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time points 0 (the onset of the memory array) to 800 ms,
which is the longest artifact-free time for each trial during
the coding phase. Since we have four set size 32 blocks
and one set size 128 block, the number of trials during
the encoding phase was the same for both conditions, so
the signal-noise-ratio of the resulting event-related
potential (ERP) was similar between our two different
conditions (Fig. 3, Step 1). We next computed the Pear-
son correlation of this trial-averaged ERP for all pairwise
electrodes for each participant separately. For each par-
ticipant, this resulted in a 28 x 28 matrix of the correlation
between the time course of each electrode to each other
electrode (Fig. 3, Step 2).

2.6. EEG fingerprinting

The fingerprinting analysis examined whether individuals’
inter-electrode correlation patterns were both unique and

stable enough to distinguish them from others in the
group and thus could potentially serve as a trait-level
neural signature of long-term memory performance. This
approach was adapted from work on functional connec-
tome fingerprinting using fMRI (Finn et al., 2015). To iden-
tify individuals in our dataset, we compared each
participant’s vectorized inter-electrode correlation matri-
ces from their set size 32 and set size 128 conditions. If
these patterns are unique between and stable within indi-
viduals, we would expect a participant’s set size 32 and
set size 128 correlation patterns to be more similar to
each other than to those of other participants. To test
this, we correlated each participant’s set size 32 vector of
inter-electrode correlations (the “target”) with a database
of all participants’ set size 128 vectors. An individual was
considered correctly identified if their highest correlation
was with their own set size 128 data. We repeated the
analysis with the roles reversed, using set size 128 vec-
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tors as targets and set size 32 vectors as the database.
Fingerprinting accuracy was then calculated as the pro-
portion of correctly identified individuals out of the total
number of participants.

Alternatively, our control analysis employed amplitude
fingerprinting. The aim was to determine whether individ-
ual fingerprinting is unique to inter-electrode correlations,
rather than simply averaging amplitudes across elec-
trodes. For each participant, we calculated the average
amplitude for each electrode across the set size 32 and
128 conditions, resulting in an electrode x 1 vector for
each individual. Similar to the IC-based fingerprinting
analysis, we correlated each participant’s amplitude vec-
tor for set size 32 (the “target”) with a database of ampli-
tude vectors for set size 128 from all participants. An
individual was considered as correctly identified if their
highest correlation was with their own set size 128 data.
We then repeated this analysis with the roles reversed,
using set size 128 vectors as the target and set size 32
vectors as the database.

2.7. EEG-based predictive modeling

Prediction methods were adopted from previous work on
connectome-based predictive modeling (Finn et al.,
2015, p. 201; Rosenberg et al., 2016) as described in
Hakim et al. (2021). We first separated data into training
and testing sets. For all of our models, we used 10-fold
cross-validation and permutation testing to determine
whether the model significantly predicted behavior.

To identify the features that were significantly related
to behavior (for instance, hit rate) in the training sample,
we correlated each value in the inter-electrode correla-
tion matrix to behavior using Spearman’s correlation.
Due to the sparse nature of the EEG interelectrode con-
nectivities (Hakim et al., 2021), we used a threshold of
p = 0.2 that most strongly predicted behavior in posi-
tive and negative directions. This approach allows us
to compare the inter-electrode correlation feature sets
(“networks”) that positively and negatively predict
behavior.

Using these selected features, we then calculated
single-subject summary values for all training subjects.
To do this, we summed the correlation-strength values
for each individual for both the positively and negatively
predictive feature sets separately, and then we took the
difference between them. We trained a linear model to
predict behavior performance from these summary fea-
tures in the training set. We then used this model to pre-
dict behavior performance (i.e., hit rate) in the testing set.
To do this, we calculated the summary feature in each
test set participant and input these summary scores into
the model defined in the training sample to generate pre-

dictions for each test set subject’s behavior score. To put
this in a linear prediction form:

Y=p p~(Positively predictive edges x IC pattern,.)+
Bn~(Negative/y predictive edges, xIC pattern[)+ni
Y represents the cognitive ability measures to be pre-

dicted. The two betas correspond to the contributions of
positive and negative edges, respectively. We apply the
thresholded positive and negative edges to the IC pat-
terns in order to predict the Y values (Fig. 3, Step 3).To
determine whether our models significantly predicted
performance, we compared predicted and observed
behavior scores using Spearman rank correlation (rho)
values and non-parametric p-values the correlations with
5,000 times of iterations. This assesses whether our
model successfully predicts which participants have rel-
atively better or worse encoding performance. However,
model significance remains consistent when predictions
are evaluated with Pearson correlation. We additionally
calculated null rho_null values within each fold by shuf-
fling the behavioral labels. This resulted in 5,000 observed
and 5,000 null rho values. We took the mean of the
z-transformed rho values, resulting in one observed rho
value across all folds and iterations. To determine whether
the observed rho value was significantly above change,
we compared the rho_null distribution to mean observed
rho using the following formula:

1+ sum(rho >rho

null observed )

p= 1
+ niteration

where rho_null is the null rho distribution; rho_observed
is the mean rho value from the observed sample; n_inter-
ation is the number of iterations; and p is the non-
parametric p-value for rho.

3. RESULTS

Our primary objective was to determine whether EEG
inter-electrode correlations during long-term memory
encoding predict individual differences in behavioral per-
formance. Prior to examining brain-behavior relationships,
we first assessed recognition accuracy (i.e., hit rates) for
old images in the set size 32 and set size 128 conditions.
As shown in Figure 4A, there were substantial individual
differences in performance across both conditions, and hit
rates were strongly correlated between the two set sizes
(r(109) = 0.80, p < 0.01), suggesting that both tasks tap
into a shared underlying long-term memory ability.

To validate the stability and subject-specificity of the
neural measures, we tested whether inter-electrode cor-
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Fig. 4. Visual Long-Term Memory Behavior Results. (A) Distribution of hit rates for set size 32 and 128. (B) Individual
differences in LTM abilities, measured by hit rates, were highly correlated between the two set sizes.

relation patterns identify individuals across the two set-
size conditions. For each participant, we computed
inter-electrode correlation matrices separately for set size
32 and set size 128 trials. An EEG fingerprinting approach
(Hakim et al., 2021) successfully identified 102 out of
111 participants (91.89%) when set size 32 was used as
the template and set size 128 as the target, and 108 out
of 111 participants (97.30%) when the template and tar-
get were reversed. These identification rates, far above
chance level (1/111), indicate that inter-electrode correla-
tions are highly reliable and individually distinctive.

As a control analysis, we evaluated whether simple
amplitude-based measures achieved similar identifica-
tion accuracy. Using the mean amplitude at each elec-
trode, fingerprinting performance dropped significantly,
identifying only 53.15% and 50.45% of participants when
using set size 32 and set size 128 as templates, respec-
tively. These results highlight that inter-electrode correla-
tion patterns uniquely capture individual-specific neural
signatures, making them particularly well-suited for indi-
vidual differences analyses in the context of visual long-
term memory encoding.

3.1. Interelectrode correlation with encoding-phase
EEG predicts visual LTM differences

With our fingerprinting analysis, we confirmed that inte-
relectrode correlations during a LTM encoding phase are

sensitive and reliable measures of participant unique-
ness. We next investigated whether these correlations
could predict behavioral differences in memory perfor-
mance. We employed connectome-based predictive
modeling (CPM) using a 10-fold cross-validation proce-
dure, selecting the interelectrode correlations correlated
with LTM encoding performance at p < 0.2. Using 5,000
permutations to generate a null distribution, we found
that interelectrode correlations during the encoding
phase significantly predicted individual differences in hit
rates for both the set size 32 (r(109) = 0.29, p < 0.01,
Fig. 5) and set size 128 (r(109) = 0.30, p < 0.01, Fig. 5)
conditions.

To assess whether the model captured a generalizable
LTM encoding ability rather than condition-specific vari-
ance, we conducted cross-condition prediction analyses.
Specifically, we trained the model on EEG data from the
set size 32 condition and tested it on left-out participants’
EEG data from the set size 128 condition. Predictions
remained significant, indicating successful generalization
(r(109) = 0.25, p = 0.02, Fig. 5). The reverse analysis,
training on set size 128 and testing on set size 32, also
yielded significant predictions (r(109) = 0.25, p = 0.02,
Fig. 5). These cross-condition results suggest that the
inter-electrode correlation model captures core individ-
ual differences in LTM encoding, independent of set size
(cross-training rho values not different from within-
training rho values, nonparametric ps > 0.83).

