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INTRODUCTION: The primate cerebral cortex has expanded into a 
complex mosaic of specialized areas and networks that support 
advanced cognition. However, the fundamental principles governing 
this complex cortical organization remain elusive, which has led to 
conflicting hypotheses regarding cortical expansion. The dual-origin 
hypothesis posits that the cortex expanded from two evolutionarily 
ancient allocortical regions and progressively differentiated toward the 
most specialized six-layered primary sensory areas (the koniocortex). 
Conversely, alternative theories propose that primary sensory areas 
served as the early anchors for cortical expansion. Resolving this 
conflict requires a holistic view that integrates gene expression, 
cellular architecture, and brain-wide connectivity.

RATIONALE: The common marmoset (Callithrix jacchus) offers a solution 
to this challenge. It retains key primate brain characteristics yet has a 
smooth (lissencephalic) cortex, bypassing the analytical difficulties 
caused by the complex folding seen in the cortices of larger primates.

Leveraging this advantage, we integrated whole-brain, single-cell–
resolution spatial transcriptomics and single-nucleus RNA sequenc-
ing with magnetic resonance imaging (MRI) and neuronal tracing 
data. This multimodal synthesis allowed us to uncover the principles 
underlying cortical organization.

RESULTS: Our analysis uncovered a fundamental axis of cortical organiza-
tion defined by two opposing molecular gradients that capture the 
dominant patterns of cortical gene expression, cell composition, and 
hierarchy. One gradient radiates from allocortical and periallocortical 
regions (e.g., the piriform and entorhinal cortices), whereas the opposing 
gradient originates from primary sensory areas, with the association 
cortex residing at their intersection. Conserved across humans, macaques, 
marmosets, and mice, these gradients reconcile the conflicting hypotheses 
by demonstrating that both the allocortical and primary sensory areas act 
as anchors at opposite ends of a single organizational axis. Although 
present at birth, these gradients undergo prominent postnatal refinement, 
which suggests that they are actively shaped by sensory experience. 
Molecular shifts along these gradients underpin cortical parcellation, 
where sharp transitions in cell composition and gene expression align 
with cortical area borders and reveal previously unrecognized 
subdivisions. Notably, these cortical gradients are mirrored in thalamic 
gene expression patterns and align with thalamocortical connectivity. This 
molecular coupling between the cortex and thalamus is significantly 
stronger in marmosets than it is in mice, which highlights the 
evolutionary advances in primate-specific thalamocortical integration. At 
the gradient convergence zone, the putative default mode network (DMN) 
and the frontal pole (area 10) in marmosets share similar molecular 
signatures despite their weak functional connectivity, suggesting that this 
molecular identity evolved before the strong connectivity observed in 
humans. Finally, comparative analysis of gradient-related genes revealed 
that the marmoset auditory cortex more closely resembles the human 
auditory cortex compared with that of the macaque, likely reflecting 
shared neural mechanisms for complex vocal communication.

CONCLUSION: Through multimodal analysis, we identify an opposing 
molecular gradient axis as a fundamental principle of primate 
cortical organization that resolves debates regarding cortical 
expansion. This axis links molecular profiles to anatomical and 
functional architecture, offering a precise biological basis for 
delineating cortical boundaries, elucidating cortical-subcortical 
relationships, characterizing functional networks, and identifying 
species-specific molecular specializations. Together, this work 
establishes the opposing gradient axis as a key organizational 
backbone and presents a foundational multimodal resource for 
understanding primate brain organization and evolution. 

Corresponding authors: Cirong Liu (crliu@​ion.​ac.​cn); Shijie Hao (haoshijie@​genomics.​cn); 
Yidi Sun (ydsun@​ion.​ac.​cn); Marcello G. P. Rosa (marcello.​rosa@​monash.​edu) †These 
authors contributed equally to this work. Cite this article as Z. Huang et al., Science 392, 
eaea2673 (2026). DOI: 10.1126/science.aea2673

