Z/2). We tested the
effect of WM load (high load vs low load) separately for each memory
material. Complementary to this, we also tested the memory-material
effects (letters vs abstract shapes, regular vs abstract shapes, and let-
ters vs regular shapes) separately for each load. Finally, we compared
the load effects between various memory materials. The dependent
samples t statistic was used for each comparison. By calculating the
Monte Carlo p values on 10,000 random partitions, two conditions
were shuffled to create the null distribution of the clustered test statis-
tics that would be achieved by chance. We then estimated the cor-
rected p value by comparing the observed cluster-level t statistics to
the null distribution across permutations. The cluster was considered
significant if its size was unlikely to have occurred by chance (p ,
0.05, two tailed).

To further explore the effects of WM load and memory material, as
well as their effects on alpha power during the retention interval, we also
performed the above analyses collapsed over the 9–12Hz alpha band
that we defined a priori based on our hypothesis of this frequency band

Figure 1. Schematic illustrations of the task design and behavioral results. A, Participants were instructed to remember the items within a memory array and to indicate whether a probe
item was present or absent from within the array in an WM task (left). The retention interval was randomized from 1000 to 1500ms, and the probe stimulus was presented for 250 ms. WM
loads were manipulated to be low load (2 items) or high load (4 items). Memory materials were manipulated according to their visual complexity and included English letters, regular shapes,
and abstract shapes (right). The locations with no stimuli present in the low load condition were replaced by hashtag signs. B, Behavioral results included mean accuracy (left, percentage cor-
rect, %), RT (middle, ms), and capacity measures (right, K measure). Errors bars represent standard errors of the mean (SEM). Dots indicate individual data.
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of interest. Moreover, to provide a more direct visual comparison to the
estimated behavioral capacity, we extracted, for each of our six condi-
tions, the mean alpha power estimates from 600ms to 1600ms after the
onset of the memory array (which equalled 0–1000ms after the offset of
the memory array) over the parieto-occipital electrodes. We ran a two-
way (WM load times memory material) repeated-measures ANOVA on
these data, similar to the analysis applied to the behavioral data.

Relationship between alpha power and K measures. Furthermore, we
supplemented our analysis on memory-material-dependent capacity
with a more traditional analysis of the correlation between behavioral
capacity and neural modulations, which we performed separately for
each of the three memory materials tested. Pearson’s correlation coeffi-
cient (r) between the load difference of the K measure and the load dif-
ference of the alpha power during the retention interval at the posterior
electrode sites was calculated across individuals. To better understand
the relationship over time, we divided our 600–1600ms retention inter-
val into first-half (600–1100ms) and second-half time windows (1100–
1600ms). The mean alpha power across electrodes was extracted from
the log-transformed power estimates for each time window for each con-
dition. Because these analyses focused on the negative correlation based
on previous evidence (Fukuda et al., 2015), we used one-sample t tests to
examine the statistical significance (p, 0.05, one tailed).

Multivariate pattern classification analysis. In addition to our analy-
sis on alpha power, we tested whether the differences in activity patterns
in the alpha band could be used to classify (decode) the two WM loads
(using linear discriminant analysis; Adam et al., 2020) and whether the
classification could be sensitive to memory materials. We decoded time–
frequency decomposed power in a recent study (de Vries et al., 2019),
with posterior electrodes as features and high and low loads as classes,
using the Amsterdam Decoding and Modeling toolbox (Fahrenfort et
al., 2018). A fivefold cross-validation procedure was used to train and
test the classification of high load versus low load for each memory ma-
terial based on the same dataset from each participant. We randomly di-
vided the trials into five folds with equal trials and used a leave-one-fold-
out procedure on the five folds. This procedure trained the classifier on
80% of the trials and tested it on the remaining 20%. We repeated the
procedure five times until each fold was tested, and then we computed
the average classification performance across the five folds. Finally, the
area under the curve (AUC) was calculated as a measure of classification
performance (AUC ranges between zero and one, chance = 0.5) for each
frequency in the alpha band over time for each memory material and for
each participant. We tested the mean AUC across alpha frequencies (9–
12Hz) against chance (0.5) at the group level by applying cluster-based
permutation testing with t tests (Maris and Oostenveld, 2007; Fahrenfort
et al., 2018). We also extracted the mean AUC estimates from 600ms to
1600ms after the onset of the memory array for each memory material.
A one-way (memory material) repeated-measures ANOVA was com-
puted to test the classification of WM load (from patterns of alpha activ-
ity) during the retention interval.