»

»

Fig. 5. EEG CPM predicted individual differences in LTM encoding with both set sizes. (A) EEG interelectrode correlation
model significantly predicts individual differences in LTM encoding abilities for both set size 32, set size 128, as well as
cross training between the two set sizes. (B) Significant edges overlapping between set size 32 and set size 128 across
EEG electrodes predicting LTM differences (orange represents positively predictive edges, while blue represents negatively
predictive edges). (C) CPM-predicted performance correlates with behavioral performance for both set size 32 and 128.
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We showed that we can successfully predict individual
differences in long-term memory encoding using inte-
relectrode correlation from a single condition (either set
size 32 or 128). A remaining question is whether averag-
ing more trials, across both set sizes 32 and 128, will bet-
ter maximize our theoretical predictive power to detect
these individual differences, given that prior ERP research
emphasizes the importance of trial count for reliable anal-
ysis (Boudewyn et al., 2018). To examine this possibility,
we combined data from both set sizes by averaging the
time courses across all encoding trials. Inter-electrode
correlations were then recomputed from this combined
dataset, and the resulting model significantly predicted
the average hit rate across both conditions (r(109) = 0.31,
p < 0.01). Together, these results demonstrate that EEG-
based inter-electrode correlation patterns during encod-
ing robustly capture individual differences in long-term
memory performance across 111 participants (Fig. 6B,
interelectrode correlation patterns for LTM encoding).

3.2. Encoding-phase EEG synchrony predicts
individual differences in visual long-term memory
after controlling for visual working memory

We next tested if these neural signatures predict LTM
encoding independent of visual working memory (VWM)
capacity. We analyzed data from a subset of 80 partici-
pants who completed both the EEG and online behav-
ioral sessions. Behaviorallyy, we found that LTM
performance in the set size 32 condition significantly
predicted VWM ability, as measured by change localiza-
tion (r(78) = 0.37, p < 0.01) and filtering localization
(r(78) = 0.27, p = 0.01). Similarly, LTM performance in the
set size 128 condition significantly predicted change
localization accuracy (r(78) = 0.25, p = 0.02), and margin-
ally predicted filtering localization (r(78) = 0.21, p = 0.05).

To determine whether our LTM model predicted LTM-
specific variance rather than variance shared with VWM,
we conducted a regression-based control analysis. For
the training set in each cross-validation fold, we regressed
VWM scores from LTM performance and extracted the
residuals, creating an LTM measure that was indepen-
dent of VWM ability. We then applied the regression func-
tion trained with residuals of LTM after regressing out
VWM differences to the test set, generating predicted
residuals of LTM performance. This procedure ensured
the independence between training and test data, such
that the regression function parameters were not affected
by any of the hold-out test data. If the EEG-based CPM
captures LTM-specific variance, it should still predict
these residualized scores. Supporting this specificity, the
model trained on residualized LTM performance signifi-
cantly predicted residual LTM scores in the test partici-
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pants for both set size 32 (regress out change localization:
r(78) = 0.28, p = 0.01, Fig. 6A; regress out filtering local-
ization: r(78) = 0.33, p < 0.01, Fig. 6B) and set size 128
(regress out change localization: r(78) = 0.31, p < 0.01,
Fig. 6C; regress out filtering localization: r(78) = 0.31,
p < 0.01, Fig. 6D) conditions. These findings demonstrate
that EEG inter-electrode correlations during encoding
capture variance that is specific to long-term memory
ability, above and beyond shared variance with visual
working memory.

3.3. Encoding-phase EEG synchrony predicts
individual differences in visual long-term memory
after controlling for attentional control

Other than WM abilities, another potentially relevant con-
struct is attentional control (AC, Martin et al., 2021), as
prior research has shown moderate correlations between
AC and LTM performance (Zhao & Vogel, 2025b). To
explore this possibility, we analyzed data from a subset of
80 participants who completed both the EEG and online
behavioral sessions. LTM performance in the set size 32
condition significantly predicted AC ability, as measured
by accuracies in the Flanker Square task (r(78) = 0.23,
p = 0.03) and accuracies in the Simon Square task
(r(78) = 0.21, p = 0.05). Similarly, LTM performance in the
set size 128 condition was positively, although not statis-
tically significantly, correlated to Flanker Square accu-
racy (r(78) = 0.13, p = 0.24), and Simon Square accuracy
(r(78) = 0.18, p = 0.10).

