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Human language depends on highly specialized left-hemispheric brain networks. Damage to these 23 
networks causes severe language impairments (aphasia), one of the most common, debilitating and 24 
costly consequences of left-hemispheric brain injury, especially stroke. The limited recovery of aphasia 25 
despite intensive rehabilitation efforts emphasizes the need to understand the basis of residual language 26 
abilities at the single-neuron level, which has remained unexplored so far. Here, we report large-scale 27 
microelectrode recordings with single-unit resolution over a period of ten months from the right-28 
hemispheric prefrontal and parietal association cortex of an individual with stroke-induced chronic non-29 
fluent aphasia. Single neurons exhibited regionally specific responses during comprehension, retrieval 30 
and articulation of words, the core operations of language. Distinct subpopulations encoded linguistic 31 
information in a task-specific manner, despite correlated firing patterns across tasks. Both single-neuron 32 
activity and temporally coordinated population dynamics were predicted by semantic and phonological 33 
embeddings derived from large language models (LLMs), revealing a regional dissociation in which 34 
semantic features preferentially accounted for prefrontal activity and phonological features for parietal 35 
activity. Our findings suggest that right-hemispheric circuits, homotopic to the left language network, 36 
can support language processing through structured, functionally organised activity at the level of single 37 
neurons. This study opens an avenue for developing mechanistically specific neurorehabilitation and 38 
neurorestorative strategies for aphasia, such as brain-computer interfaces (BCIs), that leverage right-39 
hemispheric language resources. 40 

Main 41 

Human language relies on a distributed brain network that derives meaning from spoken, written, and 42 
gestural signals during comprehension and transforms abstract semantic representations into speech 43 
during production1,2. Despite extensive work at the systems level, little is known about the neuronal 44 
basis of these core language operations. Intracranial recordings in neurological patients have recently 45 
demonstrated that individual neurons in the language-dominant fronto-temporo-parietal cortex and 46 
hippocampus encode word meaning3,4 and participate in speech perception5-7 and production8-11, 47 
providing the first direct evidence that human neurons track semantic information, phonological 48 
structure and articulatory plans. However, clinical constraints severely limit the temporal duration and 49 
spatial coverage of such recordings, preventing a complete understanding of the single-neuronal and 50 
neuronal-network-level organisation of language. This limitation is particularly relevant in the context 51 
of stroke-induced aphasia, where linguistic abilities can partially persist after brain injury and recover 52 
despite permanent damage to left-hemispheric networks12-16. Functional imaging studies have reported 53 
language-related activation in both perilesional left-hemispheric cortex and in homotopic regions of the 54 
right hemisphere after stroke17,18. Such right-hemispheric responses are often discussed as beneficial 55 
and compensatory, particularly after extensive left-hemispheric damage19-23. Another line of research, 56 
however, links their presence to poorer language outcomes and incomplete recovery24-26. These 57 
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opposing views raise a fundamental question: when the left language network is compromised, does the 58 
right hemisphere encode structured, task- and content-specific linguistic representations, or does it 59 
exhibit non-specific activation patterns that are unlikely to support language processing? 60 

A deeper understanding of the linguistic selectivity of individual neurons in aphasia has profound 61 
implications beyond fundamental neuroscience. Recent advances in BCI technology have demonstrated 62 
that decoding motor cortical signals can restore communication in patients with speech impairments27-63 
36. However, these approaches rely on preserved vocal motor planning. They cannot be translated to 64 
aphasia, in which the breakdown occurs earlier in the language processing stream and affects higher-65 
order linguistic representations, such as semantic and phonological information, which are broadly 66 
distributed across the cortex1,37 and are still poorly characterized at the neuronal level. 67 

Here, we report long-term intracortical microelectrode recordings in an individual with aphasia from 68 
four right-hemispheric regions that, on the left, support key language functions in the semantic, 69 
phonological, and syntactic domains2,38-40: the angular gyrus (ANG), supramarginal gyrus (SMG), 70 
inferior frontal gyrus (IFG), and middle frontal gyrus (MFG). Over ten months, the participant 71 
performed word repetition, comprehension, and naming tasks, enabling us to examine the extent to 72 
which individual neurons contralateral to the canonical left language network support language under 73 
different processing demands and over extended time periods. 74 

Language task performance 75 

We studied an individual with chronic non-fluent (Broca’s) aphasia following an extensive left-76 
hemispheric stroke six years prior to enrollment (Fig. 1a). Across 54 sessions spanning ten months, the 77 
participant performed three word-level tasks targeting core linguistic processes: word retrieval or 78 
naming (NAM), in which an image was visually presented and the participant vocalized the 79 
corresponding word; word repetition (REP), in which a spoken word was auditorily presented and the 80 
participant repeated it; and word comprehension (COM), in which a spoken word was auditorily 81 
presented and the participant identified the matching image in a response display by eye fixation (Fig. 82 
1b, c). Henceforth, we refer to the visually or auditorily presented first stimulus in the trial as the sample, 83 
and to the visual image matching the auditory sample in the comprehension task, appearing as one of 84 
three sequentially presented stimuli, as the target. 85 

We administered a set of 64 items, each drawn from one of three semantic categories (household items, 86 
animals, body parts) and associated with a German word, which varied systematically in phonological 87 
complexity (Fig. 1d, e; Extended Data Fig. 1a, b; Supplementary Table 1). Each item was 88 
represented by two visual images (different line drawings) and by two audio recordings (different 89 
speakers) of the same word, yielding a total of 128 images and 128 audio files. Items were presented in 90 
subsets of eight per recording session, with each subset used in all tasks. 91 
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Imposing distinct task demands on identical items allowed us to separate key linguistic operations such 92 
as lexical (word) retrieval in naming, phonological reproduction in repetition and semantic access in 93 
comprehension, while controlling for shared perceptual input and speech output. In line with the aphasic 94 
syndrome (Extended Data Fig. 2), naming was most severely impaired, while comprehension and 95 
repetition were relatively spared (27 %, 73 % and 87 % mean accuracy across sessions, respectively) 96 
(Fig. 1f, g). Accuracy and reaction times (RT) were only weakly correlated across tasks at the word 97 
level (Spearman’s 𝑝!""#$!"%: COM–NAM = −0.32, COM–REP = 0.24, NAM–REP = −0.06; 𝑝&': 98 

COM–NAM = 0.12, COM–REP = −0.20, NAM–REP = 0.08; only COM–NAM accuracy significant at 99 
p < 0.01; Fig. 1g), demonstrating that naming deficits were primarily driven by a selective impairment 100 
in lexical retrieval rather than downstream articulatory deficits or upstream conceptual-semantic 101 
deficits. An articulatory deficit would have resulted in comparable word-level performance in repetition 102 
and naming, a semantic deficit in comparable performance in naming and comprehension. 103 

 104 

Fig. 1 | Language task design and behavioral performance. a, Top: 3D reconstruction of the 105 
participant’s lesioned left hemisphere. Bottom: structural MR images (T1-weighted) showing the extent 106 
of the ischemic stroke in the middle cerebral artery territory. Radiological convention: the left 107 
hemisphere is shown on the right. b, Schematic of the performed language tasks. c, Task design for 108 
word repetition (top left), word retrieval or naming (top right) and word comprehension (bottom). 109 
d, Schematic of the item set spanning three semantic categories (household items, animals, body parts) 110 
and different levels of phonological complexity. 12 of 64 items shown for clarity. e, Semantic and 111 
phonological similarity of all word pairs (bottom left and top right triangle, respectively), expressed as 112 
cosine similarity between word embeddings derived from LLMs capturing primarily semantic and 113 
phonological features (word2vec/fastText and Whisper encoder, respectively). Words are ordered by 114 
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experimental subsets, and the same order is maintained in both triangles. Two example word pairs are 115 
highlighted: semantically related words (horse/dog) are similar in semantic space, while phonological 116 
minimal pairs (“Mund”/”Hund” (mouth/dog)) are similar in phonological space. f, Session-average 117 
accuracies for each task and recording session. g, Item-average accuracies (top) and reaction times 118 
(bottom) by task. Each data point represents an individual item; lines connect the same item across 119 
tasks. 120 

Large-scale single-unit recordings 121 

In each session, we recorded extracellular electrophysiological activity from four planar intracortical 122 
microelectrode arrays (64 electrodes each; total 256 electrodes) chronically implanted in the right-123 
hemispheric MFG, IFG, SMG, and ANG (Fig. 2a-c). We determined the implantation sites based on 124 
the extent of the left-hemispheric stroke lesion and the participant’s language impairment profile. 125 
Specifically, we focused on the dorsal cortex to capture language subprocesses related to word retrieval 126 
and production41, the most compromised functions. Wide-band recordings were high-pass filtered (Fig. 127 
2d), spike-sorted and manually curated (Fig. 2e, f), yielding well-isolated single units (SUs) and multi 128 
units (MUs) across multiple electrodes (Fig. 2g, h).	A total of 10,144 units were included in the analysis 129 
(MFG: 4,446 [2,226 SUs]; IFG: 3,757 [1,513 SUs]; SMG: 1,786 [811 SUs]; ANG: 155 [59 SUs]) (Fig. 130 
2i). The differences in unit yield most likely resulted from differences in the extent of contact between 131 
the array and the cortical surface (determined by post-operative radiography). Because we did not track 132 
neuron identities across sessions, we consider this count as an upper bound on distinct units42. The 133 
fraction of electrodes with unit activity and signal-to-noise ratios (SNR) remained stable throughout the 134 
recording period (Fig. 2j, k). 135 

Unit activity tracked individual trial events. Firing rates were modulated both by the performed 136 
language task and by the processed items (Fig. 2l, m left and right panel, respectively). To determine 137 
the extent of right-hemispheric neuronal engagement in language processing, we compared baseline 138 
firing rates with trial activity. In all regions, the large majority of units were modulated by at least one 139 
language task (94 %, 87 %, 80 % and 92 % in MFG, IFG, SMG and ANG, respectively), where task 140 
modulation was defined as a significant difference in firing rate between the pre-trial baseline (500 ms 141 
epoch before sample onset) and at least two consecutive trial windows (150 ms bin width, 75 ms step, 142 
paired t-test, p < 0.05). MFG contained the largest proportion of units engaged in all three tasks (43 %), 143 
compared with ANG (42 %), IFG (28 %) and SMG (20 %) (Fig. 2n). 144 
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 145 