Results
Working-memory capacity is content dependent
The behavioral results are shown in Figure 1B. In general, all be-
havioral measures (accuracy, RT, and WM capacity) were modu-
lated by both WM load and memory material, with better
performance with low versus high loads and for letters and regu-
lar shapes versus abstract shapes. The critical pattern was that for
abstract shapes, the WM capacity (Fig. 1B) reached a plateau at
approximately two items, regardless of whether two or four items
were presented in the memory array, whereas for the letters and
regular shapes, more than two items could be remembered when
the array contained four items.

For the accuracy data (Fig. 1B), we observed a significant
main effect of WM load (F(1,23) = 151.73, p , 0.001, hp

2 = 0.87)
and a significant main effect of memory material (F(1.22,28.12) =
93.45, p , 0.001, hp

2 = 0.80). These results indicated that low
loads (93.89 6 5.58%, mean 6 SD) had a higher accuracy than

high loads (84.46 6 6.80%), letters (94.88 6 5.04%) had a
higher accuracy than regular (91.59 6 5.67%) and abstract
shapes (81.056 8.65%), and regular shapes had a higher accu-
racy than abstract shapes. The interaction between the WM
load and memory material was also significant (F(2,46) = 65.04,
p , 0.001, hp

2 = 0.74). Post hoc analysis indicated that the
reduction in accuracy for high loads relative to low loads was
greater for abstract shapes (17.25 6 6.56%) than for regular
shapes (8.25 6 5.55%) and letters (2.78 6 2.77%) and greater
for regular shapes than for letters. Thus, when moving from a
load of two to a load of four, the performance for the abstract
shapes suffered the most, which is consistent with a lower
capacity for this memory material (as also reflected in our K
estimates, discussed below).

Reaction times (Fig. 1B) also showed a significant main
effect of WM load (F(1,23) = 146.69, p, 0.001, hp

2 = 0.86) and a
significant main effect of memory material (F(2,46) = 59.89, p ,
0.001, hp

2 = 0.72). These results indicated that low loads (637.976
87.19ms) had faster RTs than high loads (750.74 6 109.25ms),
letters (655.40 6 104.43ms) had faster RTs than regular shapes
(680.516 99.68ms) and abstract shapes (747.176 93.30ms), and
regular shapes had faster RTs than abstract shapes. We also found
a significant interaction between the WM load and memory mate-
rial (F(2,46) = 11.87, p , 0.001, hp

2 = 0.34). Post hoc analysis
indicated that the delay in RTs for high loads relative to low
loads was greater for abstract shapes (132.78 6 66.42ms) and
regular shapes (124.31 6 55.42ms) than for letters (81.23 6
43.00ms).

Importantly, the analyses of WM capacity (K measures;
Fig. 1B) revealed a significant main effect of WM load (F(1,23) =
168.08, p , 0.001, hp

2 = 0.88) and a significant main effect of
memory material (F(1.28,29.42) = 103.07, p , 0.001, hp

2 = 0.82).
The results indicated that high loads (2.76 6 0.54 K) had
higher K measures than low loads (1.76 6 0.22 K), and letters
(2.66 6 0.30 K) and regular shapes (2.41 6 0.37 K) had higher
K measures than abstract shapes (1.69 6 0.55 K). Moreover,
the interaction between the WM load and memory material
was significant (F(2,46) = 97.33, p , 0.001, hp

2 = 0.81). Post hoc
analysis showed that the difference in the K measure for high
loads relative to low loads was greater for letters (1.636 0.24 K)
than for regular shapes (1.17 6 0.48 K) and abstract shapes
(0.21 6 0.63 K), and greater for regular shapes than for abstract
shapes.

