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Abstract: Memory is formed through two distinct forms: reactivation of perceptual traces
and meaningful reconstruction into conceptual representations. How memory diverges
across development remains unclear in humans. Here, we applied representational
similarity analysis (RSA) to electroencephalography (EEG) data from 114 children with
attention deficit/hyperactivity disorder (ADHD) and 109 typically developing (TD)
children (aged 6-12 years) while they performed a recognition memory task. We revealed
distinct neural mechanisms for perceptual memory and meaningful memory. Specifically,
children with ADHD predominantly engaged in sensory reactivation in parietal-occipital
regions, whereas TD children engaged prefrontal areas to support meaningful memory
transformation. Deep neural networks (DNN) further revealed that memory transformation
occurred during encoding through semanticization of images. Further, intersubject
correlation (ISC) revealed differences in memory patterns between both groups of children,
providing potential neurobiological evidence for impaired memory transformation in
children with ADHD. Our findings reveal that children with ADHD recruit perceptual
reactivation over meaningful memory, highlighting the critical role of semantic

transformation in the developmental emergence of meaningful memory.

Keywords: EEG, RSA, ADHD, memory, development.
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1. Introduction

Recognition memory is a crucial component of episodic memory, forming the foundation
of human cognition and enabling the recollection of past experiences and identification of
familiar events!?. However, not all memories are acquired in the same way: some are
retained through reactivation of perceptions, whereas others gain strength by forming
meaningful connections with past events®*. How the brain distinguishes between these two
forms of acquisition, and which neural systems support them during development remain

elusive.

Neuronal measurements and cellular imaging provide evidence that memory relies on
the encoding and later reactivation of memory engrams>®. Cognitive neuroscience
translates this idea into large-scale measures of encoding-retrieval similarity (ERS)”?,
which track whether retrieval reactivates prior neural patterns or transforms them into new
representational formats®!?. This distinction suggests a functional division: perceptual
memory may rely on direct reactivation of sensory traces, whereas meaningful memory
may depend on transformation within higher-order systems.

Memory reactivation is well captured by the cortical reinstatement hypothesis'*-!5,

which reflects the reinstatement of encoding-related activity during retrieval. This process
primarily involves the hippocampus!®!7 and lateral occipital cortex (LOC)'®!°, reflecting
the sensory processing hierarchy within memory areas, including the ventral visual stream
(VVS)?*2! In contrast, memory transformation has also been observed between encoding
and retrieval'"!2, This process involves the prefrontal cortex (PFC)***, which interacts

25,26

with the hippocampus to support the retrieval of memory~>°, especially for abstract or

semantic information®’?’. Importantly, activity in these higher-order regions during

30,31

memory retrieval reliably predicts memory success’", suggesting a central role for

representational transformation.

Much evidence underscores this distinction from a developmental perspective,
confirming the continuous evolution of memory-related neural systems across childhood
and adolescence®?**. Sensory and perceptual systems appear to reach maturity earlier, with

the structure and function of visual cortical regions (such as LOC) stabilizing relatively
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early**®. In contrast, higher-order memory processes depend on frontoparietal systems
that undergo more protracted development. In particular, the PFC continues to mature into

36-39

late adolescence’®”, supporting the gradual emergence of strategic encoding, organization,

and retrieval processes. Consistent with this account, semantic strategy use during verbal

0 and this increase is

recall gradually increases across childhood and adolescence®
associated with lateral PFC structure, consistent with the hypothesis that PFC pruning
during development contributes to successful strategy use*!. More broadly, developmental
changes in frontoparietal regions associate with improvements in memory encoding and
retrieval across childhood*’. These findings suggest a developmental shift of memory-
related neural processes: perceptual memory may depend on early-maturing sensory
systems, whereas meaningful memory relies on later-developing prefrontal mechanisms.

Children with developmental disorders, whose brains have delayed structural or functional

maturation, may offer a unique opportunity to test this hypothesis.

Attention-deficit/hyperactivity disorder (ADHD) is a common neurodevelopmental
disorder in childhood that is characterized by inappropriate patterns of inattentiveness,
hyperactivity and/or impulsivity*, and affects approximately 7.2% of children globally**.

146 maturation of

Children with ADHD mainly show delayed cortical*® and functiona
prefrontal regions. Substantial research evidence indicates that deficits in episodic memory
in ADHD*"*® are linked to the frontoparietal network associated with executive function
and attentional control*, including the PFC>**!. Given the critical role of the PFC in
memory transformation, comparisons between children with ADHD and typically
developing (TD) children during critical developmental stages can reveal the influence of

the PFC on memory formation.

Intersubject correlation (ISC) provides a complementary approach for examining
developmental differences in memory representations. Memories of the same images are
not entirely idiosyncratic across individuals®?, indicating that some representational
structures are shared. Such shared representations also support social interaction®;
individuals following similar developmental trajectories exhibit more similar neural
representations>*. Therefore, higher ISC reflects greater similarity in the organization of
memory representations across children and may index increasing representational stability

during development®. Previous research identified a key stage in the development of
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memory representations in TD children, around which representational patterns become
more consistent across individuals®. We therefore hypothesize that children with ADHD
would exhibit a different developmental pattern around this stage.

Here, we adopted a recognition memory task that included encoding and retrieval.
Through representational similarity analysis (RSA)*¢ of electrophysiological activities, we
aimed to quantify ERS and relate it to memory performance in children with and without
ADHD. Memory reactivation or transformation is calculated as the ERS difference
between remembered and forgotten items!?: Higher ERS for remembered than for forgotten
items indexed reactivation; conversely, if the memory representation is transformed, the
ERS for remembered items is lower than that for forgotten items, reflecting meaningful
memory transformation. We hypothesize that perceptual memory involves reactivation in
lower-level sensory regions, whereas meaningful memory involves transformation in
higher-level (e.g., prefrontal) regions, and we anticipate that children with ADHD and TD
children would differ in their relative reliance on these two processes. Representations at
the category level were assessed to reveal how and when memory is represented. If
transformation relies on semantic processing, we expected memory-related ERS
differences to be stronger between rather than within categories. We further used a
pretrained deep neural network (DNN) to assess the visual and semantic formats of these

representations®’>°. Finally, ISC analysis was applied to delineate the developmental

patterns of memory representations across children.
2. Results

2.1 Behavioral performance and development

We recruited 238 children to complete a classic recognition memory task (Fig. la),
comprising 126 children with ADHD and 112 TD children aged 6 to 12 years (Fig. 1b).
During the encoding phase, participants were required to remember 60 images while
performing an animal/nonanimal classification task. All participants completed the animal
classification task with high accuracy (mean * s.d.; 93 +4.7%) and a response time of 845
+ 101 ms. Subsequent analyses were restricted to trials that were correctly classified. In the

retrieval phase, participants were instructed to classify 40 old (selected from encodings)
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and 40 new (foil) images as old or new. The corrected recognition score Pr (hits — false
alarms)®® and the mean response time (RT) for correct trials were used to measure
recognition performance. Trials with responses exceeding the mean RT + 2.5 standard
deviations within each participant were excluded (2.8%). Fifteen participants with poor
performance (Pr<0) were excluded from further analyses. In the remaining sample (Napup
=114; Ntp = 109; detailed in Table 1), TD children had higher Pr than children with ADHD
(0.70 vs. 0.63; T>21 = 3.030, P = 0.003; Fig. 1¢), while the RTs were faster for TD children
than for children with ADHD (1107 vs. 1209 ms; 7221 = —3.820, P < 0.001). Notably, no
difference was observed in the number of remembered items (i.e., hits) between the two
groups (77% vs. 79%; T221 = 1.583, P = 0.115). Memory performance (Pr) was
significantly correlated with age in both groups (ADHD: r = 0.335, P < 0.001; TD: » =
0.359, P <0.001; Fig. 1d). These behavioral results reflected the gradual development of
memory among children, allowing us to identify differences in the neuronal features of

memory function in typical versus abnormal developmental children.
2.2 Perceptual reactivation in children with ADHD

