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Unattended working memory items are 
coded by persistent activity in human medial 
temporal lobe neurons
 

K. Paluch    1, M. Magnuski    1, W. Średniawa    1, D. Ivanovski2, A. Rysz    3, 
M. Służewska-Niedźwiedź    4, T. Pasterski    3, W. Fortuna    5, K. Smarzewska    5, 
P. C. Reinacher    6, Sz. Kaczor    3, P. Tabakow    5, H. Babu    2 & J. Kamiński    1,2 

The role of persistent neural activity in working memory storage is well 
documented, particularly in tasks where memorized items are of equal 
importance. However, the encoding mechanism for unattended items, 
often considered as ‘activity silent’, remains poorly understood. Here we 
recorded the activity of image-selective neurons in the medial temporal 
lobe while subjects (n = 12) shifted attention between concurrently stored 
memory items. Our results demonstrate that both attended and unattended 
memory items are encoded through persistent activity. Additionally, we 
observed a dynamic transformation in the neuronal subspace following cue 
presentation, reflecting a shift in how information was maintained. While 
information about the unattended item was decodable at the single-trial 
level from preselected image-selective cells, it was not decodable from the 
entire population of medial temporal lobe cells. These findings support 
models of persistent activity and challenge the notion that unattended 
items are stored via ‘activity-silent’ mechanisms.

Working memory (WM) is the ability to retain information in mind in 
an accessible state, manipulate it and use it to guide behaviour. This 
cognitive function is essential for performing complex tasks such as rea-
soning, reading and learning, all of which require completing multiple 
steps and integrating or analysing available information1. The prevailing 
model of WM postulates that information is maintained through an 
active memory trace characterized by sustained neuronal firing2–4. Evi-
dence supporting this model has been provided by numerous studies 
in animals5–8 and, more recently, humans9–11. Interestingly, in nearly all 
of these studies, the items to be remembered were equally relevant to 
the immediate task, suggesting that they were not only maintained, but 
also probably continuously attended12. This leaves a gap in our under-
standing of how the cognitive system operates in everyday situations, 

where we frequently maintain information about multiple tasks while 
prioritizing between them. For instance, when using navigation while 
driving and simultaneously engaging in conversation, we often need to 
fully focus on manoeuvres, keeping the conversation in the back of our 
mind. Once the manoeuvre is completed, we can switch our attention 
back to the conversation. This demonstrates the ability to prioritize 
the task at hand while still maintaining unattended WM content and 
successfully retrieving it when needed. However, it remains unclear 
whether the cellular mechanisms supporting the storage of prioritized 
and non-prioritized information are the same.

Alternative mechanisms, beyond the rate code, have been pro-
posed to play an important role in the concurrent coding of multiple 
WM items13. Some focus on the role of spike-phase interactions14,15, 
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decodable from the inferotemporal cortex when it was in the focus of 
attention, but not when it was outside of attention. This makes the MTL 
an ideal candidate for testing proposed hypotheses of ‘activity-silent’ 
coding of unattended WM items from both invasive and noninvasive 
study perspectives.

By recording the activity of image-selective cells during the dual 
retro-cue task, we aimed to study the impact of attention on firing 
rates when their preferred image was held in WM. If cell activity dur-
ing the maintenance period for the unattended stimulus drops to the 
spontaneous level, yet the item is still correctly retrieved from memory, 
this would provide the strongest evidence so far for the ‘activity-silent’ 
coding of unattended WM items. Conversely, if persistent neuronal 
firing is observed for the unattended memory item, it would extend 
previous findings by demonstrating that the persistent activity of 
image-selective cells in the MTL supports the entire WM content, 
regardless of its attentional state.

Results
Task and behaviour
We administered a double retro-cue paradigm adapted for record-
ing MTL image-selective cells (Fig. 1a) to epilepsy patients (n = 13 
sessions from 12 subjects). Before the WM task, we ran a screening 
task to identify the four images eliciting the strongest selective 
responses; these images were then used as the memory set for the 
double retro-cue experiment (for details, see Methods; for exam-
ple screening results, see Supplementary Fig. 1). In each trial of the 
WM task, subjects memorized two images presented concurrently 
above and below a fixation point for 3 s. A spatial cue (a horizontal 
line presented for 1 s) indicated which item should be prioritized for 
the following detection task. After a 5 s maintenance period, during 
which the representations of the attended (cued memory item) and 
unattended (uncued memory item) could be distinguished, subjects 
were presented with a rapid serial visual presentation (RSVP) stream 
of eight images (each displayed for 0.15 s). Subjects judged whether 
the cued image was present in the stream. A second spatial cue was 
then presented. In half of the trials, it indicated the same item as the 
first cue (‘same’ target trials), while in the other half, it indicated the 
previously uncued item (‘switch’ target trials). As with the first cue, 
the second cue was followed by a maintenance period, RSVP stream 
and response screen. The presence of switch trials ensured that the 
uncued memory item had to be retained in memory, as it might be 
used as a target for the second detection task.

Subjects performed well overall, with an average correctness of 
87.82 ± 9.31% (±s.d.). Performance varied by target type (first/same/
switch) (F2,24 = 14.07, P < 0.001, partial η² = 0.54, 95% confidence interval 
(CI) 0.10 to 0.60, permuted repeated-measures analysis of variance 
(ANOVA); note that ANOVA and t-test values are provided for reference, 
as P values are derived from permutations; Fig. 1b). Correctness was 
lower for the previously uncued item (‘switch’, 81.41 ± 13.24%) compared 
with the previously cued item (‘same’, 88.94 ± 8.73%; t12 = 4.21, P = 0.002, 
Cohen’s d = 1.17, CI 0.74 to 2.02) and the first target (90.46 ± 7.06%; 
t12 = 3.88, P < 0.001, Cohen’s d = 1.076, CI 0.66 to 1.78). The higher  
correctness in the same-target trials could not be attributed to refresh-
ing the target representation through its brief reappearance in the 
first RSVP stream during target-present trials, as the same effect was 
observed when the analysis was limited to target-absent trials (t12 = 2.62, 
P = 0.014, Cohen’s d = 0.73, CI 0.31 to 1.28; same out: 88.14 ± 11.89% 
versus switch out: 81.41 ± 15.83%; Supplementary Fig. 2). Notably, both 
same and switch targets had equal priority during encoding (the cue 
was presented after the images disappeared from the screen) and were 
maintained in WM for the same period of time (approximately 12–14 s, 
depending on the reaction time to the first probe). Therefore, the lower 
correctness for previously uncued (switch-target) items can only be 
attributed to their different attentional status, indicating that subjects 
followed task instructions and prioritized the cued item in memory.

while others suggest that WM items are stored in an activated long-term 
memory via mechanisms that do not rely on the electrical activity of 
neurons (in the form of spikes or oscillations). Instead, these mecha-
nisms involve electrically silent, rapid changes in synaptic weights, 
leading to alterations in functional network connectivity16,17. Recent 
noninvasive neuroimaging studies have provided compelling evidence 
supporting the hypothesis of ‘activity-silent’ coding for unprioritized 
WM items18–20. These studies consistently reported the absence of 
decodable information related to the unattended memory item during 
the delay period, despite its successful recall later. This supposedly 
latent memory trace can be reactivated by presenting a retro cue18,19,  
a magnetic impulse20 or a visually silent, uninformative stimulus  
(a so-called ping)21. However, some researchers argue that active rep-
resentations of unattended WM content are absent only in sensory 
cortices, while they persist in multimodal parietal and frontal regions22. 
Conversely, other studies have observed active coding of both prior-
itized and unprioritized items in the sensory cortices, including early 
visual areas23. Notably, representations of prioritized and unprioritized 
items in these regions were found to be rotated relative to each other, 
suggesting distinct but coexisting coding strategies23,24.

Given the inconsistencies in existing studies and the fact that much 
of the empirical evidence supporting the ‘activity-silent’ mechanism 
consists of negative findings, the ‘activity-silent’ hypothesis has faced 
criticism. For example, if the activity associated with unattended items 
is significantly weaker than that for attended items, it might simply 
fall below the detection threshold of imaging methods, which meas-
ure the average activity from hundreds of thousands of neurons25,26. 
Indeed, a recent study demonstrated that an unattended memory trace, 
previously reported as ‘activity silent’, was successfully decoded in a 
reanalysis of the same dataset27. This reanalysis focused on alpha-band 
oscillations instead of a broadband electroencephalogram signal, 
thereby increasing the signal-to-noise ratio.