Opposing molecular gradients of the cerebral cortex. By integrating whole-brain 
spatial transcriptomics with MRI and neuronal tracing in marmosets, we revealed an 
opposing molecular gradient axis as a fundamental principle of cortical organization. 
Undergoing active postnatal refinement, these gradients serve as a key organizational 
backbone for delineating cortical boundaries, elucidating cortical-subcortical 
relationships, characterizing functional networks, and identifying species-specific 
molecular patterns. 3D, three-dimensional; PC1, principal component 1; Al, allocortical/
periallocortical; Pr, primary sensory; P0, postnatal day 0; P32, postnatal day 32;  
P3M, postnatal 3 months.
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The principles organizing cellular diversity and connectivity in 
primate brains remain elusive. By integrating spatial 
transcriptomics, magnetic resonance imaging, and retrograde 
labeling in marmosets, we identified two opposing molecular 
gradients that undergo postnatal refinement, emanating from 
allocortices and primary sensory cortices, respectively. These 
gradients reconcile conflicting hypotheses on cortical 
expansion and characterize distinct cortical areas. Cortical 
gradients align with thalamic gene expression and 
thalamocortical projection patterns. At gradient intersections, 
the default mode network and frontal pole exhibited similar 
molecular features in humans and marmosets, despite 
species-specific differences in functional connectivity. 
Comparative analysis of gradient-related genes showed that 
marmoset and human auditory cortices are highly similar but 
differ from those of macaques, potentially reflecting complex 
vocalization. Together, these opposing gradients represent a 
fundamental organizing principle of the primate cortex.

Primate cortical expansion produced diverse areas and networks es-
sential for cognitive functions. However, principles governing this 
complex cortical organization remain unclear, prompting several di-
vergent hypotheses. The dual-origin hypothesis posits cortical expan-
sion from allocortical areas (the archicortex and paleocortex) into 
specialized six-layered primary sensory regions (the koniocortex) 
through progressive laminar differentiation (1). Conversely, the mo-
lecular anchors (2) and neo-associationism (3) hypotheses suggest that 
primary sensory areas were specified early as anchors, guiding adja-
cent cortical formation during evolutionary and developmental expan-
sion. These hypotheses offer diverse, often contradictory explanations 
for cortical expansion, area specification, and hierarchical organiza-
tion. Reconciling these views requires investigating the cellular and 
connectivity architecture, especially in primates, where cortical expan-
sion is most pronounced.

Understanding the cortex’s diverse cellular composition and complex 
connectivity (4) requires integrating transcriptomic and connectomic 
data (5). Although new technologies enable multiscale brain mapping 
(6, 7), developing an integrated multimodal view of the primate brain 
remains challenging owing to large brain sizes and cortical folding (8). 
The common marmoset (Callithrix jacchus), with its small, lissence-
phalic brain, offers important advantages. It retains essential primate 
cortical regions and architectural features (2, 9), which simplifies the 
study of cortical organization. This has driven extensive brain mapping 
studies, yielding detailed neuroanatomical atlases (10–13), multimodal 
connectomes (14, 15), and transcriptomic datasets (16–19). However, 
existing marmoset transcriptomic resources (16–19) lack comprehensive, 
whole-brain, and single-cell spatial mapping. Multimodal integration 
is also hindered by dimensional mismatches between three-dimensional 
(3D) connectomic and 2D transcriptomic data (20).

To address these gaps, we constructed a 3D multimodal atlas of 
the marmoset brain, integrating whole-brain, single-cell spatial 
transcriptomes with multimodal magnetic resonance imaging (MRI) 
(9, 14, 15, 21–25) and retrograde tracing data (14). This integrated atlas 
reveals a unifying organizational principle of the primate cortex that 
reconciles previously divergent hypotheses. Guided by this principle, 
we linked transcriptomic profiles with the connectome to elucidate 
cortical-subcortical topographic alignment, the molecular signatures 
of functional networks, and species-specific specializations across pri-
mate species.

An integrated multimodal 3D atlas of the marmoset brain
We performed spatial transcriptome and single-nucleus RNA sequenc-
ing (snRNA-seq) of the whole marmoset brain using spatial enhanced 
resolution omics sequencing (Stereo-seq) (26) and DNBelab C4 meth-
ods (27), respectively (Fig. 1A). Our snRNA-seq dataset profiled 496,718 
cells from 116 brain areas, and the Stereo-seq data comprised 125 coro-
nal sections from one adult male and 27 parasagittal sections from one 
adult female (Fig. 1B and table S1, A to C). We reconstructed the Stereo-
seq data for whole-cortical analysis using two approaches (fig. S1): (i) 
segment flattening for a 2D whole-cortex flat map and (ii) a 3D recon-
struction framework coregistered with MRI templates (9, 10) to enable 
integrative analysis with anatomical and functional MRI (fMRI) and 
retrograde tracing data (table S1D).