To investigate the neural mechanisms of memory, we assessed item-specific ERS across
six regions of interest (ROIs) in the EEG data: the left frontal (LF), right frontal (RF), left
middle (LM), right middle (RM), left parietal-occipital (LP), and right parietal-occipital
(RP) regions. Specifically, item-specific power values were extracted across frequencies
(1-30 Hz) and electrodes, and temporal correlations were calculated within each ROI using
sliding windows (300 ms width with a 50-ms step; Fig. 1e). The item-specific ERS (ERSitem;
Fig. 1g) was defined by comparing the neural similarity within-item (ERSwi) versus
between-item (ERSgi), i.e., ERSiem = avg.(ERSwi) — avg.(ERSgi). We compared
differences in ERSyem between remembered and forgotten items (i.e., whether memory was

successful in retrieval), as well as their interaction with age and memory performance.

In children with ADHD, we identified significant memory reactivation clusters in the
bilateral parietal-occipital regions (LP: Tsum = 300.34, Noin = 125, Pecluster = 0.031; Fig. 2a).
To maintain methodological consistency (e.g., cluster size, channel count) with subsequent
memory transformation effects, we performed all subsequent analyses using the LP, while

the RP yielded the same results (RP: Tam = 522.89, Nvin = 206, Pcuster = 0.008;
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Supplementary Fig. 1). The clusters in the LP extended from short intervals of 300—600 ms
during encoding and long intervals of 300—1250 ms during retrieval, suggesting that
memory retrieval in children with ADHD relied on prolonged reinstatement of early
sensory representations. Within this cluster, remembered items showed significantly higher
ERSjiem than forgotten items (7113 = 2.856, P = 0.005, Cohen’s d = 0.267; Fig. 2b, left).
Specifically, the item-specific reactivation involved a positive ERSpem in remembered
items in older children, whereas no such effect was observed in forgotten items
(Supplementary Fig. 2), reflecting that successful memory retrieval depended on
reinstating encoding-related activity patterns in children with ADHD. Additionally, this
reactivation effect was not observed in TD children (7108 = 0.557, P = 0.579, Cohen’s d =

0.053; Supplementary Fig. 3).

Further analysis revealed that this effect was specific to within-item similarity: the
memory effect emerged for ERSwi (7113 = 2.122, P = 0.036, Cohen’s d = 0.199; Fig. 2b,
right), but not for ERSg; (7113 = —0.998, P = 0.320, Cohen’s d = —0.093). This finding
revealed that reactivation was specific to the same items rather than reflecting common
cognitive overlap across different items. ERSwi and ERSg; were significantly greater than
zero for both remembered and forgotten items (all 7113 >2.001, Ps < 0.048), deriving from

the presence of shared neural patterns across items, regardless of retrieval success.

To examine the spatial distribution across the whole brain, we averaged ER Syem across
poststimulus intervals during encoding and retrieval. Children with ADHD again showed
reactivation effects primarily in bilateral parietal-occipital regions (Fig. 2c), with no
significant effects in other ROIs (all Peluster > 0.062; Supplementary Fig. 4). This finding
suggested that reactivation was reliant on sensory representations over the visual regions.
Notably, the magnitude of reactivation was unrelated to memory performance (» = —0.003,
P =0.979; Fig. 2d), which indicated that although reactivation occurred robustly, it did not
result in better retrieval outcomes. These findings implied that children with ADHD might
rely predominantly on perceptual reactivation to retrieve sensory representations mirroring

encoding patterns but did not support efficient memory performance.
2.3 Meaningful transformation in TD children

For TD children, we identified a significant memory transformation cluster in the right
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frontal (RF) region (Tsum = —210.72, Npin = 89, Peiuster = 0.047; Fig. 2¢), spanning —150 to
950 ms during encoding and 200 to 400 ms during retrieval. This pattern indicated that
memory transformation occurred rapidly, with retrieval-related representations being
temporally compressed and involving abstract or semantic information from almost the
whole encoding phase. Within this memory transformation cluster, remembered items had
significantly lower ERSrem than forgotten items (708 = —3.028, P = 0.003, Cohen’s d =
—0.290; Fig. 2f, left). Specifically, meaningful transformation in item-specific
representations resulted in near-zero ERSyem for remembered items and positive ERSyem
for forgotten items (Supplementary Fig. 2), suggesting that TD children did not rely on
reinstating the same encoding patterns but instead transformed them into different patterns

according to their own experiences to facilitate memory.

The memory effect was specific to ERSwr (7108 = —2.876, P = 0.005, Cohen’s d =
—0.275; Fig. 2f, right), with no effect on ERSgi (7108 =0.763, P=0.447, Cohen’s d=0.073).
This finding revealed significant differences in the contributions of ERSwi and ERSg:.
Similarly, ERSwi and ERSg; were significantly greater than zero for both remembered and
forgotten items (all 7108 > 3.591, Ps < 0.001), indicating the presence of shared neural
patterns across items, independent of memory success. Additionally, this memory
transformation effect was absent in children with ADHD (7113 = 0.484, P =0.629, Cohen’s
d =0.045; Supplementary Fig. 3).

In contrast to ADHD, transformation was observed primarily over high-level
cognitive regions of TD children after the stimuli appeared (forgotten > remembered),
especially over the right frontal region (Fig. 2g; all Pciuster > 0.073 for the other regions in
Supplementary Fig. 4). This overall pattern suggested that retrieval in TD children involves
conceptual rather than purely sensory representations. Importantly, item-specific
transformation in the right frontal region was negatively correlated with memory
performance (r = —0.222, P = 0.021; Fig. 2h), and this correlation remained significant
after controlling for age (p = —0.231, P = 0.016; Supplementary Fig. 5). These findings
indicated that greater meaningful transformation predicted better memory performance,
highlighting that TD children retrieved memories through flexible manipulation of

information rather than reinstatement of sensory traces.
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2.4 Development of memory reactivation and transformation

To examine differences in memory between children with ADHD and TD children, as well
as their developmental patterns, we employed the average of significant clusters within
specific ROIs as indices of reactivation or transformation. With respect to reactivation in
the LP, children with ADHD had significantly greater values than zero (7113 = 2.856, P =
0.005, Cohen’s d = 0.267; Fig. 2i, left), whereas TD children did not (703 = 0.557, P =
0.579, Cohen’s d = 0.053). However, this between-group difference was not significant
(T221=1.647, P=0.101, Cohen’s d = 0.221), suggesting that reactivation was common in
both groups, regardless of developmental abnormalities. Notably, reactivation remained
relatively stable across development in children with ADHD (» = —0.036, P = 0.707, Fig.
21, right) but decreased marginally in TD children (» =—0.183, P = 0.057).

