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SUMMARY

Elucidating the internal representation of language in the brain has major implications for cognitive science,
brain disorders, and artificial intelligence. A pillar of linguistic studies is the notion that words have defined
functions, often referred to as parts of speech. Here, we recorded invasive neurophysiological responses
from 1,801 electrodes in 20 patients with pharmacologically resistant epilepsy while they were presented
with two-word phrases consisting of an adjective and a noun. We observed neural signals that distinguished
between these two parts of speech. The representation of parts of speech showed invariance across visual
and auditory presentation modalities; robustness to word properties such as length, order, frequency, and
semantics; and even generalization across different languages. The selective signals were circumscribed
within a small region in the left lateral orbitofrontal cortex. This selective, invariant, and localized representa-
tion of parts of speech extends classic fronto-temporal language models, providing a target for mechanistic
and causal tests of how the brain represents the basic building blocks of language, and introduces a system-

atic approach to elucidate the orchestration of more complex aspects of language.

INTRODUCTION

Language plays a central role in most daily activities and in how
we interact with others.” Early neurological and electrical stim-
ulation studies highlighted specific brain regions that play essen-
tial roles in language understanding and production.®>® Despite
the critical importance of language, progress toward elucidating
the neural circuits underlying its representation has remained
elusive due to the difficulties in investigating non-human animal
models and the difficulty of examining neurophysiological re-
sponses in humans.

Neurophysiological experiments have begun to investigate
neural signals associated with the presentation of individual
words or short phrases,” '’ the orthographic features of real
versus pseudowords, '8 phonetic features of word compre-
hension'® 82122 and production,**>™" retrieval of semantic infor-
mation for audiovisual naming,’® and semantic encoding.?®
Beyond individual words, at the heart of linguistic structures is
the notion that words serve specific functions within a sentence,
including articles, nouns, adjectives, and verbs. These parts of
speech (POS) are shared across languages, are combined ac-
cording to defined grammatical rules, and play critical roles in
Al algorithms.™ 297 Patients with brain lesions have shown
deficits in the retrieval of nouns versus verbs.'”'9*%~%2 However,
previous studies lacked the spatial and temporal resolution

necessary to resolve explicit neural circuits associated with
POS processing and did not evaluate the degree of invariance
in the representation of POS.

What would a representation for POS look like? Consider the
adjective “green” and the noun “apple,” combined to create
the simple phrase “green apple.” Fundamental constraints for
such a representation should include the basic invariances un-
derlying the cognitive understanding of this phrase. The basic
desiderata for the representation of POS include invariance to
(1) presentation modality (e.g., auditory versus visual), (2) spe-
cific noun or adjective (e.g., green or red), (3) position within a
phrase (e.g., “green apple” versus “apple green”), (4) specific
language in bilingual speakers (e.g., “green apple” in English
versus “manzana verde” in Spanish), and (5) other word proper-
ties like their written length, number of syllables, and phoneme
composition.

We investigated the representation of POS in humans by
recording intracranial field potentials with high spatiotemporal
resolution and high signal-to-noise ratio from 1,801 electrodes
implanted in 20 participants with pharmacologically resistant ep-
ilepsy. We describe neural signals, especially in the left lateral or-
bitofrontal cortex (LOF), that selectively distinguish between
nouns and adjectives. These selective signals for POS are robust
when words are matched for orthography (e.g., word length),
acoustic features (e.g., number of syllables), word sequence
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Figure 1. Task schematic and electrode locations
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(A) Two words were sequentially presented either in visual modality or auditory modality. Participants indicated whether the two words were the same (e.g.,
“apple apple” or “green green,” 8% of trials of each type) or different (e.g., “green apple” or “apple green”: 42% of trials of each type, STAR Methods). In the 84%
of trials where the two words were different, there was an adjective followed by a noun or a noun followed by an adjective.

(B-G) Location of all electrodes overlaid on the Desikan-Killiany atlas is shown with different views. Each white circle shows one electrode. (B) Left lateral view (n =
693), (C) left medial view (n = 693), (D) superior, whole brain view (n = 1,801), (E) inferior, whole brain view (n = 1,801), (F) right lateral view (n = 1,108), (G) right
medial view (n = 1,108).

(H-J) Scatter of audio word duration (y axis) in milliseconds and word length (x axis) for nouns (blue) and adjectives (red) for English (EN) (H), Spanish (ES) (I), and
Taiwanese (TW) words (J). For English, Spanish, and Taiwanese, mean audio durations were 421 + 86, 438 + 72, and 538 + 103 ms, respectively. Nouns averaged
426 + 89 ms (EN), 443 + 70 ms (ES), and 549 + 124 ms (TW), while adjectives averaged 414 + 81 ms (EN), 434 + 80 ms (ES), and 527 + 81 ms (TW). Mean text
lengths were 4.8 + 1.2 characters (EN), 4.6 + 0.8 characters (ES), and 1.8 + 0.4 characters (TW). For nouns, text lengths averaged 4.9 + 1.2 characters (EN), 4.5 +
0.8 characters (ES), and 1.7 + 0.5 characters (TW). For adjectives, text lengths averaged 4.5 + 1.1 characters (EN), 4.7 = 0.7 characters (ES), and 2.0 + 0.0
characters (TW). Duration correlated with text length in all three languages (R? = 0.19-0.25, p < 0.001). Word-type comparisons between nouns and adjectives

showed no differences in audio duration for any language (p > 0.05, t test) (STAR Methods).

See also Figures S1-S3 and Tables S1-S3 and S6.

(e.g., noun or adjective at first or second position within a
phrase), and frequency of occurrence. Remarkably, the repre-
sentation of nouns versus adjectives generalizes across audio
and visual modalities, across different semantic categories,
and even across different languages.

RESULTS

We recorded intracranial field potentials from 1,801 electrodes
(gray matter: 840, white matter: 961) implanted in 20 participants
with pharmacologically resistant epilepsy (Table S1). Partici-
pants heard (auditory modality) or read (visual modality) two
words that were sequentially presented and indicated whether
the words were the same or not (Figure 1A; STAR Methods). Par-
ticipants’ accuracy was 93.6% +7.7% (here and throughout,
mean + SD, p < 0.01, two-tailed t test). All electrode locations
are shown in Figures 1B-1G (see also Tables S1 and S2). We
used a bipolar reference, and we focus on the signals filtered
in the gamma frequency band (65-150 Hz, STAR Methods),
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referred to as neural responses throughout and reported as
normalized gamma power. Audio duration and word length for
all stimuli are shown in Figures TH-1J.

Neural signals reflect visual, auditory, and multimodal
inputs

We observed 565 electrodes (31.4% of the total) that responded
to auditory stimuli (Figures S1A-S1C and S1G-S1l; STAR
Methods) and 532 electrodes (29.5% of the total) that responded
to visual stimuli (Figures S1D-S1F and S1G-S1l). The overall
proportions and dynamics of visual- and auditory-responsive
signals are consistent with previous work.?**® Of these elec-
trodes, 293 responded to both auditory and visual stimuli
(Figures S1G-S1l, left hemisphere: 147 [50.2%], right hemi-
sphere: 146 [49.8%]). These 293 electrodes represent 16.3%
of the total, 51.9% of the auditory-responsive electrodes, and
55.0% of the visually responsive electrodes. This number of au-
diovisual electrodes is unlikely to arise by chance from the num-
ber of auditory and visual electrodes (p < 1074, permutation test,
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Figure 2. Neural signals distinguish between different POS

(A-D) Trial-averaged normalized gamma-band power of responses from an example electrode in the left LOF (see location in I) to nouns (blue) or adjectives (red)
during presentation of auditory stimuli (A and B, n = 435 grammatical and 432 ungrammatical trials) or visual stimuli (C and D, n = 435 grammatical and 432
ungrammatical trials) aligned to the onset (vertical dashed line) of the first word (A and C) or second word (B and D). Shaded areas denote SEM. Horizontal gray
lines denote windows of statistically significant differences between responses to nouns versus adjectives (t test p < 0.05, Benjamini-Hochberg false detection
rate, g < 0.05).