Replicating our findings with VWM, the model trained
on residualized LTM performance significantly predicted
residual LTM scores in the test participants for both set
size 32 (regress out Flanker Square: r(78) = 0.31, p < 0.01,
Fig. 7A; regress out Simon Square: r(78) = 0.34, p < 0.01,
Fig. 7B) and set size 128 (regress out Flanker Square:
r(78) = 0.33, p < 0.01, Fig. 7C; regress out Simon Square:
r(78) = 0.34, p < 0.01, Fig. 7D) conditions.

3.4. Spatial distribution of edges in LTM
encoding-phase interelectrode correlation models

In the full LTM encoding model (Fig. 5B), we observed
that edges positively and negatively predicting perfor-
mance were largely in left parietal electrodes. Specifically,
the positively predictive correlations covered the right
parietal frontal electrodes, and negatively predictive cor-
relations covered more posterior parietal to occipital
electrodes. These observations suggest that left parietal
electrodes may be a key hub in predicting individual dif-
ferences in LTM encoding abilities.

The interelectrode correlation patterns for the residual
LTM encoding models, after regressing out VWM capac-
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Fig. 6. EEG CPM predicted individual differences in LTM encoding after regressing out Visual Working Memory
differences. (A-D) EEG interelectrode correlation model significantly predicts individual differences in LTM encoding with
working memory (VWM) tasks regressed out. (E) Significant edges across EEG electrodes predicting LTM differences when
VWM differences were regressed out (orange represents positively predictive edges, while blue represents negatively

predictive edges).
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ity, were sparser than the full model, but the remaining
significant correlations highly overlapped with the full
model (regressing out change localization: 57.14% in the
full model, 100% within 2.5 cm/1 electrode in the full
model; regressing out filtering localization: 75.00% in the
full model, 100% within 2.5 cm/1 electrode of the full
model, Fig. 6E). We observed similar patterns with AC
abilities (regressing out Flanker Square: 80.00% in the full
model, 100% within 2.5 cm/1 electrode in the full model;
regressing out Simon Square: 100.00% in the full model,
Fig. 7E). Thus, interelectrode correlations with left parietal
electrodes remain uniquely predictive of LTM encoding
even regressing out VWM and AC abilities.

3.5. Encoding-phase EEG interelectrode correlation
predicts individual differences in visual long-term
memory throughout the encoding phase

We next sought to determine when during the encoding
period the model began to significantly predict individual
differences in visual long-term memory (LTM). Around or
before 400 ms post-stimulus, prior ERP studies have
shown that subsequently remembered items are associ-
ated with a frontal positivity. In contrast, after 500 ms, the
subsequent memory effect tends to manifest as a
posterior-going positivity (e.g., N400; Kutas & Hillyard,
1980; Mecklinger & Kamp, 2023; Meng et al.,, 2014;
Sundby et al., 2019). However, these studies did not
examine whether these neural signatures predict individ-
ual differences in long-term memory (LTM) encoding.
Therefore, a time-resolved analysis could address two
key questions: (1) Do early and late neural signals con-
tribute to individual differences in LTM encoding? and (2)
If both early and late signals are present, do they share
similar inter-electrode correlation patterns (i.e., similar
edges)?

To address this, we first performed a temporal analysis
by segmenting each trial into 100-ms windows, using a
25-ms jumping window to compute inter-electrode cor-
relation matrices across time. For each time point, we
conducted a 5,000-iteration permutation test, with win-
dow start times spanning from 175 ms before stimulus
onset to 700 ms post-stimulus onset. At each window,
CPM models were trained and tested using the inter-
electrode correlations derived from the 100-ms segment
centered on that specific time point, as illustrated in
Figure 8A.

We first confirmed that no significant brain—behavior
correlations were observed prior to stimulus onset for
either set size condition, indicating that the model’s pre-
dictive performance was not driven by pre-trial neural
synchrony between electrode ERPs. Shortly after stimu-
lus onset, the models began to reliably predict individual
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differences in LTM. For set size 32, significant prediction
first emerged in the 0-100 ms window, while for set size
128, it emerged slightly later, in the 25-125 ms window.
Notably, significant prediction persisted throughout much
of the encoding period, with the final time windows show-
ing significance between 575-675 ms for set size 32 and
450-550 ms for set size 128 (see Fig. 8A).