Fig. 2 | Large-scale single-unit recordings. a, Schematic of the microelectrode array locations in 146 
right-hemispheric prefrontal and parietal cortex. b, Cortical surface reconstruction and magnification 147 
of the implantation sites. c, Intraoperative view of the prefrontal arrays. d, Extracellular voltage trace 148 
of an example electrode. Top: raw signal. Bottom: high-pass-filtered spiking activity. Individual spikes 149 
are highlighted. e, Spike waveforms of three well-isolated units recorded on the example electrode in 150 
(d). f, Clustering of spike waveforms in principal component (PC) space. g, h Unit yield (g) and mean 151 
signal-to-noise ratio (SNR, averaged across all units at a given electrode; h) in a representative session. 152 
i, Unit yield per array, assuming complete turn-over from session to session. j, k, Percentage of 153 
electrodes with unit activity (j) and mean SNR (k) per array and recording session. l, Spiking activity 154 
of an example unit in MFG. Correct trials are sorted by language task (REP, repetition; NAM, naming; 155 
COM, comprehension; left panels) and by item in naming (right panel). Items from top to bottom are 156 
Saal (hall), Wal (whale), Reh (deer) and melken (to milk). From left to right, individual trial epochs are 157 
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aligned to sample presentation, to response onset (speech onset in naming and repetition, fixation in 158 
comprehension) and to target presentation (identical to the auditory sample in repetition and visual 159 
sample in naming, but corresponding to the visual test image matching the auditory sample in 160 
comprehension). m, Same as (l) for an example unit in IFG. Right panel shows trials sorted by item in 161 
comprehension. Items from top to bottom are Tisch (table), Fisch (fish), Schaf (sheep) and scheren (to 162 
shear). n, Distribution of task-modulated units per array and task. 163 

Language-task related spiking activity 164 

Each recorded region revealed a distinct language-task related activity profile. MFG units were strongly 165 
driven by naming and comprehension, while repetition evoked less pronounced activity (Fig. 3a, top). 166 
IFG units deactivated after sample onset in all tasks, then gradually recovered to baseline before verbal 167 
responses (speech onset; naming and repetition), but not nonverbal responses (eye movements; 168 
comprehension) (Fig. 3a, second to top). SMG activity was dominated by verbal production tasks 169 
(naming and repetition), with prominent responses to visual stimuli (Fig. 3a, second to bottom). ANG 170 
showed stronger modulations during comprehension than verbal production tasks (Fig. 3a, bottom). 171 

In all regions, neuronal activity was significantly correlated between repetition and naming, i.e., the 172 
verbal production tasks (Pearson’s r = 0.28, r = 0.18, r = 0.17 and r = 0.24 for MFG, IFG, SMG and 173 
ANG, respectively; Extended Data Fig. 3). Activity in MFG and IFG was also significantly correlated 174 
between repetition and comprehension and between naming and comprehension, in line with prefrontal 175 
domain-general cognitive control. These correlations were not prominent (SMG) or absent (ANG) in 176 
the parietal regions. 177 

To determine whether the region-specific activity reflected individual neuronal responses or instead 178 
arose from averaging across heterogeneous activity profiles, we performed hierarchical clustering of 179 
spiking activity across all units (Fig. 3b). Ten clusters optimally captured the principal response 180 
patterns, while remaining parsimonious and readily interpretable. Activity profiles segregated by task 181 
(often separating verbal production from comprehension; e.g., clusters 1, 5, 7, 9) and temporal dynamics 182 
(sharp event-locked peaks versus ramping or sustained responses; e.g., clusters 3, 4 versus clusters 7, 183 
9) (Extended Data Fig. 4). Two notable organisational principles emerged. First, most clusters were 184 
present on multiple arrays. Only two clusters were found exclusively in MFG and IFG (cluster 4 and 5, 185 
respectively). Second, neuronal deactivation (i.e., reduction of firing rates below baseline activity) was 186 
a prominent feature and observed across all arrays, in particular in IFG. We sampled from all clusters 187 
repeatedly across the ten-month recording period, indicating they reflected stable properties of the right-188 
hemispheric neuronal networks they were part of (Fig. 3c). 189 

Four example clusters illustrate the diversity in activity profiles (Fig. 3d). Cluster 1 (304 units) was 190 
distributed across regions and selective for verbal production tasks. Units strongly activated following 191 
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visual sample presentation in naming, but less after identical visual input (target presentation) in 192 
comprehension. Cluster 2 (364 units) was equally distributed and task-selective, but peaked primarily 193 
during the response epoch in comprehension. Cluster 3 (61 units), in contrast, showed sharp, event-194 
locked modulation with strong regional selectivity: units in this cluster were largely confined to MFG. 195 
Finally, cluster 5 (22 units) was specific for IFG and deactivated after sample presentation. Firing rates 196 
recovered prior to speech onset in naming and repetition, but remained suppressed in comprehension. 197 

The majority of clusters were uniformly distributed across the cortical patch covered by each array (up 198 
to 10 mm²) without evident spatial concentration (MFG: 9/9, IFG: 5/9, SMG: 6/7, ANG: 6/6; Extended 199 
Data Fig. 4b). 200 

 201 

Fig. 3 | Language-task related spiking activity. a, Unit-averaged activity, split by region and task. 202 
Horizontal bars indicate periods with significant differences between tasks (ANOVA, p < 0.01). Error 203 
bands, SEM across units. Analyses were restricted to sessions in which all three language tasks were 204 
completed. Trials were randomly subsampled and balanced to minimally seven correct trials per item 205 
for minimally three items. Units with zero variance in baseline firing rate were excluded. Trial epochs 206 
and alignments as in (Fig. 2l, m). b, Hierarchical clustering of spiking activity, performed across 207 
regions, using all units from (a). Sorting is maintained across tasks. Colour bar on the right indicates 208 
cluster identity. c, Distribution of units in each cluster across recording sessions with all language tasks 209 
completed. d, Example clusters illustrating the diversity of response profiles. Left panels: same layout 210 
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as in (a). Right column: spatial distribution of the units in each cluster across the four arrays. Colour 211 
saturation indicates the number of units per electrode. 212 

Mixed-selective item encoding 213 

After establishing widespread language-task related activity across the recorded regions, we asked 214 
whether individual neurons encoded specific information about the processed items, i.e., showed item 215 
selectivity. We quantified how much variance in each unit's firing rate (expressed as explained variance 216 
ω²) could be attributed to item identity, collapsing across the two visual instances (line drawings) or the 217 
two auditory instances (audio recordings) of each item. 218 

Populations of units were tuned to individual items in all regions, most prominently in the naming task 219 
(Fig. 4a). MFG and IFG showed similar selectivity profiles. In both regions, selectivity peaked after 220 
sample and target presentation and re-emerged at time of the response (Fig. 4a top and second to top, 221 
respectively). SMG exhibited earlier and more pronounced selectivity peaks for visually cued items in 222 
naming and comprehension, but not for auditorily cued items in repetition and comprehension (Fig. 4a, 223 
second to bottom). Selectivity peaks in ANG were less prominent and noisier due to the lower unit 224 
count (Fig. 4a, bottom). 225 

We performed hierarchical clustering of item selectivity as previously for unit activity (Fig. 4b, 226 
compare with Fig. 3b). Strikingly, individual neurons represented item information in a highly task-227 
specific manner. All strongly coding clusters (clusters 1, 2, 3, 4, 8, 10) carried item information in only 228 
a single task, remaining unselective for the same item in the other tasks (Extended Data Fig. 5). This 229 
pattern was stable across recording sessions (Fig. 4c). Four example clusters illustrate the diversity in 230 
selectivity profiles (Fig. 4d). Cluster 1 (121 units) and cluster 3 (521 units) encoded item information 231 
only following visual cueing, with strongest selectivity in naming (sample presentation) and 232 
significantly weaker-to-absent selectivity in comprehension (target presentation), despite matched 233 
sensory input. Cluster 8 (432 units) selectively encoded item information in the comprehension task, 234 
but not in the repetition task, despite matched sensory input. Finally, cluster 10 (659 units) showed the 235 
reversed pattern with selectivity to the item in repetition, but not in comprehension. 236 

As in our activity clustering analyses (Extended Data Fig. 4b), item selectivity clusters were 237 
intermingled within arrays (MFG: 10/10, IFG: 9/10, SMG: 10/10, ANG: 9/9; Extended Data Fig. 5b). 238 
No item selectivity cluster was confined to a single region (Extended Data Fig. 5b). 239 

In contrast to the activity profiles that were correlated across tasks in all regions (Extended Data Fig. 240 
3), only SMG showed weak correlations for item selectivity between comprehension and naming, i.e., 241 
the tasks with common visual input (Pearson’s r = 0.04, Extended Data Fig. 3). 242 

Together, these findings demonstrate mixed-selective item encoding during language comprehension 243 
and production. 244 
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 245 

Figure 4 | Mixed-selective item encoding. a, Unit-averaged item selectivity, expressed as the fraction 246 
of firing rate variance explained by item identity with shuffled control subtracted (∆ω²), split by region 247 

and task. Horizontal bars indicate periods with significant differences between tasks (ANOVA, 248 
p < 0.01). Error bands, SEM across units. Differences in unit counts compared to Fig. 3 were the result 249 
of random trial subsampling. Trial epochs and alignments as in (Fig. 2l, m). b, Hierarchical clustering 250 
of item selectivity, performed across regions, using all units from (a). Sorting is maintained across 251 
tasks. Colour bar on the right indicates cluster identity. c, Distribution of units in each cluster across 252 
recording sessions with all tasks completed. d, Example clusters illustrating the diversity of selectivity 253 
profiles. Left panels: same layout as in (a). Right column: spatial distribution of units in each cluster 254 
across the four arrays. Colour saturation indicates the number of units per electrode. 255 

Representation of abstract lexical information 256 

To investigate whether these item-specific signals also reflected abstract lexical (word) information in 257 
the semantic and/or phonological domain, or rather remained tied to particular sensory formats and 258 
linguistic tasks, we trained linear decoders (support vector machines, SVMs) on population spiking 259 
activity to quantify the extent to which item selectivity generalized across trial time and across tasks 260 
(Fig. 5). 261 
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In all regions and tasks, item information could be decoded above chance level when training and testing 262 
were temporally aligned (Fig. 5a). MFG and IFG showed similar decoding profiles (Fig. 5a, top and 263 
second to top, respectively). In both regions, accuracy peaked shortly after sample presentation and 264 
again around response onset. Accuracy was highest in naming, in line with the prominent item 265 
selectivity profiles observed in this task (Fig. 4a). Item information was also maintained during the 266 
delay epoch prior to target presentation in comprehension, despite interference by additional stimuli 267 
(Fig. 1c, distractor images). Repetition produced the weakest decoding, with only modest peaks after 268 
sample onset and following the response. In SMG, decoding during naming was strong (Fig. 5a, second 269 
to bottom). Unlike in prefrontal regions, we found no decoding following auditory sample presentation 270 
in either comprehension or repetition. Decoding in ANG was noisier due to a lower unit count but 271 
followed a similar time course as in the other regions (Fig. 5a, bottom). 272 

In MFG and IFG, decoding also generalized across time with item information stably represented 273 
throughout the delay epochs (Fig. 5b, top and second to top, respectively). SMG showed the highest 274 
temporal specificity: decoding was tightly locked to visual stimulus presentation in naming and 275 
comprehension and to the fixation response in comprehension (Fig. 5b, second to bottom). In ANG, the 276 
cross-temporal structure also differed between tasks (Fig. 5b, bottom). 277 