(E-H) Raster plots showing the responses in each individual trial (see color scale on bottom right). The blue and red curves in (A)~(D) correspond to the averages of
noun and adjective trials, respectively, in (E)-(H).

(I) Location of the example electrode in the left LOF.

(J) Electrodes that were selective to differences between nouns and adjectives for audio-only (white; n = 89; left = 30; right = 59), visual-only (black; n = 97;
left = 41; right = 56), and multimodal (orange; n = 48; left = 21; right = 27) stimuli. Brain is shown in three views: left medial (left, n = 92), inferior axial (center), and
right medial views (right, n = 142).

(K) Z scored p coefficients for GLM used to predict AUC between 200 and 800 ms post-word onset, using four task predictors: noun versus adjectives,
grammatically correct versus incorrect, number of syllables (auditory presentation), and word length (visual presentation). Asterisks denote statistically significant
coefficients, corrected for multiple comparisons (STAR Methods).

(L) Electrodes that revealed statistically significant differences between nouns and adjectives for both audio and visual presentation (n = 13 electrodes; colors
indicate unique electrodes to match them across the different brain views). Electrodes whose responses were significantly explained only by the nouns versus
adjective task predictor in the GLM are included in this plot. iELVis pullout factor = 0, opaqueness = 0.4. The fusiform (light green), parahippocampal (lime yellow),

(legend continued on next page)
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n = 108 iterations). Figures S1J-S1M show the responses of an
example audiovisual-responsive electrode in the left rostral mid-
dle-frontal gyrus, revealing strong evoked responses in trial-
averaged signals (Figure S1J) and even in individual trials for
both auditory (Figure S1K) and visual stimuli (Figure S1L).

To compare the response dynamics of auditory and visual re-
sponses, we calculated the time at which the neural signals
reached half of the max amplitude (half-maximum time, arrows
in Figure S1J). There was no significant difference between the
half-maximum time for auditory-only electrodes (329 + 187 ms,
gray-left in Figure S1N) and visual-only electrodes (336 =+
174 ms, black-middle in Figure S1N) (o > 0.05, rank-sum test).
Similarly, there was no significant difference between the half-
maximum time for the audio and visual responses of audiovisual
electrodes (379 + 193 ms versus 341 + 174 ms, half-black-right
in Figure S1N, p > 0.05, rank-sum test). However, there was a
small but significant difference between the half-maximum
time for audio-only electrodes and the auditory responses of au-
diovisual electrodes (p < 0.01, rank-sum test). As expected, for
the audio-only electrodes, the response area under the curve
(AUC) for auditory stimuli (108 + 100 pV?/Hz-ms) was larger
than for visual stimuli (44 + 16 pV?/Hz-ms) (o < 1074, rank-sum
test, Figure S10). Conversely, for the visual-only electrodes,
the response AUC to auditory stimuli (40 + 23 pV2/Hz-ms) was
smaller than to visual stimuli (53 = 43 pV2/Hz-ms) (o < 1074,
rank-sum test, Figure S1P). For the audiovisual electrodes, the
response AUC to auditory stimuli (71 = 72 pV%/Hz-ms) was
slightly larger than to visual stimuli (54 + 39 pV?/Hz-ms)
(p < 0.01, rank-sum test, Figure S1Q).

We compared the response effect sizes for visual versus audi-
tory responses for all electrodes (Figure S2A; STAR Methods). As
expected, for the audio-only electrodes (cyan hexagrams), the ef-
fect size for auditory stimuli (19.8% + 5.4%) was larger than for vi-
sual stimuli (10.0% + 4.4%, p < 0.01, rank-sum test). Similarly, for
the visual-only electrodes (black squares), the effect size for visual
stimuli (19.0% + 4.8%) was larger than for auditory stimuli
(10.2% + 4.3%, p < 0.01, rank-sum test). For the audiovisual elec-
trodes (orange triangles), the effect size for auditory stimuli
(19.3% = 5.5%) was not different from the one for visual stimuli
(19.2% =+ 4.8%, p > 0.01, rank-sum test). A similar scatterplot
for the rostral middle-frontal region is shown in Figure S2B. Of
the 41 regions in the Desikan-Killiany atlas where we had sampling
(384 defined regions and 7 extra regions representing deep gray
matter structures; STAR Methods; Figure 1; Tables S1 and S2),
13 regions had a significantly higher number of multimodal elec-
trodes than expected by chance (p < 0.01, permutation test, n =
108 iterations, Figures S2A-S2C, indicated in bold in Table S2).

In sum, some electrodes responded exclusively to auditory
stimuli, other electrodes exclusively on visual stimuli, and also

Current Biology

other electrodes that revealed multimodal responses to both
auditory and visual inputs. There were large amplitude differ-
ences for unimodal electrodes but only subtle differences in
the latencies and amplitudes of responses to auditory versus vi-
sual stimuli for the multimodal electrodes.

Multimodal neural signals distinguish different POS

We evaluated whether the neural signals differentiated between
nouns and adjectives. Nouns and adjectives were matched for
their number of syllables and word length to control for potential
confounds not specific to POS (Table S3; STAR Methods).
Figure 2 shows the responses of an example electrode in the
orbital H-shaped sulcus within the left LOF (Figure 21 depicts
the electrode location). The orbital H-shaped sulcus lies above
the bone of the eye socket, where a butterfly-like gyrus can be
seen, formed along H-shaped recessions of the sulcus. The neu-
ral responses are aligned to the word onset (vertical dashed line)
for auditory presentation (Figures 2A and 2B) or visual presenta-
tion (Figures 2C and 2D) for the first (Figures 2A and 2C) or sec-
ond (Figures 2B and 2D) word in each trial. This electrode
showed multimodal responses triggered by both auditory and vi-
sual stimuli. The responses to nouns (blue) were stronger than
adjectives (red) across all four conditions, including both word
1 and word 2, and both for visual and auditory stimuli. The differ-
ences between nouns and adjectives can be readily appreciated
even in individual trials (Figures 2E-2H). These differences
became significant at approximately 430 ms after word onset
for visual presentation and 610 ms for auditory presentation.

In all, there were 89 electrodes (Figure 2J, white), 97 electrodes
(Figure 2J, black), and 48 electrodes (Figure 2J, orange; total =
234) that showed a difference between nouns and adjectives for
auditory stimuli only, visual stimuli only, or both modalities,
respectively (o < 0.05, t test, Benjamini-Hochberg false detection
rate, g < 0.05, calculated per modality, STAR Methods). These
electrodes represent 24% (89 + 48 = 137 out of 565), 27% (97 +
48 = 145 out of 532), and 16% (48 out of 293) of the auditory
responsive, visually responsive, and multimodal responsive elec-
trodes, respectively. Itis unlikely that the 48 multimodal electrodes
distinguishing nouns and adjectives could be ascribed to
randomly sampling from the total of auditory and visual electrodes
(p < 104, permutation test, n = 108 iterations). Figure S2H shows
the regions that had a larger number of multimodal electrodes dis-
tinguishing nouns versus adjectives compared with the null hy-
pothesis obtained by randomly sampling from all auditory and vi-
sual electrodes, like the LOF shown in Figures S2E and S2G
(0 < 107*, permutation test, n = 10° iterations; see Figure S3A
for a schematic of the electrode count at each step).

Next, we characterized the dynamics and effect size for selec-
tive responses. We calculated the selectivity response window

LOF (dark green-gray), entorhinal (red), inferior-temporal (magenta), and superior-temporal (cyan) regions are shown in the color scheme of the Desikan-Killiany

atlas (Figures 1B-1G; STAR Methods).