In summary, these results show that effective WM capacity
depends on the memory material. Specifically, for abstract
shapes, our findings suggest that participants could remem-
ber up to two shapes regardless of whether two or four mem-
ory items were present in the memory array (i.e., a plateau).
In contrast, for the other memory materials, more than two
items could be remembered when four items were present in
the memory array (3.00 6 0.59 K for regular shapes and 3.48
6 0.40 K for letters).

Memory-content-specific modulation of EEG alpha power
during WMmaintenance
The time–frequency results are shown in Figure 2. We first
tested for the effect of WM load on alpha power during the
retention interval for each memory material. As shown in
Figure 2A, the clusters showed significant load effects with a
decrease that centered on the alpha frequency for high loads
relative to low loads for letters (cluster range from 5 to
19 Hz, from 708ms to 1596ms, corrected p , 0.001), regular
shapes (cluster range from 5 to 20Hz, from 792ms to 1596ms,
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corrected p , 0.001) and abstract shapes (cluster range from 8
to 14Hz, from 1044ms to 1464ms, corrected p = 0.046). The
differences in alpha power were associated with a predomi-
nantly posterior topography (Fig. 2A).

In addition to the load effect analysis for each memory ma-
terial, we directly compared the retention of different memory
materials for each load (Fig. 2B,C, overlay of the temporal pro-
files of alpha power across conditions). If the alpha oscillations
reflect the number of items retained in WM, we should observe
comparable alpha activity between memory materials for low
loads, where participants were able to memorize both items
for all materials. Alternatively, the complex material (abstract
shapes) may have a stronger impact on alpha power than the
other two materials given that for the abstract shape two-item
trials were close to the content-specific capacity plateau. In line
with the latter, we found that the retention of abstract shapes
was associated with a stronger attenuation that centered on
alpha power than the retention of regular shape (cluster range
from 5 to 20Hz, from 708ms to 1596ms, corrected p , 0.001)
and letters (cluster range from 5 to 19Hz, from 756ms to
1596ms, corrected p , 0.001) when WM load was two items.
Thus, although two items were being kept in WM in all cases,
alpha power was suppressed more for abstract shapes, where
this load condition may have already reached the capacity pla-
teau. This suggests that alpha oscillations track not only the
number of items in WM but also their complexity.

A potential alternative explanation of our results is that alpha
activity may simply reflect task difficulty. However, under this

interpretation one would expect to see an especially large load
effect for abstract shapes, where going from two items to four
items brings about the largest increase in difficulty. Yet, this is
not what we observed as load effects were larger for the letters
and regular shapes, suggesting that alpha activity tracks effective
capacity and not merely task difficulty.

The interaction between memory load and material in alpha
power
These patterns also resulted in significant interactions between
load and memory material (Fig. 2B). Load effects on alpha
attenuation, similar to K measures, were significantly higher for
letters and regular shapes than for abstract shapes (letters vs
abstract shapes, cluster range from 5 to 16Hz, from 828ms to
1440ms, corrected p = 0.037; regular shapes vs abstract shapes,
cluster range from 5 to 19Hz, from 828ms to 1596ms, cor-
rected p = 0.002). We confirmed this interaction by showing a
significant interaction between the load and memory material
(F(2,46) = 3.80, p = 0.03, hp

2 = 0.14) during the retention interval
(from 600 to 1600ms) in the alpha band. Post hoc analyses indi-
cated a greater reduction in alpha power for high load relative
to low load for letters (�0.86 6 0.80 dB) and regular shapes
(�0.91 6 0.87 dB) compared with abstract shapes (�0.34 6
0.88 dB). Thus, consistent with the behavioral estimates of K,
alpha power was more strongly modulated by load for letters
and regular shapes than for abstract shapes.

