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Abstract: Memory is formed through two distinct forms: reactivation of perceptual traces 31 

and meaningful reconstruction into conceptual representations. How memory diverges 32 

across development remains unclear in humans. Here, we applied representational 33 

similarity analysis (RSA) to electroencephalography (EEG) data from 114 children with 34 

attention deficit/hyperactivity disorder (ADHD) and 109 typically developing (TD) 35 

children (aged 6–12 years) while they performed a recognition memory task. We revealed 36 

distinct neural mechanisms for perceptual memory and meaningful memory. Specifically, 37 

children with ADHD predominantly engaged in sensory reactivation in parietal‒occipital 38 

regions, whereas TD children engaged prefrontal areas to support meaningful memory 39 

transformation. Deep neural networks (DNN) further revealed that memory transformation 40 

occurred during encoding through semanticization of images. Further, intersubject 41 

correlation (ISC) revealed differences in memory patterns between both groups of children, 42 

providing potential neurobiological evidence for impaired memory transformation in 43 

children with ADHD. Our findings reveal that children with ADHD recruit perceptual 44 

reactivation over meaningful memory, highlighting the critical role of semantic 45 

transformation in the developmental emergence of meaningful memory. 46 

Keywords: EEG, RSA, ADHD, memory, development. 47 



 

 

1. Introduction 48 

Recognition memory is a crucial component of episodic memory, forming the foundation 49 

of human cognition and enabling the recollection of past experiences and identification of 50 

familiar events1,2. However, not all memories are acquired in the same way: some are 51 

retained through reactivation of perceptions, whereas others gain strength by forming 52 

meaningful connections with past events3,4. How the brain distinguishes between these two 53 

forms of acquisition, and which neural systems support them during development remain 54 

elusive. 55 

Neuronal measurements and cellular imaging provide evidence that memory relies on 56 

the encoding and later reactivation of memory engrams5,6. Cognitive neuroscience 57 

translates this idea into large-scale measures of encoding-retrieval similarity (ERS)7,8, 58 

which track whether retrieval reactivates prior neural patterns or transforms them into new 59 

representational formats9-12. This distinction suggests a functional division: perceptual 60 

memory may rely on direct reactivation of sensory traces, whereas meaningful memory 61 

may depend on transformation within higher-order systems. 62 

Memory reactivation is well captured by the cortical reinstatement hypothesis13-15, 63 

which reflects the reinstatement of encoding-related activity during retrieval. This process 64 

primarily involves the hippocampus16,17 and lateral occipital cortex (LOC)18,19, reflecting 65 

the sensory processing hierarchy within memory areas, including the ventral visual stream 66 

(VVS)20,21. In contrast, memory transformation has also been observed between encoding 67 

and retrieval11,12. This process involves the prefrontal cortex (PFC)22-24, which interacts 68 

with the hippocampus to support the retrieval of memory25,26, especially for abstract or 69 

semantic information27-29. Importantly, activity in these higher-order regions during 70 

memory retrieval reliably predicts memory success30,31, suggesting a central role for 71 

representational transformation. 72 

Much evidence underscores this distinction from a developmental perspective, 73 

confirming the continuous evolution of memory-related neural systems across childhood 74 

and adolescence32,33. Sensory and perceptual systems appear to reach maturity earlier, with 75 

the structure and function of visual cortical regions (such as LOC) stabilizing relatively 76 



 

 

early34,35. In contrast, higher-order memory processes depend on frontoparietal systems 77 

that undergo more protracted development. In particular, the PFC continues to mature into 78 

late adolescence36-39, supporting the gradual emergence of strategic encoding, organization, 79 

and retrieval processes. Consistent with this account, semantic strategy use during verbal 80 

recall gradually increases across childhood and adolescence40, and this increase is 81 

associated with lateral PFC structure, consistent with the hypothesis that PFC pruning 82 

during development contributes to successful strategy use41. More broadly, developmental 83 

changes in frontoparietal regions associate with improvements in memory encoding and 84 

retrieval across childhood42. These findings suggest a developmental shift of memory-85 

related neural processes: perceptual memory may depend on early-maturing sensory 86 

systems, whereas meaningful memory relies on later-developing prefrontal mechanisms. 87 

Children with developmental disorders, whose brains have delayed structural or functional 88 

maturation, may offer a unique opportunity to test this hypothesis. 89 

Attention-deficit/hyperactivity disorder (ADHD) is a common neurodevelopmental 90 

disorder in childhood that is characterized by inappropriate patterns of inattentiveness, 91 

hyperactivity and/or impulsivity43, and affects approximately 7.2% of children globally44. 92 

Children with ADHD mainly show delayed cortical45 and functional46 maturation of 93 

prefrontal regions. Substantial research evidence indicates that deficits in episodic memory 94 

in ADHD47,48 are linked to the frontoparietal network associated with executive function 95 

and attentional control49, including the PFC50,51. Given the critical role of the PFC in 96 

memory transformation, comparisons between children with ADHD and typically 97 

developing (TD) children during critical developmental stages can reveal the influence of 98 

the PFC on memory formation. 99 

Intersubject correlation (ISC) provides a complementary approach for examining 100 

developmental differences in memory representations. Memories of the same images are 101 

not entirely idiosyncratic across individuals52, indicating that some representational 102 

structures are shared. Such shared representations also support social interaction53; 103 

individuals following similar developmental trajectories exhibit more similar neural 104 

representations54. Therefore, higher ISC reflects greater similarity in the organization of 105 

memory representations across children and may index increasing representational stability 106 

during development2. Previous research identified a key stage in the development of 107 



 

 

memory representations in TD children, around which representational patterns become 108 

more consistent across individuals55. We therefore hypothesize that children with ADHD 109 

would exhibit a different developmental pattern around this stage. 110 

Here, we adopted a recognition memory task that included encoding and retrieval. 111 

Through representational similarity analysis (RSA)56 of electrophysiological activities, we 112 

aimed to quantify ERS and relate it to memory performance in children with and without 113 

ADHD. Memory reactivation or transformation is calculated as the ERS difference 114 

between remembered and forgotten items10: Higher ERS for remembered than for forgotten 115 

items indexed reactivation; conversely, if the memory representation is transformed, the 116 

ERS for remembered items is lower than that for forgotten items, reflecting meaningful 117 

memory transformation. We hypothesize that perceptual memory involves reactivation in 118 

lower-level sensory regions, whereas meaningful memory involves transformation in 119 

higher-level (e.g., prefrontal) regions, and we anticipate that children with ADHD and TD 120 

children would differ in their relative reliance on these two processes. Representations at 121 

the category level were assessed to reveal how and when memory is represented. If 122 

transformation relies on semantic processing, we expected memory-related ERS 123 

differences to be stronger between rather than within categories. We further used a 124 

pretrained deep neural network (DNN) to assess the visual and semantic formats of these 125 

representations57-59. Finally, ISC analysis was applied to delineate the developmental 126 

patterns of memory representations across children. 127 

2. Results 128 

2.1 Behavioral performance and development 129 

We recruited 238 children to complete a classic recognition memory task (Fig. 1a), 130 

comprising 126 children with ADHD and 112 TD children aged 6 to 12 years (Fig. 1b). 131 

During the encoding phase, participants were required to remember 60 images while 132 

performing an animal/nonanimal classification task. All participants completed the animal 133 

classification task with high accuracy (mean ± s.d.; 93 ± 4.7%) and a response time of 845 134 

± 101 ms. Subsequent analyses were restricted to trials that were correctly classified. In the 135 

retrieval phase, participants were instructed to classify 40 old (selected from encodings) 136 



 

 

and 40 new (foil) images as old or new. The corrected recognition score Pr (hits − false 137 

alarms)60 and the mean response time (RT) for correct trials were used to measure 138 

recognition performance. Trials with responses exceeding the mean RT ± 2.5 standard 139 

deviations within each participant were excluded (2.8%). Fifteen participants with poor 140 

performance (Pr ≤ 0) were excluded from further analyses. In the remaining sample (NADHD 141 

= 114; NTD = 109; detailed in Table 1), TD children had higher Pr than children with ADHD 142 