A sharp dissociation between prefrontal and parietal regions emerged in cross-task decoding (Fig. 5c). 278 
As expected, the strongest transfer occurred between epochs of different tasks with matched sensory 279 
inputs (e.g., auditory sample in repetition and comprehension; visual sample in naming and visual target 280 
in comprehension). However, decoding also generalized between epochs with different presentation 281 
formats (visual versus auditory) and with different response modalities (speech production versus eye 282 
movements). In MFG and IFG, decoders trained on visual stimulus activity (sample in naming and 283 
target in comprehension) achieved significant above-chance performance when tested on auditory 284 
stimulus activity (sample in comprehension and repetition) and vice versa (Fig. 5c, top and second to 285 
top). Surprisingly, cross-task decoding in the response epoch between naming and repetition, which 286 
share response modality (i.e., speech production), did not outperform decoding between tasks with 287 
unmatched response modality. This suggests the decoded prefrontal signals were not driven primarily 288 
by articulatory planning or vocal motor output, but instead carried semantic information about the 289 
processed items. Parietal regions showed a different pattern. SMG did not exhibit cross-modality 290 
generalization: decoders failed to transfer between visual and auditory stimulus activity (Fig. 5c, second 291 
to bottom). Within-modality transfer was robust, as expected, with strong decoding between visual 292 
sample in naming and visual target in comprehension. ANG showed similar modality-specificity, with 293 
cross-task decoding succeeding only when stimulus sensory formats matched (Fig. 5c, bottom). 294 

In sum, these results argue that right-hemispheric prefrontal cortex also represented item information 295 
in an abstract lexical manner, beyond the modality- and task-specific formats found previously (Fig. 4). 296 
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 297 

Figure 5 | Representation of abstract lexical information. a, Mean within-session item decoding 298 
accuracy, split by region and task. For each session, decoding accuracy was averaged over cross-299 
validated folds (k = 5; 80/20 split; balanced accuracy). Session-level means were then averaged across 300 
sessions. Horizontal bars indicate periods with significant group-level decoding performance (chance 301 
level 12.5 %, eight-way classification; permutation test, N=1,000; Benjamini–Hochberg FDR-302 
controlled, q < 0.01). Error bands, 95 % confidence intervals. Trial epochs and alignments as in 303 
(Fig. 2l, m). b, Cross-temporal mean within-session item decoding accuracy, split by task (columns) 304 
and region (rows). The y-axis denotes the training window, and the x-axis denotes the testing window. 305 
c, Cross-task mean within session item decoding accuracy (averaged across both directions, e.g., 306 
training on repetition and testing on naming, and vice versa), split by region. Horizontal bars indicate 307 
significant cross-task generalization at the group level (12.5 %, eight-way classification; q < 0.01, 308 
corrected as in (a)). Error bands, 95 % confidence intervals. 309 

Phonological and semantic feature encoding 310 

Next, we sought to quantify the relative contributions of phonological and semantic features to neuronal 311 
item tuning (Fig. 4 and Fig. 5) at each time point in the three tasks. For this, we modelled firing rates 312 
using vectorial representations (embeddings) derived from pretrained LLMs for each word associated 313 
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with the presented item (Fig. 1e) and quantified the extent to which phonological and semantic features 314 
explained unit activity across tasks and regions (expressed as Pearson correlation between predicted 315 
and observed firing rates43; Extended Data Fig. 6). 316 

Word embeddings successfully predicted spiking activity. The resulting correlation traces closely 317 
mirrored the previous selectivity and decoding results (Fig. 6a, compare to Fig. 4a and Fig. 5a). 318 
Encoding of both semantic and phonological features was strongest in naming and weakest in repetition. 319 
We quantified individual units’ preferences for semantic or phonological features using a modulation 320 
index. In MFG and IFG, semantic coding in the target epoch dominated over phonological coding in all 321 
three tasks (Fig. 6b, c, top and second to top). Notably, the level of semantic dominance scaled 322 
according to the relative semantic demands of the individual tasks (strongest in comprehension, weakest 323 
in repetition). SMG, in contrast, exhibited a task-dependent reversal of feature preference. Phonological 324 
representations dominated in item naming, whereas semantic representations dominated during 325 
comprehension of the same item (Fig. 6b, c, second to bottom). ANG showed weaker and less consistent 326 
feature preferences (Fig. 6b, c, bottom). 327 

At the unit level, encoding of either semantic or phonological features was largely absent in repetition 328 
(max. 0.3 % significant units in all regions, permutation test, p < 0.05; Fig. 6d). Across naming and 329 
comprehension, SMG showed the largest proportion of language-related units (12 %, 10 %, 41 % and 330 
12 % in MFG, IFG, SMG and ANG, respectively). Phonological features modulated the activity of most 331 
significant units in SMG, whereas semantic and phonological preference was more evenly distributed 332 
across units in the other areas (67 %, 60 %, 88 % and 67 % phonology-modulated units in MFG, IFG, 333 
SMG and ANG, respectively). These subsets were strongly task-specific, mirroring our previous 334 
selectivity analyses, indicating that naming and comprehension engage largely non-overlapping 335 
language-selective subpopulations (see also Fig. 4b, d). 336 

Thus, prefrontal regions maintained a semantic preference across language tasks, while SMG flexibly 337 
reconfigured linguistic feature encoding in alignment with specific task demands. 338 
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 339 

Figure 6 | Phonological and semantic feature encoding. a, Time-resolved correlation traces 340 
(Pearson’s r) between model-predicted and observed spiking rates, averaged across units, for each task 341 
and region, separated by phonological and semantic model. Horizontal bars mark significant 342 
differences between phonological and semantic encoding (FDR-corrected at p < 0.01). Error bands, 343 
SEM across units. Differences in unit counts compared to Fig. 3 and Fig. 4 were the result of distinct 344 
trial inclusion criteria. Analyses were restricted to units co-recorded across tasks. Trials were balanced 345 
to minimally six trials per item, irrespective of accuracy. Units with non-finite correlation traces were 346 
excluded. Trial epochs and alignments as in (Fig. 2l, m). b, Unit-wise time-resolved modulation index 347 
(normalized difference between phonological and semantic model correlation strength) in the target 348 
epoch, split by task and region. Units are sorted by their average modulation index within the target 349 
epoch of the respective task. Positive and negative values indicate stronger encoding of semantic and 350 
phonological features, respectively. c, Task-wise modulation index in the target epoch, averaged across 351 
units. Error bars, SEM across units. Significance brackets indicate Benjamini–Hochberg FDR-352 
corrected pairwise task contrasts from a linear mixed-effects model with a random intercept per unit 353 
(α = 0.05). * q < 0.05; ** q < 0.01; *** q < 0.001. d, Left: percentage of units significantly modelled 354 
(permutation test, p < 0.05) by semantic or phonological embeddings in the target epoch of the three 355 
tasks. Transitions across tasks are marked by ribbons. Only units recorded in all three tasks were 356 
included. Right: Pie charts show the percentage of significant units by region, pooled across tasks. 357 
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Population-level dynamics and representational similarity 358 

So far, our results suggested that individual neurons in the right-hemispheric frontoparietal association 359 
cortex encoded semantic and phonological features in a task- and region-dependent manner. To 360 
determine how this information was reflected in the joint activity of the recorded neuronal ensemble, 361 
we quantified the relative contributions of task timing and item identity to population variance and 362 
tested whether population states tracked phonological and semantic relationships among words. 363 

We used demixed principal component analysis (dPCA)44 to partition firing rate variance into 364 
marginalizations aligned with task variables of interest: time-dependent components (t) capturing 365 
dynamics shared across items (e.g., attention, motor preparation), stimulus-dependent components (s) 366 
capturing variance explained by differences between items, and stimulus-time interaction components 367 
(st) capturing item-specific dynamics evolving over time (Fig. 7a; Extended Data Fig. 7a, b). High 368 
time-dependent variance indicates that population dynamics are driven primarily by task temporal 369 
structure, relatively independent of item identity. High stimulus-dependent variance indicates stable 370 
item representations maintained across time. High interaction variance indicates that item 371 
representations vary with task epochs. Because dPCA performance degrades with low unit counts, ANG 372 
was excluded from these analyses. 373 

In MFG and IFG, time components explained the largest proportion of variance (69 % and 52 % across 374 
tasks, respectively; Extended Data Fig. 7c-e, top and middle), reflecting their role in general task 375 
timing and structuring. In contrast, interaction components accounted for nearly half of the variance in 376 
SMG (47 %, 52 % and 48 % in repetition, naming and comprehension, respectively), indicating that 377 
item-related responses were tightly coupled to specific task epochs rather than expressed as temporally 378 
stable representations (Extended Data Fig. 7c-e, bottom). Across all regions, naming produced the 379 
largest item-related variance (s + st combined: 34 %, 47 % and 71 % in MFG, IFG, and SMG, 380 
respectively), consistent with the stronger selectivity and decoding observed previously in this task 381 
(Fig. 4 and Fig. 5). 382 

Reconstructing population activity using only stimulus-related components (s + st) yielded stimulus-383 
specific trajectories in neuronal state space (Fig. 7b). In all regions, trajectories for different items 384 
diverged during both sample and response epochs. We quantified this coding dissimilarity by computing 385 
Euclidean distances between population vectors at matched time points across all item pairs (Fig. 7c). 386 
To determine whether these population-level dissimilarities reflected phonological or semantic 387 
structure, we performed representational similarity analysis (RSA), testing whether word-pair 388 
differences in embedding space predicted population-vector distances (Fig. 7d). 389 

Representational dissimilarity increased after sample onset and remained elevated throughout the trial. 390 
MFG and IFG showed similar time courses with stable, persistent coding across the delay epochs, 391 
whereas population dynamics were more trial-epoch specific in SMG (Fig. 7e). 392 
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Across all regions and tasks, differences in both phonological (Levenshtein distance) and semantic 393 
(fastText) features predicted out-of-sample population distances above chance (Fig. 7f; Extended Data 394 
Fig. 7f). Encoding was stimulus-locked across regions, strongest in comprehension, and minimal in 395 
repetition. In MFG and IFG, RSA revealed both sample- and response-aligned peaks, with 396 
comprehension showing the most sustained encoding across both epochs. In SMG, encoding was tightly 397 
locked to visual stimulus onset with little response-aligned structure. Feature dominance differed by 398 
region: in MFG and IFG, semantic features dominated across tasks, whereas in SMG, phonological 399 
features contributed more strongly in both naming and comprehension (Fig. 7g). 400 

Together, these results show that task timing and item identity contributed separable sources of variance 401 
to coordinated population activity. SMG networks emphasized stimulus-by-time interactions, with item 402 
representations tightly bound to specific task epochs and dominated by phonological structure. 403 
Prefrontal networks (MFG and IFG), in contrast, maintained more temporally independent, 404 
semantically weighted representations alongside response-aligned dynamics. 405 
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 406 