For a more direct visual comparison with the behavioral esti-
mates of K, we illustrate the alpha power over the posterior

Figure 2. Time–frequency results of alpha power during WM maintenance. A, We found significant load effects with a decrease in alpha power for high load (top) relative to low load (middle) for let-
ters, regular shapes, and abstract shapes. Bottom, These load differences were predominantly associated with a posterior topography (averaged 9–12 Hz from 600 to 1600ms). B, The alpha power during
the retention interval of abstract shapes was associated with a stronger attenuation than that of regular shapes and letters when WM load was low. We also found significant interactions between the
load and the memory material. Bottom, Load effects on alpha attenuation were significantly larger for letters and regular shapes than for abstract shapes. C, The time course of the averaged 9–12 Hz
alpha power across the posterior electrodes (P3/Z/4 and O1/Z/2) for each condition and the difference in power estimate between high load versus low load are presented. Shaded area represents SEM.
D, The results for the posterior alpha power (averaged 9–12 Hz from 600 to 1600ms) are similar to the patterns observed for the K measures. The load effect is much greater when the materials are let-
ters and regular shapes, and it is largely reduced when the materials are abstract shapes. Errors bars represent SEM. E, We found a negative correlation between the load difference of the posterior alpha
power during the retention interval and the load difference of the K measure for each memory material. Asterisks indicate statistical significance (p, 0.05).
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electrode sites during the retention interval
for all conditions in Figure 2D. The results
for the posterior alpha power are remark-
ably similar to the patterns observed for
the K measures. The load effect is much
greater when the materials are letters and
regular shapes, and it is largely reduced
when the materials are abstract shapes.
These results suggest that posterior alpha
power varies with WM capacity in a mem-
ory-material-dependent manner. This also
confirmed that overall, alpha attenuation
was more engaged for abstract shapes than
for other materials, especially when the
WM load was low and the WM capacity
appeared to have plateaued.

Alpha power modulations and capacity
covary across individuals for each
memory material
To complement the above analyses that
looked at differences in capacity as a func-
tion of memory material, we looked for
across-individual differences in capacity
and alpha power for each memory mate-
rial separately. We found a close relation-
ship between the load difference of the
posterior alpha power during the retention
interval and the load difference of the K
measure for each memory material (Fig.
2E). We found a significant correlation for
letters (r(22) = �0.39, p = 0.03), regular
shapes (r(22) = �0.34, p = 0.05), and
abstract shapes (r(22) = �0.46, p = 0.012)
during the time window of 1100–1600ms.
These results showed that participants
with greater alpha attenuation for high loads versus low loads
exhibited greater behavioral benefits in the K measure across all
memory materials.

Decoding of WM load in alpha activity patterns varies with
memory material
Moreover, we tested whether the decoding of WM load in the
alpha activity pattern was sensitive to memory material. The
multivariate pattern classification results are illustrated in
Figure 3. Significant classification performance in the posterior
alpha band (mean AUC averaged across frequencies from 9 to
12 Hz) with long-lasting effects during the retention interval
was found when the memory materials were letters (approxi-
mately from 490ms to 1600ms, corrected ps , 0.001), regular
shapes (approximately from 640ms to 1600ms, corrected ps ,
0.001) and abstract shapes (approximately from 780ms to
1600ms, corrected ps , 0.001). One-way repeated-measures
ANOVA also revealed a significant effect of memory material
(F(2,46) = 10.08, p, 0.001, hp

2 = 0.31), indicating that it was eas-
ier to classify memory loads for letters (0.556 0.03) and regular
shapes (0.56 6 0.04) than for abstract shapes (0.53 6 0.04).
These decoding results are consistent with material-specific
load effects on alpha power. When the materials were more
complex, such as abstract shapes, the decoding performance for
the load effect was worse than when the materials were rela-
tively simple, such as letters and regular shapes.

In addition, to look for the frequency specificity of these
decoding results, we iteratively used the same multivariate analy-
sis to decode high versus low loads from frequencies between 1
and 20Hz (in steps of 1Hz), and we did this separately for poste-
rior (P3/Z/4 and O1/Z/2) and anterior electrodes (F3/Z/4 and
FC3/Z/4), as well as for each memory material. These frequency-
resolved decoding analyses confirmed that classification per-
formance during the retention interval for all memory materials
was particularly pronounced in the alpha band and in the poste-
rior EEG site (Fig. 3C).