(0.70 vs. 0.63; T221 = 3.030, P = 0.003; Fig. 1c), while the RTs were faster for TD children 143 

than for children with ADHD (1107 vs. 1209 ms; T221 = −3.820, P < 0.001). Notably, no 144 

difference was observed in the number of remembered items (i.e., hits) between the two 145 

groups (77% vs. 79%; T221 = 1.583, P = 0.115). Memory performance (Pr) was 146 

significantly correlated with age in both groups (ADHD: r = 0.335, P < 0.001; TD: r = 147 

0.359, P < 0.001; Fig. 1d). These behavioral results reflected the gradual development of 148 

memory among children, allowing us to identify differences in the neuronal features of 149 

memory function in typical versus abnormal developmental children. 150 

2.2 Perceptual reactivation in children with ADHD 151 

To investigate the neural mechanisms of memory, we assessed item-specific ERS across 152 

six regions of interest (ROIs) in the EEG data: the left frontal (LF), right frontal (RF), left 153 

middle (LM), right middle (RM), left parietal‒occipital (LP), and right parietal‒occipital 154 

(RP) regions. Specifically, item-specific power values were extracted across frequencies 155 

(1–30 Hz) and electrodes, and temporal correlations were calculated within each ROI using 156 

sliding windows (300 ms width with a 50-ms step; Fig. 1e). The item-specific ERS (ERSItem; 157 

Fig. 1g) was defined by comparing the neural similarity within-item (ERSWI) versus 158 

between-item (ERSBI), i.e., ERSItem = avg.(ERSWI) − avg.(ERSBI). We compared 159 

differences in ERSItem between remembered and forgotten items (i.e., whether memory was 160 

successful in retrieval), as well as their interaction with age and memory performance. 161 

In children with ADHD, we identified significant memory reactivation clusters in the 162 

bilateral parietal‒occipital regions (LP: Tsum = 300.34, Nbin = 125, Pcluster = 0.031; Fig. 2a). 163 

To maintain methodological consistency (e.g., cluster size, channel count) with subsequent 164 

memory transformation effects, we performed all subsequent analyses using the LP, while 165 

the RP yielded the same results (RP: Tsum = 522.89, Nbin = 206, Pcluster = 0.008; 166 



 

 

Supplementary Fig. 1). The clusters in the LP extended from short intervals of 300–600 ms 167 

during encoding and long intervals of 300–1250 ms during retrieval, suggesting that 168 

memory retrieval in children with ADHD relied on prolonged reinstatement of early 169 

sensory representations. Within this cluster, remembered items showed significantly higher 170 

ERSItem than forgotten items (T113 = 2.856, P = 0.005, Cohen’s d = 0.267; Fig. 2b, left). 171 

Specifically, the item-specific reactivation involved a positive ERSItem in remembered 172 

items in older children, whereas no such effect was observed in forgotten items 173 

(Supplementary Fig. 2), reflecting that successful memory retrieval depended on 174 

reinstating encoding-related activity patterns in children with ADHD. Additionally, this 175 

reactivation effect was not observed in TD children (T108 = 0.557, P = 0.579, Cohen’s d = 176 

0.053; Supplementary Fig. 3). 177 

Further analysis revealed that this effect was specific to within-item similarity: the 178 

memory effect emerged for ERSWI (T113 = 2.122, P = 0.036, Cohen’s d = 0.199; Fig. 2b, 179 

right), but not for ERSBI (T113 = −0.998, P = 0.320, Cohen’s d = −0.093). This finding 180 

revealed that reactivation was specific to the same items rather than reflecting common 181 

cognitive overlap across different items. ERSWI and ERSBI were significantly greater than 182 

zero for both remembered and forgotten items (all T113 ≥ 2.001, Ps ≤ 0.048), deriving from 183 

the presence of shared neural patterns across items, regardless of retrieval success. 184 

To examine the spatial distribution across the whole brain, we averaged ERSItem across 185 

poststimulus intervals during encoding and retrieval. Children with ADHD again showed 186 

reactivation effects primarily in bilateral parietal‒occipital regions (Fig. 2c), with no 187 

significant effects in other ROIs (all Pcluster ≥ 0.062; Supplementary Fig. 4). This finding 188 

suggested that reactivation was reliant on sensory representations over the visual regions. 189 

Notably, the magnitude of reactivation was unrelated to memory performance (r = −0.003, 190 

P = 0.979; Fig. 2d), which indicated that although reactivation occurred robustly, it did not 191 

result in better retrieval outcomes. These findings implied that children with ADHD might 192 

rely predominantly on perceptual reactivation to retrieve sensory representations mirroring 193 

encoding patterns but did not support efficient memory performance. 194 

2.3 Meaningful transformation in TD children 195 

For TD children, we identified a significant memory transformation cluster in the right 196 



 

 

frontal (RF) region (Tsum = −210.72, Nbin = 89, Pcluster = 0.047; Fig. 2e), spanning −150 to 197 

950 ms during encoding and 200 to 400 ms during retrieval. This pattern indicated that 198 

memory transformation occurred rapidly, with retrieval-related representations being 199 

temporally compressed and involving abstract or semantic information from almost the 200 

whole encoding phase. Within this memory transformation cluster, remembered items had 201 

significantly lower ERSItem than forgotten items (T108 = −3.028, P = 0.003, Cohen’s d = 202 

−0.290; Fig. 2f, left). Specifically, meaningful transformation in item-specific 203 

representations resulted in near-zero ERSItem for remembered items and positive ERSItem 204 

for forgotten items (Supplementary Fig. 2), suggesting that TD children did not rely on 205 

reinstating the same encoding patterns but instead transformed them into different patterns 206 

according to their own experiences to facilitate memory.  207 

The memory effect was specific to ERSWI (T108 = −2.876, P = 0.005, Cohen’s d = 208 

−0.275; Fig. 2f, right), with no effect on ERSBI (T108 = 0.763, P = 0.447, Cohen’s d = 0.073). 209 

This finding revealed significant differences in the contributions of ERSWI and ERSBI. 210 

Similarly, ERSWI and ERSBI were significantly greater than zero for both remembered and 211 

forgotten items (all T108 ≥ 3.591, Ps ≤ 0.001), indicating the presence of shared neural 212 

patterns across items, independent of memory success. Additionally, this memory 213 

transformation effect was absent in children with ADHD (T113 = 0.484, P = 0.629, Cohen’s 214 

d = 0.045; Supplementary Fig. 3). 215 

In contrast to ADHD, transformation was observed primarily over high-level 216 

cognitive regions of TD children after the stimuli appeared (forgotten > remembered), 217 

especially over the right frontal region (Fig. 2g; all Pcluster ≥ 0.073 for the other regions in 218 

Supplementary Fig. 4). This overall pattern suggested that retrieval in TD children involves 219 

conceptual rather than purely sensory representations. Importantly, item-specific 220 

transformation in the right frontal region was negatively correlated with memory 221 

performance (r = −0.222, P = 0.021; Fig. 2h), and this correlation remained significant 222 

after controlling for age (ρ = −0.231, P = 0.016; Supplementary Fig. 5). These findings 223 

indicated that greater meaningful transformation predicted better memory performance, 224 

highlighting that TD children retrieved memories through flexible manipulation of 225 

information rather than reinstatement of sensory traces. 226 



 

 

2.4 Development of memory reactivation and transformation 227 

To examine differences in memory between children with ADHD and TD children, as well 228 

as their developmental patterns, we employed the average of significant clusters within 229 

specific ROIs as indices of reactivation or transformation. With respect to reactivation in 230 

the LP, children with ADHD had significantly greater values than zero (T113 = 2.856, P = 231 

0.005, Cohen’s d = 0.267; Fig. 2i, left), whereas TD children did not (T108 = 0.557, P = 232 

0.579, Cohen’s d = 0.053). However, this between-group difference was not significant 233 

(T221 = 1.647, P = 0.101, Cohen’s d = 0.221), suggesting that reactivation was common in 234 

both groups, regardless of developmental abnormalities. Notably, reactivation remained 235 

relatively stable across development in children with ADHD (r = −0.036, P = 0.707, Fig. 236 

2i, right) but decreased marginally in TD children (r = −0.183, P = 0.057). 237 

With respect to meaningful memory transformation in the RF, TD children exhibited 238 

significantly lower ERSItem than zero (T108 = −3.028, P = 0.003, Cohen’s d = −0.290; Fig. 239 