(M and N) All electrodes from | projected onto the left hemisphere are shown on the frontal plane (M) and the axial plane (N, same plane as L). All the electrodes that
respond more strongly to nouns, i.e., nouns versus adjectives p > 0 (n = 10 electrodes), are shown in blue and electrodes that responded more strongly to
adjectives (p < 0, n = 3 electrodes), are shown in red. All units are in MNI305 coordinates. Kernel density curves (bandwidth 2) outline the marginal distributions of
noun-preferring (blue) and adjective-preferring (red) electrodes along the medial-lateral axis (M and N: x axis, zero being more medial), ventral-dorsal axis (M: right
z axis), and posterior-anterior axis (N: right y axis). p values indicate significant differences between the coordinates for noun- and adjective-preferring electrodes

(rank-sum test).
See also Figures S2-S6 and Tables S4 and S5.
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(max window) as the length of the longest continuous period with
a significant difference between nouns and adjectives across
both words (Figure S2D, similar to gray horizontal bars in
Figures 2A-2D) and the effect size as the percentage change
in the response with respect to baseline (Figure S2F). As ex-
pected, the max window and effect sizes for unimodal elec-
trodes were consistent with their modality preferences
(Figures S2D and S2F; cyan: audio, black: vision) and were
enhanced for both vision and audio in the multimodal electrodes
(Figure S2D and S2F; orange). The electrodes in the LOF are
separately shown in Figures S2E and S2G (the example elec-
trode from Figures 2A-2H is shown with a green arrow).

In sum, we observed electrodes that selectively distinguished
between nouns and adjectives, both for auditory stimuli and vi-
sual stimuli, and irrespective of the specific order in which the
noun and adjective were presented.

Neural selectivity for nouns versus adjectives was
robust to word properties, phrase grammar, usage
frequency, and word subcategory

Even though nouns and adjectives were matched in their
average number of syllables and word length, we asked whether
these variables could still contribute to the neural responses
differentiating nouns and adjectives. Additionally, each trial
could be grammatically correct (e.g., “green apple”) or incorrect
(e.g., “apple green”). Therefore, we asked whether grammar
could contribute to the neural differences between nouns and
adjectives. To address these questions, we built a generalized
linear model (GLM) for each electrode to predict its response
AUC between 200 and 800 ms after word onset using four pre-
dictors: nouns versus adjectives, grammatically correct or not,
word length (vision), or number of syllables (audition) (STAR
Methods). The predictor coefficients in the GLM model for the
example electrode in Figures 2A-2D show that only the nouns
versus adjectives label significantly explained the neural re-
sponses for both auditory and visual presentations (Figure 2K).
A total of 14 electrodes showed nouns versus adjectives as the
only statistically significant predictor in the GLM analysis. 13/
14 (93%) of these electrodes distinguished nouns versus adjec-
tives for both auditory and visual inputs, such as the example
electrode in Figures 2A-2| (one additional POS visual-only,
Figures S4K-S4T).

Table S4 (POS-selective electrodes across brain regions)
shows the distribution of electrodes distinguishing POS as the
only GLM predictor between the left and right hemispheres for
all brain regions, and Table S5 (noun- and adjective-preferring
electrodes across subjects) shows the distribution across
different participants. The locations of electrodes that robustly
distinguished nouns and adjectives as the only predictor in the
GLM (Figure 2L) revealed a cluster enriched in the left LOF.
Within the left LOF, all of the electrodes (8 out of 8) were in the
posterior part of the orbital H-shaped sulcus. We recorded
from 113 electrodes in the LOF (left hemisphere: 38; right hemi-
sphere: 75; Figures 1B-1G; Table S2). Figure S3B shows the
number of electrodes along each step of processing for the
LOF (see Figure S3A for all regions). Of the 38 left-LOF elec-
trodes, 21% distinguished nouns from adjectives during both
audio and visual presentation. In stark contrast, only 1.3% of
the 75 LOF electrodes in the right hemisphere distinguished

¢? CellPress
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nouns from adjectives in both audio and vision (these hemi-
spheric differences were statistically significant: p < 1074, per-
mutation test, n = 108 iterations).

We had hypothesized that distinguishing POS constitutes a
core component of language and would therefore be reflected
exclusively in both visual and auditory modalities. Indeed, 13/14
(93%) of electrodes differentiating nouns from adjectives in the
GLM did so in both modalities. In addition to these 13 elec-
trodes, there was a small number of electrodes (2 auditory
only and 1 visual only) that showed differences between nouns
and adjectives in one modality but not the other. Unlike the
electrodes in Figure 2L, for the 2 auditory-only electrodes, the
number of syllables also significantly contributed toward ex-
plaining the neural responses. Figures S4A-S4J show the re-
sponses of an example electrode located in the right insula
that showed a difference between nouns and adjectives during
auditory presentation but not during visual presentation. The
number of syllables also contributed to the response prediction
for this electrode (Figure S4J). Conversely, Figure S4K-S4T
shows the responses of an example electrode located in
the left LOF, but outside the posterior part of the orbital
H-shaped sulcus, that showed a clear difference between
nouns and adjectives during visual presentation but not during
auditory presentation. This electrode showed a small difference
between nouns and adjectives also in the auditory modality, but
this difference was not statistically significant. Figures S4U and
S4V show the locations of auditory-only (white circles) and vi-
sual-only electrodes (black circle) in the left (Figure S4U) and
the right hemispheres (Figure S4V), distinguishing between
nouns and adjectives.

In all, the responses of 52 out of 234 electrodes were predicted
by at least one variable in the GLM (Figure S3A). For 16 out of 52
electrodes (31%), POS was a significant predictor, and the re-
sponses of the other 36 electrodes were correlated with other
variables. Of those 16 electrodes, the responses of 14 electrodes
(88%) were explained by POS only (Table S4, POS-selective
electrodes across brain regions), and for the remaining 2,
the number of syllables was also a significant predictor
(Figures S4U and S4V; see also Figures S3A and S3B).
Figure S3C shows which predictors in the GLM significantly ex-
plained the non-POS responses in Figure S3A.

We assessed whether separate GLMs for each modality may
reveal electrodes that better capture the contributions from other
predictors. There was a slight increase in the number of elec-
trodes modulated by other predictors in addition to POS (n =
19, total POS electrodes). However, the number of electrodes
whose responses were accounted for by POS only remained
similar to the one with the combined GLM analyses (n = 13 out
of 19 POS-only electrodes).

Nouns and adjectives differ in their usage frequency. We
asked whether the differences in the neural responses to nouns
versus adjectives depended on usage frequency. To address
this question, we randomly subsampled the trials to match
the distribution of Google Books Ngram frequency (STAR
Methods). The Google Books Ngram documents the usage fre-
quencies of words in printed sources published between 1500
and 2022. Figure S5A shows matched noun and adjective dis-
tributions for the example electrode shown in Figures 2A-2l and
2K. This electrode showed differential responses between POS
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for auditory (Figures S5B, S5C, S5F, and S5G) and visual
(Figures S5D, S5E, S5H, and S5I) stimuli during word 1
(Figures S5B, S5D, S5F, and S5H) and word 2 (Figures S5C,
S5E, S5G, and S5I), even after nouns and adjectives were
matched for their frequency of occurrence. Of the 13 audiovi-
sual electrodes where nouns versus adjectives was the only
significant predictor in the GLM analysis, 6 electrodes (46%,
4 in the left LOF, and 2 in the left superior-temporal gyrus)
robustly distinguished nouns and adjectives matched for their
frequency of occurrence, like the example electrode in
Figure 2, whereas the other electrodes maintained their statis-
tically significant selectivity in most but not all conditions (note
that the statistical power is lower in the matched analyses due
to subsampling).

We considered the possibility that the frequency of occur-
rence and word surprisal may also contribute to neural re-
sponses. There was a significant negative correlation between
frequency of occurrence and word surprisal (calculated using
GPT-2, STAR Methods) for both word 1 (r = —0.62, p < 0.001,
two-tailed t test) and word 2 (r = —0.39, p < 0.001, two-tailed t
test). Thus, we made separate GLMs for each of these predictors
given that GLMs are less effective with correlated variables. POS
was the only GLM predictor that significantly explained the neu-
ral responses of this electrode for both variables. A majority of
electrodes from Figure 2L revealed POS as the only significant
contributor for GLMs with frequency of occurrence (n = 8 with
POS as the only significant predictor; n = 5 electrodes ceased
to have any significant predictor instead of an alternative predic-
tor) and for word surprisal (n = 11).