With respect to meaningful memory transformation in the RF, TD children exhibited
significantly lower ERSyem than zero (7108 = —3.028, P = 0.003, Cohen’s d = —0.290; Fig.
2j, left), whereas children with ADHD did not (77113 = 0.484, P=0.629, Cohen’s d = 0.045).
This between-group difference was significant (7221 =2.473, P =0.014, Cohen’s d = 0.331),
highlighting that memory transformation was a skill specific to TD children. We next tested
whether individual item-specific memory transformation levels depended on age and found
that the transformation effect was not significantly correlated with age in both groups (Ps
> 0.262; Supplementary Fig. 6). As an exploratory descriptive analysis, we additionally
divided participants by median age and revealed that older children with ADHD (MD =
8.288 years) showed marginally greater transformation (7112 = 1.956, P = 0.053, Cohen’s
d =0.366; Fig. 2], right), approaching the levels of younger TD children (7110 =0.759, P =
0.449, Cohen’s d = 0.144). This exploratory pattern suggested that, despite the absence of
significant memory transformation in children with ADHD, these memory effects might
still exhibit developmental trends with age. In contrast, there was no significant difference
between the low- and high-age subgroups of TD children (MD = 8.545 years; Ti07 = 0.135,
P =0.892, Cohen’s d = 0.026), with values for younger (754 = —2.267, P=0.027, Cohen’s
d =-0.306) and older children (753 =—2.034, P=0.047, Cohen’s d = —0.277) significantly

smaller than 0.

A multiple linear regression model was conducted to examine the age-dependent
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contributions of LP reactivation and RF transformation to Pr. In TD children, RF
transformation significantly predicted Pr (f = 0.232, P = 0.004, 95% CI [0.076, 0.387]),
and this predictive effect decreased significantly with increasing age (5 =-0.163, P =0.040,
95% CI [-0.318, —0.008]). Simple-slope analyses further showed that the association
between RF transformation and Pr was strongest in younger TD children and was no longer
significant in older children. In contrast, LP reactivation did not significantly predict Pr (S
= 0.036, P = 0.640, 95% CI [-0.117, 0.189]), and its predictive effect did not vary
significantly with age (f =-0.017, P = 0.812, 95% CI [-0.160, 0.126]). In children with
ADHD, neither LP reactivation nor RF transformation significantly predicted Pr (Ps >

0.549), and none of the associations were significantly moderated by age (Ps > 0.514).

Together, these results suggested that 6—12-year-old TD children had acquired
transformation abilities during early childhood and maintained them throughout
development, and this transformation has an age-dependent predictive effect on memory
performance. Conversely, children with ADHD acquired transformation skills more
gradually, reaching transformation levels comparable to those of younger TD children only
at older ages, and no similar age-dependent behavioral-neurological associations were
observed—yproviding potential neurobiological evidence for memory developmental

abnormalities associated with ADHD.

2.5 Representational contents of memory reactivation and

transformation

To reveal the representational contents of reactivation and transformation, we subdivided
between-item ERS into within-category (ERSwc) and between-category (ERSgc)
according to the image category (animal/nonanimal), representing whether the item came
from the same category in encoding and retrieval (Fig. 3a). Compared to the image
representation space, the distances between animals and nonanimals (between-category)
were farther than those between animals and animals (within-category) in the semantic
representation space. Therefore, we hypothesized that between-category items had greater
differences (Rem vs. Forg) than within-category items in terms of semantic representations
instead of image representations. We expected greater representational differences in

ERSgc than in ERSwc (ERSgc # ERSwc) if reactivation/transformation relied on semantic
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abstraction. Conversely, ERSwc would show similar representational differences to ERSgc

(ERSBc = ERSwc) if reactivation/transformation relied on image representations (Fig. 3b).

In children with ADHD, neither ERSwc (7113 =-0.370, P=0.712, Cohen’s d =—0.035)
nor ERSgc (7113 = 1.245, P = 0.216, Cohen’s d = 0.117) showed significant reactivation
effects in the LP (Fig. 3¢). These findings indicated that memory reactivation in ADHD
depended primarily on the reinstatement of low-level visual representations in the parietal—
occipital region, without engaging semantic processing, which was consistent with the

repetition of perceptual traces.

In contrast, in TD children, meaningful transformation emerged specifically in ERSgc
within the RF (7108 = 1.998, P =0.048, Cohen’s d = 0.191), with no such effect for ERSwc
(T108 =—0.046, P =0.963, Cohen’s d = —0.004; Fig. 3d). Notably, ERSwc and ERSgc were
both derived from ERSg; (i.e., the subtrahend in the above memory effect: ERSwi — ERSg),
such that more positive ERSwc or ERSgc values in such instances indicated greater
transformation. Whole-brain analysis further revealed significant ERSgc transformation in
bilateral frontal regions (LF: T10s = 2.260, P = 0.026, Cohen’s d =0.216; RF: Ti03 = 2.565,
P=0.012, Cohen’s d = 0.246; Fig. 3¢), whereas ERSwc was absent (Ps > 0.175). Moreover,
in the RF, ERSgc transformation was significantly greater than ERSwc (708 = 2.332, P =
0.022, Cohen’s d = 0.223). These findings suggested that recognition in TD children
involved memory transformation of semantic information within high-level cognitive
regions. Such reliance on transformation highlighted a developmental advantage in flexibly

reconstructing representations to support recognition memory.
2.6 Memory is transformed during encoding in TD children

Next, we examined whether meaningful memory transformation occurred during encoding
or retrieval by comparing the representational similarity between items (Fig. 4a).
Specifically, we assessed the similarity between each item and all other items within the
same memory phase, i.e., encoding (EES) and retrieval (RRS), and tested the generalization
(remembered > forgotten) and differentiation (forgotten > remembered) of memory
representations across items. Here, memory differentiation reflects representational

transformation between different memory items.

In TD children, significant effects on memory differentiation emerged in EES. In the
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LP, remembered items showed lower similarity to other items than forgotten items (7sum =
—9.065, Npin = 4, Peluster < 0.001, —100-50 ms, EESrem = 0.019, EESForg = 0.029; Fig. 4b),
which indicated that more representational transformations occurred between items that
were subsequently remembered than those that were subsequently forgotten. Notably, the
apparent early onset was likely attributable to the sliding-window approach, as the first
window averaged activity from 0-300 ms post-stimulus. A similar effect was observed in
the RF (Tsum = —9.525, Noin = 4, Peluster < 0.001, 150-300 ms, EESrem = 0.026, EESforz =
0.042). Interestingly, category analyses further revealed that differentiation in LP was not
significantly different between within- and between-category items (7108 = 1.669, P=0.098,
Cohen’s d = 0.160; Supplementary Fig. 7), whereas the RF tended towards greater
differentiation for between-category items than for within-category items (7108 = 1.925, P

=0.057, Cohen’s d = 0.184), consistent with semantic modulation.

Together, these results suggest that memory-related differentiation during encoding
involved distinct representational formats across regions: differentiation in the LP was
primarily associated with sensory/visual information, whereas differentiation in the RF
showed evidence of higher-level semantic modulation. Notably, no differentiation effects
were observed in RRS, indicating that memory transformation in TD children had already
occurred during encoding. Additionally, this encoding differentiation effect was absent in

children with ADHD (Supplementary Fig. 7).