To investigate the neuronal mechanisms underlying the storage of 
unattended WM content, we utilized a double retro-cue paradigm—a 
task designed to induce internal shifts of attention across multiple 
items concurrently held in WM28. In this paradigm, a cue is presented 
after the items have been encoded, indicating which of them should be 
prioritized. Consistent with cueing effects in the perceptual domain, 
retro cues enhance performance (shorter reaction times and higher 
correctness) for the cued items and reduce performance in trials where 
the previously uncued items are tested29. The close resemblance of the 
behavioural pattern observed in retro-cue tasks to the well-understood 
and widely studied cueing effects in the perceptual domain indicates 
that retro cues are an effective means of shifting attention between 
items concurrently stored in memory. The dual retro-cue paradigm 
has been used in noninvasive neuroimaging studies, which reported 
no delay-period activity for the unattended memory content18–20. 
However, to our knowledge, it has not yet been used in single-neuron 
recording studies in either animals or human subjects.

We chose to record the activity of image-selective cells in the 
human medial temporal lobe (MTL). While many studies in nonhu-
man primates have demonstrated persistent activity during the 
maintenance of different types of information in WM across various 
brain areas—such as the dorsolateral prefrontal cortex for spatial 
locations4,5, the entorhinal cortex for complex visual stimuli6 and 
the pre-supplementary motor area (pre-SMA) for tactile and acous-
tic stimuli30—in humans, stimulus-specific persistent activity dur-
ing WM maintenance has, to our knowledge, only been observed in 
recordings from image-selective cells31 in the MTL9,11. The importance 
of the MTL in WM has also been reported in multiple studies using 
intracranial electroencephalography32–34. In the original discovery 
of the ‘activity-silent’ mechanism for maintaining unprioritized WM 
content19, a supplementary analysis confined to the inferotemporal 
cortex, including the hippocampus and amygdala, yielded results 
similar to the whole-brain analysis: information about item identity was 
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We also analysed reaction times. One subject was excluded from 
the reaction time analysis due to unrecorded reaction times in target- 
absent trials caused by technical issues. Reaction times for correct 
responses were similar across first (1.61 ± 1.45 s), same (1.71 ± 1.76 s) and 
switch (1.84 ± 2.01 s) targets (permuted repeated-measures ANOVA:  
F2, 22 = 1.76, P = 0.159, partial η² = 0.13, CI 0 to 0.25).

Our behavioural results indicate that subjects followed the spatial 
cues and successfully shifted attention between concurrently stored 
memory items. The observed correctness pattern closely aligns with 
previous findings from neuroimaging studies employing the double 
retro-cue paradigm18–20.

Identification of image-selective cells
Building on previous research9,11,31, which observed persistent neuronal 
activity during the maintenance of attended WM content, we utilized the 
encoding period to identify image-selective cells. To avoid any depend-
encies between cell selection and hypothesis testing (conducted on 
adjacent time windows: encoding versus maintenance), we applied a 
leave-one-out approach. The selectivity of each cell was tested iteratively 
(n = 96, total number of trials). In each iteration, cell selectivity was 
assessed on n − 1 trials, and if the selectivity criteria were met (Methods), 
maintenance effects were tested on the one trial excluded from the 
selectivity definition. We identified n = 6,339 trials as image-selective 
(15.68%, P < 0.001 compared with the surrogate data distribution). Addi-
tionally, 42 cells were consistently selective for the same image across 
all 96 iterations (9.99%, P < 0.001 compared with the surrogate data 
distribution). The full distribution of image selectivity across neurons 

is shown in Supplementary Fig. 3a,b. Differences between conditions 
expected from the null distribution (obtained from data with scrambled 
labels) are plotted in Supplementary Fig. 3c.

Persistent neural activity for cued and uncued WM items
To account for the different number of trials entering the analysis from 
different neurons (Supplementary Fig. 3a), we used linear mixed-effects 
models (LMEs). We tested whether the activity of image selective cells 
depended on the image type: preferred image cued in WM, preferred 
image uncued in WM, or images other than the preferred one held 
in WM (other). The hierarchical structure of the models accounted 
for the nested nature of the data, where multiple trials were recorded 
from each neuron and multiple neurons were recorded from different 
subjects. Trials in which images other than the preferred image were 
presented and held in WM were used as the reference condition. To 
balance the model we required that all included cells had at least one 
trial in each of the compared conditions (yielding n = 79 neurons; from 
each cell, only trials defined as selective based on the leave-one-out 
cross-validation were included).

As per definition during encoding, we observed significant 
increase in firing rate when the preferred image was displayed. This 
increase was evident for both the later cued (β = 0.359, s.e.m. 0.034; 
t4,936 = 10.58, P < 0.001, CI 0.29 to 0.42, standardized beta β (β*) = 0.152)  
and the later uncued item (β = 0.390, s.e.m. 0.034; t4,936 = 11.47, 
P < 0.001, CI 0.32 to 0.46, β* = 0.165), with no significant difference 
between these two conditions (β = 0.031, s.e.m. 0.039, t4,936 = 0.796, 
P = 0.426, CI −0.05 to 0.11, β* = 0.013; Fig. 2a,c).
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Fig. 1 | Task, recording locations and behavioural results. a, The double 
retro-cue task: each trial began with two images (one above and one below the 
fixation point), followed by a spatial cue indicating the target for the detection 
task. After a 5 s maintenance (main.) period, a stream of eight distractor images 
was presented (images are presented sequentially; only three are depicted for 
simplicity). Subjects indicated whether the cued image appeared in the stream. 
After their response, a second cue indicated either the same image or the 
previously uncued image. This was followed by another maintenance period, 
a target detection task and a response screen. b, The percentage of correct 

responses (n = 13 sessions) for the first target, second previously cued target 
(‘same’) and second previously uncued target (‘switch’). The dark and light 
blue lines represent the mean and s.e.m., respectively. Individual sessions are 
connected by grey lines. A permuted F test and two-sided paired t-tests were used 
to test differences between conditions. c,d, Recording site locations in MNI152 
space, overlaid on the CIT168 T1 brain atlas. Sagittal slice, for plotting purposes 
MNI x coordinates for all sites were set to −21 (c). Horizontal slice, for plotting 
purposes MNI z coordinates were set to −20 (d). The white lines indicate the 
locations of axial and sagittal slices. Amy, amygdala; hipp, hippocampus.
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In the analysis of activity during maintenance periods, we added 
time (first maintenance and second maintenance) as an additional 
predictor to our model. The model revealed increased firing rates 
whenever the preferred item was held in WM, regardless of whether it 
was cued (β = 0.23, s.e.m. 0.055, t9,872 = 4.19, P < 0.001, CI 0.12 to 0.34, 
β* = 0.134) or uncued (β = 0.18, s.e.m. 0.055, t9,872 = 3.36, P < 0.001, 
CI 0.08 to 0.29, β* = 0.105 compared with the reference condition; 
Fig. 2a,d). There was no overall change in neuronal activity across 
the two maintenance periods (main effect of time: β = −0.001, s.e.m. 
0.020, t9,872 = −0.052, P = 0.958, CI −0.04 to 0.04, β* = 0). However, the 
interaction between the uncued item and time was close to the sig-
nificance threshold (interaction preferred uncued × time: β = −0.065, 
s.e.m. 0.035, t9,872 = −1.87, P = 0.061, CI −0.13 to 0, β* = −0.029). No 
such effect was observed for the cued item (interaction preferred 
cued × time: β = −0.038, s.e.m. 0.034, t9,872 = −1.11, P = 0.266, CI −0.10 to 
0.03, β* = −0.017; Fig. 2b,d). Post hoc tests showed that activity for the 
cued and uncued items was similar during the first maintenance period 
(F1, 9,872 = 0.515, P = 0.546; false discovery rate (FDR) corrected, Cohen’s 
d = 0.065). However, during the second maintenance period, activity 

for the uncued item was smaller than for the cued one (F1,9,872 = 6.45, 
P = 0.019; FDR corrected, Cohen’s d = 0.103), as well as smaller than 
the activity for both the cued (F1, 9,872 = 4.36, P = 0.050; FDR corrected, 
Cohen’s d = 0.158) and the uncued items (F1, 9,872 = 5.39, P = 0.030; FDR 
corrected, Cohen’s d = 0.094) during the first maintenance period. This 
decrease was not due to the passage of time from encoding, as no such 
decrease was observed for the cued item (first preferred cued versus 
second preferred cued: F1, 9,872 = 1.24, P = 0.332; FDR corrected, Cohen’s 
d = −0.055). To sum up, our results indicate that both cued and uncued 
items evoked persistent neuronal firing during their maintenance in 
WM and suggest a reduction in activity for the uncued item after the 
second cue, when it became task irrelevant and could be dropped from 
WM (for pairwise comparisons of all conditions see Fig. 2d).