Unsupervised clustering using gene expression profiles from snRNA-
seq data revealed 10 neuronal glutamatergic, 7 neuronal γ-aminobutyric 
acid–releasing (GABAergic), and 6 nonneuronal subclasses (fig. S2, A 
and B). The subclasses, annotated with known markers (6, 28), were 
further divided into 112 neuronal glutamatergic, 68 neuronal GABAergic, 
and 27 nonneuronal clusters (referred to tentatively as “cell types”) 
(fig. S2, C to F, and table S1E). For the spatial data, Stereo-seq coronal 
and parasagittal sections covered all cortical lobes (fig. S3A), yielding 
6.37 and 3.82 billion DNA nanoballs (DNBs) (400 million per square 
centimeter), respectively, with an average of 200 (bin25) and 700 (bin50) 
genes per bin (fig. S3B). To achieve single-cell segmentation, we applied 
a deep learning–based cell segmentation method (6) on the single-strand 
DNA (ssDNA) staining images (fig. S3, C to E), generating 12.65 million 
(coronal) and 8.83 million (parasagittal) segmented cells (fig. S3, E and 
F). We then annotated these cells using DestVI (29), integrating the 
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snRNA-seq–identified cell types (fig. S3, G and H). The resulting cell 
type composition was highly reproducible between adjacent sec-
tions, both within and between animals, validating our annotations 
(fig. S3, I to K).

These cell type spatial maps revealed distinct subclass laminar pref-
erences (Fig. 1C and fig. S3L), forming a basis for layer parcellation. We 
constructed a spatial cell-cell adjacency matrix based on the relative 
proportions of cell types within each cell’s k nearest neighbors (KNNs). 
Unsupervised clustering of this matrix identified seven clusters cor-
responding to the six isocortical layers and allocortical layer 2 (Fig. 1D). 
We refined this parcellation using a supervised method incorporating 
laminar markers and ssDNA staining (Fig. 1E). This approach accu-
rately segmented diverse cortical regions, capturing simpler structures 
in the piriform (Pir) and entorhinal (Ent) cortices, the absence of layer 
4 (L4) in the anterior cingulate (ACC) and motor (Mot) cortices, and 
an enlarged L4 in the primary visual cortex (V1) (Fig. 1, F and G). Spatial 
visualization confirmed L4 presence in the primary somatosensory 
cortex (S1) and absence in the primary motor cortex (M1) and a rela-
tively larger L4 in V1 compared with the secondary visual cortex (V2) 
(Fig. 1H), patterns further supported by distinct glutamatergic cell dis-
tributions (Fig. 1I). These analyses produced a comprehensive marmoset 
cortical cell type atlas that enabled laminar parcellation.

Two opposing molecular gradients underlie 
cortical organization
Analysis of cortical cell type distribution identified 39 (out of 180 total) 
neuronal cell types with significant regional enrichment, and these 
were largely partitioned between either allocortical and periallocorti-
cal regions (14/39) or primary sensory cortices (21/39) (Fig. 2A and 
fig. S4A). For example, L3/4_12, L4_2, and PV_5 were enriched in V1, 
primary auditory cortex (AuA1), and S1, respectively. Conversely, 
L2_3, L5_1, and RELN_2 were predominantly localized to allocortical/
periallocortical regions, including the piriform and entorhinal cortices 
(fig. S4B). These distinct patterns are likely relevant to competing 
hypotheses on cortical expansion, which posit either primary sensory 
(2, 3) or allocortical (1) origins.