Figure 7 | Population-level dynamics and representational similarity. a, Population activity X(i,t,s) 407 
was demixed with dPCA into time (t), stimulus (s), stimulus-time (st), and residual (noise) components. 408 
Activity was then reconstructed from the s and st components and represented as the trial mean. b, 409 
Schematic of trajectories of reconstructed population activity in high-dimensional neuronal state-space 410 
for two items, showing divergent dynamics over time. c, Representational similarity analysis: 411 
population vector distances between word pairs (d1, d2 and d3 in (b)) were correlated with the cosine 412 
distance between their corresponding embedding vectors in higher-order PC space. d, Left: population-413 
vector distance. At each time point, the vector of mean firing across units for item i or j defines a point 414 
in state space. The Euclidean distance between these vectors quantifies representational dissimilarity. 415 
Right: Normalized Euclidean distances in MFG between word-pairs of one example item subset (8 416 
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words) tested in naming, sorted by mean distance, in the sample, response, and target epochs (left to 417 
right). Dashed lines mark sample, response and target onset e, Mean normalized population-vector 418 
distance over time, split by region and task. f, Time-resolved difference in test-set coefficient of 419 
determination (∆R²) between GLMs predicting population vector distances and shuffled-label controls, 420 
split by task and region, for semantic features (fastText embeddings, cosine similarity in 20-dimensional 421 
PCA space) and phonological features (Levenshtein distance). Error bands, SEM across cross-422 
validated folds (n = 100; 80/20 split). Horizontal bars indicate significant differences between semantic 423 
and phonological ∆R² curves per time bin (two-sided paired t-tests, FDR-corrected q < 0.05). Grey 424 
boxes indicate the target epoch of interest used in (g). g, Mean ± SEM of ∆R² difference (fastText minus 425 
Levenshtein) averaged over the target epoch (0.1 – 1.0 s post-alignment), computed across cross-426 
validated folds. Significance brackets indicate pairwise comparisons between tasks (Welch t-tests, 427 
FDR-corrected q-values). * q < 0.05; ** q < 0.01; *** q < 0.001.  428 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted March 25, 2026. ; https://doi.org/10.64898/2026.03.24.713937doi: bioRxiv preprint 

https://doi.org/10.64898/2026.03.24.713937
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
 

18 

Discussion 429 

This work constitutes the first systematic investigation into the single-neuron correlates of language 430 
functions in the non-dominant right hemisphere of the human brain. Comprehension, retrieval and 431 
articulation of words widely engaged the recorded regions. Lexical, word-level information was readily 432 
decodable from both single-neuron activity and population-level dynamics, with semantic features 433 
preferentially accounting for prefrontal activity and phonological features for parietal activity. The 434 
representational format of lexical information was mixed-selective: individual neurons functionally 435 
clustered into distinct subpopulations that encoded language items in a highly task-specific manner, 436 
despite correlated firing patterns across tasks. Together, our results suggest that right-hemispheric 437 
neuronal populations are involved in sensory-to-semantic and semantic-to-articulatory transformations 438 
that are at the core of language processing. 439 

Only little more is known about the single-neuronal elements of language in the dominant left 440 
hemisphere. Nevertheless, several of our findings relate to and extend results from recent intracranial 441 
studies in the homotopic regions of the left brain. 442 

In left MFG, single neurons were found to encode the planned phonetic composition and sequential 443 
structure of utterances before articulation8 as well as the semantic content of words during sentence 444 
comprehension3. In our recordings, activity in right MFG similarly reflected phonological and semantic 445 
word features, suggesting that accessing lexical representations during word retrieval and 446 
comprehension also engages the non-dominant hemisphere. Notably, we observed stronger item 447 
decoding in naming than in repetition in all recorded regions, arguing that semantic structure is also the 448 
primary driver of right-hemispheric responses in other prefrontal regions and in parietal cortex. 449 

Single-unit recordings in epilepsy patients have recently identified neurons in the right IFG with 450 
comparable responses to spoken and written words45. We similarly found correlated activity across 451 
tasks. Selectivity for individual items, however, was clearly task-specific, consistent with the prefrontal 452 
cortex's role in goal-oriented behaviour and flexibly representing information according to current task 453 
demands. Interestingly, suppression, rather than elevation, of spiking activity following sample 454 
presentation was a dominant feature in right IFG, a phenomenon that parallels recent 455 
electrocorticographic recordings of neuronal population activity during speech planning, predominantly 456 
in the right hemisphere45. This inhibition could be unrelated to language per se and instead reflect the 457 
suppression of irrelevant inputs into task-specific networks, in the sense of inhibitory control. Rather 458 
than contradictory, the activity-selectivity contrast suggests that the right prefrontal cortex contributes 459 
not only to representational content but also to modulating the neural landscape in which language 460 
processing unfolds. 461 

In the left parietal cortex, single SMG neurons of individuals with tetraplegia have been found to encode 462 
phonetic-phonological word structure across auditory comprehension, reading, internal speech and 463 
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vocalized speech9. We observed the same in right-hemispheric parietal spiking activity. SMG activity 464 
was more phasic and modality-sensitive than in prefrontal cortex. SMG also contained the highest 465 
proportion of units showing significant modulation by phonological features. Unlike frontal regions, 466 
SMG neurons prioritized phonological processing in naming and semantic processing in 467 
comprehension, suggesting stronger integration of language sounds and language meaning in parietal 468 
cortex. 469 

Our work speaks directly to longstanding questions about the nature and specificity of right-hemisphere 470 
recruitment in chronic aphasia following left-sided brain damage, especially stroke. At the level of 471 
individual neurons, we demonstrate here that the right hemisphere can express structured, task-472 
dependent linguistic representations, rather than diffuse, non-specific activation. These findings support 473 
the view that the non-dominant hemisphere is linguistically responsive and exhibits functional 474 
organisation and regional differentiation for language46, with considerable symmetry to the left, in the 475 
sense of a language “shadow”47,48. 476 

Nevertheless, the distributed organisation we observed with many features shared across prefrontal and 477 
parietal cortex suggests that right-hemispheric language-sensitive regions are less specialized than their 478 
left-hemisphere counterparts, a property that may confer flexibility in the context of reorganisation after 479 
brain damage. Consistent single-unit responses over ten months indicate that this representational 480 
structure is a stable feature of the chronic state. However, to what extent right-hemispheric resources 481 
can be leveraged to drive behavioral gains for patients with aphasia likely depends on how effectively 482 
language-responsive units functionally integrate into the reorganised network49. This question has direct 483 
implications for both language rehabilitation and neurotechnological approaches targeting these 484 
networks. Future work will be essential for understanding what determines whether local 485 
representational structure can be translated into measurable recovery. 486 

For example, recent electrocorticographic recordings have demonstrated clustering of language activity 487 
on the sub-centimeter scale50,51, which we now resolve at the level of single neurons. Activated and 488 
suppressed units were intermingled within individual arrays, with distinct subpopulations selectively 489 
recruited depending on task demands. This fine-scale structure has implications for intervention design 490 
and calls for mechanistically specific approaches. Neurofeedback, closed-loop neuromodulation and 491 
decoding, selectively engaging neuronal subsets that carry linguistic information while preserving the 492 
domain-general (inhibitory) dynamics, could significantly augment residual language capacities in 493 
chronic aphasia beyond what behavioral therapy alone currently can achieve. 494 

We cannot tell whether the language-task activity we observed reflects post-stroke reorganisation, the 495 
expression of premorbid bilateral organisation, or both. More work is necessary to determine how right-496 
hemispheric representational (pre-)structure relates to the trajectory of language recovery, a question 497 
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for which our characterization of single-neuron language coding in the chronic, stationary phase of 498 
aphasia provides a useful starting point. 499 

Also, as we report data from a single participant, the extent to which our observations generalize 500 
remains to be established. However, single-case studies address a different explanatory level than 501 
group-based designs. Aphasia is a heterogeneous clinical syndrome with mechanisms varying between 502 
individuals. In BCI development, inference at the level of the single subject will therefore be essential, 503 
as decoding must ultimately be optimized within a single brain. An n = 1 design enables deep 504 
phenotyping at spatial and functional resolutions inaccessible to non-invasive neuroimaging, linking 505 
behavior and neuronal dynamics within the same system rather than across group averages. Thus, the 506 
results presented here do not constitute a theory of aphasia in general, but a mechanistic account with 507 
far-reaching translational relevance.  508 
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Methods 509 

Participant 510 

The participant was a 51-year-old female with higher education who had suffered an ischemic stroke in 511 
the left middle cerebral artery territory (M1 occlusion) six years prior to study enrollment. The stroke 512 
lesion comprised extensive necrosis of the frontal, temporal, and parietal cortices, resulting in near-513 
complete destruction of the left perisylvian language network. The acute post-stroke phase was marked 514 
by global aphasia and apraxia of speech. At study onset, standardized clinical assessments, including 515 
the Aachener Aphasie Test (AAT52) and Aphasia Checklist (ACL53) indicated non-fluent (“Broca’s”) 516 
aphasia and moderate apraxia of speech (Hierarchische Wortlisten54). Expressive language was severely 517 
impaired; auditory comprehension was preserved for single words and simple syntax but declined with 518 
increasing syntactic complexity; written language deficits paralleled spoken impairment, with absent 519 
functional word-writing. Severe lexical retrieval deficits were confirmed by the Bielefelder 520 
Wortfindungsscreening55. Non-verbal cognition, including non-verbal semantic processing (NVST56), 521 
and orofacial praxis were intact. Longitudinal monitoring indicated that the language profile was stable 522 
(Extended Data Fig. 2). The participant received ongoing speech therapy targeting apraxia of speech 523 
during the study, independent of experimental tasks. 524 

All procedures were conducted in accordance with the Declaration of Helsinki and were approved by 525 
the ethics committee of the TUM School of Medicine and Health (2018-489-S-KK). The participant 526 
provided written informed consent after the nature and potential risks of the study had been explained 527 
in accessible language. Consent was reaffirmed repeatedly throughout the study. Participation was 528 
voluntary, and the participant could withdraw at any time without consequences for clinical care. 529 

Electrode placement 530 

Implantation sites were planned based on presurgical mapping: fMRI and DTI together identified 531 
preserved structural and functional connectivity within the right hemisphere, including coupling 532 
between the inferior frontal and inferior parietal regions. Transcranial magnetic stimulation (TMS) 533 
using a word–picture mapping paradigm did not yield conclusive localization evidence, as stimulation 534 
at any cortical site produced performance decrements. These findings collectively indicated that residual 535 
language function was likely sustained by a broadly distributed right-hemispheric homotopic network, 536 
and guided selection of implantation targets. 537 

Four 64-electrode, 1.5-mm-long silicon planar microelectrode arrays (“Utah arrays”, Blackrock 538 
Neurotech) connecting to a single pedestal were chronically implanted into the right middle frontal 539 
gyrus (MFG), inferior frontal gyrus (IFG), supramarginal gyrus (SMG) and angular gyrus (ANG) under 540 
general anesthesia. In MNI space, the array centroids are located at 47.75, 31.12, 34.54 (MFG; border 541 
of BA6 and BA8, Allen Human Brain Atlas57), 61.66, 18.12, 18.50 (IFG, BA44, 80 % probability, 542 
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Jülich Brain Atlas58), 66.78, –24.36, 30.74 (SMG, BA40, 69 % probability), and 62.18, –49.67, 37.90 543 
(ANG, BA39, 68 % probability). 544 