Content-specific load effects in other frequencies?
Although we have shown that alpha oscillations track content-
specific WM capacity, previous evidence has revealed that
increasing WM load could also be related to power increases in
other frequencies such as the theta band (4–7Hz) over the fron-
tal regions (i.e., the frontal theta power; Jensen and Tesche, 2002;
Scheeringa et al., 2009; Sauseng et al., 2010; Roux and Uhlhaas,
2014; van Ede et al., 2017). One may wonder whether the con-
tent-specific load effects during the retention interval could be
specific to alpha oscillations or could also be found in theta oscil-
lations over frontal electrodes. To expand our approach, we
therefore additionally tested for the content-specific load effect
for the frontal theta power. However, when applying time–fre-
quency analyses to frontal electrodes (e.g., F3/Z/4 and FC3/Z/4),
we could neither establish any modulation of frontal theta power
increase when comparing high loads with low loads nor when
comparing the different memory materials. Furthermore, we used

Figure 3. The multivariate pattern classification results. We tested whether the decoding of WM load in the alpha power
activity pattern could be modulated by the memory material. A, We found significant classification performance in the poste-
rior alpha band (mean AUC averaged across frequencies from 9 to 12 Hz) with long-lasting effects during the retention inter-
val for letters (blue line), regular shapes (red line), and abstract shapes (green line). Shaded area represents SEM. B, The
decoding accuracy of WM load in the posterior alpha band was higher for letters and regular shapes than for abstract shapes.
Errors bars represent SEM. C, We also evaluated the frequency-resolved decoding accuracy based on the electrodes in the an-
terior brain region (top) and in the posterior brain region (bottom).
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multivariate pattern classification analysis to decode the activ-
ity patterns from 1 to 20Hz with high and low loads as classes
for posterior as well as anterior electrodes for each memory
material. These frequency-resolved decoding analyses con-
firmed that classification performance during the retention
interval was pronounced in posterior alpha activity for all
memory materials but did not additionally show any clear
decoding in the classic frontal 4–7Hz theta band (Fig. 3C).
Therefore, although we could not find evidence linking frontal
theta power to material-specific memory capacity in the pres-
ent task and dataset, this remains an interesting question to
address in future studies with tasks and recording setups that
may be more potent at driving and/or measuring theta activity
during WMmaintenance.

In summary, our results showed a close link between con-
tent-specific WM capacity and posterior alpha activity during
the retention interval. In contrast, we could not establish a simi-
lar link with frontal theta activity. Possibly, this reflects the dis-
tinct roles of theta and aldpha oscillations in WM (Klimesch,
2012; Roux and Uhlhaas, 2014). Electrophysiological studies
have addressed this possibility in thinking and memory tasks
(Hanslmayr et al., 2009; Köster et al., 2018; Williams et al.,
2019). For example, a previous study showed that frontal theta
power increase reflected the formation of associative memories,
and posterior alpha power attenuation reflected visual percep-
tual processes (Köster et al., 2018). Although our results found
content-specific modulation of WM capacity in posterior alpha
activity during the retention interval, we are not allowed to make
any strong inferences on the role of theta oscillations based on
the current design and data. Future work will also be needed to
clarify the roles of theta and alpha and their functional interac-
tions with higher frequency band (e.g., phase-amplitude coupling;
Friese et al., 2013; Heusser et al., 2016; Daume et al., 2017) during
the retention interval.

Discussion
This study investigated how memory materials affected be-
havioral estimates of WM capacity and alpha oscillations
during WM retention. We recorded EEGs while participants
performed WM tasks with high and low loads and different
memory materials. This design allows us to bypass potential
concerns that may arise when linking behavioral and neural
consequences of WM capacity based on individual differences
alone. We found that both the behavioral and oscillatory meas-
ures of WM capacity varied with WM load and memory mate-
rials. The novel finding was that alpha attenuation scaled with
WM capacity in a memory-content-specific manner, paralleling
capacity plateaus observed in behavioral performance.