To test whether cell type composition reflects these origins, we es-
tablished two reference profiles on a flattened cortex using the seg-
ment flattening approach (fig. S1D): a primary sensory (“Pr”) profile 
(from the averaged cell type compositions of primary visual, auditory, 
and somatosensory areas) and an allocortical/periallocortical (“Al”) 
profile (from the entorhinal and piriform cortices). Correlating the 
cell type composition of each cortical segment with the two references 
revealed a strong anticorrelation (Pearson’s correlation coefficient r = 
−0.84, P < 0.001) (Fig. 2, B and C). The strong anticorrelation remained 
consistent using individual Pr and Al cortical areas as the reference 
(fig. S5A). Intermediate segments, mostly association cortices, exhib-
ited mixed composition profiles with weaker correlations to both Pr 
and Al (table S2B). To visualize this bimodal gradient pattern, we com-
puted a differential Pr-Al index (Pr correlation minus Al correlation), 
defining a continuous gradient axis between Pr and Al poles (Fig. 2D). 
The middle temporal area (MT/V5) exhibited a strong Pr signature on 
this axis, consistent with its primary sensory-like characteristics (30). 
Using MT/V5 alone as the Pr reference yielded a similar Pr-related 
gradient (fig. S5A), reinforcing the robustness of the axis.

The Pr-Al index captured the dominant spatial organizational axis 
of cell type composition, as shown by its similarity to the first principal 
component (PC1; 40.6% variance) of a principal components analysis 
(PCA) on whole-cortex cell compositions (Fig. 2, E and F; r = 0.90, P < 
0.001). Layer-specific PCA further corroborated this finding, except for 
layer 1 (fig. S5C). Analysis of mouse (31), macaque (6), and human (32) 
data at the region level (Fig. 2G and fig. S5, B and C) revealed similar 
patterns, suggesting that the Pr-Al index is a fundamental, conserved 
organizational principle. Correlating cell type spatial distributions 
with the index (fig. S5, D and E) revealed different cell type preferences 

for Pr or Al patterns (Fig. 2, H and I, and fig. S6A). For example, gluta-
matergic upper-layer L2/3_11 and all layer 4 neurons displayed Pr-like 
distributions, whereas deep-layer L6_6 was Al-like. Among GABAergic 
interneurons, most PV neuron subtypes were Pr-like, consistent with 
their enrichment in primary sensory areas (33), whereas many SST 
and VIP subtypes exhibited Al-like distribution.

Cortical gene expression PC1 (36.88% variance) also correlated 
strongly with the Pr-Al index (Fig. 2J), a relationship conserved in mice, 
macaques, and humans (fig. S6B). By correlating individual genes with 
the index, we identified 6980 Pr-associated (positive correlation) and 
8437 Al-associated (negative correlation) genes (Fig. 2K and table S2C). 
The top gene sets from these two groups exhibited opposing expression 
in both glutamatergic and GABAergic cell types, consistent with their 
spatial preference along the Pr-Al axis (Fig. 2L). Functionally, these 
genes were implicated in brain development and neurological disorders 
(34) (fig. S6C). KEGG (Kyoto Encyclopedia of Genes and Genomes) 
analysis revealed that although both sets shared enrichment for core 
synaptic functions, such as GABAergic, glutamatergic, and serotonergic 
signaling, they exhibited distinct functional specializations (fig. S6, D 
and E). For example, the Al-associated gene set was enriched for neu-
roactive ligand-receptor interactions, consistent with the known role 
of the allocortex in integrating and relaying diverse signals (1), whereas 
the Pr-associated gene set was enriched for the mitogen-activated pro-
tein kinase (MAPK) signaling pathway, critical for sensory processing 
across the auditory (35), visual (36), and somatosensory (37) systems. 
These opposing molecular profiles thus may underpin the functional 
specializations of areas along the Pr-Al axis.

To visualize the gradient intersection, we transformed the Pr-Al 
index to an intersection index, mapping the endpoints (Pr-Al index = 
±1) to 0 and the center (Pr-Al index = 0) to 1 with a smooth transition 
(Fig. 2M). The intersection index map closely resembled the second 
principal component (PC2) of the cell composition PCA (fig. S7, A to 
C). Thus, the Pr-Al index and intersection index captured the first two 
PCA components, supporting the Pr-Al axis as the major organizational 
axis. Spatial analysis of 2D Stereo-seq sections also demonstrated op-
posing molecular gradients radiating from Pr and Al reference areas 
(Fig. 2N and fig. S7, D and E). These spatial patterns were also shown 
in the distribution of individual cell types, where Pr- or Al-enriched 
cell types showed opposite profiles (Fig. 2, O to Q, and fig. S7, F and 
G). Sharp cell type distribution boundaries, marked by abrupt changes 
in cell density and marker gene expression, emerged at the intersection 
zone (Fig. 2Q), likely corresponding to cortical area boundaries.