Task design and stimulus material 545 

Three single-word-level language tasks were designed to dissociate cognitive subprocesses of language 546 
production and comprehension while accommodating the participant's language abilities. All tasks were 547 
administered with eye-tracking–based control: trials advanced only upon continuous fixation of a 548 
central fixation point, ensuring stable visual attention prior to stimulus onset. Tasks were blocked and 549 
run in pseudo-random order within the recording session. 550 

Naming task. Each trial was initiated by a 500-ms fixation period. Upon successful fixation acquisition, 551 
a sample image was presented centrally for 150 ms, followed by a 3,000-ms delay. A microphone icon 552 
(150 ms) served as the response prompt, at which point fixation was released and participants had 3,000 553 
ms to vocalize the target word prior to inter-trial interval onset. 554 

Repetition task. Trial structure was identical to the naming task, with the exception that an auditory 555 
sample, i.e., a pre-recorded spoken word (mean duration: 250 ms) delivered binaurally via headphones, 556 
replaced the visual sample. 557 

Comprehension task. Each trial was initiated by a 500-ms fixation period, followed by auditory sample 558 
presentation. Participants maintained fixation throughout a subsequent 1,500-ms delay, after which 559 
three images were presented sequentially (150 ms each; 1,500-ms inter-stimulus intervals) in 560 
randomized order, comprising the target image (semantically congruent with the auditory sample), one 561 
semantically or phonologically related distractor, and one unrelated distractor drawn from the item set. 562 
During the final response epoch, all three images appeared simultaneously at equidistant positions along 563 
a circular array. Target selection was operationalized as a 500-ms fixation, with response classification 564 
(target, related error, unrelated error) determined from fixation location. Accuracy feedback was 565 
delivered audiovisually via a green or red circle overlaid on the selected image, paired with a 566 
corresponding tone. 567 

Trial alignment and contrasts. Neuronal activity was analysed in three time windows aligned to key 568 
task events. The sample epoch was aligned to sample onset and extended from 500 ms before to 3,000 569 
ms after onset of the first stimulus (–500 to +3,000 ms). The response epoch was aligned to voice onset 570 
in the naming and repetition tasks, and to fixation of the selected image in the comprehension task. The 571 
response epoch extended from 750 ms before to 750 ms after the response (–750 to +750 ms). Lastly, 572 
for the target epoch, we aligned to sample onset in the naming and repetition tasks, and to onset of the 573 
target, i.e., the image matching the auditory sample, appearing as one of three sequentially presented 574 
stimuli. The target epoch extended from 500 ms before to 1,500 ms after target onset (–500 to 575 
+1,500 ms). 576 
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Item set. We administered items in subsets of 8 per recording session, with each subset used across all 577 
tasks within a session. The full set comprised 64 items balanced by semantic category (household items, 578 
animals, body parts) and grammatical category (nouns and verbs) within recording subset. Each item 579 
was represented by two distinct line drawings and two spoken-word recordings from different speakers 580 
(128 images and 128 audio files in total). Within each session, each image and audio file was presented 581 
ten times per task, yielding 20 (2x10) trials per item per task and 160 trials per task per session. 582 

Data collection and preprocessing 583 

Recording setup. The participant was seated at a desk and viewed the experimental display (Samsung 584 
LED, 23,6’’), viewing distance 57 cm) through a head-mounted eye tracker equipped with an integrated 585 
chin rest for head stabilisation. MonkeyLogic 2 (NIMH) running on a dedicated PC was used for 586 
experimental control and behavioral data acquisition. Behavioral time stamps were transmitted to the 587 
NSP system for parallel logging of neuronal data and behavioral events. Visual stimuli were presented 588 
centrally on the display. Eye position was required to remain within a fixation window of 3° radius. 589 
Auditory stimuli were delivered via headphones (Sennheiser HD 560). A microphone (Sennheiser ME 590 
36) positioned in front of the display recorded all vocal responses. Extracellular voltage signals were 591 
sampled at 30 kHz, filtered and digitized using a 256-channel Neuroport Neural Signal Processor (NSP, 592 
Blackrock Neurotech) in conjunction with a Neuroport 256-channel headstage attached to the pedestal. 593 
The digitised signals were transmitted via digital hubs to the NSP and a recording PC for storage and 594 
offline analysis.  595 

Spike sorting and unit classification. Raw signals were bandpass filtered (250 – 7,500 Hz) and 596 
common-average referenced within each array by subtracting the array mean from each channel. Spikes 597 
were sorted into unit clusters using Kilosort 1.059. Spike quality was assessed by calculating the 598 
Mahalanobis distance of each spike to its cluster centroid and fitting a chi-squared distribution to these 599 
distances. Spikes falling below a threshold of 1/N (N = total spikes in the unit) were excluded as noise60. 600 
Units were retained if they met minimum criteria for mean firing rate (≥ 0.1 Hz) and signal-to-noise 601 
ratio (SNR ≥ 15 dB). All units were additionally inspected manually to confirm biologically plausible 602 
waveforms and to classify them as single- or multi-unit activity. Classification was based on peak-to-603 
peak amplitude distribution and stability, inter-spike interval violations (assuming a 1-ms refractory 604 
period), and cluster separation in principal component space. Unit identity was not tracked across 605 
sessions; thus, potential turnover between sessions was not controlled. The proportion of electrodes 606 
with unit activity was computed as the number of electrodes recording at least one unit divided by the 607 
total number of electrodes on that array. The signal-to-noise ratio was calculated as 608 

𝑆𝑁𝑅 = 20 ×	𝑙𝑜𝑔() -
𝑉**
𝑉&+,

/		609 
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where Vpp is the mean peak-to-peak amplitude across spikes of a unit and VRMS is the root-mean-square 610 
(RMS) voltage of the filtered signal on its electrode. 611 

Behavioral scoring and response timing. Each trial was evaluated for response accuracy and response 612 
time. For naming and repetition, voice onset was estimated from the microphone trace using a custom 613 
amplitude-based detector. Voice onset was defined as the start of the first voiced segment. Voiced 614 
segments were manually transcribed and scored as correct if the transcription matched the target word 615 
exactly. For comprehension, response time was determined by the moment the eye trace first reached 616 
the logged image. 617 

Cross-task behavioural covariance. To compare performance across tasks, we calculated pairwise 618 
covariation of accuracy and response times between naming, repetition, and comprehension. For each 619 
item, mean accuracy was computed across sessions separately for each task, and associations were 620 
assessed using Spearman correlation coefficients. Two-tailed significance tests were applied to both 621 
accuracy and response time measures. 622 

Task-modulated units 623 

Task-modulation was defined by a significant difference in firing rates during at least one task epoch 624 
compared to baseline. Firing rates were assessed across all three alignment windows for each task, and 625 
units were classified as task-modulated if they showed significant difference to baseline for at least two 626 
consecutive 150-ms windows stepped by 75 ms (paired t-test, p < 0.05). 627 

Activity and selectivity profiles 628 

Trial selection and preprocessing. For activity and selectivity analyses, only correct trials were 629 
included, and only sessions with at least seven correct repetitions of at least three items in all tasks were 630 
analysed. For each session, trials of items with at least seven correct repetitions in all tasks were 631 
retained, and subsampled to equalize counts per item. Lastly, units with zero baseline variance were 632 
excluded. Due to random-trial subsampling, the number of included units varies slightly across 633 
analyses. 634 

Activity. Firing rates were computed in 50-ms bins and smoothed with a 50-ms Gaussian kernel. Z-635 
scored firing rates were obtained by subtracting the trial’s baseline mean firing rate (−500 to 0 ms pre-636 
sample) and dividing by the baseline variance across trials. 637 

Selectivity. Item information was quantified using the 𝜔- explained variance measure. The extent to 638 
which a neuron's firing rate varied with the items was calculated using 250-ms windows and 20-ms 639 
steps as 640 

𝜔- =
𝑆𝑆.$/#01 − 𝑑𝑓 ⋅ 𝑀𝑆𝐸
𝑆𝑆'/2!3 +𝑀𝑆𝐸

	641 
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with 𝑆𝑆.$/#01 denoting the sum-of-squares between groups (items), 𝑆𝑆'/2!3 the total sum-of-squares, 642 

df the degrees of freedom, and MSE the mean squared error. For the same timepoints as for 𝜔-, we 643 

calculated 𝜔14#55367-  by shuffling trial labels 25 times, calculating 𝜔- percent explained variance and 644 

averaging across shuffles. The selectivity measure ∆𝜔- was then defined as 𝜔-- 𝜔14#55367- . 645 

Task differences. Horizontal black bars in plots of activity or selectivity profiles indicate epochs during 646 
which at least one task differed significantly from the others (150ms windows, one-way ANOVA, 647 
p < 0.01). To examine correlations between tasks, Pearson product–moment correlations were 648 
computed for all pairwise task combinations at the single-unit level. For each array and task 649 
combination, the distribution of correlation coefficients was tested against zero (one-sample t-test, 650 
p < 0.01). 651 

Hierarchical clustering of activity and selectivity profiles. For each unit, z-scored PSTHs across 652 
alignment windows and tasks were concatenated to form activity profiles. Explained variance computed 653 
over the same windows was concatenated analogously to generate item selectivity profiles. Units were 654 
clustered hierarchically using Ward’s linkage and Euclidean distance, separately for activity and item 655 
selectivity profiles. To enable comparison between profile types and capture modest but potentially 656 
informative structure, the number of clusters was fixed at ten. 657 

Spatial autocorrelation analysis. Spatial organisation of clusters across arrays was assessed using 658 
Moran’s I, which quantifies spatial autocorrelation (−1 = dispersion, 0 = random, +1 = clustering). For 659 
each cluster, the observed I was compared to a permutation-based null distribution generated by 660 
shuffling electrode locations 100 times (permutation test, 99th percentile). To avoid confounds arising 661 
from unit turnover and spatial differences in signal quality (e.g., varying numbers of unit-recording 662 
electrodes), shuffling was performed within sessions and arrays. 663 

Representation of abstract lexical information 664 

Decoding analyses were performed on windowed firing rates (200 ms window with 100 ms overlap) 665 
from all units, trials were balanced per item (minimum six trials per item, irrespective of accuracy. 666 
Several machine-learning pipelines, including linear discriminant analysis (LDA), support vector 667 
machines (SVMs) with linear and radial basis function (RBF) kernels, k-nearest neighbours (KNN), 668 
random forest (RF), and extreme gradient boosting (XGB) were evaluated. The linear SVM classifier 669 
yielded the highest and most stable decoding accuracy while maintaining computational efficiency and 670 
was therefore used for all subsequent analyses. Features were standardised using a StandardScaler to 671 
improve convergence. 672 

Cross-validation and performance metrics. Firing rates were computed for each window and unit, 673 
yielding a feature vector of dimensionality 1 × n, where n is the number of units. All decoding analyses 674 
employed five-fold stratified cross-validation, in which the dataset was randomly partitioned into five 675 
subsets with four folds used for training and one for testing in each iteration, ensuring proportional class 676 
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representation across folds. Performance was evaluated using balanced accuracy to account for potential 677 
class imbalances. 678 