There were two subcategories of nouns and two subcategories
of adjectives within our stimulus set: animals/food and concrete/
abstract (Table S3). We asked whether the electrodes that
showed differential responses generalized across different word
subcategories. The example electrode in Figures 2A-2I did not
show differences between the two noun or adjective subcate-
gories for either auditory stimuli (Figures S6A, S6B, S6F, and
S6G), visual stimuli (Figures S6C, S6D, S6H, and S6l), word 1
(Figures SBA, S6C, S6F, and S6H), or word 2 (Figures S6B,
S6D, S6G, and S6l). Of the 13 audiovisual electrodes where
noun versus adjective was the only significant predictor in the
GLM analysis, 8 electrodes (62%) showed generalization across
different noun or adjective subcategories. The remaining 5 elec-
trodes (38%) showed a statistically significant difference between
the two noun subcategories or between the two adjective subcat-
egories (Table S5, noun- and adjective-preferring electrodes
across subjects; note that the statistical power is also lower in
this analysis, which includes approximately half the number of tri-
als). Figures S6J-S6R show one of the exceptions—an electrode
in the left LOF that showed a significant response only for food
nouns. This selectivity was particularly pronounced for visual stim-
uli (Figures S6L, S6M, S6Q, and S6R) but was also apparent for
auditory stimuli (Figures S6J, S6K, S60, and S6P) and was evident
for both word 1 and word 2.

In sum, differences in selective responses to nouns versus ad-
jectives were particularly prominent and clustered in the left LOF;
persisted across different word lengths, whether the word was
used in a grammatically correct phrase or not, after equalizing
word occurrence frequency; and generalized across different
noun or adjective subcategories.
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Neural signals enhanced for nouns versus adjectives
were anatomically segregated

Of those electrodes uniquely selective for POS, 79% showed re-
sponses that were significantly stronger for nouns compared
with adjectives (Bnvsa > 0), as illustrated by the example in
Figures 2A-2l. The remaining 21% showed responses that
were stronger for adjectives compared with nouns (Bnysa < 0),
as illustrated by the example in Figures S5J-S5S (Table S5,
noun- and adjective-preferring electrodes across subjects).
There were also marked differences in the dynamics underlying
the responses to nouns and adjectives for auditory stimuli but
not for visual stimuli. For auditory stimuli, the difference in the
onset time between nouns and adjectives was larger for noun-
preferring electrodes (550 + 107 ms) than for adjective-preferring
electrodes (312 = 94 ms, rank-sum test, p < 0.05). For visual
stimuli, the difference in the onset time between nouns and ad-
jectives was not different between noun-preferring electrodes
(425 = 107 ms) and adjective-preferring electrodes (437 +
134 ms, rank-sum test, p > 0.05). There was a significant corre-
lation between auditory and visual difference onset times for
noun-preferring electrodes (Pearson R = 0.80, p < 0.01, n = 10)
but not for adjective-preferring electrodes (Pearson R = —0.70,
p > 0.05, n = 3).

We observed an anatomical separation between these two
groups of responses (Figures 2M and 2N, x axis: lateral to medial,
y axis: anterior to posterior, z axis: ventral to dorsal). We
compared noun- versus adjective-preferring electrodes along 3
axes of Montreal Neurological Institute 305 Coordinates
(MNI305, units abbreviated as m.u.).** Along the medial to lateral
axis (x axis in Figures 2M and 2N, zero being more medial), noun-
preferring electrodes had a mean of 25.3 + 6.2 m.u., and adjec-
tive-preferring electrodes had a mean of 47.3 + 7.7 m.u.
(p < 0.01, rank-sum test). Along the ventral-dorsal axis (z axis
in Figure 2M), noun electrodes had a mean of —12.2 + 5.3
m.u., and adjective electrodes had a mean of —3.7 + 1.7 m.u.
(p < 0.05, rank-sum test). Along the posterior-anterior axis (y
axis in Figure 2N), noun electrodes had a mean of 21.4 + 18.9
m.u., and adjective electrodes had a mean of —2.7 + 25.8 m.u.
(p < 0.05, rank-sum test). Table S4 (noun- and adjective-prefer-
ring electrodes across brain regions) summarizes the locations
of noun- versus adjective-preferring electrodes across brain re-
gions. Electrodes in the LOF tended to show stronger responses
to nouns (~90% Prysa > 0, p < 107, permutation test, n = 10°
iterations).

A population of electrodes in the lateral orbitofrontal
cortex can distinguish nouns from adjectives in
individual trials and generalizes across word positions
and modalities

The raster plots in Figures 2E-2H and S4-S6 qualitatively show
that the responses are strong enough to be discerned in individ-
ual trials. To assess whether information about POS was avail-
able in individual trials, we used a machine learning pseudopo-
pulation approach by combining electrodes within anatomically
defined brain regions in the Desikan-Killiany atlas.”® We binned
the responses in 100 ms windows and used the top-N principal
components that explained more than 70% of the variance in the
training data for all the electrodes. We trained a support vector
machine (SVM) classifier with a linear kernel to distinguish
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Figure 3. Neural signals distinguishing nouns and adjectives in single trials generalize across word 1 and word 2

(A, B, D, E, G, and H) Average cross-validated performance of a support vector machine (SVM) classifier (80% training/20% test) decoding nouns versus ad-
jectives for all electrodes in the left lateral orbitofrontal cortex (LOF) (A, D, and G) or the right LOF (B, E, and H). The dotted horizontal black line shows the chance
level. Shaded areas denote SEM. Solid horizontal black bar shows time points where performance significantly differed from chance (100 random shuffles, rank-
sum test, p < 0.01). The inputs to the SVM included the top-N principal components of the electrode response that explained >70% variance for the training data
at each time bin (STAR Methods). (A and B) Features from auditory and visual responses were combined and used for training and testing on a dataset of both
word 1 and word 2 trials. (D and E) Generalization across word order was evaluated on a dataset where word 1 trials were used for training and word 2 trials were
used for testing. (G and H) Training on word 2 and testing on word 1. Black: original labels; gray: shuffled labels (see Figure 4 for decoding performance when the
number of electrodes was the same across all regions and both hemispheres).

(C, F, and I) Summary of the average of max-decoding performance for distinguishing nouns versus adjectives in each hemisphere (dark: left; white: right) for
different brain regions. Bottom asterisks denote regions with significant decoding performance with respect to chance and performance from the real and null
distribution do not overlap within 3 standard deviations of each other (p < 0.01, rank-sum test, corrected for multiple comparisons, STAR Methods). Shaded box:
maximum of the mean + SD. For the null distribution across all regions. Top asterisks with a U-bracket denote significant differences between decoding accuracy
of the left versus the right hemisphere (p < 0.01, rank-sum test, corrected for multiple comparisons). Regions are sorted in descending order of performance in (C).
(C) Classifiers were trained and tested with features from both word 1 and word 2 trials. (F) Classifiers were trained on word 1 trials and tested on word 2 trials. (1)
Classifiers were trained on word 2 trials and tested on word 1 trials (see Figure 4 for controls on word 1-only, word 2-only, audio-only, visual-only, audio-to-vision,
and vision-to-audio performance).

between nouns and adjectives and tested the classifier on held-
out data (STAR Methods). In Figure 3, the same word could
randomly be part of the training and test set while still using inde-
pendent train and test data across trials or word positions.
Figure 3 shows decoding accuracy for the left (Figures 3A, 3D,
and 3G) and the right (Figures 3B, 3E, and 3H) LOF as a function
of time from word onset. When trained using data from both
word 1 and word 2 with combined auditory and visual features,
there was a statistically significant decoding performance start-
ing approximately at 300 ms after word onset and reaching a
peak of 63.6% + 1.1% at ~500 ms after word onset in the left
LOF (Figure 3A). Statistical significance was assessed by
comparing with a control where noun and adjective labels
were randomly shuffled (STAR Methods). Even though there

were almost twice as many electrodes in the right LOF compared
with the left LOF (Figures 1B-1G; Table S2), decoding perfor-
mance was higher for the left LOF compared with the right
LOF (compare Figure 3A versus Figure 3B). The differences be-
tween the left and right LOF persisted after randomly subsam-
pling to equalize the number of electrodes across hemispheres
for all regions (Figures 4A and 4B).