After establishing that both early and late time win-
dows in the trial show inter-electrode correlations that
predict LTM encoding, we next asked whether these pre-
dictions rely on similar neural patterns. To test this, we
performed a cross-training analysis between early (0-
400 ms) and late (400-800 ms) trial segments. If both time
windows rely on shared neural information, then training
a model on one segment should allow accurate predic-
tion from the other. The results of the cross-training anal-
ysis revealed an asymmetry: when we trained on the late
trial segment and tested on the early segment, the model
was largely successful in predicting individual differences
in LTM encoding (set size 32: r(109) = 0.27, p = 0.06; set
size 128: r(109) = 0.33, p = 0.03). However, training on the
early segment and testing on the late segment failed to
produce accurate predictions (set size 32: r(109) = 0.20,
p = 0.11; set size 128: r(109) = 0.22, p = 0.10, not signifi-
cantly different from train later test early, ps > 0.60, see
Fig. 8B). To better understand this asymmetry, we exam-
ined the positive and negative inter-electrode correlation
edges for early and late trials (Fig. 8C). We found that the
early trials exhibited a greater number of both positive
and negative edges, whereas the late trials had only three
significant negative edges. Importantly, two of these
three late-trial edges were identical to those seen in the
early-trial models, and the third was spatially adjacent
with the other (P3 versus PO7, ~2.5 cm from each other).
These findings suggest that the early phase (0-400 ms) of
the trial is characterized by richer and more distributed
inter-electrode correlations that are predictive of LTM
encoding differences. In contrast, the late phase (400-
800 ms) appears to contribute more selectively, primarily
through a small set of negative correlations.

These findings suggest that the predictive power of
the CPM is tied specifically to stimulus encoding, rather
than baseline pre-encoding activity, and that individual
differences in VLTM are encoded in neural activity sus-
tained throughout the first several hundred milliseconds
following stimulus presentation.

3.6. Alpha oscillations during encoding selectively
predict visual long-term memory performance

One final question pertains to whether the success of
EEG-based Interelectrode Correlation prediction of indi-
vidual differences in LTM is dependent on specific band
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Fig. 8. EEG CPM predicted individual differences in LTM encoding across a wide temporal window. (A) EEG interelectrode
correlation patterns predict LTM differences across time (correlation between predicted LTM and observed LTM). EEG
encoding phase data were divided into 100 ms epochs, with 25-ms steps, from 200 ms before the stimulus onset to 800 ms
after stimulus onset. The predictive power with set size 32 and 128 both extended from 0 ms to 500-600 ms after the
stimulus onset. The significance dots reflect Bonferroni corrected p < 0.0133. (B) Cross training (early: 0-400 ms versus

late: 400-800 ms) correlations of LTM differences with set size 32 and 128 data. The diagonal showed within-condition
training and testing, versus the off-diagonal columns reflected cross-condition training and test (i.e., train on early and test
on late window and vice versa). (C) Significant edges predicting LTM differences trained with early versus late window EEG
encoding data (orange represents positively predictive edges, while blue represents negatively predictive edges).
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power. Prior within-subject research has suggested that
low alpha power and high theta power are associated
with better memory encoding states within individuals
(Greenberg et al., 2015). Specifically, theta-band activity
has been linked to successful memory encoding (Her-
weg et al., 2020; Klimesch et al., 1997; Sederberg et al.,
2003), alpha power reduction is reflective of successful
visual memory encoding (Fukuda & Woodman, 2015;
Zhao & Woodman, 2020), and beta power is sensitive to
item category during encoding (Morton & Polyn, 2017).
Despite both theta and alpha oscillations representing
successful encoding, they were not significantly cou-
pled, as prior studies have shown that alpha-theta cou-
pling does not occur more frequently during memory
encoding than during resting-state recordings (Zhao et
al., 2022).

However, these studies have not demonstrated that
these bands predict individual differences across sub-
jects, or that their predictive power depends on inter-
electrode correlation patterns. In our final set of analyses,
we applied a first-order Butterworth filter to the average
ERP to extract theta (5-7 Hz), alpha (8-12 Hz), and beta
(14-25 Hz) bands, and then re-performed the CPM anal-
ysis to assess whether any of these bands significantly
predicted individual differences in LTM encoding. Our
results showed that alpha band-passed IC (set size 32:
r(109) = 0.26, p < 0.01; set size 128: r(109) = 0.19,
p = 0.04, Fig. 9B), but not theta band-passed IC (set size
32: r(109) = 0.08, p = 0.25; set size 128: r(109) = 0.08,
p = 0.25, Fig. 9A) or beta band-passed IC (set size 32:
r(109) = 0.16, p = 0.07; set size 128: r(109) = 0.17,
p = 0.06, Fig. 9C), predicted individual differences in LTM
encoding. These findings suggest that inter-electrode
correlations derived from alpha-band total power across
time may play a crucial role in explaining individual differ-
ences in long-term memory encoding success.