Additionally, we observed a phasic, cue-related increase in firing 
rate for the cued item during the first maintenance (until 832 ms after 
cue offset) and during the second maintenance period (until 438 ms 
after cue offset; Fig. 2a,b). As we were interested in how items were 
maintained within and outside the focus of attention, and to preclude 
any contamination by response to cue, we additionally tested firing 
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rate activity between 1 and 5 s in the first maintenance period and the 
results were qualitatively the same (Supplementary Fig. 4). For all 
further analyses we used an average firing rate between 1 and 5 s after 
maintenance onset.

Next, to test whether the observed neuronal activity was relevant 
to task performance, we included response accuracy (correct versus 
incorrect) as an additional predictor in our LME model (Methods). The 
model was computed separately for the first and second maintenance 
periods. During the first maintenance period, activity for both the 
cued (interaction preferred cued × response: β = −0.189, s.e.m. 0.068, 
t6,032 = −2.77, P = 0.006, CI −0.32 to −0.06, β* = −0.095) and uncued items 
(interaction uncued × response: β = −0.146, s.e.m. 0.069, t6,032 = −2.13, 
P = 0.033, CI −0.28 to −0.01, β* = −0.073) was significantly lower in 
trials that ended with incorrect compared with correct responses 
(Supplementary Fig. 5a,b). A similar pattern was observed during the 
second maintenance period. In incorrect trials, activity decreased 
for both the cued (interaction preferred cued × response: β = −0.164, 
s.e.m. 0.066, t6,031 = −2.47, P = 0.014, CI −0.29 to −0.03, β* = −0.085) and 
uncued items (interaction preferred uncued × response: β = −0.147, 
s.e.m. 0.066, t6,031 = −2.24, P = 0.025, CI −0.28 to −0.02, β* = −0.077; 
Supplementary Fig. 5c,d). These results indicate that image-specific 
persistent activity was behaviourally relevant for items maintained in 
both states—whether within or outside the focus of attention.

We ran two control analyses, which showed that persistent activ-
ity for the uncued item during the first maintenance period was pre-
sent regardless of brain area (amygdala or hippocampus) and was 

independent of the neurological condition of our subjects (that is, it 
was observed in both epileptogenic and healthy tissue; Supplementary 
Results and Supplementary Fig. 6). Furthermore, additional, control 
analyses confirmed that the activity for the uncued item did not change 
based on the selectivity of cells, indicating that it could not be attrib-
uted to the response of cells to the other image, which was concurrently 
in the focus of attention (for details, see Supplementary Results and 
Supplementary Figs. 7–9).

In summary, we observed persistent neuronal activity for both 
cued and uncued memory items during the first maintenance period, 
when both items were kept in memory. This activity was task relevant as 
it was greater in correct than in incorrect trials. Activity for the uncued 
item decreased during the second maintenance period, when the item 
was no longer task relevant and could be removed from memory. Thus, 
our data extend previous findings9,11, showing that the persistent activ-
ity of MTL image-selective cells is a common mechanism underlying 
the storage of the entire WM content, regardless of the current focus 
of attention.

Cued and uncued items populate different neuronal subspaces
The presented analyses demonstrate that both cued and uncued 
WM content are stored using a rate code. However, inspection of 
single-neuron responses revealed distinct activity patterns during the 
maintenance period (see examples in Fig. 3a–c). Some image-selective 
neurons exhibited a clear response to the cue presentation, followed by 
greater activity for the cued items (Fig. 3a). Others responded similarly 
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Fig. 3 | Examples of activity from image-selective cells recorded during the 
double retro-cue task. a–c, Three examples of image-selective cells: with greater 
activiy for the preferred (pref.) cued item (a), similar activity for both pref.  
cued and pref. uncued items (b) and greater activity for pref. uncued item (c). 

Top: PSTH (bin size, 500 ms; step size, 1 ms) during encoding, the first cue and 
the first maintenance period. The shaded areas represent ±s.e.m. across trials. 
Bottom: raster plots of trials, re-ordered by condition only for plotting purposes. 
Insets: mean ± s.e.m. extracellular waveform of all spikes recorded for each cell.
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to both cued and uncued items (Fig. 3b). Finally, some neurons showed 
stronger responses to the uncued WM items (Fig. 3c).

We investigated whether the variability in neuron response pat-
terns could be attributed to variability among subjects. To control 
for between-subject variability, we averaged the activity of all cells 
recorded from each subject and re-ran the firing analysis for the encod-
ing and first maintenance periods (Supplementary Fig. 10). This analy-
sis confirmed the presence of persistent activity for both cued and 
uncued items. Thus, the observed variability appears to be intrinsic 
to the neural circuitry involved, rather than being attributable to dif-
ferences in the behavioural strategies of subjects. This argumentation 
is further strengthened by the control analyses mentioned later in the 
text (demixed principal component analysis (dPCA) results).

This suggests that variability in these responses could serve as 
a mechanism for encoding item prioritization within the network. If 
this is the case, we would expect the cued and uncued states to occupy 
distinct regions of the neuronal subspace, making them differentiable 
even when the overall average activity appears indistinguishable. To 
test this hypothesis, we applied dimensionality reduction techniques 
at the population level, specifically dPCA35. This method has previ-
ously been used to demonstrate that neuronal firing patterns create 
steady-state attractors during the maintenance of attended WM items9. 
In our analysis, the image type (preferred image cued/preferred image 
uncued/non-preferred image) was used as the marginalized variable, 
and only correct trials were included. We restricted the analysis to 
cells with at least 17 trials per image type (n = 35, recorded from 8 sub-
jects). The basis functions for dPCA were computed using 6 s epochs 
encompassing the first cue and the maintenance period. We found that 
a three-dimensional space formed by the first three demixed principal 
components separated neural trajectories across the analysed trial 
types. The first component (dPC1) accounted for 38.08%, the second 
component (dPC2) for 27.62%, and the third component (dPC3) for 
10.30% of the total data variance.

To test whether persistent activity for both cued and uncued WM 
items is present at the level of single trials, and whether it is possible to 
distinguish between cued and uncued states, we performed a decoding 
analysis. Decoding axes of the first three dPCs were used as linear clas-
sifiers to decode (1) the presence of the cued item in WM (cued versus 
other), (2) the presence of the uncued item in WM (uncued versus other) 
and (3) whether the preferred item was in the focus of attention or out-
side it (cued versus uncued). We employed leave-one-out, mean-based 
decoding for each component separately, as implemented in the dPCA 
toolbox35. Decoders were trained on averaged activity during the first 
maintenance period (1–5 s). We performed 500 cross-validation itera-
tions and compared the results with the accuracy of analogous decod-
ers trained on data with scrambled labels (for details, see Methods).

The first component represented activity related to the entire 
memory content (attended and unattended) but was stronger for 
the cued item than for the uncued item. Using dPC1, we achieved an 
accuracy of 87.7% in decoding the presence (versus other) of the cued 
preferred item in WM (P < 0.001, estimated using scrambled data; FDR 
corrected, chance was 50%). This component also carried substantial 
information about the uncued WM item, enabling a decoding accuracy 
of 71.1% (P < 0.001, estimated using scrambled data; FDR corrected, 
chance was 50%). However, the signal for the cued item was signifi-
cantly stronger than for the uncued item, resulting in 76.9% accuracy in 
decoding whether the item was inside or outside the focus of attention 
(P < 0.001, estimated using scrambled data; FDR corrected, chance 
was 50%; Fig. 4a,b).

The second component captured activity specific to the cued WM 
item. The average activity of this component during the first mainte-
nance period was highest for the cued preferred item, intermediate for 
the other item and lowest for the uncued item. Using the activity of this 
dPC as input for our three decoders, we were able to accurately classify 
whether the preferred item was held in WM when it was in the focus 

of attention (cued versus other: 67.7% accuracy, P = 0.008, estimated 
using scrambled data, FDR corrected, chance was 50%). However, 
classification was not accurate when the preferred item was outside 
the focus of attention (uncued versus other: 56.6% accuracy, P = 0.293, 
estimated using scrambled data, FDR corrected, chance was 50%). The 
difference in activity between the cued and uncued items was signifi-
cant, allowing for 71.2% accuracy in decoding whether the preferred 
item was cued or uncued (P < 0.001, estimated using scrambled data, 
FDR corrected, chance was 50%; Fig. 4c,d).