In Figures 3A-3C, word 1 and word 2 were combined. Decod-
ing performance in the left LOF was also significant when sepa-
rately considering word 1 (Figures 4D-4F) or word 2 (Figures 4G-
4]). Furthermore, the machine learning classifier could generalize
across word positions, as evidenced by training on the re-
sponses to word 1 and testing on the responses to word 2
(Figures 3D-3F), and vice versa (Figures 3G-3l). Similarly,
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Figure 4. Neural signals from left-LOF distinguish nouns and adjectives for (1) regions normalized for electrode numbers, (2) given word po-
sition in phrase, and (3) given modality

(A and B) Average cross-validated performance of a support vector machine (SVM) classifier (80% training/20% test) decoding nouns versus adjectives for 8
randomly subsampled electrodes in the left lateral orbitofrontal cortex (LOF) (A) and in the right LOF (B).

Black: original labels; gray: shuffled labels. The dotted horizontal black line shows the chance level. Solid horizontal gray bar shows time points where decoding
from correct labels significantly differed from that of shuffled labels (100 random shuffles of the data, rank-sum test, p < 0.01). The inputs to the SVM were 100 ms
time bins from word onset containing the top-N principal components of the electrode response at each bin that explained >70% variance for the training data
(STAR Methods).

(C) Summary of the average of max-decoding performance for distinguishing nouns versus adjectives across both hemispheres (left hemisphere: dark gray bars;
right hemisphere: white bars) for different brain regions when a total of 8 electrodes were taken from each hemisphere in each region for the decoding. Regions
with fewer than 8 electrodes in either hemisphere were omitted.

Asterisk: significant hemisphere within a Desikan-Killiany-defined brain region (o < 0.01, rank-sum test, corrected for multiple comparisons, and performance
from the real and null distributions do not overlap within 3 standard deviations of each other) (STAR Methods). Gray box: maximum mean = SD for the null
distribution across all regions. Asterisk with a U-bracket: significant difference between decoding accuracy of the left versus the right hemisphere (p < 0.01, rank-
sum test, corrected for multiple comparisons). Regions are sorted in descending order of performance in (C).

(D, E, G, H, J, K, M, and N). Average cross-validated performance of a SVM classifier (80% training/20% test) decoding nouns versus adjectives for all electrodes
in the left LOF (D, G, J, and M) and in the right LOF (E, H, K, and N). The dotted horizontal black line shows the chance level. Shaded areas denote SEM. Solid
horizontal black bar shows time points where performance significantly differed from chance (100 random shuffles, rank-sum test, p < 0.01). The inputs to the
SVM included the top-N principal components of the electrode response that explained >70% variance for the training data at each time bin (STAR Methods).

(legend continued on next page)
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Figure 5. Neural signals from left-LOF distinguish nouns and adjectives (1) across modalities, and (2) word subclasses

(A, B, D, and E) Average cross-validated performance of a support vector machine (SVM) classifier (80% training/20% test) decoding nouns versus adjectives for
all electrodes in the left LOF (A and D) and the right LOF (B and E). Using a combined dataset of word 1 and word 2 trials, the classifier was trained on auditory
features and tested on visual features (A and B) and trained on visual features and tested on auditory features (D and E). SVM inputs were the top-N principal
components of the electrode response that explained >70% variance for the training data at each time bin (STAR Methods). The dotted horizontal black line
shows the chance level. Shaded areas denote SEM. Solid horizontal black bar shows time points where performance significantly differed from chance (100
random shuffles, rank-sum test, p < 0.01).

(C and F) Max-decoding accuracy across regions (left: dark; right: white) for the audio (train) — vision (test) (C) and vision — audio (F) generalization conditions.
Bottom asterisks: significant above chance; top U-bracket asterisks: left-right differences (o < 0.01, corrected).

(G and H) Average cross-validated performance of an SVM in the left (G) and right LOF (H), trained on noun-Xa versus adjective-Yb and tested on noun-Xc versus
adjective-Yd, where {Xa, Xc} and {Yb, Yd} are different subclasses of nouns and adjectives, respectively (e.g., Xa = animal nouns, Xc = food nouns). This yields
4 combinations for testing noun-versus-adjective decoding across semantic subcategories. The average across these 4 tests for 100 random shuffles is plotted.
Solid horizontal black bar shows time points where performance significantly differed from chance (100 random shuffles, rank-sum test, p < 0.01).

() Summary of average max-decoding performance for distinguishing nouns versus adjectives across subclasses in each hemisphere (dark: left; white: right) for
different brain regions. Bottom asterisks: significant above chance; top U-bracket asterisks: left-right differences (p < 0.01, corrected).

See also Figure S6.

auditory and visual trials were combined in Figures 3A-3C. De- electrodes, the performance of the decoder using left LOF was
coding performance in the left LOF was also significant when not different from chance (61.9% =+ 3.4%, rank-sum test,
separately considering auditory trials (Figures 4J-4L) and visual  p > 0.05). However, when we exclusively used multimodal elec-
trials (Figures 4M-40). The machine learning classifier could trodes, the performance was significantly greater than chance
generalize across modalities, as evidenced by training on audi- (63.8% + 2.6%, rank-sum test, p < 0.01). In sum, the encoding
tory trials and testing on vision trials (Figures 5A-5C) and vice  of POS generalized across word position and sensory modality.
versa (Figures 5D-5F). Furthermore, the classifier also general- We extended the analyses in Figures 3A, 3B, 3D, 3E, 3G, and
ized when we trained on given subclasses of nouns and adjec-  3H to all other regions. In addition to the left LOF, the left supe-
tives (e.g., food nouns versus abstract adjectives) and tested rior-temporal cortex and the left fusiform cortex also showed
with different subclasses (e.g., animal nouns versus concrete ad-  statistically significant decoding performance (Figure 3C). How-
jectives) (Figures 5G-5I). To investigate the contribution of multi-  ever, in contrast to the results for the left LOF, the decoding re-
modal sites in decoding, we removed the multimodal responsive  sults for other regions were less robust (Figure 4C) and did not
electrodes (Table S2) from the left LOF before performingthe de-  consistently generalize across word position (Figures 3F and
coding analyses. After the removal of the multimodal responsive  3l) or across modalities (Figures 5C and 5F).

Features from auditory and visual responses were combined and used for training and testing on datasets of word 1 (D and E) and word 2 trials (G and H). Using a
combined dataset of word 1 and word 2 trials, the decoding performance was evaluated for audio-only (J and K) and vision-only features (M and N).

(F, 1, L, and O) Max-decoding accuracy across regions (left: dark; right: white) for the same conditions. Bottom asterisks: significant above chance; top U-bracket
asterisks: left-right differences (p < 0.01, corrected).

See also Figure S4.