Together, the Pr-Al index revealed that opposing molecular gradi-
ents anchored in Al and Pr regions underlie primate cortical organization, 
with association cortices at their intersection (fig. S7H). By positing 
both regions as anchors, our results reconcile the opposing hypotheses 
of cortical expansion (1–3).

The opposing gradients are refined during 
postnatal development
To determine whether the opposing gradients are established innately 
or refined postnatally, we collected spatial transcriptomics and snRNA-
seq data from marmosets at newborn (P0), infant [day 32 (P32)], and 
juvenile [3 months (P3M)] ages (Fig. 3A and fig. S8, A and B). We 
calculated a Pr-Al index for each age based on gene expression from 
the spatial transcriptomics data, using Pr (auditory/somatosensory) 
and Al (entorhinal) cortices as references. This analysis revealed that 
the gradients are present at birth (P0) but undergo prominent post-
natal refinement (Fig. 3, B and C, and fig. S8C). This refinement was 
evident in the spatial coexpression of the top 500 adult-identified 
Pr- and Al-associated genes, which showed progressively stronger op-
posing patterns over time (Fig. 3C). We quantified this segregation 
with a Pr-Al gene expression pattern difference (PAD) score, measuring 
the difference in correlation strengths between within-group (Pr-Pr, Al-Al) 
and between-group (Pr-Al) gene pairs. This score steadily increased 
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from 0.25 at P0 to 1.4 in adults, demonstrating the postnatal sharpen-
ing of the gradients.

To assess the cellular basis of this refinement, we integrated snRNA-
seq data from all ages, mapping cell type annotation from the adult 
to earlier ages (fig. S8, D and E). We represented Pr and Al signatures 
using their top 500 associated genes, a number at which the anticor-
relation between these gene sets stabilized (fig. S8F). Calculating 
expression scores for these sets in each cell revealed that Pr and Al 
molecular signatures become progressively more distinct with age 
(Fig. 3D). This trend was clear in glutamatergic and GABAergic neu-
rons but not in nonneuronal cells (fig. S8G), suggesting a primarily 
neuron-specific refinement process.

Further cell-subclass analysis, quantified by PAD scores, showed dis-
tinct developmental trajectories (Fig. 3E). Most glutamatergic neurons 
exhibited monotonic strengthening of their Pr-Al pattern, with the L3 
subclass being the most prominent (Fig. 3E and fig. S8H). Other sub-
classes, such as SST interneurons, followed a nonmonotonic, “valley-
shaped” trajectory (fig. S8H). To identify molecular drivers of these 
patterns, we tracked each gene’s spatial correlation with the Pr-Al index 
across development, identifying Pr–up-regulated (consistently increas-
ing positive correlation) and Al–up-regulated (increasing negative cor-
relation) genes (Fig. 3F and table S3). For example, the Pr–up-regulated 
gene RNF144A transitioned from a diffuse pattern at birth into a con-
centration in sensory cortices (Fig. 3G), whereas the Al–up-regulated 
gene TIMP2, a key regulator of extracellular matrix remodeling vital 
for learning and memory (38), refined from a broad pattern to a local-
ized expression toward the entorhinal cortex (Fig. 3H). These gene sets 
include many developmental pattern formation genes (39), which sug-
gests that they have roles in the spatiotemporal patterning of the de-
veloping cortex (fig. S8, I and J). Thus, cortex-wide refinement of the 
Pr-Al axis is not a monolithic process but a composite of highly specific, 
temporally regulated gene programs across diverse cell subclasses.

Our findings indicate that the Pr-Al axis is not fully predetermined 
at birth but undergoes postnatal maturation. Although a primordial 
axis is innately specified, it may be actively refined by sensory input 
and maturing neural connectivity after birth.