The third component reflected activity specific to the uncued 
memory content. Its amplitude was higher for the uncued preferred 
item compared with the non-preferred images, enabling successful 
decoding with 66.6% accuracy (P < 0.001, estimated using scrambled 
data, FDR corrected, chance was 50%). The other two decoders, when 
applied to activity from dPC3, both performed at chance level (cued 
versus other: 57% accuracy, P = 0.197, and cued versus uncued, 58% 
accuracy, P = 0.197, estimated using scrambled data, FDR corrected, 
chance was 50%; Fig. 4e,f).

To test whether the presence of two distinct prioritization com-
ponents (dPC2 and dPC3) resulted from different behavioural strat-
egies adopted by different subjects (for example, focusing on the 
uncued item), we performed two control analyses. First, we performed 
a median split on the weights of each component and counted the pro-
portion of subjects whose neurons had bigger-than-median weights 
on each of these components. If these components reflected different 
task strategies, neurons from different subjects should have loaded 
preferentially one component or the other. However, our analysis 
showed that six out of eight subjects included in the analysis loaded 
onto dPC2 and seven out of eight subjects loaded onto component 
dPC3 (with five subjects having higher-than-median weights on both 
components). Second, for each subject, we computed their average 
contribution to each of the two components (that is, the average weight 
of all neurons recorded from that subject) and correlated it with the 
behavioural cost of attention switching (defined as the difference in 
the percentage of correct responses between same and switch trials). 
No significant relationship was observed (dPC2: rho of 0.157, P = 0.711 
and dPC3: rho of 0.506, P = 0.206). In summary, the two prioritization 
components did not reflect different behavioural strategies, but rather 
represented distinct ways in which cued and uncued information was 
coded in the studied population of cells.

The results of the dPCA analysis indicate that both attended and 
unattended WM content are coded via the same neuronal mechanism—
the persistent firing rate of image-selective neurons. However, they 
also reveal plausible mechanisms of attention prioritization. First, 
the magnitude of the common persistent activity is modulated by 
the focus of attention (dPC1). Second, within MTL cell activity, there 
exists a subspace specifically active only for the cued WM content and 
another part of the network that codes exclusively for the uncued WM 
item (dPC2 and dPC3). Contrary to previous noninvasive studies using 
similar double retro-cue tasks18–20, we were able to decode information 
about both the cued and uncued items during the first maintenance 
period from the activity of image-selective cells.

Prioritization of cued items during response to the probe
To understand the functional meaning of the observed dPCs, we tested 
their behaviour during probe presentation. Since dPC1 encoded infor-
mation about both memory states (cued and uncued, representing 
the memory component), while dPC2 and dPC3 reflected informa-
tion about a single prioritization state (attentional components), we 
hypothesized that these components would behave differently when 
a preferred item was presented as a probe, depending on whether it 
was prioritized or not. To test this, we projected the weights of dPC1 
and dPC2 onto neuronal activity during probe presentation (dPC3 
was not included in this analysis, as in trials where the preferred item 
was uncued, it was never presented as a probe; Methods). Trials were 
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categorized into four conditions based on image type (preferred item 
cued/non-preferred item) and two types of probe (preferred item in/
preferred item out).

dPC1 exhibited an increase in activity during all presentations 
of the preferred item, both when it was previously cued (cued pre-
ferred in) and when it was not part of the current memory set but was 
presented as a lure (other preferred in; Fig. 5a). A decoder trained on 
the activity of this component successfully detected the presence 
of the preferred item in the stream of distractors in both the cued 
condition (accuracy: 81.8%, P < 0.001, estimated using scrambled 
data, FDR corrected, chance level 50%; Fig. 5a,b) and the other con-
dition (accuracy: 76%, P < 0.001, estimated using scrambled data, 
FDR corrected, chance level 50%; Fig. 5d). In contrast, dPC2 showed 
an increase in activity during presentations of the preferred item in 
the stream of distractors only when it was previously cued (Fig. 5c), 
enabling successful classification exclusively for trials from the cued 
condition (accuracy 82.1%, P < 0.001, estimated using scrambled data, 
FDR corrected, chance level 50%; Fig. 5b). The activity of dPC2 when 
the preferred item was present in the distractor stream in the other 

condition did not differ from the activity for the non-preferred item 
(accuracy 43.7%, P = 0.886, estimated using scrambled data, FDR cor-
rected, chance was 50%; Fig. 5d).

Next, we directly compared the performance of the decoders for 
dPC1 and dPC2. The difference in decoding accuracy between the cued 
and other trial classifications for dPC1 (5.8%) was significantly lower 
than that for dPC2 (38.4%). To determine whether dPC2 is specifically 
involved in prioritizing the item currently in the focus of attention, we 
compared these differences with those expected from scrambled data. 
This analysis revealed a significant interaction between condition (cued 
versus other) and component (dPC1 versus dPC2), with a difference 
in accuracy for the cued versus other conditions of 32.6% (P = 0.002, 
estimated using scrambled data; Fig. 5e).

dPC1 exhibited a more uniform response to both cued and uncued 
probes, suggesting its involvement in processing less prioritized or 
background information. In contrast, dPC2 displayed higher activity 
when its preferred item was presented as a target in the subsequent 
visual search task, indicating its role in the dynamic prioritization of 
task-relevant stimuli.
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Fig. 4 | Cued and uncued items populate different neuronal subspaces. a,c,e, 
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computed on the entire dataset: dPC1 reflects the entire memory content, with its 
amplitude modulated by the focus of attention (a); dPC2 represents the content 
in the focus of attention (c) and dPC3 reflects unattended memory content (e). 
The shaded areas represent ±s.e.m. across trials. b,d,f, The accuracy of three 
decoders trained on the average activity of each component (dPC1 (b), dPC2 (d)  

and dPC3 (f)) during the maintenance period (1–5 s). Decoding accuracies 
obtained from image-selective cells are represented as stem plots, while 
violin plots show the null distributions (estimated from scrambled data; 500 
permutations). The black lines indicate the mean. The chance level was 50%. All 
significance levels for all analyses were determined using one-sided permutation 
tests assessing whether decoding accuracy was greater than expected under the 
null hypothesis. Reported P values are FDR corrected.
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Only cued items are decodable from all MTL cell activity
Previous noninvasive neuroimaging studies18–20 have often failed to 
detect signals corresponding to unattended memory content, despite 
participants being able to correctly recall this content when it was 
brought back into the focus of attention. We hypothesized that these 
negative results might be due to the limited sensitivity of noninvasive 
methods, which measure the average activity of large neuronal popula-
tions. To test this hypothesis and facilitate a more direct comparison 
with previous studies, we conducted a decoding analysis using all 
recorded neurons (n = 421) from the temporal lobe. As before, all signifi-
cance levels were estimated using scrambled data, and the chance-level 
decoding was set at 50% (Methods).

We successfully identified which of the four images was presented 
as a probe with an average accuracy of 70.40% (P < 0.001, estimated 
using scrambled data, chance level 50%; Fig. 6a). Applying this decoder 
to the activity during the maintenance periods, we were able to decode 
the identity of the cued memory item in both the first (62.21%, P < 0.001, 
estimated using scrambled data, FDR corrected, chance level 50%) 
and second (57.3%, P < 0.001, estimated using scrambled data, FDR 

corrected, chance level 50%) maintenance periods (Fig. 6b). Most 
importantly, decoding performance for the first uncued item did not 
differ from chance level (52.41%, P = 0.174, FDR corrected) and was 
significantly lower than for the first cued item (P < 0.001, compared 
with the difference expected based on scrambled data, FDR corrected). 
We were also unable to decode the identity of the second uncued item 
(50.45%, P = 0.469, estimated using scrambled data, FDR corrected, 
chance level 50%).

These findings are consistent with previous noninvasive 
studies18–20 and suggest that the signal for the unattended memory 
content in the overall output of the MTL is weaker than the signal for 
the content in the current focus of attention. As a result, in prior studies 
using noninvasive recordings, this signal might have remained below 
the detection threshold.