Current Biology 36, 1-14, September 7, 2026 9




Please cite this article in press as: Misra et al., Invariant neural representation of parts of speech in the human brain, Current Biology (2026), https://
doi.org/10.1016/j.cub.2026.07.029

¢? CellPress

OPEN ACCESS

Current Biology

A %) word1 B

«») word2 «))word1 <)) word2
2} =k English Nouns | 2 | =k Spanish Nouns |
“TENQlish Al — -[SpanishAdj
51
S ! !
= I
>
I [
l I
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
C D G H
@ word1 @ word2
of | i | jleI5— of | @ word1 | @word2
2 | I E | |
9] 9]
a 1 [ a 1 [
> >
0.5 | 05 | -
0 l 0 I
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
Time from Time from Time from Time from
word1 onset (ms) word2 onset (ms) word1 onset (ms) word2 onset (ms)
| J K )
5 5 Posterior
*% p<0.01 @ Bilingual 2
&4 *% p<0.01 &4 English & Spanish
-3 53 ® Taiwanese
9] @ @ English —
g2 g2 o
@ 2 :_n
N NI =3
0 1 0 1 g
] Iy — 1 { S
- . - . . - . : p p <
1 RYCY S o0 P OO e et o
W B\ WD g
$ G\‘ “6\‘\\6 \NO‘ [©) %6\‘\\ @0‘
GLM Predictors English GLM Predictors Spanish

Anterior

Figure 6. Neural signals in left LOF generalize across languages in a bilingual participant and in monolingual participants

(A-H) Trial-averaged responses of an electrode in the left LOF from a bilingual patient. The format follows Figures 2A-2D. (A-D) English words (audio: n = 190
grammatical and 185 ungrammatical trials; vision: n = 189 grammatical and 191 ungrammatical trials). (E-H) Spanish words (audio: n = 184 grammatical and 184
ungrammatical trials; vision: n = 184 grammatical and 186 ungrammatical trials). Auditory responses (A, B, E, and F). Visual responses (C, D, G, and H). Word 1 (A,
C, E, and G) and word 2 (B, D, F, and H).

(I and J) Z scored p coefficients for GLM to predict area under the curve (AUC) for the English experiment (l) and for the Spanish experiment (J). The AUC was
computed between 200 and 800 ms post-word onset using four task predictors: noun versus adjectives, grammatical versus ungrammatical, number of syllables
(auditory presentation), and word length (visual presentation). Asterisks denote statistically significant coefficients corrected for multiple comparisons (STAR
Methods). The word order for grammatically correct trials in English is an adjective followed by a noun, such as “green apple.” This word order gets flipped
in grammatically correct Spanish trials.

(K) Inferior view of all the 9 out of 38 electrodes (8 audiovisual: Figure 2L, 1 visual-only: Figures S4U and S4V; see Tables S4 and S5) in the left LOF that showed
noun-versus-adjective differences across different languages in which the experiment was conducted (significant nouns versus adjectives f, p < 0.01 corrected
for multiple comparisons). These electrodes come from 4 different subjects. Electrodes from the bilingual patient are in green with a black arrow indicating the
example electrode. Electrodes from one monolingual English patient are in pink, and those from 2 monolingual Taiwanese patients are in brown.

Multimodal neural signals distinguishing different POS
are conserved across languages

One of the participants was fluent in two languages, English and
Spanish, providing an opportunity to ask whether the neural sig-
nals discriminating between different POS were language-spe-
cific or showed invariance across languages. All the words
were translated into Spanish by a native Spanish speaker, and
the task was repeated in both languages. Figures 6A-6H show
the responses of an example electrode located in the left LOF
(Figure 6K). This electrode showed a stronger response to nouns
compared with adjectives for auditory stimuli (Figures 6A, 6B,
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6E, and 6F), for visual stimuli (Figures 6C, 6D, 6G, and 6H), for
word 1 (Figures 6A, 6C, 6E, and 6G), and for word 2
(Figures 6B, 6D, 6F, and 6H). Interestingly, the separation be-
tween nouns and adjectives was evident both when the words
were presented in English (Figures 6A-6D) and Spanish
(Figures 6E-6H). The GLM analysis showed that nouns versus
adjectives were the only significant predictors in English
(Figure 61) and Spanish (Figure 6J). In all, there were three elec-
trodes in this participant showing a multimodal response selec-
tive for POS. All three of these electrodes were in the left orbital
H-shaped sulcus within the LOF (Figure 6K, green).
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In addition to this bilingual participant, the task was run with
monolingual participants who spoke English (n = 16 participants)
and monolingual participants who spoke the Taiwanese dialect
(n = 3 participants, Table S1). In Figure 6K, we show all
electrodes from the left LOF that showed POS encoding
(Table S5, distribution of POS-selective electrodes in the left
LOF across subjects). LOF electrodes in 4 out of 8 participants
(50%) with coverage in the region exhibited differences between
nouns and adjectives. We also indicate the language in which
this difference was observed (English: pink; Taiwanese: brown;
or bilingual English/Spanish: green). Electrodes separating
POS from monolingual participants were also clustered in the
same region.

In sum, electrodes in the left LOF robustly distinguished be-
tween POS for both auditory and visual presentations of stimuli
across participants speaking English, Taiwanese, or Spanish.
Additionally, in one bilingual subject, the same electrodes
showed robust POS selectivity that generalized across English
and Spanish.

DISCUSSION

We described neurophysiological signals that selectively discrim-
inate between two POS, nouns and adjectives (Figure 2). This
selectivity was robust to word length, number of syllables, and
word occurrence statistics (Figure 2). This selectivity for POS
generalized across sensory modalities (Figures 2, 4, and 5),
word position, grammar and motor outputs (Figures 2, 3, 4, 5,
and 6), and semantic subgroups of nouns and adjectives
(Figure S6). These neurophysiological signals enabled discrimina-
tion between POS in single trials (Figures 2, 3, 4, and 5). Electrodes
that uniquely distinguished nouns from adjectives were clustered
within a small region of the left LOF (posterior H-shaped sulcus,
Figures 2 and 6). POS selectivity and invariance were evident in
English-speaking and Taiwanese-speaking participants (Figure
6). Interestingly, in a bilingual participant, the same left-LOF elec-
trodes distinguished nouns and adjectives in both English and
Spanish (Figure 6).

Clinically, a focal LOF locus carrying invariant POS signals
may inform language mapping and risk assessment for resec-
tions. Given the strong lateralization for language, it is extremely
important to precisely understand the relevant neural structures
in these patients. These results could help guide surgical ap-
proaches for epilepsy.

Some words can be used both as a noun and as an adjective
(e.g., alight color versus turn on the light). In most instances, one
usage is more frequent than the other. We selected nouns and
adjectives that are highly overrepresented in their labeled POS
(Table S6). Similarly, some words can be used both as a noun
and as a verb (e.g., “long race” versus “race you to the top”).
All the nouns in this study are highly overrepresented in their us-
age as nouns versus verbs (Table S6).

In English, adjectives precede nouns. Other languages reverse
this order. In Spanish, adjectives typically follow nouns (though
the English order can also be used). Many electrodes demon-
strated strong selectivity for POS, irrespective of their position
within the two-word phrases. Furthermore, in one bilingual
participant, the neural responses separated nouns and adjec-
tives in both languages. This bilingual experiment emphasizes
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that POS selectivity and invariance cannot be explained solely
by word order, first-word surprisal, or word frequency.

Non-invasive scalp E/MEG has revealed correlates of lan-
guage processing with latencies from 100 to 600 ms.*® We
show an invariant distinction between nouns and adjectives in
the LOF commencing at 400 ms after stimulus onset, well after
the onset of modality-specific purely visual or auditory signals.