4. DISCUSSION

In our study, we investigated whether interelectrode cor-
relations predict individual differences in long-term mem-
ory encoding, using set sizes of 32 and 128, both well
beyond typical working memory capacity (3-4 items). We
demonstrated that interelectrode correlation patterns
could identify individuals with a fingerprinting-style anal-
ysis, achieving over 90% accuracy. Furthermore, pat-
terns of interelectrode correlations during LTM encoding
predicted individual differences in performance on both
the set size 32 and 128 tasks. Cross-training between the
two set sizes generalized effectively, indicating that the
neural patterns reflected a more generalized LTM encod-
ing ability rather than performance on a single recognition
task. To assess whether this network was specific to LTM
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encoding, we further examined whether interelectrode
correlations could predict LTM performance even after
accounting for other cognitive abilities such as visual
working memory (VWM) and attentional control (AC).
Using residual LTM performance, after regressing out
scores from four separate WM and AC tasks, we found
that our model still significantly predicted LTM encoding.
This suggests that we identified a neural signature specif-
ically associated with LTM encoding, independent of
other cognitive domains.

Looking into the spatial distribution of edges signifi-
cantly predicting individual differences in LTM encoding,
both positively and negatively predictive interelectrode
correlations covered left parietal electrodes. Whereas
positively predictive edges were distributed more toward
anterior frontal to parietal electrodes, negatively predic-
tive edges were shifted to more posterior parietal and
occipital electrodes. The residual models, built with LTM
encoding abilities with VWM or AC regressed out, con-
tained a subset of edges of the full LTM encoding model,
suggesting that these models were successful in uniquely
targeting a sparser network that predicts LTM encoding
differences but not VWM or AC abilities. The residual
models retained the negative edges from left parietal
electrodes and some positive centro-parietal edges.
Interestingly, the parietal electrodes here are involved in
the ERP subsequent memory effect, in that a more posi-
tive waveform was observed during encoding when items
were memorized compared to when they were later for-
gotten (Folgueira-Ares et al., 2017; Guo et al., 2005;
Mangels et al., 2010; Paller et al., 1987; Sanquist et al.,
1980; Yovel & Paller, 2004). Moreover, the parietal-frontal
interelectrode correlations observed in our study also
align with the ERP literature that two subsequent memory
effects emerged within 300-600 ms after stimulus onset,
one peaked at frontal electrodes and the other peaked at
the parietal electrodes (i.e., Otten & Rugg, 2001; see
review, Friedman & Johnson Jr, 2000). Altogether, our
findings showed a relatively sparse set of edges that spe-
cifically and efficiently captured individual differences in
LTM encoding.

Furthermore, we explored the temporal dynamics of
these neural processes. Interelectrode correlation pat-
terns did not predict activity prior to trial onset, indicating
that predictive information emerged with memory encod-
ing rather than from averaged pre-stimulus state for each
individual. Although non-trial-locked signals such as pre-
trial attentional states (Adam et al., 2015; Corriveau et al.,
2025) may still affect performance in individual trials, we
cannot detect them here because we employed aver-
aged ERP interelectrode correlations to enhance the
signal-to-noise ratio. Future research is needed to evalu-
ate the effectiveness of single-trial EEG interelectrode
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Fig. 9. Alpha, but not theta or beta band-passed IC predicted individual differences in LTM encoding. (A) Theta
Oscillations Interelectrode Correlation did not significantly predict individual differences in LTM performance for either
set size 32 or set size 128 conditions. (B) Alpha Oscillations Interelectrode Correlation significantly predicted individual
differences in LTM performance for both set size 32 and set size 128 conditions. (C) Beta Oscillations Interelectrode
Correlation did not significantly predict individual differences in LTM performance for either set size 32 or set size 128

conditions.

correlations in predicting cognitive performance. In the
current study, predictive power persisted over a broad
time window of approximately 500-600 ms post-stimulus
onset. The differences between early and late EEG inte-
relectrode correlation patterns suggest that dynamic pro-
cesses unfolding over the course of stimulus presentation
affect the encoding of items into LTM, aligning with
within-subject findings from event-related potential (ERP)
studies (e.g., N400; Kutas & Hillyard, 1980; Mecklinger &
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Kamp, 2023; Meng et al., 2014; Sundby et al., 2019). A
further look into the predictive model features showed
that, early in the trial, predictive interelectrode correla-
tions spanned parietal and frontal electrodes, potentially
reflecting the engagement of early sensory-related
encoding processes at the onset of memory stimuli. In
contrast, later predictive features were sparser and pre-
dominantly negatively predictive of long-term memory.
These correlations included parietal and parieto-frontal
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electrodes overlapping with those implicated in the late
parietal effect observed in the subsequent memory liter-
ature (see review, Friedman & Johnson Jr, 2000;
Mecklinger & Kamp, 2023).