2.7 DNN reveals representational formats of reactivation and

transformation

To further investigate representational formats in the LP and RF and their associations with
memory, we compared the neural representations of items observed during encoding with
representations in individual layers of the AlexNet DNN (Fig. 4c). AlexNet consists of five
convolutional layers and three fully connected layers. Visual information is initially
processed on a pixel-by-pixel basis in the first convolutional layer (conv1), then propagated
to downstream layers, and finally assigned semantic labels in the output layer (fc8). We
compared the neural-DNN correspondences for remembered and forgotten items at all time
points and applied cluster-based permutation tests for multiple comparisons across time

points.
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During the memory encoding (EES-DNN) in TD children, we identified a significant
cluster between 600 and 800 ms in layer fc8, in which the representation for remembered
items was significantly lower than that for forgotten items (7sum = —12.024, Npin = 5, Pcluster
= 0.038; Fig. 4d), and this cluster was located within the encoding time window showing
the memory transformation effect. To better capture ROI-specific differences in the
memory specificity of neural-DNN correspondences, we conducted post hoc tests for
specific time windows showing the reactivation effect (300-600 ms) and the
transformation effect (0—1000 ms). In the LP region of children with ADHD, we found that
the neural representation of memory reactivation was associated with the early
convolutional layers, which may reflect low-level, pixel-based visual information. By
contrast, in the RF region of TD children, the neural representation of memory
transformation was associated with the final fully connected layers, which may be related

to higher-level semantic labels (Supplementary Fig. 8).

Notably, within this exploratory analysis, interpretation of effects based on individual
layers should not be overemphasised. Nevertheless, the overall pattern of separable
representational formats of reactivation and transformation in different groups of children
may provide new insights into underlying memory strategies and how they are deployed

during the encoding process.
2.8 ISC reveals differences in memory development across children

We adopted a model-free approach to reveal differences in memory representations across
participants. Specifically, we calculated correlations across all participants and constructed
intersubject RSMs. The average ISC between each child and all the other children was used
as a measure of group differences. The intersubject RSM derived from the memory-related
regions (LP of ADHD / RF of TD) was subsequently tested against four age-based
developmental models: nearest neighbor, divergence, key stage, and convergence (Fig. 1f).
For the key-stage model, we systematically adjusted candidate key ages (sliding key ages
with 0.1-year steps) to determine the best fit for children with ADHD and TD.

Analysis of the average ISC revealed TD children showed significantly greater-than-
zero ISC in the LP region (7108 = 3.089, P = 0.003, Cohen’s d = 0.296; Fig. 4e), but not in
the RF region (708 = 0.317, P = 0.752, Cohen’s d = 0.030), with a significant difference
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determined between the two regions (7108 = 2.442, P = 0.016, Cohen’s d = 0.234). In
contrast, neither the LP nor the RF region showed a significant value greater than zero in
children with ADHD (Ps > 0.118). These findings suggested that TD children shared a
common memory representational structure, whereas such shared representations were
almost absent in children with ADHD. The reduced average ISC in the RF of TD children
might be attributed to their increased representational transformation, which yielded more
individualized semantic representations and consequently reduced the intersubject

similarity.

Among the four developmental models, the key-stage model showed the strongest
correspondence with the intersubject RSMs in both groups (ADHD: p = 0.022, P = 0.046;
TD: p = 0.016, P = 0.080, one-tailed permutation test; Fig. 4f), whereas the remaining
models showed no significant correlations (Ps > 0.444). The time window for the ISC
analysis was focused on significant ERS clusters. Further analysis of the key-stage models
for these two groups of children revealed group differences in the key age: the key age was
younger for TD children, whereas it was older for children with ADHD (Fig. 4g). In the LP
(T221 = —574.017, P < 0.001, Cohen’s d = —=77.225; Fig. 4h) or RF (7221 = —10.987, P <
0.001, Cohen’s d =—1.478) regions, the developmental differences between the two groups
of children were statistically significant. These findings indicated age-related differences
in the organization of memory representations between children with ADHD and TD
children, providing potentially neurobiological evidence for impaired or delayed

meaningful memory transformation.
3.  Discussion

Recognition memory can be acquired in two neural mechanisms: perceptual memory and
meaningful memory. The key distinction lies in whether stored representations are simply
reinstated or reconstructed into new conceptual connections. By comparing ERS between
TD children and those with ADHD who exhibit delayed prefrontal maturation®’, this study
revealed region-specific mechanisms: children with ADHD showed greater reliance on
perceptual reactivation over visual regions; whereas TD children showed greater
engagement of representational transformation over prefrontal regions, likely reflecting the

flexible reconstruction of perceptual traces into semantic representations—a hallmark of
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meaningful memory. Reactivation and transformation can occur simultaneously in distinct
brain regions'?, yet their developmental patterns remain unclear. Here, we provide the first
evidence of these two processes in children aged 612 years, and reveal a dynamic
evolution from reactivation to transformation regulated by the prefrontal system.
Furthermore, intersubject similarity revealed differences in memory development across
children, providing neurobiological evidence for their impaired or potentially delayed

recognition memory.

Specifically, over the parietal-occipital region, children with ADHD exhibited
stronger and more age-stable reactivation. During the recognition of visual images,
memory retrieval is completely dependent on matching sensory input with the encoding
context, i.e., processing previously encoded sensory information within visual regions '8!,
This ability is consistent with the feature of perceptual memory, characterized by the vivid
reinstatement of perceptual details. This persistent dependence on reactivation may explain
why children with ADHD can recognize perceptual details but struggle to integrate or
generalize information®!. In contrast, memory retrieval in TD children showed weaker
reliance on reactivation, which further decreased with age. This shift likely reflects an
adaptive change in the strategic balance between perceptual memory (reactivation) and
meaningful memory (transformation), as TD children increasingly encode information
through abstraction and semantic integration rather than purely through sensory processing.
Additionally, the reduced dependence on reactivation in TD children may also arise from
memory differentiation effects occurring in encoding, specifically the representation

transformation between memory items.

The TD children exhibited stronger memory transformation in frontal regions,
supporting the notion of dynamic adaptation between perceptual and meaningful memory.
This transformation is supported by the maturation of the prefrontal-hippocampal

25,26

system~>=", which enables flexible integration of perceptual and semantic information. The

spatial dissociation between perceptual and meaningful memory in the parietal-occipital
and frontal regions corresponds to the memory models proposed in previous studies®>.
These models propose that posterior hippocampal regions encode fine perceptual details in
concert with posterior neocortical areas, whereas anterior regions encode abstract,

schematic features and interact with the anterior medial prefrontal cortex. The impaired
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transformation observed in children with ADHD fits this framework, reflecting the atypical
development of the prefrontal circuitry. This finding is consistent with prior neuroimaging
evidence of delayed prefrontal maturation associated with executive and attentional control
deficits in individuals with ADHD*¢4°_ This impaired transformation also explains why
ADHD involves associative learning deficits®*. Notably, this impairment is not permanent
damage but a developmental delay: older children with ADHD exhibit representational

profiles comparable to those of younger TD children.

This memory framework provides a theoretical basis for distinguishing perceptual and
meaningful memory, which serve as different forms of neural dynamics. Perceptual
memory reinstates perceptual traces, recovering surface-level details with limited
flexibility, whereas meaningful memory reflects a shift in neural representations between
encoding and retrieval that may enable semantic reconstruction. Through this
“semanticization” process, richly detailed event memories are progressively reduced to
schematic generalizations, resulting in the loss of fine perceptual detail during long-term
consolidation!>%>66 Category-level analysis revealed that TD children showed stronger
representational transformations between different categories, which were associated with
better memory performance. Representational similarity analysis highlights how objects
can be organized along multiple dimensions (e.g., life, shape, color, and function), yet
semantic dimensions often capture category structure most effectively®’. For instance,
distinctions between animal and nonanimal images are more robustly represented in
semantic than in perceptual space®®*°. Thus, stronger between-category similarity supports
the idea that memory transformation occurs through semanticization, and more pronounced

semantic representation patterns predict better subsequent memory?.