2j, left), whereas children with ADHD did not (T113 = 0.484, P = 0.629, Cohen’s d = 0.045). 240 

This between-group difference was significant (T221 = 2.473, P = 0.014, Cohen’s d = 0.331), 241 

highlighting that memory transformation was a skill specific to TD children. We next tested 242 

whether individual item-specific memory transformation levels depended on age and found 243 

that the transformation effect was not significantly correlated with age in both groups (Ps 244 

≥ 0.262; Supplementary Fig. 6). As an exploratory descriptive analysis, we additionally 245 

divided participants by median age and revealed that older children with ADHD (MD = 246 

8.288 years) showed marginally greater transformation (T112 = 1.956, P = 0.053, Cohen’s 247 

d = 0.366; Fig. 2j, right), approaching the levels of younger TD children (T110 = 0.759, P = 248 

0.449, Cohen’s d = 0.144). This exploratory pattern suggested that, despite the absence of 249 

significant memory transformation in children with ADHD, these memory effects might 250 

still exhibit developmental trends with age. In contrast, there was no significant difference 251 

between the low- and high-age subgroups of TD children (MD = 8.545 years; T107 = 0.135, 252 

P = 0.892, Cohen’s d = 0.026), with values for younger (T54 = −2.267, P = 0.027, Cohen’s 253 

d = −0.306) and older children (T53 = −2.034, P = 0.047, Cohen’s d = −0.277) significantly 254 

smaller than 0. 255 

A multiple linear regression model was conducted to examine the age-dependent 256 



 

 

contributions of LP reactivation and RF transformation to Pr. In TD children, RF 257 

transformation significantly predicted Pr (β = 0.232, P = 0.004, 95% CI [0.076, 0.387]), 258 

and this predictive effect decreased significantly with increasing age (β = −0.163, P = 0.040, 259 

95% CI [−0.318, −0.008]). Simple-slope analyses further showed that the association 260 

between RF transformation and Pr was strongest in younger TD children and was no longer 261 

significant in older children. In contrast, LP reactivation did not significantly predict Pr (β 262 

= 0.036, P = 0.640, 95% CI [−0.117, 0.189]), and its predictive effect did not vary 263 

significantly with age (β = −0.017, P = 0.812, 95% CI [−0.160, 0.126]). In children with 264 

ADHD, neither LP reactivation nor RF transformation significantly predicted Pr (Ps ≥ 265 

0.549), and none of the associations were significantly moderated by age (Ps ≥ 0.514). 266 

Together, these results suggested that 6–12-year-old TD children had acquired 267 

transformation abilities during early childhood and maintained them throughout 268 

development, and this transformation has an age-dependent predictive effect on memory 269 

performance. Conversely, children with ADHD acquired transformation skills more 270 

gradually, reaching transformation levels comparable to those of younger TD children only 271 

at older ages, and no similar age-dependent behavioral-neurological associations were 272 

observed—providing potential neurobiological evidence for memory developmental 273 

abnormalities associated with ADHD. 274 

2.5 Representational contents of memory reactivation and 275 

transformation 276 

To reveal the representational contents of reactivation and transformation, we subdivided 277 

between-item ERS into within-category (ERSWC) and between-category (ERSBC) 278 

according to the image category (animal/nonanimal), representing whether the item came 279 

from the same category in encoding and retrieval (Fig. 3a). Compared to the image 280 

representation space, the distances between animals and nonanimals (between-category) 281 

were farther than those between animals and animals (within-category) in the semantic 282 

representation space. Therefore, we hypothesized that between-category items had greater 283 

differences (Rem vs. Forg) than within-category items in terms of semantic representations 284 

instead of image representations. We expected greater representational differences in 285 

ERSBC than in ERSWC (ERSBC ≠ ERSWC) if reactivation/transformation relied on semantic 286 



 

 

abstraction. Conversely, ERSWC would show similar representational differences to ERSBC 287 

(ERSBC ≈ ERSWC) if reactivation/transformation relied on image representations (Fig. 3b). 288 

In children with ADHD, neither ERSWC (T113 = −0.370, P = 0.712, Cohen’s d = −0.035) 289 

nor ERSBC (T113 = 1.245, P = 0.216, Cohen’s d = 0.117) showed significant reactivation 290 

effects in the LP (Fig. 3c). These findings indicated that memory reactivation in ADHD 291 

depended primarily on the reinstatement of low-level visual representations in the parietal‒292 

occipital region, without engaging semantic processing, which was consistent with the 293 

repetition of perceptual traces. 294 

In contrast, in TD children, meaningful transformation emerged specifically in ERSBC 295 

within the RF (T108 = 1.998, P = 0.048, Cohen’s d = 0.191), with no such effect for ERSWC 296 

(T108 = −0.046, P = 0.963, Cohen’s d = −0.004; Fig. 3d). Notably, ERSWC and ERSBC were 297 

both derived from ERSBI (i.e., the subtrahend in the above memory effect: ERSWI − ERSBI), 298 

such that more positive ERSWC or ERSBC values in such instances indicated greater 299 

transformation. Whole-brain analysis further revealed significant ERSBC transformation in 300 

bilateral frontal regions (LF: T108 = 2.260, P = 0.026, Cohen’s d = 0.216; RF: T108 = 2.565, 301 

P = 0.012, Cohen’s d = 0.246; Fig. 3e), whereas ERSWC was absent (Ps ≥ 0.175). Moreover, 302 

in the RF, ERSBC transformation was significantly greater than ERSWC (T108 = 2.332, P = 303 

0.022, Cohen’s d = 0.223). These findings suggested that recognition in TD children 304 

involved memory transformation of semantic information within high-level cognitive 305 

regions. Such reliance on transformation highlighted a developmental advantage in flexibly 306 

reconstructing representations to support recognition memory. 307 

2.6 Memory is transformed during encoding in TD children 308 

Next, we examined whether meaningful memory transformation occurred during encoding 309 

or retrieval by comparing the representational similarity between items (Fig. 4a). 310 

Specifically, we assessed the similarity between each item and all other items within the 311 

same memory phase, i.e., encoding (EES) and retrieval (RRS), and tested the generalization 312 

(remembered > forgotten) and differentiation (forgotten > remembered) of memory 313 

representations across items. Here, memory differentiation reflects representational 314 

transformation between different memory items. 315 

In TD children, significant effects on memory differentiation emerged in EES. In the 316 



 

 

LP, remembered items showed lower similarity to other items than forgotten items (Tsum = 317 

−9.065, Nbin = 4, Pcluster < 0.001, −100–50 ms, EESRem = 0.019, EESForg = 0.029; Fig. 4b), 318 

which indicated that more representational transformations occurred between items that 319 

were subsequently remembered than those that were subsequently forgotten. Notably, the 320 

apparent early onset was likely attributable to the sliding-window approach, as the first 321 

window averaged activity from 0–300 ms post-stimulus. A similar effect was observed in 322 

the RF (Tsum = −9.525, Nbin = 4, Pcluster < 0.001, 150–300 ms, EESRem = 0.026, EESForg = 323 

0.042). Interestingly, category analyses further revealed that differentiation in LP was not 324 

significantly different between within- and between-category items (T108 = 1.669, P = 0.098, 325 

Cohen’s d = 0.160; Supplementary Fig. 7), whereas the RF tended towards greater 326 

differentiation for between-category items than for within-category items (T108 = 1.925, P 327 

= 0.057, Cohen’s d = 0.184), consistent with semantic modulation. 328 

Together, these results suggest that memory-related differentiation during encoding 329 

involved distinct representational formats across regions: differentiation in the LP was 330 

primarily associated with sensory/visual information, whereas differentiation in the RF 331 

showed evidence of higher-level semantic modulation. Notably, no differentiation effects 332 

were observed in RRS, indicating that memory transformation in TD children had already 333 

occurred during encoding. Additionally, this encoding differentiation effect was absent in 334 

children with ADHD (Supplementary Fig. 7). 335 

2.7 DNN reveals representational formats of reactivation and 336 

transformation 337 

To further investigate representational formats in the LP and RF and their associations with 338 

memory, we compared the neural representations of items observed during encoding with 339 

representations in individual layers of the AlexNet DNN (Fig. 4c). AlexNet consists of five 340 

convolutional layers and three fully connected layers. Visual information is initially 341 

processed on a pixel-by-pixel basis in the first convolutional layer (conv1), then propagated 342 

to downstream layers, and finally assigned semantic labels in the output layer (fc8). We 343 

compared the neural-DNN correspondences for remembered and forgotten items at all time 344 

points and applied cluster-based permutation tests for multiple comparisons across time 345 

points. 346 



 