Discussion
We recorded the activity of image-selective neurons in the human MTL 
during a double retro-cue task designed to shift attention between 
multiple items held in memory. We observed persistent activity for 
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(entire dataset), projected onto cued and other conditions, divided based 
on the presence or absence of the preferred item as a probe in the stream of 
distractors during the first visual search. The activity of dPC1 increases during 
all presentations of the preferred item, both when it was previously cued 
(cued preferred in) and when it was not part of the current memory set but was 
presented as a lure (other preferred in). dPC2 shows increased activity only when 
the preferred item was previously cued and presented as the current target. 
Shaded areas represent ±s.e.m. across trials. c, The accuracy of two decoders 
trained to classify trials where the preferred item was present versus absent in 
RSVP separately for the cued and other conditions. When applied to the activity 
of dPC1, both decoders performed above chance. However, when applied to the 

activity of dPC2, performance was above chance only for the cued condition. All 
significance levels for all analyses were determined using one-sided permutation 
tests assessing whether decoding accuracy was greater than expected under 
the null hypothesis. Reported P values are FDR corrected. d, Interaction of trial 
type (cued versus other) and component (dPC1 and dPC2). The difference in 
decoding accuracy between the cued and other conditions was greater for dPC2 
than for dPC1, exceeding the expectations of the null distribution. Decoding 
accuracies obtained from image-selective cells are represented with stem plots. 
Violin plots represent null distributions (estimated using scrambled data) and 
black lines indicate the mean. Chance levels for decoders were at 50%, and for the 
interaction at 0%. Significance of the interaction was assessed similarly as in c but 
results were compared with the null distribution of differences.
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both attended and unattended WM content, suggesting that persis-
tent activity serves as a general mechanism for information storage 
rather than being solely a marker of attention focus. The attention cue 
modulated this activity, allowing a clear distinction between attended 
and unattended WM states.

The question of whether persistent activity correlates with mem-
ory storage or attention focus was first raised over a decade ago in 
noninvasive human studies19. However, this issue remains unexplored 
in single-unit recording studies. Previous human single-neuron studies 
on persistent activity either involved tasks with a single memorized 
item (automatically becoming the focus of attention) or used multiple 
memory items with equal probabilities of being tested, probably lead-
ing to an equal distribution of attention9–11. As a result, these studies 
could not differentiate between attention focus and memory mainte-
nance. Our study makes two key contributions: (1) it extends previous 
single-neuron research by incorporating visual cues to direct atten-
tion to one of two concurrently stored items and (2) it directly tests 
claims from prior noninvasive neuroimaging studies that have used 
null results to argue for ‘silent’ memory mechanisms for unattended 
WM content18–20,36.

Our findings align with previous single-neuron human studies9–11 
that reported persistent neuronal firing of image-selective cells in 
the human MTL during the maintenance of attended WM content, 
represented in our task by the cued item. Crucially, we also observed 
persistent activity related to the unattended WM content (uncued 
item) during the first maintenance period (Fig. 2a,d). Activity for the 
uncued WM item significantly decreased during the second mainte-
nance period, though it remained, on average, greater than baseline 
(Fig. 2b,d). While it is possible that the uncued item attracted some 
attention, the drop in performance indicates that it had lower priority 
than the items in the focus of attention. It is important to note that our 
behavioural results (same trials: 88.94%; switch trials: 81.41% correct-
ness; Fig. 1b and Supplementary Fig. 2) closely resemble those reported 
in previous noninvasive studies showing lack of decodable activity (for 
example, same trials: 93% and switch trials: 88% (ref. 19)). Along with 
clear responses to cue presentations (Fig. 2a,b) this strongly indicates 
that subjects followed task instructions and prioritized indicated items. 
Moreover, for both cued and uncued items the observed persistent 
activity was relevant for memory performance, as it was higher in 

trials that ended with correct response (Supplementary Fig. 5). The 
persistent activity for the uncued item was robust, as it was consist-
ently observed in numerous control analyses (Supplementary Fig. 6) 
and it could not be attributed to diffused neuron selectivity (that is 
‘selectivity leakage’) (Supplementary Figs. 7–9). Our findings align 
with a recent simulation study37, which successfully reproduced both 
behavioural and functional magnetic resonance imaging (MRI) results 
of earlier studies using a persistent firing model, showing no need for 
the ‘silent’ memory trace for the uncued item.

If the entire memory content is coded by the same neuronal pop-
ulation using the same active coding mechanism, how does neural 
network codes item prioritization? Although we observed similar 
persistent activity for both cued and uncued items at the popula-
tion level, individual cell responses showed much greater complexity 
(Fig. 3a–c). Some recorded cells exhibited robust persistent activity 
when their preferred image was cued but were much less active when 
it was uncued. Others had similar firing rates regardless of attentional 
focus, while some preferentially fired when their preferred image was 
memorized but uncued. The dPCA analysis provided a clearer per-
spective on the population dynamics underlying item prioritization 
observed in single-neuron examples. It revealed that attention cues 
transformed population activity related to the cued and uncued items, 
creating distinct subspaces represented by the first three dPCs. The 
first component represented common activity associated with both 
cued and uncued items (memory component; Fig. 4a,b), while the two 
other components reflected item prioritization: one representing activ-
ity specific to the cued item (Fig. 4c,d) and the other activity specific 
to the uncued item (Fig. 4e,f). Differences in the activation patterns 
for cued and uncued items in the first two components were sufficient 
to decode the attentional states (cued versus uncued) of WM item at 
the single-trial level (Fig. 4b,d). Thus, while all information was coded 
via image-selective cells, different parts of the network specialized in 
conveying memory content and information about its prioritization. 
The distinct roles of the memory and prioritization components were 
further supported by their differential responses to the presentation 
of their preferred item in the RSVP stream of distractors. The memory 
component responded to all appearances of the preferred item in the 
stream, regardless of its attention status (Fig. 5a,c). In contrast, the 
attention component responded only when the preferred item was 
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cued during the maintenance period (Fig. 5b,c), demonstrating that 
the second component was sensitive towards item prioritization.

These results align with recent work on nonhuman primates, which 
demonstrated that selecting one stimulus from a two-item memory set 
enhances and transforms its neuronal representations. Panichello and 
Buschman38 also reported that selected memory content had a stronger 
signal, as reflected by higher decoding accuracy, than unselected 
content. Their study showed that the same mechanism is employed 
whether selection occurs in the perceptual domain or among mental 
representations. However, their use of a single retro-cue task precluded 
an examination of activity corresponding to the unattended content, 
as uncued items could be immediately removed from WM. Our results 
go beyond, providing insights into the neural mechanisms supporting 
unattended memory representations. While the origins of this dynamic 
transformation remain uncertain, a likely candidate is the frontal and 
parietal cortex39. It has been proposed that neurons in these regions, 
often referred to as ‘freely conjunctive’ neurons, may dynamically 
adjust their connection weights with lower-level stimulus-specific 
cells (for example, MTL image-selective cells) through rapid plasticity, 
enabling the formation of flexible mental representations40.

A growing body of noninvasive studies has reported the absence 
of a detectable signal for the unprioritized WM item in various 
paradigms19,21,41. However, these findings are based on null results, 
which are inherently prone to critique. First, the transformation of the 
representation of the uncued WM item may have practical implications 
for decoding sensitivity, showing its dependence on the data used to 
train the decoder. For example, the classifiers trained on separate, 
perceptual tasks (during which decoded items are in the focus of atten-
tion) are likely to be more sensitive to signal features characteristic of 
cued memory content than uncued items. Indeed, previous studies 
that reported no signal for the uncued memory item18–21 trained their 
decoders on separate perceptual tasks, where items were presented 
one at a time. In contrast, a study that trained the decoder directly on 
the memory task involving two concurrently presented stimuli22 suc-
cessfully decoded unattended WM items from parietal and frontal areas 
but not from the visual cortex. Second, previous studies have demon-
strated that increasing signal-to-noise ratio—either by increasing num-
ber of subjects22 or refining task-relevant signal (by limiting analysis to 
the alpha band instead of analysing the entire electroencephalogram 
spectrum)27—can lead to successful decoding of both attended and 
unattended memory content. To test the impact of signal-to-noise 
ratio in our own data, we intentionally introduced noise by including 
non-image-selective neurons in our decoding analysis. This approach 
aimed to simulate the conditions faced by noninvasive studies, which 
measure the average activity of tens of thousands of cells. Consistent 
with previous noninvasive studies, we found that under these con-
ditions, we could no longer decode the identity of the uncued WM 
item during the first maintenance period (Fig. 6), whereas this item 
was successfully decoded in the dPCA analysis that was restricted to 
image-selective cells (Fig. 4b,f).