Interestingly, stronger between-category transformations also emerge between
different items within encoding (EES) but not retrieval, indicating that memory-related
representational differentiation, including semantic differentiation, is already evident
during encoding. Analysis based on DNN further revealed a correspondence between the
neural representations in RF of TD children during encoding and the semantic/label
representations in DNN, tentatively suggesting a memory effect influenced by negative
matching between neural and DNN representations. This negative matching between

related items has previously been described as “repulsion” of memory representations’%’,
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Notably, although the transformation in RF is sensitive to higher-level semantic
information, reduced ERS in frontal regions is not process-specific and may also reflect
differences in executive control, task state, decision-related processing, or the temporal
organization of frontal engagement across memory phases. The present findings should
therefore be interpreted as evidence for a change in representational organization with
semantic modulation, rather than as a unique neural signature of semantic transformation.
These encoding-related differences may shape the mnemonic representations subsequently
accessed during retrieval and thereby contribute to the reduced encoding-retrieval
similarity observed for remembered items. These findings explicitly reveal how and when
memory representations are transformed. This prefrontal-driven transformation from
visual to semantic codes supports meaningful memory reconstruction and the formation of

new conceptual links across experiences.

ISC provided a complementary perspective on memory representation patterns across
populations. In this study, TD children and children with ADHD differed in the extent to
which representational structures were shared across individuals. Compared with TD
children, children with ADHD showed no reliable intersubject similarities, which may
reflect greater heterogeneity in the memory representations. This interpretation is
consistent with previous findings that ADHD is associated with reduced intersubject neural
synchrony and less stable neural response patterns across individuals’’*. Nevertheless,
intersubject similarity may be influenced by multiple sources of individual variability,
including behavioral performance, cognitive strategy, and functional organization. This
issue may be particularly relevant to higher-order prefrontal regions, where representations
are more strongly shaped by individual experience and semantic knowledge and therefore
tend to exhibit greater intersubject heterogeneity’>’%. Analysis of developmental models
further suggested that intersubject similarity is neither static nor uniformly related to age,
but instead exhibits region-specific age-related patterns. This finding complements
previous conclusions that intersubject similarity can either increase or decrease with age
depending on the brain region and representational content’””®. The different key-stage
patterns observed between the TD and ADHD groups are more conservatively interpreted
as group differences in the age-related consistency of memory representations, rather than

as direct markers of neural maturation. Since the present data are cross-sectional, these
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findings cannot distinguish developmental delay from an atypical developmental trajectory.
However, they complement the individual-level ERS results, suggesting that the two
groups differ not only in representational processes within individuals, but also in the

intersubject consistency and age-related organization of these representational patterns.

Our findings hold broader implications for memory theory. They suggest that
recognition—often viewed as a simple process driven by external cues—is not purely
perceptual but instead depends on the developmental capacity to flexibly transform
representations. This phenomenon reframes recognition as a dynamic interplay between
reactivation and transformation, with the latter marking progress towards meaningful
memory. Crucially, prefrontal transformations predicted better memory performance in TD
children, highlighting their functional role in supporting semantic reconstruction. This
finding aligns with evidence showing that developmental changes in the prefrontal region
shape strategy use in memory: tasks requiring strategic encoding engage the executive
functions of the frontal cortex®. Compared with shallow encoding, deep semantic encoding
elicits stronger age-related prefrontal activation®'. Encouraging children to adopt semantic
strategies could therefore enhance prefrontal engagement, optimize encoding, and promote
meaningful memory formation®*#2, More broadly, these findings highlight the potential for
representational patterns of neurophysiological signals, such as memory transformation, to

serve as diagnostic markers for typical and atypical populations.

Several limitations should be acknowledged. First, although EEG provides excellent
temporal resolution, its limited spatial precision constrains the ability to localize the
underlying neural mechanisms. Future work combining EEG with fMRI or using
magnetoencephalography (MEG) could more accurately map the circuits supporting
reactivation and transformation. The use of OPM-MEG, in which the sensor arrays can be
adapted to the smaller head size of the children, might offer an opportunity for better
localization of the effects®>**. Second, the cross-sectional design precludes the ability to
distinguish developmental delays from atypical trajectories. Longitudinal studies will be

essential to trace how these mechanisms evolve within individuals over time.

In summary, our study identifies two complementary mechanisms that support

recognition memory in childhood: perceptual memory supported by reactivating sensory
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traces, and meaningful memory supported by semantic transformation that reshapes
representations. The TD children rely on the transformation early in development, whereas
children with ADHD exhibit developmental delays, prolonging their dependence on
reactivation. These findings extend theories of memory by reframing recognition as a
dynamic balance between perceptual and meaningful memory. Moreover, this study
revealed the role of prefrontal regions in meaningful memory, clarified the basis for
memory divergence in children with ADHD and revealed the potential for modulating this

process through targeted interventions.
4. Materials and Methods

4.1 Participants

In this study, a total of 238 children (612 years old) were recruited, comprising 126
children with ADHD and 112 TD children. Fifteen participants were excluded from all
analyses because of poor memory performance. The final sample included 114 children
with ADHD (31 females; 8.39 + 1.32 years old) and 109 TD children (40 females; 8.62 +
1.37 years old). The age of the participants was normally distributed (ADHD: P = 0.161;
TD: P = 0.267; Kolmogorov-Smirnov test; Fig. 1b), and no differences were observed
between these two groups in terms of age (7221 = 1.279, P = 0.202) or gender (x° = 2.319,
P = 0.128). Children with ADHD were recruited from the clinics of local children’s
hospitals, and healthy controls (i.e., TD children) were recruited from local schools. All
participants were right-handed, had normal or corrected-to-normal vision, and had full-
scale intelligence quotients (IQs) above 80, as measured by the Wechsler Intelligence Scale
for Chinese Children-Revised (WISCC-R). The 1Qs of children with ADHD were lower
than those of TD children (7221 = 4.263, P < 0.001). Informed consent was obtained from
all participants and their parents via the Declaration of Helsinki, following the protocols

approved by the local ethics committee.

The diagnosis of ADHD was based on the K-SADS (Kiddie-Schedule for Affective
Disorders and Schizophrenia) and DSM-V (Diagnostic and Statistical Manual of Mental
Disorders, 5th edition) criteria through a semistructured interview with qualified

psychiatrists, and symptom severity was measured using the SNAP-IV (Swanson, Nolan,
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and Pelham rating scales, 4th edition) parental rating scale. Children diagnosed with
ADHD satisfied all the criteria outlined in the DSM-V and SNAP-IV assessment scales,
whereas TD children did not. Compared with TD children, those with ADHD had
significantly higher SNAP inattention (7221 = 23.124, P < 0.001) and SNAP hyperactivity
scores (7221 = 22.868, P < 0.001). None of the participants in this study received
psychostimulant medication prior to the experiment, and all of them met the following
criteria: no comorbidities such as schizophrenia, autism spectrum disorders, mood
disorders, epilepsy, or tic disorders; no history of head trauma; and no organic, neurologic,

or other serious diseases.
4.2 Experimental stimuli and task

Participants completed a recognition memory task (Fig. 1a) that was applied to investigate
recognition memory with paediatric samples®™. The materials included animal and
nonanimal images from the Snodgrass and Vanderwart image set®®. These images were
preprocessed into white line drawings on a black background and normalized for physical

attributes such as size, background, contrast, and brightness.