Molecular shifts along the opposing gradients delineate 
cortical parcellation
To test whether sharp Pr-Al index changes align with anatomical corti-
cal boundaries, we computed the rate of change (ROC) in cell type 
density, gene expression, and the Pr-Al index on the flat map (Fig. 4A). 
The mean ROC of cell density (all cell types) strongly correlated with 
the ROC of the Pr-Al index (Fig. 4B; r = 0.55), which shows that sharp 
cell composition shifts coincide with rapid index changes. To charac-
terize these shifts, we delineated nine putative boundaries (“a” to “i”) 
on the basis of high mean ROC values (Fig. 4C). These boundaries were 
heterogeneous: Cell type ROC profiles showed low correlation between 
boundary pairs (Fig. 4D), and the top 15 contributing cell types for 
each boundary included distinct combinations of neuronal glutamatergic, 

neuronal GABAergic, and nonneuronal cells (Fig. 4E and fig. S9A). Gene 
expression ROC analysis yielded similar results (fig. S9, B and C). Thus, 
sharp transitions in cell composition and gene expression provide dis-
tinct molecular signatures for these putative cortical boundaries.

To investigate the alignment of these sharp cellular transitions with 
established cortical boundaries (40), we analyzed 2D sections. Regions 
with high mean ROC showed abrupt density shifts across numerous 
cell types, including glutamatergic, GABAergic, and glial cells (Fig. 4G 
and fig. S9, D to H). Although the glutamatergic subclass was most 
abundant and had the highest cumulative ROC, normalizing by cell 
number revealed similar ROC profiles across all three major cell sub-
classes. These high-ROC boundaries frequently coincided with high 
intersection index values and aligned with a subset of Paxinos atlas his-
tological boundaries (40). However, some Paxinos-defined boundaries 
showed low mean ROC, indicating gradual changes in overall cell type 
composition. Even within these gradual transitions, a few specific cell 
types exhibited sharp ROC values aligned with Paxinos boundaries 
(40). For example, in one such low-ROC region (Fig. 4H), a subset of 
L4 neurons sharply defined the A3a-A4ab boundary, whereas most 
other cell types showed gradual or no change. These findings demon-
strate that cortical boundaries are defined either by collective, sharp 
changes across many cell types or by abrupt changes in a few highly 
specific cell types.

Similar to cell composition, gene expression analysis revealed coor-
dinated changes in the expression of many genes or a small subset of 
specific genes at Paxinos area boundaries (40). High-ROC regions are 
enriched at area boundaries of various atlases, including those based 
on cytoarchitecture (13, 40) and connectivity (11, 15), with alignment 
being stronger for the cytoarchitecture-based boundaries (fig. S9I). 
However, known cortical boundaries only account for 30 to 40% of ROC 
peaks (fig. S9J), suggesting that sharp molecular changes may delineate 
many previously unrecognized cortical areas. For example, sharp changes 
in EYA2 and SNN expression delineated a putative previously unidentified 
boundary within the entorhinal cortex (Fig. 4I), agreeing with a recent 
cyto- and myeloarchitectural reanalysis of this region (41). Similarly, 
changes in NOL4 and NKAIN3 expression highlighted a potential previ-
ously undetermined boundary within the primary motor cortex (area 
A4ab) (Fig. 4J), possibly corresponding to the 4a-4b transition previ-
ously reported in baboons (42) and suggested in marmosets (43). Thus, 
these molecular and cellular features provide a refined characterization 
of cortical parcellation beyond traditional methods.

The opposing gradients are mirrored in thalamic gene 
expression and connectivity
Given that the thalamus and cerebral cortex coevolved as a tightly in-
terconnected system (44), we hypothesized that the cortical molecular 
gradient reflects a shared organizational principle with the thalamus. 
Supporting this hypothesis, we found that cortical Pr- and Al-enriched 
gene sets were anticorrelated in the thalamus (r = −0.96; Fig. 5A and 
fig. S10A). To relate the Pr-Al pattern to the thalamus’s intrinsic spatial 