How can we explain the lower behavioural performance typically 
reported in double retro-cue tasks and observed in our study (Fig. 1b) 
for the previously uncued items? We observed that the overall signal 
for the cued item is stronger than the signal for the uncued item. First, 
when we analysed output from the entire MTL, we were able to decode 
only cued WM items (Fig. 6b), indicating that the signal for these items 
is stronger than the signal for the uncued items. Second, the explained 
signal variance for the prioritization component specific to the cued 
item was larger (27.62%), than explained variance for the prioritization 
component specific to the uncued item (10.30%). Third, the memory 
component (dPC1) exhibited greater activity for the cued than uncued 
item, suggesting a stronger memory trace for the attended content 
(Fig. 4a,b).

While we are focusing here on the rate code, there is growing evi-
dence that the information could be coded via alternative mechanisms 

such as spike-phase code. The mechanism employed probably depends 
on the requirements of the task. For instance, it has been shown that 
when memorizing the order of information is required, the firing of 
cells encoding different items becomes locked to distinct phases of 
theta oscillations14,42,43.

To sum up, our results support persistent activity models of  
unattended items, which propose that information is stored through 
sustained neuronal firing2–4. While our findings do not rule out synaptic 
contributions to WM, they highlight the need for empirical evidence to 
substantiate ‘activity-silent’ coding. This concept remains theoretically 
appealing due to its potential benefits, such as lower metabolic costs 
and the capacity to simultaneously encode more items without interfer-
ence44. Recent single-neuron recording studies have already begun to 
reveal a combination of persistently active coding and ‘activity-silent’ 
mechanisms. For instance, a study examining serial error bias in non-
human primates45 showed that a latent representation of the previous 
item reactivates during the following trial and impairs the encoding of 
the current one. Another study in human subjects demonstrated that 
persistent activity can be disrupted during the presentation of other 
stimuli, and subsequently recovered, suggesting the involvement of 
additional mechanisms in information storage46. Further research 
is essential to clarify the involvement of proposed ‘activity-silent’ 
mechanisms and to identify the specific contexts in which they operate.

Methods
Ethical statement
This study was conducted in compliance with all relevant ethical regula-
tions and received approval from the Institutional Review Boards and 
Bioethics Committees of SUNY Upstate Medical University (1624521), 
the Medical University of Wrocław (KP-831/2021) and the Medical 
University of Białystok (APK.002.306.2023). All patients volunteered 
for the study and provided informed consent before participation. No 
compensation was provided in exchange for participation.

Double retro-cue task
We used a modified double retro-cue task with four customized images 
for memorization (Fig. 1a). Each trial began with a 3 s presentation of 
two images, one positioned above and the other below the fixation 
point (‘encoding’). Subjects were instructed to memorize both images 
along with their respective positions on the screen. Next, a spatial cue 
(a horizontal line) appeared for 1 s, either above or below the fixation 
point, indicating whether the upper or lower image would serve as the 
target in the upcoming detection task. This cue was followed by a 5 s 
maintenance period, which was critical for distinguishing between 
the representations of attended (cued) and unattended (uncued) 
memory items.

After the first maintenance period, an RSVP stream of eight images 
was displayed, with each image shown for 0.15 s. Distractor images were 
randomly selected for each trial from a pool of 12 images that did not 
elicit selective neuronal responses during the screening session. The 
RSVP stream increased trial difficulty and encouraged subjects to fol-
low the cues, focusing their attention on only one memorized item at a 
time. A probe stimulus was inserted at positions three to six within the 
RSVP stream. In half of the trials, the probe matched the cued image, 
in the other half, it was one of the two images from the memory set not 
presented during encoding, serving as a lure.

After the RSVP, a response screen was displayed and subjects 
were asked whether the cued image had appeared in the stream. The 
response screen remained visible until the subject provided an answer. 
Following a 2–2.5 s intertrial interval (ITI), a second spatial cue was 
presented for 1 s, indicating the target for the second detection task. 
In 50% of the trials, the target was the same item as in the first detec-
tion task (‘same trials’); in the remaining 50% of the trials, it was the 
previously uncued item (‘switch trials’). The switch trials ensured that 
the item not prioritized during the first task was retained in memory, 
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as it could become the target in the second detection task. The second 
cue was followed by another 5 s maintenance period, an RSVP stream 
(eight images, each presented for 0.15 s), a response screen (which 
remained visible until a response was made) and a short ITI (2–2.5 s). 
Participants responded by pressing either a green or red button on a 
response pad.

In each session, subjects performed 96 trials, which were balanced 
in terms of image position and pairing with other images. Each image 
appeared in 48 trials, equally often at the top and bottom of the screen, 
and was paired with each of the other images 16 times. Additionally, 
each image was cued in 24 trials during the first maintenance period 
and 24 times during the second maintenance period (12 in the ‘same’ 
and 12 in the ‘switch’ condition). Data collection and analysis were not 
performed blind to the conditions of the experiments.

Screening session
Following the procedure described by Kamiński and coworkers, we 
customized the set of images to be memorized for each subject (for a 
detailed description, see the original work9). Each subject completed 
a screening task 2–3 h before the main experiment. During this task, 
subjects viewed between 63 and 126 images representing people, ani-
mals, landscapes, everyday objects, food and so on. The image sets were 
tailored to each participant based on their interests and background, 
maximizing the likelihood of eliciting selective neuronal responses. 
Each image was displayed six times in a randomized order, with each 
presentation lasting 1 s. To maintain engagement, subjects were occa-
sionally asked a control question about the image shown immediately 
before (for example, ‘Did the last image depict a person/landscape/
animal?’), which appeared randomly every few trials.

After the screening task, we immediately analysed the data to 
select four images for the dual retro-cue task. Selection was based on 
the mean response during the screening session in a 200–1,000 ms win-
dow relative to stimulus onset. To identify cells with selective responses 
to specific images, we performed a permuted one-way ANOVA with 
image ID as the factor. The selection criteria included the F statistic 
computed from a one-way ANOVA with the image as a factor, the mean 
and standard deviation (M ± s.d.) of the firing rate during repeated 
image presentations, and visual inspection of the putative unit’s wave-
form. The four images eliciting the strongest selective responses were 
chosen as the memory set for the double retro-cue experiment (see 
Supplementary Fig. 1 for example screening results).

We tested whether correctness in the double retro-cue task was 
consistent across all four selected images. Since the images were tai-
lored separately for each subject, we first performed a chi-square analy-
sis with the label of the cued image (1, 2, 3 and 4) as a factor separately 
for each subject. Two out of thirteen sessions showed a significant 
effect of image label. Next, we compared this result with the null distri-
bution of the number of sessions with significant effects obtained from 
500 iterations of this analysis run on data with permuted image labels. 
The result was not significant (P = 0.12), indicating that correctness 
was, at the group level, similar across different images.

Both the screening and double retro-cue tasks were implemented 
in MATLAB using Psychtoolbox. It is important to note that the statis-
tical tests conducted during the screening and retro-cue tasks were 
statistically independent, as they were performed at different times.

Subjects
Twelve epilepsy patients (six men and six women; mean (M)age = 33.67 ±  
13.33 years (± s.d.)) participated in the study, with one patient perform-
ing the task twice on different days. All patients were implanted with 
Behnke-Fried electrodes for localization of the epilepsy focus before 
potential surgical treatment. The localization and number of implanted 
electrodes were determined solely based on clinical considerations (for 
detailed information about individual subjects’ age, sex and electrodes 
localization see Supplementary Table 1).

Surgeries were performed at three locations: SUNY Upstate  
Medical University Hospital in Syracuse, New York; University Clinical 
Hospital in Wrocław, Poland; and the 1st Military Clinical Hospital in 
Lublin, Branch in Ełk, Poland. Microelectrodes positions were verified 
using preoperative T1-weighted MRI scans and postoperative com-
puted tomography (CT) images. Individual T1 scans were registered 
to the Anterior Commissure–Posterior Commissure coordinate frame 
(ACPC), and CT scans were registered first to the head-based coordinate 
frame (CTF) and then transformed to the ACPC frame using FieldTrip. 
CT and MRI images were automatically coregistered, and each coregis-
tration was visually inspected. Microelectrode positions were manually 
identified in the CT images using the FieldTrip graphical interface and 
transformed from individual to MNI152 standard space using Statistical 
Parametric Mapping volume-based normalization. Anatomical labels 
were assigned to the microelectrode positions using the Automated 
Anatomical Labeling atlas. For visualization, the microelectrode posi-
tions were projected onto the two-dimensional sagittal plane of the 
CIT168 template brain (Fig. 1c,d shows the recording site locations in 
Montreal Neurological Institute (MNI) space).

The average IQ score for patients from SUNY Upstate Medical 
University (9 out of 12 patients) measured with Wechsler Adult Intel-
ligence Scale—Fourth Edition (WAIS-IV) full scale, was 87.11 ± 7.90% 
(±s.d.). Owing to the specifics of the consent, we cannot share the IQ 
score of other subjects. All patients understood and followed the task 
instructions.