The experimental task consisted of encoding and retrieval phases with 1-minute
intervals, which lasted approximately 10 minutes in total. In the encoding phase,
participants were presented with 60 animal/nonanimal images (half each category) and
were instructed to define them as animal/nonanimal by pressing keys. Each trial started
with a stimulus image presentation for 1000 ms, followed by an interstimulus interval (ISI)
of 1500 ms. Then, following a retrieval phase, where participants were presented with old
(40; selected from encodings) and new (40; foil) images and were instructed to press keys
to indicate their memory discrimination (i.e., old or new). Each trial started with a fixation
cross of 250 ms, followed by a black screen for 500 ms; the stimulus image was then
presented for 500 ms, and finally, the ISI was presented for 3000 ms.

The stimulus images were presented using E-Prime 2.0 software (Psychological
Software Tools, Pittsburgh, PA, USA), and all the images were presented on a black
background. The participants were seated 90 cm away from the screen, and the viewing
angle of the images was 3.18° x 3.18°. To minimize artefacts caused by blinking and eye

movements, participants were also asked to fixate a white cross on the screen during the



589
590
591
592

593

594
595
596

597

598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613

614

615

616

617

experiment and to blink during key-press responses. To implement the representational
similarity analyses across participants, each participant saw the same stimulus items, but
the presentation order was randomized. To ensure comprehension, participants underwent

a practice before the formal experiment.

4.3 EEG recording and preprocessing

EEG data were recorded using a 21-channel amplifier (Stellate System Inc., CA, USA)
according to the standard 10-20 system. All scalp electrodes were referenced to CPz and
sampled at 500 Hz, and all interelectrode impedance was maintained below 5 kQ during

recording.

EEG data were preprocessed using EEGLAB® in MATLAB (MathWorks, MA,
USA). The EEG data were bandpass filtered between 0.01 and 40 Hz, and rereferenced to
the global average®’. Bad channels were removed with the following criteria: continuous
flat over 5 s; more than 4 standard deviations of line noise relative to their signal; and
correlation with the estimates of nearby channels less than 0.8. Artefact subspace
reconstruction (ASR) was implemented to remove data portions containing artefacts®®.
Additional data portions were removed if more than 25% of the channels had a power
greater than 7 standard deviations. Independent component analysis (ICA) was performed
to correct eye artefacts®®, and the ICA matrix was applied to the full-length data prior to
the removal of artefacts by ASR. Components with a probability of eye artefacts greater
than 0.6 were removed using the ICLabel plugin®.

The processed EEG data were segmented from —500 to 1500 ms relative to the onset
of each image. If more than 10 channels had amplitudes exceeding + 100 ¢V or if the joint
probability of local/global thresholds exceeded 3 standard deviations, the epoch was
rejected using the TBT plugin °!; otherwise, the epoch was retained and only the channels
of that epoch were interpolated. The previously removed channels were interpolated using

spherical splines, and 97 £+ 5.0% of the epochs were retained for subsequent analysis.
4.4 Time-frequency analysis for RSA

To avoid edge artefacts in the spectral decomposition, we first mirrored each epoch by

appending the flipped data to the beginning (from —2.5 to —0.5 s) and end (from 1.5 to 3.5
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s) of each epoch. Next, we applied a Morlet wavelet transform to the epochs from —500 to
1500 ms, with Morlet wavelets ranging from 1 to 30 Hz (in 1 Hz steps) and linear intervals
of 3 to 15 cycles. The average spectral power was normalized (Z score) with the prestimulus
baseline of =500 to —200 ms before stimulus onset. We averaged the data in 300-ms time
windows, sliding in 50-ms steps. Each window was assigned to its midpoint (e.g., the first
window spanned from —500 to —200 ms and was labelled as —350 ms), resulting in a total
of 35 distinct windows within the range of =500 to 1500 ms. Additionally, we divided all
the channels into six ROIs (LF, RF, LM, RM, LP, and RP) and used the channels from
each ROI as spatial features. For each trial, n (channels) x 30 (frequencies) x 35 (time
steps) values were generated, which were used for subsequent analysis. We also explored
memory effects (remembered — forgotten) on time-frequency features during encoding and

retrieval in different ROIs (Supplementary Fig. 9).
4.5 Representational similarity analysis

To investigate the neural similarity within the encoding or retrieval phases, we used
representational similarity analysis (RSA) on items that appeared in both memory phases
(i.e., 40 old items). Since directly calculating the neural similarity of a specific item
between participants (i.e., first-level pattern similarity) may be affected by potential
differences in potential, we calculated the pattern similarity when participants processed
the same set of stimuli (i.e., second-level pattern similarity)>>°2. For items that were
removed because of data artefacts (3% of all items), we interpolated using the
corresponding group average item (item average of all participants). We estimated the
pattern similarity between different items using Spearman correlation and constructed a 40
% 40 individual representational similarity matrix (RSM) for each participant, where the
diagonal represents the similarity between each item and itself (Fig. 1e). Specifically, we
used the power distribution of specific items across channels and frequencies (e.g., 4
electrodes x 30 frequencies in LF) as features for similarity estimation. These features were
concatenated into a 4 % 30 one-dimensional vector and correlated with features from the
same and all different items. This analysis was repeated separately for all time steps and

memory phases (encoding/retrieval) for each participant.

4.6 Intersubject correlation analysis
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To explore the developmental trajectories related to memory representation and better
capture patterns of memory representations across individuals, we used a model-free
approach>*%* within the same memory phase. We calculated the intersubject correlation
(ISC) between each pair of individual RSMs, resulting in an intersubject RSM. The
obtained matrix was transformed using the Fisher r-to-z before further analysis.
Intersubject RSM was obtained separately for children with ADHD and TD children, after
which we tested whether it corresponded to one of the different developmental models
(Fig. 1f). All developmental models were constructed using the actual age of the
participants as a measure of maturity. There are four main methods for estimating maturity
similarity, each of which evaluates different hypotheses about how memory
representations develop with age:

(1) Nearest neighbor: Children with similar maturity have more similar memory
representations (metric: sample maximum minus absolute of paired differences). (2)
Divergence: Younger children have more similar memory representations (metric: sample
maximum minus paired average). (3) Key stage: Children with maturity closer to the key
age have more similar memory representations (metric: sample maximum minus absolute
difference between pairs and key age, with key age constructed by sliding 0.1-year steps
between the minimum and maximum ages). (4) Convergence: Older children have more

similar memory representations (metric: paired average).