 

During the memory encoding (EES-DNN) in TD children, we identified a significant 347 

cluster between 600 and 800 ms in layer fc8, in which the representation for remembered 348 

items was significantly lower than that for forgotten items (Tsum = −12.024, Nbin = 5, Pcluster 349 

= 0.038; Fig. 4d), and this cluster was located within the encoding time window showing 350 

the memory transformation effect. To better capture ROI-specific differences in the 351 

memory specificity of neural-DNN correspondences, we conducted post hoc tests for 352 

specific time windows showing the reactivation effect (300–600 ms) and the 353 

transformation effect (0–1000 ms). In the LP region of children with ADHD, we found that 354 

the neural representation of memory reactivation was associated with the early 355 

convolutional layers, which may reflect low-level, pixel-based visual information. By 356 

contrast, in the RF region of TD children, the neural representation of memory 357 

transformation was associated with the final fully connected layers, which may be related 358 

to higher-level semantic labels (Supplementary Fig. 8). 359 

Notably, within this exploratory analysis, interpretation of effects based on individual 360 

layers should not be overemphasised. Nevertheless, the overall pattern of separable 361 

representational formats of reactivation and transformation in different groups of children 362 

may provide new insights into underlying memory strategies and how they are deployed 363 

during the encoding process. 364 

2.8 ISC reveals differences in memory development across children 365 

We adopted a model-free approach to reveal differences in memory representations across 366 

participants. Specifically, we calculated correlations across all participants and constructed 367 

intersubject RSMs. The average ISC between each child and all the other children was used 368 

as a measure of group differences. The intersubject RSM derived from the memory-related 369 

regions (LP of ADHD / RF of TD) was subsequently tested against four age-based 370 

developmental models: nearest neighbor, divergence, key stage, and convergence (Fig. 1f). 371 

For the key-stage model, we systematically adjusted candidate key ages (sliding key ages 372 

with 0.1-year steps) to determine the best fit for children with ADHD and TD. 373 

Analysis of the average ISC revealed TD children showed significantly greater-than-374 

zero ISC in the LP region (T108 = 3.089, P = 0.003, Cohen’s d = 0.296; Fig. 4e), but not in 375 

the RF region (T108 = 0.317, P = 0.752, Cohen’s d = 0.030), with a significant difference 376 



 

 

determined between the two regions (T108 = 2.442, P = 0.016, Cohen’s d = 0.234). In 377 

contrast, neither the LP nor the RF region showed a significant value greater than zero in 378 

children with ADHD (Ps ≥ 0.118). These findings suggested that TD children shared a 379 

common memory representational structure, whereas such shared representations were 380 

almost absent in children with ADHD. The reduced average ISC in the RF of TD children 381 

might be attributed to their increased representational transformation, which yielded more 382 

individualized semantic representations and consequently reduced the intersubject 383 

similarity. 384 

Among the four developmental models, the key-stage model showed the strongest 385 

correspondence with the intersubject RSMs in both groups (ADHD: ρ = 0.022, P = 0.046; 386 

TD: ρ = 0.016, P = 0.080, one-tailed permutation test; Fig. 4f), whereas the remaining 387 

models showed no significant correlations (Ps > 0.444). The time window for the ISC 388 

analysis was focused on significant ERS clusters. Further analysis of the key-stage models 389 

for these two groups of children revealed group differences in the key age: the key age was 390 

younger for TD children, whereas it was older for children with ADHD (Fig. 4g). In the LP 391 

(T221 = −574.017, P < 0.001, Cohen’s d = −77.225; Fig. 4h) or RF (T221 = −10.987, P < 392 

0.001, Cohen’s d = −1.478) regions, the developmental differences between the two groups 393 

of children were statistically significant. These findings indicated age-related differences 394 

in the organization of memory representations between children with ADHD and TD 395 

children, providing potentially neurobiological evidence for impaired or delayed 396 

meaningful memory transformation. 397 

3. Discussion 398 

Recognition memory can be acquired in two neural mechanisms: perceptual memory and 399 

meaningful memory. The key distinction lies in whether stored representations are simply 400 

reinstated or reconstructed into new conceptual connections. By comparing ERS between 401 

TD children and those with ADHD who exhibit delayed prefrontal maturation45, this study 402 

revealed region-specific mechanisms: children with ADHD showed greater reliance on 403 

perceptual reactivation over visual regions; whereas TD children showed greater 404 

engagement of representational transformation over prefrontal regions, likely reflecting the 405 

flexible reconstruction of perceptual traces into semantic representations—a hallmark of 406 



 

 

meaningful memory. Reactivation and transformation can occur simultaneously in distinct 407 

brain regions10, yet their developmental patterns remain unclear. Here, we provide the first 408 

evidence of these two processes in children aged 6–12 years, and reveal a dynamic 409 

evolution from reactivation to transformation regulated by the prefrontal system. 410 

Furthermore, intersubject similarity revealed differences in memory development across 411 

children, providing neurobiological evidence for their impaired or potentially delayed 412 

recognition memory. 413 

Specifically, over the parietal‒occipital region, children with ADHD exhibited 414 

stronger and more age-stable reactivation. During the recognition of visual images, 415 

memory retrieval is completely dependent on matching sensory input with the encoding 416 

context, i.e., processing previously encoded sensory information within visual regions18-21. 417 

This ability is consistent with the feature of perceptual memory, characterized by the vivid 418 

reinstatement of perceptual details. This persistent dependence on reactivation may explain 419 

why children with ADHD can recognize perceptual details but struggle to integrate or 420 

generalize information61. In contrast, memory retrieval in TD children showed weaker 421 

reliance on reactivation, which further decreased with age. This shift likely reflects an 422 

adaptive change in the strategic balance between perceptual memory (reactivation) and 423 

meaningful memory (transformation), as TD children increasingly encode information 424 

through abstraction and semantic integration rather than purely through sensory processing. 425 

Additionally, the reduced dependence on reactivation in TD children may also arise from 426 

memory differentiation effects occurring in encoding, specifically the representation 427 

transformation between memory items. 428 

The TD children exhibited stronger memory transformation in frontal regions, 429 

supporting the notion of dynamic adaptation between perceptual and meaningful memory. 430 

This transformation is supported by the maturation of the prefrontal‒hippocampal 431 

system25,26, which enables flexible integration of perceptual and semantic information. The 432 

spatial dissociation between perceptual and meaningful memory in the parietal‒occipital 433 

and frontal regions corresponds to the memory models proposed in previous studies62,63. 434 

These models propose that posterior hippocampal regions encode fine perceptual details in 435 

concert with posterior neocortical areas, whereas anterior regions encode abstract, 436 

schematic features and interact with the anterior medial prefrontal cortex. The impaired 437 



 

 

transformation observed in children with ADHD fits this framework, reflecting the atypical 438 

development of the prefrontal circuitry. This finding is consistent with prior neuroimaging 439 

evidence of delayed prefrontal maturation associated with executive and attentional control 440 

deficits in individuals with ADHD45,46,49. This impaired transformation also explains why 441 