Spike sorting
Each depth electrode contained eight microwires with a diameter of 
40 μm. We recorded broadband signals (0.1–9,000 Hz filter) sampled at 
32 kHz using a Neuralynx Atlas system. Signals were locally referenced 
to one of the eight microwires in each brain area. The raw signal was fil-
tered with a zero-phase lag filter in the 300–3,000 Hz band, and spikes 
were detected and sorted using a semiautomated template-matching 
algorithm OSort47. Owing to local referencing, units recorded on the ref-
erence channel could appear on all other channels from the same depth 
electrode. To identify such cases, we computed the time coincidence 
of spike firing for all pairs of units recorded from microwires localized 
at the same depth electrode. Units with spike coincidence rates ≥30% 
were considered duplicates, and only one of these units was retained 
for further analyses48. Across all subjects, we isolated an average of 
32 ± 15.3 putative single units per session from the MTL, including 221 
from the amygdala and 200 from the hippocampus. Throughout this 
paper, the terms ‘neuron’ and ‘cell’ are used interchangeably to refer 
to a putative single unit.

Statistics
To analyse time-resolved neuronal activity during the double retro-cue 
task, we employed an LME with the following formula: activity ~ con-
dition + (1|subject) + (1|subject:neuron) + (1|subject:neuron:trial_id_
in_condition). In this model, activity refers to subsequent points in 
the peri-stimulus time histogram (PSTH), and condition was treated 
as a fixed effect to account for the type of image held in WM (pre-
ferred cued, preferred uncued or other than preferred). Random 
intercepts were included for three nested levels of the data hierarchy 
(subject, neuron and trial). This approach appropriately accounts for 
the repeated-measures design and the hierarchical structure of the 
data, ensuring robust estimation of fixed effects while addressing 
individual differences and within-subject dependencies. We used 
trials in which images other than preferred were presented and held 
in WM as a reference condition. To directly compare the preferred 
cued and uncued conditions and assess interactions of additional 
predictors (see below) with the other condition, the reference group 
was switched to the preferred cued condition. Obtained P values were 
corrected for multiple comparisons using the FDR, as implemented 
in the MATLAB function fdr_bh. The same model was used to analyse 
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average neuronal activity during predefined time periods (encoding 
and the first maintenance). For analysing neuronal activity across 
both maintenance periods and their potential interaction with condi-
tion we added time (first or second) as an additional predictor. The 
resulting model had the formula activity ~ condition × time + (1|sub-
ject) + (1|subject:neuron) + (1|subject:neuron:trial_id_in_condition). 
Post hoc tests comparing different combinations of predictor levels 
were performed using the MATLAB function coefTest with appro-
priate contrasts. To balance the LME, we required that the included 
cells have at least one observation for each predictor level. For 
comparing neuronal activity between correct and incorrect trials, 
we used model with the formula: activity ~ condition × response +  
(1|subject) + (1|subject:neuron) + (1|subject:neuron:trial_id_in_condi-
tion). To examine the effects of brain area, was applied the following 
model: activity ~ condition × area + (1|subject) + (1|subject:neuron) +  
(1|subject:neuron:trial_id_in_condition). Similarly, for the analysis by 
recording site, we used the model activity ~ condition × site + (1|sub-
ject) + (1|subject:neuron) + (1|subject:neuron:trial_id_in_condition). In 
all plots representing average firing rates during different task phases, 
we visualized the predicted conditional means, which account for both 
fixed and random effects.

The remaining analyses were conducted using permutation tests, 
with null distributions estimated from 2,000 iterations. Surrogate dis-
tributions were generated by permuting condition labels within each 
cell for paired data or between cells for unpaired data. For two-group 
comparisons, we used permuted paired or unpaired t-tests. For analy-
ses involving more than two groups, F statistics were calculated. It is 
important to note that while we report ANOVA and t-test values for 
reference, P values are derived from permutations. Permutation sta-
tistics were computed using the statcond function from the EEGLAB 
toolbox49 (parameters: ‘method’ = perm; ‘naccu’ = 2000; ‘paired’ = on 
or off, depending on the type of test).

All analyses, except from the comparison of correct and incor-
rect trials, were performed exclusively on correct trials. This ensured 
that subjects had attended to the images during encoding and suc-
cessfully memorized them, thereby minimizing noise. Sample sizes 
were not predetermined by statistical methods but were similar with 
prior studies investigating persistent neuronal activity during WM 
in humans9. Effect sizes for behavioural data were computed using 
Cohen’s d for paired comparisons and partial η2 for F tests. Effect sizes 
for predictors in the LME model were estimated using standardized 
beta coefficients, while effect sizes for paired comparisons of predic-
tor levels were calculated by dividing the estimated contrast value by 
the residual standard deviation from the linear mixed-effects model 
(equivalent to using Cohen’s d).

Selection of image-selective neurons
One of our goals was to identify the same population of cells that was 
previously reported9,11 to be persistently active during maintenance of 
attended WM content. Following their methodology, we used neuronal 
activity during the encoding period to identify image-selective neurons 
in our data. For each recorded neuron, we conducted a statistical test 
to determine whether its firing rate varied based on the identity of the 
presented images. We counted spikes within a window from 0.2 to 3 s 
following stimuli onset, and divided all trials into those containing or 
not containing a particular image and used permuted paired t-tests to 
compare their average activity. Definition of selectivity was met when 
at least one test yielded P < 0.05 and a positive t value, indicating that 
the firing rate was significantly bigger in response to pairs containing 
a specific image. If multiple comparisons met this threshold, the image 
with the highest t value was designated as the ‘preferred image,’ while 
all others were categorized as ‘not preferred’.

To avoid any dependencies between cell selection and hypothesis 
testing, which were conducted on adjacent time windows (encoding 
versus maintenance), we employed a leave-one approach. Each cell was 

tested multiple times (n = 96, total number of trials). In each iteration, 
cell selectivity was tested on 95 trials, and if the selectivity criteria were 
met, maintenance effects were tested on the one trial excluded from 
the selectivity definition. Additionally, we required an increase in fir-
ing rate during the encoding period compared to the baseline (0−0.5 s 
before encoding onset).

To quantify the selectivity of identified neurons, we computed the 
depth of selectivity index (DOS)7

s =
n − ( ΣRi

Rmax
)

n − 1 ,

where n is the number of images presented, Ri is the firing rate of the 
neuron during the presentation of the ith picture and Rmax is the highest 
firing rate across all presented images. DOS takes values from 0 (indi-
cating equal response to all stimuli) to 1 (indicating response to only 
one of the presented stimuli). Since during the encoding period two 
images were presented concurrently on the screen, trials containing 
the preferred image were used to assess the firing rate for the preferred 
image. Activity recorded in trials without the preferred image was used 
twice, once for each of the two presented images. As a reliable estima-
tion of responses to both preferred and non-preferred items is not 
feasible when different neurons have varying numbers of trials included 
in the analysis, we calculated DOS using a subset of neurons that were 
identified as selective across all leave-one-out iterations (n = 42;  
Supplementary Fig. 3). The average DOS during encoding (0.2–3 s) 
was 0.41 ± 0.21, which was significantly higher (t42.72 = 6.9, P < 0.001, 
permuted paired t-test) than the DOS for images used as distractors in 
RSVP stream (0.18 ± 0.1). This indicates that preferred images elicited 
a selective increase in firing rate, which was significantly greater than 
the response to other items from the memory set and also greater than 
the response to any of the distractor images used in the RSVP stream.