4.7 Encoding-Retrieval Similarity

We investigate item-specific neural similarity between encoding and retrieval (ERS) to
reveal the representation reactivation or transformation of memory. In this analysis, a 40 X
40 ERS matrix (Fig. 1g) was constructed, in which the diagonal represents the similarity
between the same items across encoding and retrieval, and the off-diagonal represents the
similarity between different items, capturing item-specific representations and common
cognitive processes across different items, respectively. Before further analysis, the ERS
matrix was also transformed using the Fisher r-to-z. The item-specific ERS (ERSiem) was
calculated using the average of all items with the same memory performance
(remembered/forgotten) in encoding and retrieval (within-item, ERSwi, diagonal elements)

minus the average of that item in encoding with all other items in retrieval (between-item,
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ERSg1, off-diagonal elements in the row direction), i.e., ERSkem = avg.(ERSwi) —
avg.(ERSgi). Additionally, we considered the off-diagonal elements in the column
direction, as well as the off-diagonal elements in both the row and column directions
(Supplementary Fig. 10). We investigated the relationships between neural representations
across all time steps during encoding and retrieval, generating matrices of encoding time %
retrieval time. We revealed the reactivation and transformation of temporal representations
by comparing the ERSyem of remembered and forgotten items at each time step.

To further reveal the representational patterns of reactivation and transformation, we
classified the similarity between specific items in encoding and all other items in retrieval
(i.e., between-item) into two categories according to image category (animal/nonanimal).
Within-category (ERSwc) refers to items from the same category (animal & animal or
nonanimal & nonanimal) in encoding and retrieval, whereas between-category (ERSgc)
refers to items from different categories (animal & nonanimal or nonanimal & animal) in
encoding and retrieval (Fig. 3a). The ERSwc and ERSgc were measured by calculating the
average difference between remembered and forgotten items. Compared with image
representations, the ERS between different categories was more pronounced in semantic
representations. This distinction allowed us to test whether memory effects reflected
semantic-level differences, with stronger representational differences expected in ERSgc
than in ERSwc if reactivation or transformation relied on semantic abstraction (Fig. 3b).
Oftf-diagonal elements in the column direction, and in both the row and column directions,

were also considered (Supplementary Fig. 11).

4.8 Between-item similarity (EES/RRS)

We calculated the pairwise similarity of items within the same memory phase (EES/RRS)
for the between-item similarity analysis (Fig. 4a). We used the symmetric individual RSMs
constructed from the time-frequency features as described above. Subsequent analyses
were based on the lower diagonal of these RSMs, which were Fisher r-to-z transformed
prior to analysis. For each time step, we investigated whether there were differences in the
pairwise similarity between remembered and forgotten items. In the subject-level analysis,
we performed paired-sample 7 tests for the mean of items with the same memory

performance for each participant. In the group-level analysis, we tested whether the T
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values of each participant consistently deviated from zero. In the time series of group-level
effects, we searched for temporal clusters formed by adjacent times and estimated their

statistical significance using cluster-based permutation statistics.

4.9 Deep neural network (DNN) models

We applied a pre-trained convolutional neural network “AlexNet*®” to classify the images
featured in the experiment. AlexNet comprises five convolutional layers and three fully
connected layers (Fig. 4c), and was trained on 1.2 million high-resolution images labelled
with 1000 categories. Image information was initially processed on a pixel-by-pixel basis
in the first convolutional layer, then propagated unidirectionally to downstream layers, with
semantic labelling ultimately assigned at the output layer (softmax). We averaged the
values across the spatial dimension® for each convolutional layer of every image, thereby
obtaining a single value corresponding to each feature (image x feature). Based on
estimated pairwise correlation coefficients derived from internal feature activation values,
we generated eight 40 x 40 symmetric, layer-specific RSMs, which were then Fisher 7-to-
z transformed for further analysis.

The RSMs generated by DNN correspond to the individual neural RSMs obtained
through EES analysis and were applied equally across different ROIs, thereby enabling a
direct comparison of the representational structures between neural features and AlexNet.
For all time points in the encoding phase, we obtained 35 EES matrices (image x image)
for each participant and for each ROIL. To maintain consistency with the item-specific
approach used in ERS analysis, we calculated image-specific alignment between neural
features and each DNN layer. For each image, we extracted the vector of similarity values
with all other images (vector of length N—1, i.e., a row or column of matrix) from the neural
and DNN matrices. These vectors capture the geometric relationships between this image
and all other images. We then calculated the Spearman correlation coefficients between the
vectors from neural and DNN matrices for each time point and network layer, yielding a
value of the item-specific similarity between the neural and the DNN representations. The
statistical procedure was similar to the ERS analysis: we first performed 7 tests on the
values of remembered and forgotten items to examine whether similarity at different time

points differed according to memory performance. In the group-level analysis, we tested
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whether these T-values differed significantly from zero across all participants. We then
identified adjacent significant (P < 0.05) time points in group-level 7-tests and corrected
for multiple comparisons between adjacent time points using permutation tests, in which
the order of the image-specific similarity vectors in the neural matrices was randomized

prior to comparison with image-specific vectors from a single DNN layer matrix.

4.10 Statistical analysis

To test whether similarity between encoding and retrieval could support memory
reactivation and transformation, we first computed ERS at the subject-level. Paired-sample
T tests were used to compare ERS for remembered versus forgotten items, yielding subject-
specific 7 value maps with the encoding x retrieval time for subsequent group analysis. At
the group level, one-sample T tests were used to assess whether the mean 7 values differed
from zero, and significant clusters (P < 0.05) were identified by summing adjacent time
points into empirical clusters. Post hoc two-sample(independent-samples) 7 tests were then
used to examine group differences between children with ADHD and TD children.
Multiple-comparison correction was implemented using cluster-based permutation tests’.
For each RSA, 1,000 permutations were performed in which memory labels
(remember/forget) were randomly shuffled while preserving size. Group-level significance
was assessed by identifying empirical clusters in the time (EES/RRS) or time x time (ERS)
maps, summing all 7" values within each cluster, and ranking the observed cluster against
the permutation distribution in the same direction (positive or negative). The P value was
defined as the rank of the observed cluster divided by the permutation count (P =
rank/1000).

To link ERS effects to development and behavior, we constructed regression models
relating ERS values of significant clusters to age and memory performance. ERS values
were Fisher r-to-z transformed to yield normalized scores. Linear, quadratic, and cubic
regression models®’ were tested, and the best-fitting model (Supplementary Table 1) was
selected on the basis of Akaike’s information criterion (AIC) and the Bayesian information
criterion (BIC). To control for shared variance, partial correlations were also computed for
item-specific ERS while accounting for the interaction between age and memory

performance.
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To further examine the age-dependent contributions of LP reactivation and RF
transformation to Pr, separate multiple regression models were fitted for the TD and
ADHD groups, with Pr predicted by age, LP reactivation, RF transformation, and the
interactions of age with each neural measure. All continuous variables were standardised
before model fitting. The following linear regression model was fitted separately for each
group: Pr ~ Age % reactivation + Age X transformation + .