Within-session decoding. Within-session decoding established a baseline for the extent to which 679 
neuronal activity within a single session could be used to decode items directly. Each 200-ms window 680 
was decoded independently using five-fold stratified cross-validation. Accuracies were averaged across 681 
folds within sessions and then across sessions for each cortical region and task. To assess whether 682 
performance significantly exceeded chance, a hierarchical group-level permutation test was 683 
implemented. For each window, an empirical null distribution was constructed by shuffling predicted 684 
labels within each cross-validation fold over 1,000 iterations. For each permutation, a null group mean 685 
was computed by averaging first across folds and then across all sessions. Empirical p-values were 686 
calculated as the proportion of null values exceeding the observed group-mean accuracy. To account 687 
for multiple comparisons across time windows, p-values were adjusted using the Benjamini–Hochberg 688 
false discovery rate (FDR) procedure, with significance defined at an FDR-controlled threshold of 689 
q < 0.01. 690 

Cross-temporal decoding. Cross-temporal decoding was performed by training the classifier on neural 691 
activity from one time window and testing on all other windows within the same session and task. Each 692 
200-ms window served as both training and testing input in a full pairwise comparison matrix. Five-693 
fold stratified cross-validation was applied to each training–testing combination. To prevent data 694 
leakage, trials used for training in a given window were excluded from all testing windows. For each 695 
window, decoding accuracies were averaged across folds within each session and then across sessions 696 
for each cortical region and task. 697 

Cross-task decoding. For cross-task decoding the classifier was trained on one task and tested on 698 
another, using the corresponding task-aligned 200-ms windows. Only recording sessions with all tasks 699 
completed were included. Units were restricted to those stably recorded across all three tasks on the 700 
same day. Two nested five-fold stratified cross-validation procedures were used: one to define training 701 
folds in the source task and one to define testing folds in the target task, with 80 % of trials used in each 702 
case. For each window, decoding accuracies were averaged across folds within each recording day and 703 
then across all recording days for each cortical region. The mean of both training–testing directions was 704 
then computed, yielding a single cross-task generalisation metric for each task pair. Statistical 705 
significance was determined using the permutation and FDR-correction procedures described for 706 
within-session decoding. 707 

Phonological and semantic feature encoding 708 

Multimodal word embeddings. To construct a multimodal feature space for each stimulus, we 709 
integrated two sources of lexical descriptors: Whisper encoder embeddings61 were used to represent the 710 
acoustic features of each word. Each audio file (two speakers per word) was processed separately. Voice 711 
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onset and offset were detected using a custom amplitude-based detector (absolute waveform, 5-sample 712 
moving average; threshold = 0.05 on the normalized −1 to 1 scale), and the waveform was segmented 713 
to the detected speech interval. Segments were then padded or trimmed to a fixed duration (490 ms), 714 
resampled to 16 kHz and converted to the Whisper input format. Each segment was passed through the 715 
encoder of the pre-trained Whisper large-v3 model (bypassing the decoder) to obtain hidden states 716 
capturing acoustic content. A fixed-length embedding was created by concatenating the final 20 time 717 
steps of the last hidden state, aligned to the detected onset. These embeddings are henceforth referred 718 
to as phonological embeddings. FastText embeddings (German Common Crawl model, cc.de.300; 300-719 
dimensional)62 were used to represent the distributional semantics of the words. FastText was chosen 720 
over the Whisper decoder because the decoder embeddings incorporate contextual predictions from 721 
preceding and following words, which were absent in our single-word tasks. For each word in our item 722 
set, the corresponding fastText vector was retrieved directly by look-up. 723 

We modelled spike count vectors as a function of word embeddings using time-resolved linear 724 
regression, performed separately for each embedding type and unit43. Units were required to be co-725 
recorded across tasks (i.e., in the same recording session) and trials were balanced per item (minimum 726 
six trials per item, irrespective of accuracy).  727 

To construct two separate encoding models, we used the first 50 PCs of the fastText or the Whisper 728 
embeddings for each word. These models were applied to neuronal data during the three task alignment 729 
windows (epochs). Within each epoch, spike trains were converted to firing rates using a sliding window 730 
approach (200-ms window, 25-ms step). Spike counts were divided by window size (in seconds) to 731 
obtain firing rates and smoothed with a Gaussian kernel (σ = 1). An ordinary least-squares (OLS) linear 732 
regression model with an intercept was fitted to predict binned firing rates from the embedding features. 733 
Coefficients were estimated by OLS independently for each time bin: 734 

𝑦8,: = 𝛽),: + 𝑥8!  𝛽: + 𝜀8,:	735 

Where 𝑖 indexes trials, 𝑏	indexes time bins 𝑥8 is the embedding vector (fastText or Whisper) for trial 736 
𝑖,	𝛽),: is the intercept for bin 𝑏 and 𝛽: are the regression coefficients for bin 𝑏 and 𝜀𝑖, 𝑏 is the residual. 737 

For each unit and epoch, models were trained on 80 % of the trials and predicted firing rates on the 738 
held-out 20 %. A single fixed train-test split (test size = 0.2, random seed = 42) was reused across all 739 
units within the same session and epoch. Stratification was performed by item. 740 

This procedure yielded a temporal response profile of model performance throughout the three epochs. 741 
For each time bin 𝑏, the vectors 𝑦2$#6[: , 𝑏] and 𝑦0$67[: , 𝑏] across test trials were extracted, and the 742 

Pearson correlation coefficient was computed as 743 

𝑟: = 𝑐𝑜𝑟𝑟E𝑦::2$#6 ,  𝑦::
0$67F.	744 
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Bins in which either vector had zero variance across trials were excluded, and units with any excluded 745 
bins were removed from further analysis. The resulting correlation curves reflect within-lexeme 746 
prediction accuracy (since training and test sets included trials from the same words) and allowed 747 
dissociation of the contributions of semantic and phonological features to firing-rate modulations across 748 
task phases, rather than generalisation to unseen words.  749 

For each unit and epoch, null distributions were generated by repeating the analysis with 1,000 random 750 
permutations of the training data under a fixed train–test split. In each permutation, the pairing between 751 
each trial's embedding features and its neuronal response was randomly shuffled within the training set, 752 
while the held-out test trials remained fixed. Model predictions on the unpermuted test data were 753 
recomputed for each permutation, and per-bin correlations were stored to form empirical null 754 
distributions. Line plots and heatmaps display the correlation time course with the permutation mean 755 
subtracted, per model and window, averaged across units within each region (mean ± SEM) 756 

𝛥𝑟: 	 = 	 𝑟:$6!3 	− 	 𝑟:<	757 

Region-level comparison of semantic and phonological models. To compare semantic (fastText, FT) 758 
and phonological (Whisper, WH) models over time at the region level, we performed a paired, sliding-759 
window test on permutation-subtracted traces. For each unit, model, window, and time bin we use the 760 
permutation-subtracted correlation 𝛥𝑟:. Within each alignment window, 𝛥𝑟: was averaged within 250-761 
ms windows with 50 % overlap (bin width = 25 ms yielding 10-bin windows, 5-bin steps). For each 762 
task and time window, we formed two vectors across units: 763 

𝑥='(𝑢) =
1
|𝑊| V 𝛥𝑟:='(𝑢)

:∈?

	764 

and 765 

𝑥,*(𝑢) =
1
|𝑊|

V 𝛥𝑟:?@(𝑢)
:∈?

	766 

where u indexes units, W denotes the set of bins in the sliding window, and b indexes individual bins. 767 
A paired t-test was performed across units on the within-window difference x_FT(u) − x_WH(u). For 768 
each task and alignment window, p-values from all sliding windows were corrected using the 769 
Benjamini–Hochberg FDR procedure (α = 0.05), yielding a Boolean significance mask over time.  770 

Model dominance per unit. For each unit u and analysis window w, the modulation index (MI) was 771 
computed to quantify the relative dominance of semantic versus phonological encoding. The MI is 772 
defined as the difference in permutation-corrected correlations between the fastText (∆𝑟#=')	and 773 
Whisper models (∆𝑟#?@): 774 
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𝑀𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛	𝐼𝑛𝑑𝑒𝑥# =	
∆$"#!B∆$"$%

|	∆$"#!|	C|	∆$"$%|	. 775 

 Positive values of the 𝑀𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛	𝐼𝑛𝑑𝑒𝑥# indicate semantic dominance, whereas negative values 776 
indicate phonological dominance. 777 

Temporal window of interest. The modulation index was averaged within a prespecified temporal 778 
window (100–1000 ms after target onset): 779 

𝑀𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛	𝐼𝑛𝑑𝑒𝑥#D8E7/D =	
1
|𝑅| 	V𝑀𝐼#,:

:

:∈&

	780 

where R denotes the set of bins within the temporal window, and b indexes individual bins. These unit-781 
wise window-averaged MI values were then averaged across units within each region and compared 782 
across tasks using a linear mixed-effects model with per-unit random intercepts: 783 

𝑣𝑎𝑙𝑢𝑒 ∼ 𝐶(𝑡𝑎𝑠𝑘) + (𝑢𝑛𝑖𝑡)	784 

From the fitted model, pairwise contrasts between tasks on the modulation index were computed, and 785 
two-sided p-values were obtained. Within each window panel, p-values across the planned contrasts 786 
were adjusted using the Benjamini–Hochberg FDR procedure (p < 0.05); significant pairs are marked 787 
with asterisks. Outliers were clipped, and axis limits were scaled to percentiles to maintain readability. 788 

Unit-wise significance. For each datapoint of unit × model × window, one-sided ("greater") tests were 789 
performed within the prespecified window of interest in the target epoch (100 – 1000 ms after target 790 
onset). Within the ROI, mean correlations were computed in sliding sub-windows of width 150 ms and 791 
step 150 ms. For each sub-window j, the observed statistic was: 792 

𝑇F/:1 =	
1
|𝑊F|

V 𝑟:
:∈?&

 793 

The same statistic was computed for each permutation k = 1, …, B, yielding 𝑇F
(H)	. An empirical one-794 

sided p-value was computed per sub-window as:  795 

𝑝D8E7/D =	
1 +	∑ 1(𝑝J8E

(H) ≤ 𝑝J8E/:1 )K
HL(

1 + 𝐵
 796 

To correct for testing across the six sub-windows, a permutation-based min-p procedure (Westfall & 797 
Young) was applied: the observed minimum p-value across sub-windows was compared against the 798 
null distribution of the minimum p-value, obtained by computing, for each permutation k, the minimum 799 
p-value across all sub-windows. This yielded one familywise-error-rate-corrected p-value per unit × 800 
model, reflecting the best-responding sub-window while accounting for the implicit multiple 801 
comparisons. These corrected p-values were then submitted to BH-FDR correction (α = 0.05) within 802 
each session × model. Units were deemed significant when their FDR-adjusted q-value satisfied q ≤ 803 
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0.05. Within each session, units were categorised based on model-specific significance: semantics-only 804 
(significant for fastText but not Whisper), phonology-only (significant for Whisper but not fastText), 805 
significant for both, or neither. The "both" category reflects units for which the intersection-union test 806 
statistic, defined as max(𝑝=' , 𝑝?@), itself survived BH-FDR correction within the same session × model 807 
scope. 808 