Lastly, we showed that alpha-band oscillations—but
not lower-frequency theta or higher-frequency beta
oscillations—contributed to the predictive power of long-
term memory differences across individuals. This finding
aligns with prior research demonstrating that reductions
in posterior alpha power support successful memory
encoding (Fukuda & Woodman, 2015) and can be
enhanced via lateral temporal noninvasive brain stimula-
tion (Zhao & Woodman, 2020). Taken together, we pro-
pose that a general neural coordination mechanism
underlies individual differences in long-term memory per-
formance: patterns of interelectrode correlations across
posterior parietal regions influence how well individuals
encode visual information into long-term memory. This
coordinated activity is orchestrated by alpha oscillations,
a well-established marker of successful visual memory
encoding, and represents a long-term-memory-specific
neural signature that integrates activity over posterior
electrodes across different hemispheres, as well as
between posterior and frontal electrodes. Importantly,
this relationship is dynamic, with greater predictive power
emerging during earlier time windows associated with
perception, attention, and encoding, rather than during
later post-400 ms processes more closely related to
rehearsal.One possible cognitive factor underlying the
observed neural dynamics in our LTM model is that, as
list lengths exceeded VWM capacity, participants may
have begun to shift their organizational strategies (Stoff &
Eagle, 1971). Interestingly, such dynamic strategy shifts
have been shown to enhance LTM performance, yet they
are not strongly tied to individual differences in VWM
capacity (Unsworth, 2016). In other words, participants’
decisions to flexibly adjust their strategies could explain
why our neural model uniquely captures LTM encoding
differences.

Notably, recent work argued that the attentional con-
trol tasks used in the present study may not index a sin-
gle, coherent cognitive construct. Prior work has reported
low correlations among commonly used attentional con-
trol tasks, raising concerns about whether attentional
control constitutes a stable individual-differences factor
(Rey-Mermet et al., 2025). Relatedly, other studies have
suggested that classic attentional control tasks such as
the Flanker and Simon tasks may primarily reflect pro-
cessing speed and strategic factors rather than atten-
tional control per se (Hedge et al., 2022). Although our
current study was not designed to adjudicate between
these theoretical interpretations, we aimed to use the
Square tasks as a form of cognitive tasks that are distinct
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from visual working memory while still reflecting general
cognitive abilities. Importantly, processing speed and
working memory capacity have been shown to be disso-
ciable, with only working memory capacity reliably pre-
dicting fluid intelligence, whereas processing speed does
not (Conway et al., 2002). From this perspective, the crit-
ical result is that long-term memory (LTM) continued to
show residual predictive power after variance associated
with visual working memory and attentional control tasks
was removed. This finding indicates that the observed IC
patterns reflect an LTM-specific process rather than vari-
ance shared with other general cognitive constructs,
regardless of whether those constructs are conceptual-
ized as attentional control or processing speed. Future
work using broader task batteries will be necessary to
further clarify the relationships among processing speed,
attentional control, and long-term memory.More broadly,
our study supports the idea that long-term memory
encoding involves processes distinct from those used in
working memory encoding. The specificity of our model’s
predictions for LTM, after controlling for VWM and atten-
tional control, suggests the presence of an LTM-specific
factor that operates independently of VWM and AC abili-
ties. This aligns with findings from prior behavioral
research (Robison et al., 2024; Unsworth, 2019; Zhao
et al., 2025; Zhao & Vogel, 2025a, 2025b) and fMRI stud-
ies (Lin et al., 2021; Zhou et al., 2025). Future behavioral
and neural studies are needed to better understand the
distinct mechanisms underlying LTM encoding. A com-
bined approach that integrates both correlational and
experimental methods, as recommended by Unsworth
(2019), may be especially useful in advancing our under-
standing of individual differences in LTM.
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