For intersubject correlation analysis, we calculated Spearman correlations between
intersubject RSMs and developmental models. The model with the highest correlation was
taken as the best fit. Intersubject correlation was repeated 1,000 times with shuffled
maturity labels to construct null distributions, and a false discovery rate (FDR = 0.05) was
used for multiple-comparison correction. Key ages were identified by sliding the ages in
the key-stage model, indicating the emergence of shared memory representations. To
assess group-level differences in the distributions of key ages, we performed a leave-one-

subject-out procedure separately for children with ADHD and TD children.
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Fig. 1. Experimental paradigms, sample distribution, behavioral performance and
the pipeline of representational similarity analysis. (a) Participants completed a
recognition memory task including encoding (classifying animals/nonanimals) and
retrieval (identifying old/new) phases. (b) Age distribution of ADHD (8.39 + 1.32 years)
and TD children (8.62 £+ 1.37 years). (c¢) Recognition performance was poorer in ADHD
than in TD children, which was attributed to false alarms of new items (Pr: hits — false
alarms; RTSD: standard deviation of response time; Hit: hit rate of old items; False Alarm:
false alarm rate of new items). (d) Correlations between memory performance (Pr) and age
in ADHD or TD children. (e) Schematic of the individual representational similarity matrix.
Item-specific time-frequency features were extracted from the raw EEG data. The power
values across frequencies and electrodes were then extracted across distinct time windows
and ROIs. The pairwise similarity matrices were constructed using RSA, reflecting the
paired representation similarity between different items. (f) Schematic of intersubject
correlation (ISC). ISC was constructed by calculating the similarity between each pair of
individuals (Intersubject RSM) and fitted to four development models to track memory
representational trajectories. N, nearest neighbor; D, divergence; K, key stage; C,
convergence. (g) Schematic of encoding-retrieval similarity (ERS). Similarities within the
same items (ERSwi, diagonal) and between different items (ERSgi, off-diagonal) were
quantified. Item-specific ERS were defined as ERSyem = avg.(ERSwi) — avg.(ERSgi).
Differences between remembered and forgotten items were used to determine whether
memory benefited from reactivation (remembered > forgotten) or transformation
(forgotten > remembered).
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Fig. 2. Memory reactivation in ADHD and transformation in TD children. (a)
Temporal dynamics of item-specific ERS during encoding and retrieval. Children with
ADHD showed significant reactivation clusters in the LP (remembered > forgotten). Color
indicates 7 values; black outline indicates significant clusters after cluster-based multiple
comparisons correction. (b) ERS values in the LP for each child with ADHD, averaged
across significant clusters. Left: remembered vs. forgotten (WI — BI; i.e., ERSjtem). Right:
within-item (WI) vs. between-item (BI). (¢) Reactivation effects across six ROIs in ADHD,
averaged across poststimulus intervals. (d) No correlation was detected between
reactivation and memory performance (Pr) in ADHD. (e) TD children showed significant
transformation clusters in the RF (forgotten > remembered). (f) ERS values in the RF for
each TD child, averaged across significant clusters. (g) Transformation effects across six
ROIs in TD. (h) Significant correlation between transformation and memory performance
in TD. (i) Developmental effects of reactivation in the LP. Left, individual reactivation
values. Right, correlation between reactivation and age in both groups. (j) Developmental
effects of transformation in the RF. Left, individual transformation values. Right, subgroup
contrasts by median split. Transformation increased with age in the ADHD group but
remained stable in the TD group. Colors indicate age subgroups. (k) Age-dependent shifts
in the predictive weights of reactivation (brown) and transformation (blue) for Pr in the
multiple linear regression model for both groups of children. Bottom * indicates
significance for the one-sample 7 test; Line * indicates significance for the paired-sample
or two-sample 7 test; *P <0.05; **P <0.01; ***P <0.001; # P <0.08; NS, not significant.
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Fig. 3. Representational contents of memory reactivation and transformation. (a) The
similarity between different items is depicted on the off-diagonal of the ERS matrix.
Within-category (ERSwc, orange) indicates items from the same category, and between-
category (ERSpc, blue) indicates items from different categories. A, animals; N,
nonanimals; R, remembered; F, forgotten. (b) Memory patterns may be reactivated or
transformed through images or semantics. If reactivation or transformation relies on images,
ERSgc = ERSwc; if it relies on semantics, ERSgc # ERSwc. (¢) Memory reactivation
reflects image processes, with similar memory reactivation differences observed in ERSgc
and ERSwc. (d) Memory transformation reflects semantic modulation, with more memory
transformation differences observed in ERSgc than in ERSwc. () Memory transformation
differences (Rem — Forg) across six ROIs in TD, averaged across poststimulus intervals.
Line * indicates significance for the paired-sample 7 test; *P < 0.05; NS, not significant.
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Fig. 4. Memory transformation formats and intersubject correlation (ISC). (a)
Between-item similarity within encoding (EES) or retrieval (RRS) phases was used to test
when memory transformation occurs. (b) Memory differentiation effects (forgotten >
remembered) across ROIs during encoding (left) and retrieval (right). Colored curves
indicate 7 values across time; Colored horizontal bars indicate significant clusters after
multiple-comparison correction. (¢) Schematic diagram of a DNN model (AlexNet). Top:
multidimensional scaling (MDS) plots of stimulus images. Bottom: partial RSM of
stimulus images sorted by category. Both illustrate that the clustering of represented
categories (animals/non-animals) is more pronounced in the higher than in the lower DNN
layers. (d) Comparison of neural RSMs from EES of TD children with those from each
DNN layer. Left: time-resolved analysis of the EES-DNN correspondence for remembered
and forgotten items. Colored horizontal bars indicate significant clusters after multiple-
comparison correction. Right: Transformation shows significant EES-DNN
correspondences at higher layers (fc8), averaged across significant clusters. (e) Distribution
of average ISC in children with ADHD and TD children. Children with ADHD have similar
ISC in the LP (dark red) and RF (light red) regions, whereas TD children have higher ISC
in the LP (dark blue) than in the RF (light blue) region. (f) Model fits between ISC and four
developmental models (LP for ADHD; RF for TD), with the key-stage model providing the
best fit. Grey bars indicate permutation-based null distributions; Colored lines indicate
observed model fits. (g) Fitting coefficients of key-stage models across different key ages
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in RF (top) and LP (bottom). Darker dots indicate the best fits. (h) Group differences in
key ages between children with ADHD and TD children in RF (top) and LP (bottom).
Bottom * indicates significance for the one-sample 7 test; Line * indicates significance for
the paired-sample or two-sample 7 test; *P < 0.05; **P < 0.01; ***P < 0.001; # P < 0.08;
NS, not significant.
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ADHD TD 2T P
N 114 109
Mean Age + SD 8.39+1.32 8.62+1.37 1.279 0.202
Gender(male:female) 83:31 69:40 2.319 0.128
1Q 93.51+12.70 100.68 £ 12.40  4.263***  <0.001
Inattention 17.77 + 4.07 5.73 £3.68 23.124%**  <0.001
Symptom
Hyperactivity 17.33+£5.05 3.93+3.53 22.868***  <0.001
Accuracy (%) 91.52+4.61 93.90 + 4.46 3.914**#*  <0.001
Encoding RT (ms) 858.95 +93.18 830.25+107.81 2.130%* 0.034
RTSD (ms) 147.64 + 28.54 138.11 +31.71 2.362% 0.019
Pr 0.63 +0.20 0.70 £0.15 3.030** 0.003
Hit (%) 76.64 +13.81 79.24 +£10.38 1.583 0.115
Retrieval False 14.14 + 11.57 9.36 +9.88 3.317** 0.001
Alarm (%)
RT (ms) 1208.91 £218.48 1106.71 +177.91  3.820***  <0.001
RTSD (ms) 32497+ 117.64 253.15+83.38 5.238***  <0.001

Table 1. Summary statistics for demographic variables in the sample of children.
Gender differences between children with ADHD and TD children were assessed using a
single-tailed y° test. For all the other between-group comparisons, two-tailed two-sample
T tests were employed. ADHD, attention deficit/hyperactivity disorder; TD, typically
developing; IQ, intelligence quotient; RT, response time; RTSD, standard deviation of
response time; Pr, corrected recognition score (hits — false alarms). *P < 0.05; **P <0.01;

kP <0.001.
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