Population structure and representational similarity  809 

The same trial sampling procedure as in the decoding and regression analysis were applied; i.e., trials 810 
were balanced per item (minimum six trials per item, irrespective of accuracy). Spike trains were 811 
discretized into 10-ms bins and convolved with a Gaussian kernel (150-ms standard deviation), yielding 812 
smooth peri-stimulus time histograms (PSTHs) as continuous firing rate estimates.  813 

Demixed principal component analysis. We used demixed principal component analysis (dPCA)44, a 814 
dimensionality reduction method that extends principal component analysis (PCA) by decomposing 815 
neuronal variance into marginalizations aligned with task variables. Population activity was projected 816 
onto condition-averaged PSTHs and contributions from different task parameters were demixed. In this 817 
setting, neuronal variance was decomposed into three types of marginalizations: (i) time-dependent (t) 818 
marginalizations, capturing variance shared across items but varying systematically with trial time (e.g. 819 
attention, motor preparation, or task engagement); (ii) stimulus-dependent (s) marginalizations, 820 
capturing variance explained by differences between items; and (iii) stimulus–time interaction (st) 821 
marginalizations, capturing item-specific dynamics evolving over time. Fifteen components were 822 
extracted for each marginalization and method-intrinsic, automatic regularization was employed to 823 
prevent overfitting. 824 

Following the authors' guidelines, a minimum of six valid trials per session and at least 100 825 
simultaneously recorded neurons per region and item subset were required to ensure robust demixing. 826 
As a result, ANG was excluded from these analyses. Data from multiple sessions were pooled whenever 827 
the same item groups were shared (i. e., subset of items), ensuring that all combinations of task 828 
parameters were represented and shared across instances of dPCA. These measures ensured that the 829 
demixed variance reflected stable and reproducible coding structure rather than session-specific 830 
variability. To quantify the extent to which the neuronal activity was captured by the demixed 831 
components, we computed the explained variance (EV). We followed the reconstruction-based 832 
definition implemented in the reference MATLAB code63. For each set of components, reconstructed 833 
PSTHs were obtained as 834 

𝑋g = 𝑉𝑊(M)𝑋h,	835 

where 𝑋h is the per-neuron centered data matrix (PSTHs with mean activity across conditions removed), 836 
𝑉 the encoder, and 𝑊 the decoder. The explained variance was then defined as 837 
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𝑅- = 1 −
|𝑋h − 𝑋g|=-

|𝑋h|=-
,	838 

with | ⋅ |= denoting the Frobenius norm. To partition variance into marginalizations (𝜙), the same 839 
procedure was applied to ANOVA-style decompositions 𝑋hN, ensuring that contributions of time, item, 840 

and their interaction summed to the total variance. 841 

We further computed time-resolved explained variance by repeating this calculation for each time point 842 
using per-time denominators	|𝑋h:,2|-. This yielded temporal trajectories of explained variance for each 843 

marginalization, revealing how different components contributed to population variance over the course 844 
of the trial. The analysis tracked changes in item coding, temporal dynamics, and their interactions at 845 
sub-second timescale, providing insights into the temporal structure of language processing in cortical 846 
populations. We then averaged explained variance values across all sessions for each brain region and 847 
marginalization type. 848 

Implementation choices. We implemented the reconstruction-based EV calculation in Python, 849 
adapting the official MATLAB implementation. This was necessary because the available Python 850 
dPCA package reports projection energy along decoder axes rather than reconstruction-based variance. 851 
While equivalent for PCA, this metric can overestimate variance in dPCA, where components are not 852 
orthogonal, and can even yield cumulative values exceeding 100 %. For consistency with the original 853 
definition and published figures, we therefore used the reconstruction-based method, reporting fractions 854 
of PSTH variance (rather than PSTH plus noise variance). 855 

Stimulus-related reconstructions. To focus on item-specific coding, we reconstructed neuronal 856 
activity from only the stimulus and stimulus-time interaction components: 857 

𝑋h = 𝑋h2 	+ 	𝑋h1 +	𝑋h12 +	𝑋hE/816 	858 

𝑋g$6"/E12$#"28/E = 𝑋h1 + 𝑋h12 .	859 

Population vector analysis 860 

To examine how neuronal populations represent different items, we analysed the geometric organisation 861 
of reconstructed neuronal stimulus representations in population activity (state) space. Splitting the trial 862 
into 100-ms bins, we computed population vectors (PVs) as the mean firing rate of each neuron in each 863 
bin. Differences between PVs corresponding to matched time points across items quantified 864 
representational dissimilarity. We quantified these differences using Euclidean distance in state space, 865 
as it captures both magnitude and directional differences between population states, providing a more 866 
geometrically faithful measure of separation than correlations. To obtain a robust measure of regional 867 
dynamics, distances were further averaged across item subsets, and word combinations. This provided 868 
an intuitive summary of general trends for each region and task, while preserving the metric's sensitivity 869 
to item-specific divergence within trials. Distances were normalised by averaging within each region 870 
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and task, which may overemphasise the contribution of individual conditions (for example, repetition 871 
in SMG). 872 

Psycholinguistic representational similarity analysis. To relate neuronal distances to linguistic 873 
structure, psycholinguistic distances between words were quantified. Word similarity was defined using 874 
multiple measures: (i) phonological and semantic model embeddings (see phonological and semantic 875 
feature encoding) and (ii) Levenshtein edit distance for phonological similarity. High-dimensional 876 
embeddings (Whisper, fastText) were reduced with principal component analysis (PCA; n_components 877 
= 20) before computing cosine similarity across word combinations. While embeddings capture rich 878 
structure, clustering structure in phonological embeddings degraded when calculating the difference 879 
vector across items in embedding space. For semantic embeddings, clustering remained plausible. To 880 
address this, phonological edit distance (ii) was included as a complementary low-dimensional measure. 881 

To assess the relationship between neuronal and linguistic distances for each task (e) and region (r), 882 
paired generalised linear models (GLMs) were fitted at every time bin (t). Separate models were run for 883 
each measure to avoid confounds between potentially correlated predictors. The semantic model used 884 
the cosine similarity of the 20-dimensional fastText embedding projections; the paired Levenshtein 885 
model used the scalar phonological distance. Fold-wise train–test splits (80/20 split, n = 100 iterations) 886 
produced out-of-sample coefficients of determination (R²). Importantly, GLMs allowed us to test 887 
whether linguistic structure could predict neuronal distances, rather than merely correlate with them. 888 
Randomly label-shuffled embeddings served as a control. Because demixed principal component 889 
analysis (dPCA) projects onto mean trial activity and phonological embeddings also contain speaker 890 
information, these embeddings were averaged across speakers. The difference in R² values between 891 
each predictor and its shuffled control was reported. 892 

Bin-wise significance. To assess which time bins favored fastText over Levenshtein, we formed paired 893 
differences per iteration, 894 

𝑑6,$(𝑡) 	= 	𝑅-3!EO(𝑒, 𝑟, 𝑡) 	−	𝑅-36P(𝑒, 𝑟, 𝑡). 895 

Two-sided paired Student's t-tests compared 𝑑6,$(𝑡)	against zero. Resulting p-values were Benjamini-896 

Hochberg corrected within each phase, and bins with q < 0.05 were flagged. We focused on the target 897 
epoch, reduced each fold to the window t ∈ [0.1, 1.0] after alignment, and computed the difference 898 
between fastText and Levenshtein per fold as: 899 

∆𝑅-6,$ = 𝑅-3!EO −	𝑅-36Pkkkkkkkkkkkkkkkkkkkk 900 

where the bar denotes the temporal average across the ROI. Taskwise means (𝜇6,$) and standard errors 901 

were shown. Pairwise contrasts between experiments were quantified with Welch t-tests on the iteration 902 
distributions (𝛥𝑅-6,$). Resulting p-values were FDR-adjusted across the three pairs and rendered as 903 

bracket annotations (if q < 0.05).  904 
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Extended Data 1061 

 1062 

Extended Data Fig. 1 | Semantic and phonological model embeddings 1063 

a-b, Embedding spaces for (a) the semantic model (fastText) and (b) the phonological model (Whisper). 1064 
Each word was given to the models either as a text token or as an audio recording. Because two 1065 
speakers produced the audio stimuli, each word appears twice in the phonological embedding space, 1066 
while its text representation is unique. Embeddings are projected into two dimensions using PCA (with 1067 
explained variance by PC shown in brackets). The semantic embeddings cluster by semantic category 1068 
(left column), while the phonological embeddings primarily separate by acoustic properties, most 1069 
clearly speaker identity (middle column). Both models also reflect phonological structure (right 1070 
column). c, Balanced accuracy of a logistic regression classifier trained to predict lexical (lexical 1071 
frequency, familiarity, abstractness, semantic category, syntactic category), acoustic (mean amplitude 1072 
(discretized), mean rolloff (discretized), mean spectral bandwidth (discretized), root mean square 1073 
(discretized), speaker identity), and sublexical features (number of vowels, number of consonants, 1074 
number of syllables, phonological complexity, neighborhood density) from either semantic or 1075 
phonological embeddings. Model accuracy was evaluated using 10-fold cross-validation and compared 1076 
against a dummy baseline (most frequent class strategy). 1077 
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 1078 
Extended Data Fig. 2 | Language impairment profile 1079 

Language impairment profile assessed using standardized German language tests at three timepoints: 1080 
one day prior to implantation (pre-surgery), two weeks post-surgery, and at end of study. 1081 

 1082 

Extended Data Figure 3 | Activity and item selectivity correlation analysis 1083 

Density distributions of cross-task, unit-wise Pearson’s correlations of spiking activity (coloured) and 1084 
item selectivity (black) for each region. Asterisks indicate distributions significantly greater than zero 1085 
(one sample t-test, p < 0.001). 1086 
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 1087 

Extended Data Figure 4 | Clustering of activity profiles 1088 

a, Hierarchical clustering of spiking activity, as the z-scored trial-averaged responses to each task, 1089 
performed across areas. Trials were randomly subsampled and balanced to minimally seven correct 1090 
trials per item for minimally three items, and units with zero variance in baseline firing rate were 1091 
excluded. The dendrogram colors indicate the cluster identity. b, Overview of all activity clusters, 1092 
showing cluster-wise unit-averaged activity, split by task. Horizontal bars indicate periods with 1093 
significant differences between tasks (ANOVA, p < 0.01). Error bands, SEM across units. Analyses 1094 
were restricted to sessions in which all three language tasks were completed. Array columns show the 1095 
spatial distribution of units across the four arrays. The left column shows the distribution based on 1096 
session-wise shuffled cluster labels, while the right shows the true distribution. Asterisks indicate 1097 
clusters that are significantly more spatially organised than the null distribution (permutation test, 99th 1098 
percentile). 1099 
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 1100 