We can interpret the word cat when uttering the word, writing
it, listening to it, reading it, and even when examining a photo-
graph of a cat. It is tempting to speculate that there may be an
invariant representation of language concepts in the brain.
Several studies have examined putative correlates of language
processing using only unimodal signals.''~°18:24:29.34.35 \whjlg
some electrodes distinguished between POS only in the auditory
or visual stimuli, those responses could be partly explained by
other variables, including number of syllables, word frequency,
or grammar. Using strict criteria and after controlling for con-
founding variables, most electrodes that distinguished POS
showed selectivity during both auditory and visual presentation.
Future work should evaluate whether the same electrodes also
distinguish POS when participants utter words, write them, or
when examining images. An intriguing study described neurons
in the medial temporal lobe responding selectively to images and
their corresponding text or sound.*”+*® However, those neurons
do not show POS selectivity and instead are connected with
memory formation.***°

The LOF spans Brodmann areas (BAs) 10, 11, 12, 13, and
47.°77°% Neuroanatomical tracings from rats, mice, and ma-
caques have identified LOF as a nexus of many inputs,®
conveying multisensory information. The LOF has been associ-
ated with many cognitive functions, including multisensory inte-
gration, working memory, long-term memory consolidation,
reward processing, social interactions, decision-making, and
emotion processing.’?°?°*~°¢ This heterogeneity might be partly
ascribed to investigations probing different cognitive tasks.
Given the prominent role of language in cognition, it is conceiv-
able that previous studies that describe other roles of the LOF
did not probe its possible associations with language. However,
it is even more likely that descriptors like LOF that refer to such
large brain areas would inevitably fail to uncover specific func-
tionality. These results point to a highly circumscribed location
within the left LOF, the posterior part of the H-shaped sulcus.
This location overlaps with BA13-lateral and BA47-medial and
has strong convergence of auditory and visual inputs.®%°%:%°
Work on primary progressive aphasia and frontotemporal lesions
implicates the orbitofrontal cortex in word and sentence
comprehension deficits.”*°°®! The LOF, dorsal premotor cor-
tex, temporoparietal junction (canonical Wernicke’s area), and
pars opercularis were associated with sentence comprehension
and grammatical production aphasias. Word comprehension
and naming deficits were assessed using binary perceptual
choice tasks, implicating the LOF and the anterior temporal
lobe (ATL). Consistent with extensive work documenting the
lateralization of language functions, the results presented here
also show a strong predominance of the left hemisphere in the
representation of POS, despite the fact that there were more
electrodes in the right hemisphere.

Several limitations are worth noting. First, the results are
derived from patients with epilepsy, the predominant way to
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access neurophysiological signals from the human brain.®?5°

While all patients used language fluently, epilepsy could poten-
tially impact the representation of language. Second, electrode
locations are strictly dictated by clinical criteria. Our sampling
of brain activity is extensive but not exhaustive (Figure 1;
Tables S1 and S2). Other areas not examined here may also
reveal neural correlates of POS. Additionally, the limitations in
the number of participants and electrodes, especially a single
bilingual participant, should be considered when interpreting
the results. Third, this work focuses on two POS; future work
should examine the representation of pronouns,®* verbs, ad-
verbs, prepositions, and conjunctions. Finally, our work provides
a correlate of the representation of POS, but future work should
evaluate whether such signals are causally required for online
language interpretation.

These results provide initial glimpses into highly localized
structures that represent a fundamental component of language.
The representation of nouns versus adjectives is invariant to the
presentation modality, word properties, grammar, and the noun
and adjective subcategories tested here and even generalizes
across different languages. These findings highlight interesting
questions about how next-token prediction in language models
relates to the brain’s implicit biases that give rise to stable,
invariant representations of POS. These observations open the
doors to begin to elucidate the neural representation of more
complex language concepts and to bridge work in linguistics
to their underlying neural representations.
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STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Neurophysiological recordings, This paper https://kreimanlab.com/code/neural-
stimuli, and analysis code coding-for-language-representations-

in-the-human-brain/

Experimental models: Human participants

20 neurosurgical patients undergoing Collaborating Hospitals IRB approved; see Table S1
epilepsy monitoring

Software and algorithms

MATLAB MathWorks, Natick, MA https://www.mathworks.com;
RRID: SCR_001622
Psychtoolbox-3 Brainard®® http://psychtoolbox.org;
RRID: SCR_002881
FreeSurfer Fischl®® https://surfer.nmr.mgh.harvard.edu;
RRID: SCR_001847
iELVis Groppe et al.** https://github.com/iELVis/iELVis
GPT-2 Radford et al.®” https://github.com/openai/gpt-2
Other
XLTEK neurophysiological recording system Natus Medical, Oakville, ON, Canada N/A
Ad-Tech sEEG depth electrodes Ad-Tech, Racine, WI, USA N/A

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Preregistration
This study was preregistered on the Open Science Framework (OSF) website. The preregistration DOI is: https://doi.org/10.17605/
OSF.10/8TU2G.

Participants

We recorded data from 20 participants (9 male, 9-53 years old, 2 left-handed, 2 ambidextrous, Table S1) with pharmacologically
resistant epilepsy (Figure 1A). All experiments were conducted while participants stayed at Children’s Hospital Boston (CHB), Brig-
ham and Women’s Hospital (BWH), or Taipei Veterans General Hospital (TVGH). All studies were approved by each hospital’s insti-
tutional review boards and were carried out with the participants’ informed consent.

Recordings and electrode locations
Participants were implanted with intracranial electrodes via stereo electroencephalography (sEEG) (Ad-Tech, Racine, WI, USA).
Neurophysiological data were recorded using XLTEK (Oakville, ON, Canada), Bio-Logic (Knoxville, TN, USA), Nihon Kohden (Tokyo,
Japan), and Natus (Pleasanton, CA). The sampling rate was 2048 Hz at BCH and TVGH, and 1024 Hz or 512 Hz at BWH. All data were
referenced in a bipolar montage. There were no seizure events in any of the sessions. Electrode locations were decided based on
clinical criteria for each participant. Electrodes in the epileptogenic foci, as well as pathological areas, were removed from analyses.
The total number of electrodes after bipolar referencing and removing electrodes with no signal, line noise or recording artifacts was
1,801.°

Following implantation, electrodes were localized by co-registration of pre-operative T1 MRI and post-operative CT scans using
the iELVis software.* We used FreeSurfer to segment MRI images, upon which post implant CT was rigidly registered.®® Electrodes
were marked in the CT aligned to pre-operative MRI using the Bioimage Suite.”® The Desikan-Killiany (DK) atlas was used to assign
the electrodes locations. Figures 1B-1G and Table S2 show the locations of all the electrodes.

Experiment design

All visual stimuli were displayed on a 15.4 inch 2,880 x 1,800 pixel LCD screen using the Psychtoolbox in MATLAB (Natick, MA) and a
MacBook Pro laptop (Cupertino, CA). The stimuli were positioned at eye level at about 80 cm from the participant and each word
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subtended approximately 3 degrees of visual angle. Sounds were played from the speakers of a MacBook Pro 15.4 at 80% loudness
using the Psychtoolbox in MATLAB.®® We used the USB-1208FS-Plus device from Measurement Computing Corporation (Norton,
Massachusetts) to send trigger pulses that enabled us to align stimuli onsets and behavioral responses to neural recordings.

A schematic of the task is shown in Figure 1. Participants were presented two words, 875 ms presentation time, with a 400 ms
blank screen between them. At the end of each trial, participants were asked to indicate via a button press whether the two words
were same or different. Word presentation was either visual or auditory. On average, we presented 1500 + 710 trials (Table S1 shows
the number of trials per participant).

There were four types of trials: Noun followed by Adjective (42% of trials, e.g., “apple green”), Adjective followed by Noun (42% of
trials, e.g., “green apple”), Repeated Noun (8% of trials, e.g., “apple apple”), and Repeated Adjective (8% of trials, e.g., “green
green”). The order of trials (stimulus presentation modality and noun/adjective structure) was randomly interleaved. Each word com-
bination was presented in a randomized manner 5 times in the audio modality and 5 times in the visual modality. The nouns belonged
to two categories, animals (e.g., “cat”) and food (e.g., “apple”). The adjectives belonged to two categories, concrete adjectives (e.g.,
“big”) and abstract adjectives (e.g., “good”). A list of all the nouns and adjectives is included in Table S3. We selected only high fre-
quency English words that were more frequent than 10 in Google Ngram and were 3 to 7 letters long and had no more than 1 or 2
syllables. We used the max frequency of a word between 2006 and 2019. Finally, we created a balanced selection of nouns and ad-
jectives such that noun and adjectives were indistinguishable from each other using word length or number of syllables (p>0.05 rank-
sum test). We conducted the experiment in 3 languages, English (16 monolingual and 1 bilingual participant), Spanish (1 bilingual
participant) and Taiwanese (3 monolingual participants). Two bilingual international scholars whose native language was Spanish
(MAG), and Taiwanese (YLK) translated the words in the task. For non-English languages, we also kept nouns and adjectives indis-
tinguishable based on word-length and number of syllables. Within each language in our data, audio duration was significantly corre-
lated with text length (R? = 0.19-0.25, p < 0.001, Figures 1H-1J). Word-type comparisons showed no differences in audio duration for
any language (t-tests, p>0.05). Only Taiwanese nouns and adjectives differed in text length (t-test, p<0.01), but this did not impact any
of the results (see control analyses using General Linear Model (GLM)).