ADHD involves associative learning deficits64. Notably, this impairment is not permanent 442 

damage but a developmental delay: older children with ADHD exhibit representational 443 

profiles comparable to those of younger TD children.  444 

This memory framework provides a theoretical basis for distinguishing perceptual and 445 

meaningful memory, which serve as different forms of neural dynamics. Perceptual 446 

memory reinstates perceptual traces, recovering surface-level details with limited 447 

flexibility, whereas meaningful memory reflects a shift in neural representations between 448 

encoding and retrieval that may enable semantic reconstruction. Through this 449 

“semanticization” process, richly detailed event memories are progressively reduced to 450 

schematic generalizations, resulting in the loss of fine perceptual detail during long-term 451 

consolidation12,65,66. Category-level analysis revealed that TD children showed stronger 452 

representational transformations between different categories, which were associated with 453 

better memory performance. Representational similarity analysis highlights how objects 454 

can be organized along multiple dimensions (e.g., life, shape, color, and function), yet 455 

semantic dimensions often capture category structure most effectively67. For instance, 456 

distinctions between animal and nonanimal images are more robustly represented in 457 

semantic than in perceptual space68,69. Thus, stronger between-category similarity supports 458 

the idea that memory transformation occurs through semanticization, and more pronounced 459 

semantic representation patterns predict better subsequent memory8. 460 

Interestingly, stronger between-category transformations also emerge between 461 

different items within encoding (EES) but not retrieval, indicating that memory-related 462 

representational differentiation, including semantic differentiation, is already evident 463 

during encoding. Analysis based on DNN further revealed a correspondence between the 464 

neural representations in RF of TD children during encoding and the semantic/label 465 

representations in DNN, tentatively suggesting a memory effect influenced by negative 466 

matching between neural and DNN representations. This negative matching between 467 

related items has previously been described as “repulsion” of memory representations70-72. 468 



 

 

Notably, although the transformation in RF is sensitive to higher-level semantic 469 

information, reduced ERS in frontal regions is not process-specific and may also reflect 470 

differences in executive control, task state, decision-related processing, or the temporal 471 

organization of frontal engagement across memory phases. The present findings should 472 

therefore be interpreted as evidence for a change in representational organization with 473 

semantic modulation, rather than as a unique neural signature of semantic transformation. 474 

These encoding-related differences may shape the mnemonic representations subsequently 475 

accessed during retrieval and thereby contribute to the reduced encoding-retrieval 476 

similarity observed for remembered items. These findings explicitly reveal how and when 477 

memory representations are transformed. This prefrontal-driven transformation from 478 

visual to semantic codes supports meaningful memory reconstruction and the formation of 479 

new conceptual links across experiences. 480 

ISC provided a complementary perspective on memory representation patterns across 481 

populations. In this study, TD children and children with ADHD differed in the extent to 482 

which representational structures were shared across individuals. Compared with TD 483 

children, children with ADHD showed no reliable intersubject similarities, which may 484 

reflect greater heterogeneity in the memory representations. This interpretation is 485 

consistent with previous findings that ADHD is associated with reduced intersubject neural 486 

synchrony and less stable neural response patterns across individuals73,74. Nevertheless, 487 

intersubject similarity may be influenced by multiple sources of individual variability, 488 

including behavioral performance, cognitive strategy, and functional organization. This 489 

issue may be particularly relevant to higher-order prefrontal regions, where representations 490 

are more strongly shaped by individual experience and semantic knowledge and therefore 491 

tend to exhibit greater intersubject heterogeneity75,76. Analysis of developmental models 492 

further suggested that intersubject similarity is neither static nor uniformly related to age, 493 

but instead exhibits region-specific age-related patterns. This finding complements 494 

previous conclusions that intersubject similarity can either increase or decrease with age 495 

depending on the brain region and representational content77-79. The different key-stage 496 

patterns observed between the TD and ADHD groups are more conservatively interpreted 497 

as group differences in the age-related consistency of memory representations, rather than 498 

as direct markers of neural maturation. Since the present data are cross-sectional, these 499 



 

 

findings cannot distinguish developmental delay from an atypical developmental trajectory. 500 

However, they complement the individual-level ERS results, suggesting that the two 501 

groups differ not only in representational processes within individuals, but also in the 502 

intersubject consistency and age-related organization of these representational patterns. 503 

Our findings hold broader implications for memory theory. They suggest that 504 

recognition—often viewed as a simple process driven by external cues—is not purely 505 

perceptual but instead depends on the developmental capacity to flexibly transform 506 

representations. This phenomenon reframes recognition as a dynamic interplay between 507 

reactivation and transformation, with the latter marking progress towards meaningful 508 

memory. Crucially, prefrontal transformations predicted better memory performance in TD 509 

children, highlighting their functional role in supporting semantic reconstruction. This 510 

finding aligns with evidence showing that developmental changes in the prefrontal region 511 

shape strategy use in memory: tasks requiring strategic encoding engage the executive 512 

functions of the frontal cortex80. Compared with shallow encoding, deep semantic encoding 513 

elicits stronger age-related prefrontal activation81. Encouraging children to adopt semantic 514 

strategies could therefore enhance prefrontal engagement, optimize encoding, and promote 515 

meaningful memory formation33,82. More broadly, these findings highlight the potential for 516 

representational patterns of neurophysiological signals, such as memory transformation, to 517 

serve as diagnostic markers for typical and atypical populations. 518 

Several limitations should be acknowledged. First, although EEG provides excellent 519 

temporal resolution, its limited spatial precision constrains the ability to localize the 520 

underlying neural mechanisms. Future work combining EEG with fMRI or using 521 

magnetoencephalography (MEG) could more accurately map the circuits supporting 522 

reactivation and transformation. The use of OPM-MEG, in which the sensor arrays can be 523 

adapted to the smaller head size of the children, might offer an opportunity for better 524 

localization of the effects83,84. Second, the cross-sectional design precludes the ability to 525 

distinguish developmental delays from atypical trajectories. Longitudinal studies will be 526 

essential to trace how these mechanisms evolve within individuals over time. 527 

In summary, our study identifies two complementary mechanisms that support 528 

recognition memory in childhood: perceptual memory supported by reactivating sensory 529 



 

 

traces, and meaningful memory supported by semantic transformation that reshapes 530 

representations. The TD children rely on the transformation early in development, whereas 531 

children with ADHD exhibit developmental delays, prolonging their dependence on 532 

reactivation. These findings extend theories of memory by reframing recognition as a 533 

dynamic balance between perceptual and meaningful memory. Moreover, this study 534 

revealed the role of prefrontal regions in meaningful memory, clarified the basis for 535 

memory divergence in children with ADHD and revealed the potential for modulating this 536 

process through targeted interventions. 537 

4. Materials and Methods 538 

4.1 Participants 539 

In this study, a total of 238 children (6–12 years old) were recruited, comprising 126 540 

children with ADHD and 112 TD children. Fifteen participants were excluded from all 541 

analyses because of poor memory performance. The final sample included 114 children 542 

with ADHD (31 females; 8.39 ± 1.32 years old) and 109 TD children (40 females; 8.62 ± 543 

1.37 years old). The age of the participants was normally distributed (ADHD: P = 0.161; 544 

TD: P = 0.267; Kolmogorov-Smirnov test; Fig. 1b), and no differences were observed 545 

between these two groups in terms of age (T221 = 1.279, P = 0.202) or gender (χ2 = 2.319, 546 

P = 0.128). Children with ADHD were recruited from the clinics of local children’s 547 

hospitals, and healthy controls (i.e., TD children) were recruited from local schools. All 548 

participants were right-handed, had normal or corrected-to-normal vision, and had full-549 

scale intelligence quotients (IQs) above 80, as measured by the Wechsler Intelligence Scale 550 

for Chinese Children-Revised (WISCC-R). The IQs of children with ADHD were lower 551 

than those of TD children (T221 = 4.263, P < 0.001). Informed consent was obtained from 552 

all participants and their parents via the Declaration of Helsinki, following the protocols 553 

approved by the local ethics committee. 554 

The diagnosis of ADHD was based on the K-SADS (Kiddie-Schedule for Affective 555 

Disorders and Schizophrenia) and DSM-V (Diagnostic and Statistical Manual of Mental 556 

Disorders, 5th edition) criteria through a semistructured interview with qualified 557 

psychiatrists, and symptom severity was measured using the SNAP-IV (Swanson, Nolan, 558 



 

 

and Pelham rating scales, 4th edition) parental rating scale. Children diagnosed with 559 