Extended Data Figure 5 | Clustering of item selectivity profiles 1101 

a, Hierarchical clustering of item selectivity, performed across areas. Trials were randomly 1102 
subsampled and balanced to minimally seven correct trials per item for minimally three items, and units 1103 
with zero variance in baseline firing rate were excluded. The dendrogram colors indicate the cluster 1104 
identity. b, Overview of all item selectivity clusters, showing cluster-wise unit-averaged item selectivity, 1105 
split by task with shuffled control subtracted (∆ω²). Horizontal bars indicate periods with significant 1106 

differences between tasks (ANOVA, p < 0.01). Error bands, SEM across units. Analyses were restricted 1107 
to sessions in which all three language tasks were completed. Array columns show the spatial 1108 
distribution of units across the four arrays. The left column shows the distribution based on session-1109 
wise shuffled cluster labels, while the right shows the true distribution. Asterisks indicate clusters that 1110 
are significantly more spatially organised than the null distribution (permutation test, 99th percentile). 1111 

 1112 
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 1113 

Extended Data Figure 6 | Unit-wise linear regression using model embeddings 1114 

a, Schematic of the time-resolved, unit-wise linear regression logic using semantic and phonological 1115 
embedding components to predict firing rates of individual units at each electrode array. For each unit 1116 
and window, models were trained on 80% of the trials firing rates were predicted on the held-out 20%. 1117 
Model encoding was evaluated by correlating true firing rates with each model prediction at each time 1118 
bin. b, Delta correlations (Pearson correlation between predicted and observed firing rates, computed 1119 
on permutation-subtracted unit traces) for each unit for the semantic (top) and phonological (bottom) 1120 
model across tasks. Units yielding NaN correlations due to zero variance in either trace were excluded; 1121 
remaining units are sorted by their mean semantic correlation in the sample epoch. Unit counts are 1122 
larger than in Figs. 3, 4 and 6 as no co-recording requirement was imposed. 1123 
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 1124 
Extended Data Figure 7 | dPCA decomposition, encoding analyses, and semantic structure 1125 

a, Schematic of the dPCA “decoder–encoder” workflow. Trial-averaged spike trains were demixed into 1126 
time (t), stimulus (s), and stimulus–time interaction (st) components. Filtered reconstructions, using 1127 
only the s and st marginalizations, are projected back into neuron space to recover condition-specific 1128 
firing trajectories. b, Example item subset (MFG during naming). Top: variance explained by individual 1129 
components (left) and cumulative curves for each marginalization (right). Bottom: fraction of total 1130 
variance captured by t, s, and st (left) and cumulative variance as a function of the number of total 1131 
components (right). c–e Time-resolved explained variance in MFG, IFG, and SMG (top to bottom) 1132 
across tasks (REP, NAM, COM; left to right). Lines indicate the across-combination mean, shaded 1133 
bands show SEM of individual word subsets. Accompanying pie charts report the time-averaged 1134 
variance fraction for each marginalization (t, s, st). f, Time-resolved encoding strength of GLMs for 1135 
phonological (Whisper) embeddings in a representational similarity analysis. Panels show the 1136 
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difference in test-set coefficient of determination (R²) for generalized linear models predicting firing 1137 
rate differences in MFG, IFG, and SMG (left to right). Models use pairwise word differences of speech-1138 
embedding features (cosine similarity in a 20-dimensional PCA space). The plotted quantity is feature-1139 
based R² minus shuffled-control R². Shaded bands denote SEM across cross-validated folds (n = 100; 1140 
80/20 split). Vertical bands mark sample, response, and target alignment windows. g, Semantic 1141 
structure of pair-wise differences in embedding spaces. Language embeddings preserve category 1142 
structure after dimensionality reduction; shown are PC1–PC3 projections of pairwise embedding 1143 
distances stratified by category matches (within-category distances are smaller, indicating compact 1144 
clusters). h, Similar to (g), differences in phonological (Whisper) embeddings analysed identically show 1145 
weaker clustering, indicating reduced semantic separability.  1146 
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Word Translation Sub Freq Fam Abs Sem Syn V C Syl PhC ND 
Fisch  fish 1 1.63 6.6 1.33 animals noun 1 4 1 2 2.07 
Schaf sheep 1 1.02 6.53 1.07 animals noun 1 4 1 2 1.57 
Bett  bed 1 2.01 6.60 1.00 house noun 1 3 1 2 1.60 
Tisch table 1 2.14 6.60 1.13 house noun 1 4 1 2 1.33 
scheren  to shear 1 0.64 6.27 4.13 animals verb 2 5 2 3 1.01 
sichten  to sight 1 0.49 6.2 2.93 animals verb 2 5 2 4 1.82 
bauen  to build 1 1.87 6.53 2.33 house verb 3 2 2 3 1.32 
kehren  to sweep 1 1.73 6.53 2.07 house verb 2 4 2 3 1.58 
Pferd  horse 2 1.88 6.53 1.13 animals noun 1 4 1 2 -0.79 
Wolf  wolf 2 1.29 7.00 1.60 animals noun 1 3 2 3 1.26 
Herd  stove 2 0.93 6.60 1.20 house noun 1 3 1 2 2.72 
Topf  pot 2 1.10 6.60 1.13 house noun 1 3 1 2 2.36 
fangen  to catch 2 1.78 7.00 3.20 animals verb 2 4 2 3 2.23 
streicheln  to pet 2 1.06 7.00 2.20 animals verb 3 7 2 5 0.34 
machen  to make 2 3.08 6.60 3.87 house verb 2 4 2 4 2.12 
streichen  to paint 2 1.54 6.47 2.47 house verb 3 6 2 3 0.19 
Kuh  cow 3 1.19 7.00 2.00 animals noun 1 2 1 2 1.33 
Maus mouse 3 1.02 7.00 1.67 animals noun 2 2 1 2 2.35 
Haus  house 3 2.61 6.60 1.27 house noun 2 2 1 2 2.34 
Wand  wall 3 1.89 6.53 1.20 house noun 1 3 1 2 2.93 
jagen  to hunt 3 1.32 6.53 2.47 animals verb 2 3 2 3 2.81 
nutzen  to use 3 1.52 7.00 4.13 animals verb 2 4 2 4 1.57 
putzen  to clean 3 0.97 6.53 2.40 house verb 2 4 2 3 1.60 
öffnen to open 3 1.99 6.53 2.73 house verb 2 4 2 4 1.25 
Reh  deer 4 0.48 7.00 1.40 animals noun 1 2 1 2 1.78 
Wal  whale 4 0.34 7.00 1.40 animals noun 1 2 1 2 2.88 
Saal  hall 4 1.59 7.00 2.40 house noun 2 2 1 2 1.21 
Tür  door 4 2.10 6.60 1.13 house noun 1 2 1 2 3.65 
fischen  to fish 4 0.57 7.00 3.20 animals verb 2 5 2 3 1.46 
melken  to milk 4 0.18 6.53 2.13 animals verb 2 4 2 4 1.60 
spülen  to rinse 4 0.62 6.60 2.13 house verb 2 4 2 3 1.21 
wischen  to wipe 4 1.13 6.60 1.80 house verb 2 5 2 3 1.57 
Hai  shark 5 0.31 6.53 1.13 animals noun 2 1 1 2 2.14 
Vieh  cattle 5 1.10 7.00 2.27 animals noun 2 2 1 2 1.76 
Arm  arm 5 1.82 7.00 1.53 body noun 1 2 1 2 2.52 
Knie  knee 5 1.54 6.60 1.13 body noun 2 2 1 3 -0.09 
essen  to eat 5 1.90 6.60 2.00 animals verb 2 3 2 3 1.73 
meiden  to avoid 5 0.96 6.40 3.67 animals verb 3 3 2 3 2.83 
reiben  to rub 5 1.15 6.40 2.80 body verb 3 3 2 3 1.85 
ziehen to pull 5 2.50 7.00 3.40 body verb 3 3 2 3 0.89 
Fuchs  fox 6 1.10 7.00 1.53 animals noun 1 4 1 3 1.33 
Hahn rooster 6 1.19 6.53 1.13 animals noun 1 3 1 2 1.83 
Kopf head 6 2.44 7.00 1.67 body noun 1 3 1 3 1.15 
Zahn  tooth 6 1.59 6.60 1.13 body noun 1 3 1 2 2.31 
hören  to hear 6 2.48 6.60 2.27 animals verb 2 3 2 3 1.00 
sehen  to see 6 3.14 7.00 3.27 animals verb 2 3 2 4 2.77 
drehen  to turn 6 1.86 7.00 3.60 body verb 2 4 2 4 1.04 
strecken to extend 6 1.43 6.47 2.93 body verb 2 6 2 5 1.00 
Gans  goose 7 0.98 7.00 1.40 animals noun 1 3 1 3 2.33 
Hund  dog 7 1.78 7.00 1.80 animals noun 1 3 1 2 2.73 
Hals  neck 7 1.62 6.60 1.13 body noun 1 3 1 3 2.47 
Mund mouth 7 2.02 7.00 1.93 body noun 1 3 1 3 2.24 
rufen  to call 7 2.33 6.93 2.93 animals verb 2 3 2 3 1.20 
schießen  to shoot 7 1.65 6.53 2.80 animals verb 3 5 2 3 1.59 
heben  to lift 7 2.04 6.47 2.80 body verb 2 3 2 3 3.42 
schließen to close 7 2.28 6.40 3.13 body verb 3 6 2 4 0.91 
Bär  bear 8 1.01 6.60 1.27 animals noun 1 2 1 2 1.40 
Schwein  pig 8 1.26 6.60 1.33 animals noun 2 5 1 3 1.77 
Bein  leg 8 1.9 6.60 1.13 body noun 2 2 1 2 3.50 
Hand  hand 8 2.72 6.60 1.07 body noun 1 3 1 3 2.78 
retten  to save 8 1.66 7.00 3.6 animals verb 2 4 2 3 1.68 
treiben  to herd 8 1.97 6.80 3.4 animals verb 3 4 2 4 1.03 
dehnen  to stretch 8 1.06 6.60 2.93 body verb 2 4 2 3 1.58 
recken  to reach 8 0.89 6.47 2.93 body verb 2 4 2 3 1.71 
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Supplementary Table S1 | Lexical and phonological properties of the word set. The table lists 1147 
lexical, semantic and phonological characteristics of the 64 German words used across all 1148 
experimental tasks. Items were organised into eight subsets and belonged to three semantic categories 1149 
(animals, household items and body parts) and two syntactic categories (nouns and verbs). Lexical 1150 
frequency values (Freq) correspond to log word frequencies derived from the dlexDB lexical database 1151 
for German. Phonological neighbourhood density (ND) values were also obtained from dlexDB. 1152 
Familiarity (Fam) and abstractness (Abs) were obtained in a separate rating study in which 30 1153 
unimpaired native speakers of German rated the stimuli using Likert-scale questionnaires. 1154 
Phonological descriptors include the number of vowels (V), number of consonants (C), number of 1155 
syllables (Syl) and a phonological complexity score (PhC). Abbreviations: Trans, translation, Sub, 1156 
experimental subset, Freq, lexical frequency (log frequency, dlexDB); Fam, familiarity rating; Abs, 1157 
abstractness rating; SemCat, semantic category; SynCat, syntactic category; V, number of vowels; C, 1158 
number of consonants; Syl, number of syllables; PhC, phonological complexity; ND, phonological 1159 
neighbourhood density (dlexDB).  1160 
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