Participants had to indicate whether the two words in a trial were the same or not. The motor responses were the same for nouns or
adjectives. The motor responses were also the same for noun followed by adjective or adjective followed by noun trials. Thus, the
motor responses were orthogonal to parts of speech and grammar and differences between nouns and adjectives cannot be attrib-
uted to motor signals.

METHOD DETAILS

Preprocessing

Atotal of 2,428 electrode contacts were implanted, 627 of which were excluded from analysis due to bipolar referencing, presence of
line noise or recording artifacts.®® We removed 60 Hz line noise and its harmonics using a fifth-order Butterworth filter. We focus on
the high-gamma band of the intracranial field potential signals obtained by bandpass filtering raw data of each electrode in the 65—
150 Hz range (fifth-order Butterworth filter). The high gamma band (65-150 Hz) power was computed using the Chronux toolbox.”"
We used a time-bandwidth product of 3 and 4 leading tapers, a moving window size of 200 ms, and a step size of 5 ms. For every trial,
we computed the normalized high gamma activity by subtracting the mean activity from -150 to 50 ms from the onset of the first fix-
ation and then dividing by the standard deviation. This normalized response is reported as “gamma power” on the y-axis when
showing electrode responses and referred to throughout the manuscript as neural responses.

Responsive electrodes

We evaluated whether an electrode was responsive to visual or auditory stimuli by comparing the response magnitude during the 100
to 400 ms post stimulus onset time to the -400 to -100 ms before stimulus onset (e.g., Figures S1J-S1M). The responsiveness
threshold was set using Cohen’s d prime coefficient and based on the number of trials for a statistical power of 80% and p<0.01
(one-tailed z-test). We also computed the time at which the neural signals reach half of the maximum amplitude.

Part-of-speech selectivity

We compared the neural responses to nouns versus adjectives. We normalized the responses in each trial by subtracting the mean
and dividing by the standard deviation of the high gamma power in the baseline period 100 to 400 ms pre-word1 onset. Periods of
significant selective activation were tested using a one-tailed t-test with p<0.05 at each time point to differentiate between nouns and
adjectives and were corrected for multiple comparisons with a Benjamini-Hochberg false detection rate (FDR) corrected threshold of
g<0.05, separately for auditory and visual trials. After fixing the FDR with g<0.05, an electrode was considered to be selective for part
of speech if there was a significant difference between nouns and adjectives for a minimum contiguous window of 65 ms.

Generalized linear model (GLM)
We created a GLM to tease out the experiment variables that significantly contribute to explaining the responses of a given electrode.

AUC = By + BrysaNVSA + BausucGVSUG + BusyiaviesNSYllable + Pyorq o WordLen (Equation 1)
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where AUC is the area under the response curve (e.g., Figure 2A) from 200 ms to 800 ms after word onset, fis a constant additive
term, NvsAis 1 for Nouns and -1 for Adjectives, GvsUG is 1 for Grammatical trials and -1 for Ungrammatical trials, NumberOfSyllables
is 1 or 2 (and 0 for visual trials), or WordLength goes from 3 to 7 (and 0 for auditory trials) as the task predictors. We fit this GLM model
for each electrode separately using the MATLAB function fitglm and report the corresponding f coefficients (e.g., Figure 2K). We as-
sessed whether each coefficient was significantly different from zero when compared to p coefficients generated from shuffled labels
(p<0.01, corrected for multiple comparisons).

Surprisal calculation

Surprisal was computed using pre-trained GPT-2 autoregressive language models on Google Colab. The sequence began with a
beginning-of-sequence token (BOS), so each pair was encoded as [BOS, w1, w2] using the model’s sub-word tokenizer. Token sur-
prisal was defined as —log p(token | preceding tokens). Word surprisal was summed across tokens for a given word. In a separate
analysis, we also added surprisal for each word as a predictor in the GLM.

Anatomical comparisons

To assess the degree of anatomical specificity in the neural responses, we compared the percentage of significant electrodes in each
brain region to the null distribution expected given the number of electrodes in each area using a permutation test (p<0.01, 10° iter-
ations). A similar approach was followed to compare the same region between the left and right hemispheres.

Decoding analysis

We performed a machine learning decoding analysis to decode parts of speech in individual words combining all the electrodes in
each brain region as defined by the Desikan-Killiany atlas*® (Figures 1B-1G). The top-N principal components of all electrodes that
explained more than 70% of the variance in the training data for the area under curve of non-overlapping 100 ms time-windows of the
signal following word onset were used for decoding. The signal for decoding comprised of features from different frequency bands
(beta:12-30 Hz, low gamma:30-65 Hz, and high gamma power: 65-150Hz). The analysis was repeated for 30 random splits of the data
with 80% of the data used for training a Support Vector Machine with a linear kernel. Significant decoding performance was found by
comparing performance from the original data at each time-window with a null distribution obtained by shuffling labels (p<0.01, rank-
sum test). Regions with statistically significant decoding performance were found by comparing the average of the maximum decod-
ing performance across time for 30 random iterations of the original data with that of the null distribution, separately for both hemi-
spheres (p<0.01, ranksum test corrected for multiple comparisons) (Figures 3C, 3F, 3l, 4C, 4F, 4l, 4L, 40, 5C, 5F, and 5I). We also
applied a threshold such that for a given region R:

[ug — 3 * ORlonginal data > [Hp + 3 * ORnu data (Equation 2)

where p and o represent the average and standard deviation in region R. For the significant regions, the average max-performance
between the left and right hemispheres was compared to find if decoding performance was lateralized (p<0.01, ranksum test, cor-
rected for multiple comparisons).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical criteria for electrode responsiveness
Electrodes were labeled responsive if high-gamma activity from 100-400 ms post-stimulus exceeded baseline (—400 to —100 ms)
using Cohen’s d-based thresholds corresponding to 80% power and p < 0.01 (one-tailed z-test).

t-tests for noun vs adjective selectivity and false discovery rate correction

Responses to nouns versus adjectives were compared at each time point using one-tailed t-tests (p < 0.05) separately for auditory
and visual trials. Significant time points were corrected using Benjamini-Hochberg FDR (g < 0.05). Selectivity required >65 ms of
contiguous significance at both words.

Ranksum tests
Non-parametric comparisons, including decoding-based regional comparisons and laterality assessments, used Wilcoxon rank-
sum tests with a significance threshold of p < 0.01 (multiple-comparison corrected).

GLM coefficient significance testing
For each electrode, GLM coefficients were compared to coefficients derived from shuffled-label models. Coefficients exceeding the
shuffled distribution at p < 0.01 (corrected for multiple comparisons, ranksum test) were considered significant.

Permutation tests for anatomical specificity

The fraction of selective electrodes in each anatomical region was compared to a null distribution obtained by randomly permuting
region assignments (1 08 iterations, p < 0.01, ranksum test, corrected for multiple comparisons).

Current Biology 36, 1-14.e1-e4, September 7, 2026  e3




Please cite this article in press as: Misra et al., Invariant neural representation of parts of speech in the human brain, Current Biology (2026), https://
doi.org/10.1016/j.cub.2026.07.029

¢? CelPress Current Biology

OPEN ACCESS

Decoding significance tests
Decoding accuracy in each 100-ms window was compared against a null distribution generated by label shuffling. Time windows and
regions were significant when decoding exceeded the null at p < 0.01 (corrected for multiple comparisons, ranksum test)

Correlation p-values

Significance of correlations was computed using the standard analytic test in which the correlation coefficient is converted to a
t-statistic, and a two-tailed p-value is obtained from the corresponding t-distribution given the sample size.
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