ADHD satisfied all the criteria outlined in the DSM-V and SNAP-IV assessment scales, 560 

whereas TD children did not. Compared with TD children, those with ADHD had 561 

significantly higher SNAP inattention (T221 = 23.124, P < 0.001) and SNAP hyperactivity 562 

scores (T221 = 22.868, P < 0.001). None of the participants in this study received 563 

psychostimulant medication prior to the experiment, and all of them met the following 564 

criteria: no comorbidities such as schizophrenia, autism spectrum disorders, mood 565 

disorders, epilepsy, or tic disorders; no history of head trauma; and no organic, neurologic, 566 

or other serious diseases. 567 

4.2 Experimental stimuli and task 568 

Participants completed a recognition memory task (Fig. 1a) that was applied to investigate 569 

recognition memory with paediatric samples55. The materials included animal and 570 

nonanimal images from the Snodgrass and Vanderwart image set85. These images were 571 

preprocessed into white line drawings on a black background and normalized for physical 572 

attributes such as size, background, contrast, and brightness.  573 

The experimental task consisted of encoding and retrieval phases with 1-minute 574 

intervals, which lasted approximately 10 minutes in total. In the encoding phase, 575 

participants were presented with 60 animal/nonanimal images (half each category) and 576 

were instructed to define them as animal/nonanimal by pressing keys. Each trial started 577 

with a stimulus image presentation for 1000 ms, followed by an interstimulus interval (ISI) 578 

of 1500 ms. Then, following a retrieval phase, where participants were presented with old 579 

(40; selected from encodings) and new (40; foil) images and were instructed to press keys 580 

to indicate their memory discrimination (i.e., old or new). Each trial started with a fixation 581 

cross of 250 ms, followed by a black screen for 500 ms; the stimulus image was then 582 

presented for 500 ms, and finally, the ISI was presented for 3000 ms. 583 

The stimulus images were presented using E-Prime 2.0 software (Psychological 584 

Software Tools, Pittsburgh, PA, USA), and all the images were presented on a black 585 

background. The participants were seated 90 cm away from the screen, and the viewing 586 

angle of the images was 3.18° × 3.18°. To minimize artefacts caused by blinking and eye 587 

movements, participants were also asked to fixate a white cross on the screen during the 588 



 

 

experiment and to blink during key-press responses. To implement the representational 589 

similarity analyses across participants, each participant saw the same stimulus items, but 590 

the presentation order was randomized. To ensure comprehension, participants underwent 591 

a practice before the formal experiment. 592 

4.3 EEG recording and preprocessing 593 

EEG data were recorded using a 21-channel amplifier (Stellate System Inc., CA, USA) 594 

according to the standard 10-20 system. All scalp electrodes were referenced to CPz and 595 

sampled at 500 Hz, and all interelectrode impedance was maintained below 5 kΩ during 596 

recording. 597 

EEG data were preprocessed using EEGLAB86 in MATLAB (MathWorks, MA, 598 

USA). The EEG data were bandpass filtered between 0.01 and 40 Hz, and rereferenced to 599 

the global average87. Bad channels were removed with the following criteria: continuous 600 

flat over 5 s; more than 4 standard deviations of line noise relative to their signal; and 601 

correlation with the estimates of nearby channels less than 0.8. Artefact subspace 602 

reconstruction (ASR) was implemented to remove data portions containing artefacts88. 603 

Additional data portions were removed if more than 25% of the channels had a power 604 

greater than 7 standard deviations. Independent component analysis (ICA) was performed 605 

to correct eye artefacts89, and the ICA matrix was applied to the full-length data prior to 606 

the removal of artefacts by ASR. Components with a probability of eye artefacts greater 607 

than 0.6 were removed using the ICLabel plugin90. 608 

The processed EEG data were segmented from −500 to 1500 ms relative to the onset 609 

of each image. If more than 10 channels had amplitudes exceeding ± 100 μV or if the joint 610 

probability of local/global thresholds exceeded 3 standard deviations, the epoch was 611 

rejected using the TBT plugin 91; otherwise, the epoch was retained and only the channels 612 

of that epoch were interpolated. The previously removed channels were interpolated using 613 

spherical splines, and 97 ± 5.0% of the epochs were retained for subsequent analysis. 614 

4.4 Time-frequency analysis for RSA 615 

To avoid edge artefacts in the spectral decomposition, we first mirrored each epoch by 616 

appending the flipped data to the beginning (from −2.5 to −0.5 s) and end (from 1.5 to 3.5 617 



 

 

s) of each epoch. Next, we applied a Morlet wavelet transform to the epochs from −500 to 618 

1500 ms, with Morlet wavelets ranging from 1 to 30 Hz (in 1 Hz steps) and linear intervals 619 

of 3 to 15 cycles. The average spectral power was normalized (Z score) with the prestimulus 620 

baseline of −500 to −200 ms before stimulus onset. We averaged the data in 300-ms time 621 

windows, sliding in 50-ms steps. Each window was assigned to its midpoint (e.g., the first 622 

window spanned from −500 to −200 ms and was labelled as −350 ms), resulting in a total 623 

of 35 distinct windows within the range of −500 to 1500 ms. Additionally, we divided all 624 

the channels into six ROIs (LF, RF, LM, RM, LP, and RP) and used the channels from 625 

each ROI as spatial features. For each trial, n (channels) × 30 (frequencies) × 35 (time 626 

steps) values were generated, which were used for subsequent analysis. We also explored 627 

memory effects (remembered − forgotten) on time-frequency features during encoding and 628 

retrieval in different ROIs (Supplementary Fig. 9). 629 

4.5 Representational similarity analysis 630 

To investigate the neural similarity within the encoding or retrieval phases, we used 631 

representational similarity analysis (RSA) on items that appeared in both memory phases 632 

(i.e., 40 old items). Since directly calculating the neural similarity of a specific item 633 

between participants (i.e., first-level pattern similarity) may be affected by potential 634 

differences in potential, we calculated the pattern similarity when participants processed 635 

the same set of stimuli (i.e., second-level pattern similarity)53,92. For items that were 636 

removed because of data artefacts (3% of all items), we interpolated using the 637 

corresponding group average item (item average of all participants). We estimated the 638 

pattern similarity between different items using Spearman correlation and constructed a 40 639 

× 40 individual representational similarity matrix (RSM) for each participant, where the 640 

diagonal represents the similarity between each item and itself (Fig. 1e). Specifically, we 641 

used the power distribution of specific items across channels and frequencies (e.g., 4 642 

electrodes × 30 frequencies in LF) as features for similarity estimation. These features were 643 

concatenated into a 4 × 30 one-dimensional vector and correlated with features from the 644 

same and all different items. This analysis was repeated separately for all time steps and 645 

memory phases (encoding/retrieval) for each participant. 646 

4.6 Intersubject correlation analysis 647 



 

 

To explore the developmental trajectories related to memory representation and better 648 

capture patterns of memory representations across individuals, we used a model-free 649 

approach54,93 within the same memory phase. We calculated the intersubject correlation 650 

(ISC) between each pair of individual RSMs, resulting in an intersubject RSM. The 651 

obtained matrix was transformed using the Fisher r-to-z before further analysis. 652 

Intersubject RSM was obtained separately for children with ADHD and TD children, after 653 

which we tested whether it corresponded to one of the different developmental models 654 

(Fig. 1f). All developmental models were constructed using the actual age of the 655 

participants as a measure of maturity. There are four main methods for estimating maturity 656 

similarity, each of which evaluates different hypotheses about how memory 657 

representations develop with age: 658 

(1) Nearest neighbor: Children with similar maturity have more similar memory 659 

representations (metric: sample maximum minus absolute of paired differences). (2) 660 

Divergence: Younger children have more similar memory representations (metric: sample 661 

maximum minus paired average). (3) Key stage: Children with maturity closer to the key 662 

age have more similar memory representations (metric: sample maximum minus absolute 663 

difference between pairs and key age, with key age constructed by sliding 0.1-year steps 664 

between the minimum and maximum ages). (4) Convergence: Older children have more 665 

similar memory representations (metric: paired average). 666 

4.7 Encoding-Retrieval Similarity 667 

We investigate item-specific neural similarity between encoding and retrieval (ERS) to 668 

reveal the representation reactivation or transformation of memory. In this analysis, a 40 × 669 