Although the load effect in alpha power was obtained for all
memory materials, letters and regular shapes had larger effects
than abstract shapes, corresponding to the larger capacity associ-
ated with the former two types of materials. Moreover, when
only considering low load trials, despite the fact that two items
were retained in WM for all materials, the alpha attenuation
was greater for abstract shapes where the WM capacity was
close to its content-specific plateau. This suggests that alpha
oscillations track not just the number of items in WM but also
their complexity.

Content dependence of WM capacity
Although many studies have focused on the fixed upper limit for
WM capacity and its variations across individuals (Cowan, 2010;

Buschman et al., 2011; Luck and Vogel, 2013), emerging evi-
dence has revealed an increase in WM capacity for real-world or
meaningful objects (Brady et al., 2016; Asp et al., 2021; Brady
and Störmer, 2021) but a decline in accuracy for complex poly-
gons (Alvarez and Cavanagh, 2004; Luria et al., 2010). With the
manipulations of WM load and material complexity, we found
that both load and material affected WM capacity estimates and
other behavioral measures (e.g., accuracy and RT), suggesting
lower capacity, less accurate, and slower responses as the WM
load increased from low to high, and the material complexity
increased from simple (letters and regular shapes) to complex
(abstract shapes). The critical finding was that WM capacity
reached an asymptotic limit of approximately two items only for
abstract shapes. These observations revealed that the participants
could only remember up to two abstract shapes, regardless of
whether two or four memory items were present. However, this
was not true for letters and regular shapes for which more than
two items could be maintained when four items were present in
the array. These results were consistent with the previous evi-
dence (Alvarez and Cavanagh, 2004; Luria et al., 2010), showing
that capacity can be reduced as features become more complex.
Our results suggest that the WM capacity limit may not be a
fixed property for a given individual. Instead, WM capacity is
affected by a number of factors, including, in our case, the mem-
ory material. Here, we exploited this as a novel approach for
studying the neural basis of capacity limits.

Oscillatory correlates of WM capacity
In accordance with behavioral data, our time–frequency results
showed that the mechanisms triggering alpha oscillations (with
effects here ranging up to 15–20Hz and therefore possibly
including the beta band) appeared to be highly dependent on
WM load and memory materials, with greater alpha attenua-
tion for high loads than for low loads and for abstract shapes
than for letters and regular shapes. Moreover, the load effect on
a attenuation was greater for simple materials than for more
complex materials, which was consistent with our behavioral
estimates of K for these conditions. When the load was two,
the alpha attenuation was particularly pronounced when two
abstract shapes were kept in WM, which corresponded to
where the WM capacity appeared to have plateaued. This
suggests that alpha activity is not only sensitive to the num-
ber of items maintained in WM (Jensen et al., 2002; Johnson
et al., 2011; Fukuda et al., 2015; van Ede et al., 2017) but also
to their complexity. Our frequency-resolved decoding analy-
sis confirmed that the effect was mostly driven by the alpha
band of interest, with a predominant posterior contribution.
We observed sustained decoding of the WM load in alpha activ-
ity patterns throughout the retention interval, with higher decod-
ing accuracy for letters and regular shapes than for abstract
shapes. These neural effects mirror the behavioral estimate
of WM capacity, showing that participants may have reached
the capacity limit for more complex material at a lower WM
load, regardless of whether two or four items were kept in
WM.

The alpha attenuation results are supported by the accounts
of brain oscillations in human cognition (Klimesch et al., 2007;
Jensen and Mazaheri, 2010). According to these studies, alpha
oscillations serve as the mechanism for shaping the functional
states of brain regions and regulating the flow of information in
support of adaptive behavior. An increase in alpha power reflects
an increase in cortical inhibition, which reduces information
processing in irrelevant regions. In contrast, a decrease in alpha
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power reflects an increase in cortical excitability or a release
from inhibition to facilitate information processing in relevant
regions. Moreover, alpha oscillations may act as a proxy for
the processing of stimulus-specific information (Hanslmayr et
al., 2012; Griffiths et al., 2019). A decrease in alpha power may
increase the richness of the visual information encoded by
neural populations within the cortical regions. Both alpha and
beta oscillations have also been associated with top-down con-
trol mechanisms that gate WM information (Hanslmayr et al.,
2012; Miller et al., 2018). Based on these accounts, our results
suggest that the greater alpha attenuation with more complex
shapes (for low load) may reflect the greater engagement of
posterior cortical regions. Conversely, they suggest that when
the degree of a attenuation plateaus, so does WM capacity for
the corresponding memory material.