Simulation of the response of potential neurons to multiple 
images
We used probe presentation—the only moment in the task when images 
were presented one at a time, to estimate neuron response to indi-
vidual images (Supplementary Fig. 9a). To this end, we counted the 
number of spikes generated when each of the images from the memory 
set was presented as a probe (within the time window 0.2–0.8 s after 
probe onset, note that probes were presented in a stream of rapidly 
displayed distractors, hence the short time window). We will refer to 
these responses as ‘selectivity profiles’. Next, we used these profiles 
in a simple simulation. We assumed that neurons during maintenance 
respond exclusively to the image that is currently in the focus of atten-
tion and they do not respond to image outside of focus of attention. 
This was to check whether any activity for cued condition is spilling to 
uncued condition when uncued items are coded in an activity-silent 
mechanism. Analogous to our main analysis, using the design matrix we 
grouped trials into three conditions: preferred item (item with maximal 
firing rate) cued, uncued or outside the trial. Next, we simply averaged 
activity in response to a given image that was currently cued. The main 
question was to test whether the second image maintained in the 
trial—here the cued one—can affect observed activity in the preferred 
uncued condition due to not perfect image selectivity. Additionally, we 
tested a second, more extreme scenario, where we took the maximal 
cell response and assigned it to one of the three non-preferred images 
(chosen at random from the images that did not have maximal firing 
rate), thus creating profile where cell responds to two images with 
the same, maximal activity. The rest of the steps were identical as in 
the first scenario. Note that here we used the probe response as an 
approximation of image selectivity during maintenance, which may 
not necessarily be accurate. A different selectivity pattern during 
maintenance could alter specific results but, as shown in the second 
simulation, it probably does not affect the main conclusion. We also 
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need to mention that the simulation does not account for all random 
factors that could be present in the experiment, such as fluctuations 
in patient focus, drift in neuronal firing rates and so on, which could 
impact the observed results. However, since these factors are random, 
they are unlikely to systematically produce significant activity during 
the uncued condition.

Dimensionality reduction and single-trial decoding
To analyse differences in neuronal activity dynamics for cued and 
uncued WM content, we applied dPCA, which considers both condition- 
independent components and those related to experimental manipu-
lations. We used dPCA on a pseudo-population of image-selective 
neurons, using one marginalized variable with three conditions:  
(1) preferred image cued in WM, (2) preferred image uncued in WM  
and (3) non-preferred image. Time was treated as an experiment- 
independent marginalized variable. We computed the dPCA basis 
functions using 6-s-long data epochs, encompassing the first cue (1 s) 
and the first maintenance period (5 s). Only neurons with at least 17 
correct trials per condition were included in the analysis, resulting in 
n = 35 neurons. Raster representation of spike times was smoothed 
with a Gaussian window (1.5 s size) and z scored before the analysis. To 
assess stability of the components and avoid overfitting, we employed 
stratified Monte Carlo leave-group-out cross-validation (repeated 
500 times). In each iteration, we held out one trial per neuron for each 
condition and averaged the remaining trials to form the training set35. 
Component weights were computed from the training set and then 
projected onto the ‘unseen’ trials. Further analysis focused on the 
first three components, which were consistently replicated during 
‘leave-one-out’, as assessed by correlations of the weights of these 
components with the corresponding ones obtained in the analysis 
of the full dataset. Specifically, the correlations were as follows: dPC1 
M = 0.99 ± 0.001 (mean rho ± s.d.); dPC2 M = 0.99 ± 0.001 and dPC3 
M = 0.98 ± 0.006).

We used the activity of these three dPCs components computed on 
(n − 1 trials) to train a decoder to readout the presence of the preferred 
cued item in WM (cued versus other), the presence of the preferred 
uncued item in WM (uncued versus other) and whether the preferred 
item was within or outside the focus of attention (cued versus uncued). 
First, we computed the average activity of each dPC for each class (pre-
ferred cued, preferred uncued or other) during the first maintenance 
period (1–5 s). Then, we projected previously unseen test trials onto the 
corresponding decoding axis, averaged component activity during the 
same time period and classified it according to the closest class mean. 
Classification accuracy was measured as the proportion of correctly 
classified trials, averaged over 500 iterations. Each decoder, during 
training, always used an equal number of trials for each condition and 
was tested on previously unseen trials of the same type. Significance 
levels for all analyses were determined using data with scrambled 
condition labels (chance-level accuracy at 50%). Following the dPCA 
toolbox pipeline, null distributions were obtained by shuffling condi-
tion labels before dPCA computation. The dPCA was computed and 
the decoders were trained on n − 1 trials and tested on the unseen trials. 
The first dPC was used to generate null distributions35. Data labels were 
permuted 500 times.

For the analysis of activity during the probe presentation, we 
computed dPCA components during cue and maintenance on train-
ing data (n − 1) and projected them to the activity during probe time. 
The trials were categorized into four categories: (1) preferred item 
was cued and presented as a probe (cued preferred in), (2) preferred 
item was cued but not presented as a probe (cued preferred out), (3) 
other than preferred item was cued but preferred item was presented 
as a probe (other preferred in) and (4) other than preferred item was 
cued and presented as a probe. For each category, we calculated the 
average activity of each component during the probe presentation 
(0–1 s) for the training dataset as well as for the test trial. The test trial 

was classified according to the closest class mean. the accuracy of the 
decoders was assessed the same way as for decoding of the mainte-
nance period activity.

Population decoding
We conducted decoding analysis on all neurons recorded from the MTL 
(n = 421), aiming to replicate the conditions encountered in noninva-
sive neuroimaging studies18–20, which analyse outcomes from large 
neuronal populations without preselection. Trials in which neurons 
showed image-selectivity (n = 6,339) constituted only a small fraction 
of the analysed data (15.68%). By including all cells in the decoding 
analysis, we intentionally introduced noise to our data, to simulate 
the challenges faced by noninvasive studies. Similar to the stimulus 
categories used in previous studies (for example, words versus lines 
versus faces), we aimed to extract information about the identity 
of the stimuli held in memory (image 1, 2, 3 or 4).To achieve this, we 
aggregated all recorded neurons across sessions and subjects to create 
a pseudo-population, resulting in an N × T matrix. Here, N represents 
the total number of neurons, and T is the minimum required number 
of trials observed across all subjects. To ensure sufficient resampling 
we set T = 15 (equivalent to 60% of correct trials). The more frequent 
categories were subsampled to match the least frequent one, ensuring 
balance across all decoding analyses. We employed a support vector 
machine as implemented in the Neural Decoding Toolbox50 and the 
LIBSVM library51.

Since previous noninvasive studies trained their decoders on 
separate perceptual tasks, we trained our decoder on the probe pres-
entation—the phase of the task most resembling a simple percep-
tual task, in which images were shown one at a time. For each trial, 
we counted the number of spikes in time 0–1 s from probe onset. To 
increase analysis power, we pooled data from both the first and second 
probe presentations. Images from different subjects were arbitrarily 
labelled as 1–4 (note that each subject saw a different set of pictures). 
Images with the same label were pooled across all subjects into single 
categories. For the learning algorithm, all that matters is that each 
subject saw four distinct images. The decoder assigned weights to each 
neuron independently, based on its ability to discriminate between 
specific categories. Subsequently, we trained the decoder to discern 
patterns within this high-dimensional space. To estimate performance, 
we used leave-one-out cross-validation. For each iteration, one trial 
(randomly selected for each neuron) was designated as the test trial, 
while the remaining trials were used for training. We employed an ‘all 
versus one’ decoder designed for multiple categories, with a chance 
accuracy at 50%. This process was repeated 500 times to estimate the 
cross-validated testing error. To determine whether decoding per-
formance exceeded chance levels, we generated null distributions by 
applying the same decoding method to data with scrambled category 
labels. To compare the accuracy of different decoders, we computed 
the accuracy difference across all 500 realizations for both decoders 
and compared it with the difference between the corresponding null 
distributions.

Since two images were held in memory simultaneously during the 
maintenance period, we attempted to limit the influence of the other 
image in the pair on the decoding results. To achieve this, we trained 
four decoders on the probe presentation, each time leaving one image 
out of the analysis to make the decoders ‘blind’ to that particular image. 
For example, one decoder was trained to distinguish between images 1, 
2 and 3, excluding image 4; another was trained to distinguish images 
2, 3 and 4, excluding image 1; and so on for all possible combinations. 
These decoders were then tested on the average activity (1–5 s) dur-
ing the first and second maintenance periods. Trials were grouped 
based on the identity of the ‘to-be-ignored’ image (the image not being 
decoded), and the decoding process was run four times, each time 
using the decoder that was blind to the ‘to-be-ignored’ image. For 
instance, to decode the identity of the first cued item, the decoder 
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trained to distinguish images 1, 2 and 3 was applied to all trials where 
the uncued item was image 4. Similarly, the decoder trained on images 
2, 3 and 4 was used for trials where the uncued item was image 1. The 
reported decoding accuracies are the averages of all four runs. The 
same procedure was used to decode the identity of the first uncued, 
second cued and second uncued items.

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

Data availability
The data that support the findings of this study are available under  
the link: https://repod.icm.edu.pl/dataset.xhtml?persistentId= 
doi:10.18150/YC4TXY

Code availability
Analysis was performed in MATLAB using the publicly available soft-
ware packages Osort, ndt, EEGLAB. SMP12 and dPCA together with 
custom-developed analysis routines.
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