40 ERS matrix (Fig. 1g) was constructed, in which the diagonal represents the similarity 670 

between the same items across encoding and retrieval, and the off-diagonal represents the 671 

similarity between different items, capturing item-specific representations and common 672 

cognitive processes across different items, respectively. Before further analysis, the ERS 673 

matrix was also transformed using the Fisher r-to-z. The item-specific ERS (ERSItem) was 674 

calculated using the average of all items with the same memory performance 675 

(remembered/forgotten) in encoding and retrieval (within-item, ERSWI, diagonal elements) 676 

minus the average of that item in encoding with all other items in retrieval (between-item, 677 



 

 

ERSBI, off-diagonal elements in the row direction), i.e., ERSItem = avg.(ERSWI) – 678 

avg.(ERSBI). Additionally, we considered the off-diagonal elements in the column 679 

direction, as well as the off-diagonal elements in both the row and column directions 680 

(Supplementary Fig. 10). We investigated the relationships between neural representations 681 

across all time steps during encoding and retrieval, generating matrices of encoding time × 682 

retrieval time. We revealed the reactivation and transformation of temporal representations 683 

by comparing the ERSItem of remembered and forgotten items at each time step. 684 

To further reveal the representational patterns of reactivation and transformation, we 685 

classified the similarity between specific items in encoding and all other items in retrieval 686 

(i.e., between-item) into two categories according to image category (animal/nonanimal). 687 

Within-category (ERSWC) refers to items from the same category (animal & animal or 688 

nonanimal & nonanimal) in encoding and retrieval, whereas between-category (ERSBC) 689 

refers to items from different categories (animal & nonanimal or nonanimal & animal) in 690 

encoding and retrieval (Fig. 3a). The ERSWC and ERSBC were measured by calculating the 691 

average difference between remembered and forgotten items. Compared with image 692 

representations, the ERS between different categories was more pronounced in semantic 693 

representations. This distinction allowed us to test whether memory effects reflected 694 

semantic-level differences, with stronger representational differences expected in ERSBC 695 

than in ERSWC if reactivation or transformation relied on semantic abstraction (Fig. 3b). 696 

Off-diagonal elements in the column direction, and in both the row and column directions, 697 

were also considered (Supplementary Fig. 11). 698 

4.8 Between-item similarity (EES/RRS) 699 

We calculated the pairwise similarity of items within the same memory phase (EES/RRS) 700 

for the between-item similarity analysis (Fig. 4a). We used the symmetric individual RSMs 701 

constructed from the time-frequency features as described above. Subsequent analyses 702 

were based on the lower diagonal of these RSMs, which were Fisher r-to-z transformed 703 

prior to analysis. For each time step, we investigated whether there were differences in the 704 

pairwise similarity between remembered and forgotten items. In the subject-level analysis, 705 

we performed paired-sample T tests for the mean of items with the same memory 706 

performance for each participant. In the group-level analysis, we tested whether the T 707 



 

 

values of each participant consistently deviated from zero. In the time series of group-level 708 

effects, we searched for temporal clusters formed by adjacent times and estimated their 709 

statistical significance using cluster-based permutation statistics. 710 

4.9 Deep neural network (DNN) models 711 

We applied a pre-trained convolutional neural network “AlexNet94” to classify the images 712 

featured in the experiment. AlexNet comprises five convolutional layers and three fully 713 

connected layers (Fig. 4c), and was trained on 1.2 million high-resolution images labelled 714 

with 1000 categories. Image information was initially processed on a pixel-by-pixel basis 715 

in the first convolutional layer, then propagated unidirectionally to downstream layers, with 716 

semantic labelling ultimately assigned at the output layer (softmax). We averaged the 717 

values across the spatial dimension95 for each convolutional layer of every image, thereby 718 

obtaining a single value corresponding to each feature (image × feature). Based on 719 

estimated pairwise correlation coefficients derived from internal feature activation values, 720 

we generated eight 40 × 40 symmetric, layer-specific RSMs, which were then Fisher r-to-721 

z transformed for further analysis. 722 

The RSMs generated by DNN correspond to the individual neural RSMs obtained 723 

through EES analysis and were applied equally across different ROIs, thereby enabling a 724 

direct comparison of the representational structures between neural features and AlexNet. 725 

For all time points in the encoding phase, we obtained 35 EES matrices (image × image) 726 

for each participant and for each ROI. To maintain consistency with the item-specific 727 

approach used in ERS analysis, we calculated image-specific alignment between neural 728 

features and each DNN layer. For each image, we extracted the vector of similarity values 729 

with all other images (vector of length N−1, i.e., a row or column of matrix) from the neural 730 

and DNN matrices. These vectors capture the geometric relationships between this image 731 

and all other images. We then calculated the Spearman correlation coefficients between the 732 

vectors from neural and DNN matrices for each time point and network layer, yielding a 733 

value of the item-specific similarity between the neural and the DNN representations. The 734 

statistical procedure was similar to the ERS analysis: we first performed T tests on the 735 

values of remembered and forgotten items to examine whether similarity at different time 736 

points differed according to memory performance. In the group-level analysis, we tested 737 



 

 

whether these T-values differed significantly from zero across all participants. We then 738 

identified adjacent significant (P < 0.05) time points in group-level T-tests and corrected 739 

for multiple comparisons between adjacent time points using permutation tests, in which 740 

the order of the image-specific similarity vectors in the neural matrices was randomized 741 

prior to comparison with image-specific vectors from a single DNN layer matrix. 742 

4.10 Statistical analysis 743 

To test whether similarity between encoding and retrieval could support memory 744 

reactivation and transformation, we first computed ERS at the subject-level. Paired-sample 745 

T tests were used to compare ERS for remembered versus forgotten items, yielding subject-746 

specific T value maps with the encoding × retrieval time for subsequent group analysis. At 747 

the group level, one-sample T tests were used to assess whether the mean T values differed 748 

from zero, and significant clusters (P < 0.05) were identified by summing adjacent time 749 

points into empirical clusters. Post hoc two-sample(independent-samples) T tests were then 750 

used to examine group differences between children with ADHD and TD children. 751 

Multiple-comparison correction was implemented using cluster-based permutation tests96. 752 

For each RSA, 1,000 permutations were performed in which memory labels 753 

(remember/forget) were randomly shuffled while preserving size. Group-level significance 754 

was assessed by identifying empirical clusters in the time (EES/RRS) or time × time (ERS) 755 

maps, summing all T values within each cluster, and ranking the observed cluster against 756 

the permutation distribution in the same direction (positive or negative). The P value was 757 

defined as the rank of the observed cluster divided by the permutation count (P = 758 

rank/1000). 759 

To link ERS effects to development and behavior, we constructed regression models 760 

relating ERS values of significant clusters to age and memory performance. ERS values 761 

were Fisher r-to-z transformed to yield normalized scores. Linear, quadratic, and cubic 762 

regression models97 were tested, and the best-fitting model (Supplementary Table 1) was 763 

selected on the basis of Akaike’s information criterion (AIC) and the Bayesian information 764 

criterion (BIC). To control for shared variance, partial correlations were also computed for 765 

item-specific ERS while accounting for the interaction between age and memory 766 

performance. 767 



 

 

To further examine the age-dependent contributions of LP reactivation and RF 768 

transformation to Pr, separate multiple regression models were fitted for the TD and 769 

ADHD groups, with Pr predicted by age, LP reactivation, RF transformation, and the 770 

interactions of age with each neural measure. All continuous variables were standardised 771 

before model fitting. The following linear regression model was fitted separately for each 772 

group: Pr ~ Age × reactivation + Age × transformation + ε. 773 

For intersubject correlation analysis, we calculated Spearman correlations between 774 

intersubject RSMs and developmental models. The model with the highest correlation was 775 

taken as the best fit. Intersubject correlation was repeated 1,000 times with shuffled 776 

maturity labels to construct null distributions, and a false discovery rate (FDR = 0.05) was 777 

used for multiple-comparison correction. Key ages were identified by sliding the ages in 778 

the key-stage model, indicating the emergence of shared memory representations. To 779 

assess group-level differences in the distributions of key ages, we performed a leave-one-780 

subject-out procedure separately for children with ADHD and TD children. 781 
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Figures and Tables 1030 