It is worth noting that the findings in the literature regard-
ing the load-dependent increase or decrease in alpha power
during WM retention are not completely consistent (Pavlov
and Kotchoubey, 2021). Although our results of load-depend-
ent alpha attenuation during the retention were supported by
prior investigations along similar designs (Fukuda et al., 2015;
van Ede et al., 2017; Erickson et al., 2019; Proskovec et al.,
2019a,b), early studies also demonstrated an increase in alpha
power that was associated with the number of items in WM
(Jensen et al., 2002; Tuladhar et al., 2007; Scheeringa et al.,
2009). This discrepancy in the directionality of alpha modula-
tions may be reconciled by a previous hypothesis (van Ede,
2018). Based on this hypothesis, posterior alpha power may
increase with WM load when the tasks require use of verbal
strategies. Verbal memoranda may be encoded in visual areas
but transferred and stored in other semantic- or phonological-
related brain regions. In such cases, cortical disengagement of
posterior brain regions, as reflected by an increase in alpha
power, might serve to prevent interference from upcoming
sensory flow. On the other hand, posterior alpha power may
decrease with WM load when the tasks require the mainte-
nance of visual identity. When visual memoranda are encoded
and retained in visual areas, alpha attenuation may reflect corti-
cal engagement. From this perspective, it is relevant to note
how in our task we always observed a load-dependent alpha
attenuation for all materials. Accordingly, this would suggest an
engagement of posterior regions for encoding and retaining the
visual identity of all materials, with larger engagement when
this material involved abstract shapes.

Finally, our results confirmed and extended predictions made
by the individual difference approach (Luck and Vogel, 2013).
Ample evidence has demonstrated the relationship between
alpha oscillations and behavioral performance in both the
perceptual (van Dijk et al., 2008; van Ede et al., 2012) and
WM domains (Sauseng et al., 2009; Fukuda et al., 2015; van
Ede et al., 2017), with lower alpha power predicting better
performance. In line with these findings, we found that the
load-dependent alpha power was inversely related to the load
difference in capacity measures across individuals for all mate-
rials. This relationship between alpha power and behavioral
measures indicated that the participants with greater load-de-
pendent alpha attenuation had greater behavioral benefits in
WM capacity, and our data uniquely show that this relation
may hold true for each of the three memory materials studied.

In this study we focused on the content-specific modula-
tions of WM capacity and alpha oscillations. Other relevant
work has exploited the contralateral delay activity (CDA; Vogel
and Machizawa, 2004; Vogel et al., 2005; Luria et al., 2016) as

an index for measuring the WM capacity of individuals. Our cur-
rent design was not intended to test the CDA but rather to focus
on global patterns of posterior alpha activity. Nevertheless, it
would be interesting to conduct a future study similar to this
one, but with lateralized displays, to clarify the roles of the two
electrophysiological indices of WM capacity. For example, alpha
activity and CDA may reflect distinct WM operations (Myers et
al., 2015; Hakim et al., 2019; Jin et al., 2020), with distinct sources
of variation in individual capacity (Fukuda et al., 2015, 2016).
Specifically, by exploring the content-specific WM capacity, one
may address whether the CDA scales with memory material and
the proximity to plateau for complex materials.

In conclusion, we have reported how alpha oscillations track
the memory-content-specific capacity, paralleling capacity pla-
teaus observed in behavior. These observations provide novel
insights into the functional role of alpha oscillations in WM and
show how the content-dependent nature of WM capacity can be
used as a novel approach for understanding the neural basis of
WM capacity limits.
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