 1031 

Fig. 1. Experimental paradigms, sample distribution, behavioral performance and 1032 

the pipeline of representational similarity analysis. (a) Participants completed a 1033 

recognition memory task including encoding (classifying animals/nonanimals) and 1034 

retrieval (identifying old/new) phases. (b) Age distribution of ADHD (8.39 ± 1.32 years) 1035 

and TD children (8.62 ± 1.37 years). (c) Recognition performance was poorer in ADHD 1036 

than in TD children, which was attributed to false alarms of new items (Pr: hits – false 1037 

alarms; RTSD: standard deviation of response time; Hit: hit rate of old items; False Alarm: 1038 

false alarm rate of new items). (d) Correlations between memory performance (Pr) and age 1039 

in ADHD or TD children. (e) Schematic of the individual representational similarity matrix. 1040 

Item-specific time-frequency features were extracted from the raw EEG data. The power 1041 

values across frequencies and electrodes were then extracted across distinct time windows 1042 

and ROIs. The pairwise similarity matrices were constructed using RSA, reflecting the 1043 

paired representation similarity between different items. (f) Schematic of intersubject 1044 

correlation (ISC). ISC was constructed by calculating the similarity between each pair of 1045 

individuals (Intersubject RSM) and fitted to four development models to track memory 1046 

representational trajectories. N, nearest neighbor; D, divergence; K, key stage; C, 1047 

convergence. (g) Schematic of encoding-retrieval similarity (ERS). Similarities within the 1048 

same items (ERSWI, diagonal) and between different items (ERSBI, off-diagonal) were 1049 

quantified. Item-specific ERS were defined as ERSItem = avg.(ERSWI) − avg.(ERSBI). 1050 

Differences between remembered and forgotten items were used to determine whether 1051 

memory benefited from reactivation (remembered > forgotten) or transformation 1052 

(forgotten > remembered). 1053 



 

 

 1054 

Fig. 2. Memory reactivation in ADHD and transformation in TD children. (a) 1055 

Temporal dynamics of item-specific ERS during encoding and retrieval. Children with 1056 

ADHD showed significant reactivation clusters in the LP (remembered > forgotten). Color 1057 

indicates T values; black outline indicates significant clusters after cluster-based multiple 1058 

comparisons correction. (b) ERS values in the LP for each child with ADHD, averaged 1059 

across significant clusters. Left: remembered vs. forgotten (WI – BI; i.e., ERSItem). Right: 1060 

within-item (WI) vs. between-item (BI). (c) Reactivation effects across six ROIs in ADHD, 1061 

averaged across poststimulus intervals. (d) No correlation was detected between 1062 

reactivation and memory performance (Pr) in ADHD. (e) TD children showed significant 1063 

transformation clusters in the RF (forgotten > remembered). (f) ERS values in the RF for 1064 

each TD child, averaged across significant clusters. (g) Transformation effects across six 1065 

ROIs in TD. (h) Significant correlation between transformation and memory performance 1066 

in TD. (i) Developmental effects of reactivation in the LP. Left, individual reactivation 1067 

values. Right, correlation between reactivation and age in both groups. (j) Developmental 1068 

effects of transformation in the RF. Left, individual transformation values. Right, subgroup 1069 

contrasts by median split. Transformation increased with age in the ADHD group but 1070 

remained stable in the TD group. Colors indicate age subgroups. (k) Age-dependent shifts 1071 

in the predictive weights of reactivation (brown) and transformation (blue) for Pr in the 1072 

multiple linear regression model for both groups of children. Bottom * indicates 1073 

significance for the one-sample T test; Line * indicates significance for the paired-sample 1074 

or two-sample T test; *P < 0.05; **P < 0.01; ***P < 0.001; # P < 0.08; NS, not significant. 1075 



 

 

 1076 

Fig. 3. Representational contents of memory reactivation and transformation. (a) The 1077 

similarity between different items is depicted on the off-diagonal of the ERS matrix. 1078 

Within-category (ERSWC, orange) indicates items from the same category, and between-1079 

category (ERSBC, blue) indicates items from different categories. A, animals; N, 1080 

nonanimals; R, remembered; F, forgotten. (b) Memory patterns may be reactivated or 1081 

transformed through images or semantics. If reactivation or transformation relies on images, 1082 

ERSBC ≈ ERSWC; if it relies on semantics, ERSBC ≠ ERSWC. (c) Memory reactivation 1083 

reflects image processes, with similar memory reactivation differences observed in ERSBC 1084 

and ERSWC. (d) Memory transformation reflects semantic modulation, with more memory 1085 

transformation differences observed in ERSBC than in ERSWC. (e) Memory transformation 1086 

differences (Rem − Forg) across six ROIs in TD, averaged across poststimulus intervals. 1087 

Line * indicates significance for the paired-sample T test; *P < 0.05; NS, not significant. 1088 



 

 

 1089 

Fig. 4. Memory transformation formats and intersubject correlation (ISC). (a) 1090 

Between-item similarity within encoding (EES) or retrieval (RRS) phases was used to test 1091 

when memory transformation occurs. (b) Memory differentiation effects (forgotten > 1092 

remembered) across ROIs during encoding (left) and retrieval (right). Colored curves 1093 

indicate T values across time; Colored horizontal bars indicate significant clusters after 1094 

multiple-comparison correction. (c) Schematic diagram of a DNN model (AlexNet). Top: 1095 

multidimensional scaling (MDS) plots of stimulus images. Bottom: partial RSM of 1096 

stimulus images sorted by category. Both illustrate that the clustering of represented 1097 

categories (animals/non-animals) is more pronounced in the higher than in the lower DNN 1098 

layers. (d) Comparison of neural RSMs from EES of TD children with those from each 1099 

DNN layer. Left: time-resolved analysis of the EES-DNN correspondence for remembered 1100 

and forgotten items. Colored horizontal bars indicate significant clusters after multiple-1101 

comparison correction. Right: Transformation shows significant EES-DNN 1102 

correspondences at higher layers (fc8), averaged across significant clusters. (e) Distribution 1103 

of average ISC in children with ADHD and TD children. Children with ADHD have similar 1104 

ISC in the LP (dark red) and RF (light red) regions, whereas TD children have higher ISC 1105 

in the LP (dark blue) than in the RF (light blue) region. (f) Model fits between ISC and four 1106 

developmental models (LP for ADHD; RF for TD), with the key-stage model providing the 1107 

best fit. Grey bars indicate permutation-based null distributions; Colored lines indicate 1108 

observed model fits. (g) Fitting coefficients of key-stage models across different key ages 1109 



 

 

in RF (top) and LP (bottom). Darker dots indicate the best fits. (h) Group differences in 1110 

key ages between children with ADHD and TD children in RF (top) and LP (bottom). 1111 

Bottom * indicates significance for the one-sample T test; Line * indicates significance for 1112 

the paired-sample or two-sample T test; *P < 0.05; **P < 0.01; ***P < 0.001; # P < 0.08; 1113 

NS, not significant. 1114 



 

 

 ADHD TD χ2/T 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 

IQ 93.51 ± 12.70 100.68 ± 12.40 4.263*** <0.001 

Symptom 

Inattention 17.77 ± 4.07 5.73 ± 3.68 23.124*** <0.001 

Hyperactivity 17.33 ± 5.05 3.93 ± 3.53 22.868*** <0.001 

Encoding 

Accuracy (%) 91.52 ± 4.61 93.90 ± 4.46 3.914*** <0.001 

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 

Retrieval 

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 

False 

Alarm (%) 
14.14 ± 11.57 9.36 ± 9.88 3.317** 0.001 

RT (ms) 1208.91 ± 218.48 1106.71 ± 177.91 3.820*** <0.001 

RTSD (ms) 324.97 ± 117.64 253.15 ± 83.38 5.238*** <0.001 

Table 1. Summary statistics for demographic variables in the sample of children. 1115 

Gender differences between children with ADHD and TD children were assessed using a 1116 

single-tailed χ2 test. For all the other between-group comparisons, two-tailed two-sample 1117 

T tests were employed. ADHD, attention deficit/hyperactivity disorder; TD, typically 1118 

developing; IQ, intelligence quotient; RT, response time; RTSD, standard deviation of 1119 

response time; Pr, corrected recognition score (hits – false alarms). *P < 0.05; **P < 0.01; 1120 

***P < 0.001. 1121 
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