snRNA-seq, multimodal MRI, and retrograde neuronal tracing datasets were combined to create a comprehensive 3D atlas for downstream analyses. (B) Spatial distribution of 
cell subclasses across coronal (top) and parasagittal (bottom) sections of two marmosets. Three coronal sections and one parasagittal section are displayed in the front view, 
with section numbers indicated. EBZ, ear-bar zero. (C) Cell-subclass distribution in an example cortical region marked α in (B), visualized at higher spatial resolution (right), 
together with a cell density plot for this region (left). Color-coding of cell types is the same as in (B). (D) Schematic of the k nearest-neighbors (KNN) method and a uniform 
manifold approximation and projection (UMAP) plot of the seven resulting spatial clusters (marked by colors; top) and spatial map of the seven clusters, corresponding to 
cortical layers (bottom). (E) Examples of cortical layer parcellation improved by supervised learning. (F) Cortical layer parcellation in four representative sections, coded in 
colors as in (E). (G) Boxplots showing the average thickness of four example layers in different cortical regions, including the primary visual cortex (V1; n = 47 per layer group; 
sections treated as independent samples), motor cortex (Mot; n = 60), anterior cingulate cortex (ACC; n = 98), entorhinal cortex (Ent; n = 36), piriform cortex (Pir; n = 11), 
insular cortex (IS; n = 40), inferior temporal cortex (TE; n = 74), and other regions (n = 1525, 894, 1511, and 1509 for L4, L2-Allo, L2, and L3 groups respectively) as indicated in 
(F). Statistical significance was determined by one-way analysis of variance (ANOVA) with post hoc two-sided Student’s t test. ***P < 0.001. (H) Spatial maps showing cortical 
layers in four cortical regions (S1, M1, V1, and V2) with layer classification by unsupervised learning (left) and by both unsupervised and supervised learning (middle), together 
with the distribution of L4 cell types (right). (I) Heatmap showing the relative abundance (z-scored density) of various cell types in six cortical layers across the whole cortex. 
Each column represents one cell type, and the cell type subclass is marked below.
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Fig. 2. Spatial transcriptomics reveals dual gradients in cortical organization. (A) Spatial maps of cell types enriched in primary sensory (Pr) and allocortical/periallocortical 
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gradients (45, 46), we performed PCA on the thalamic gene expression 
profile. The analysis revealed that PC1 (Fig. 5B) and PC2 (fig. S10B) 
corresponded to the medial-lateral and dorsal-ventral axes, respectively, 
consistent with previous studies in humans (46). This thalamocortical 
molecular alignment was reciprocal: The thalamic PC1 strongly cor-
related with the thalamic expression of the cortical Pr- and Al-enriched 
gene sets (Fig. 5, A and B), and conversely, genes from the thalamic PC1 
poles (“Tha-P,” “Tha-N”) showed cortical expression patterns that strongly 
aligned with the cortical Pr-Al index map (Fig. 5C). These findings 
suggest that the principal thalamic gene expression axis likely corre-
sponds to the cortical Pr-Al axis.

We found strong overlap between thalamic (Tha-P, Tha-N) and corti-
cal (Pr-Al) gene sets (Fig. 5D), suggesting topographic correspondence 
in their molecular organization. Several neuronal communication gene 
sets showed similar gradients in both structures (Fig. 5E, fig. S10C, 
and table S5B). For example, specific genes showed opposing patterns 
in Al and Tha-N regions versus Pr and Tha-P regions (Fig. 5E and fig. S10, D 
to F), such as glutamatergic and GABAergic receptors (GRIN3A, GRIA1, 
GRIK5, GABRG1, GABRA5, GABRB3, and GABRA2 versus GRIN2A, 
GABRB2, GABRD, and GABRA1); ion channels (CACNB3, SCN3B, and 
KCNA3 versus CACNB4, SCN1B, and KCNA1); and axon-guidance genes 
(PCDH19 versus SPOCK3). This opposing pattern extends to transcrip-
tion factors (for example, FOSL2 versus KLF16) and their respective 
downstream targets (STAC2 versus FOXO6) (fig. S10G and table S5C), 
suggesting that a common regulatory program governs the molecular 
identity of corresponding cortical and thalamic areas.

To examine whether the coordinated gene expression reflects thala-
mocortical connectivity (45), we performed retrograde neuronal tracing 
at 16 cortical sites along the Pr-Al axis (Fig. 5F). Pr cortical injections 
(V1, A1-2, and AuA1) labeled neurons predominantly in positive-PC1 
thalamic nuclei, including the dorsolateral geniculate nucleus (DLG), 
the ventral posterior nucleus (VP), and the dorsal part of the medial 
geniculate nucleus (MGD). Conversely, periallocortical injections (A32, 
A32V, and A24b) labeled neurons in negative-PC1 thalamic nuclei, 
particularly the medial division of the mediodorsal nucleus (MDM). 
Intersection area injections (association cortical areas LIP, AIP, and 
PG) labeled neurons in intermediate-PC1 thalamic regions, such as the 
ventral lateral nucleus (VL). These findings support the notion that 
cortical and thalamic gene expression patterns relate to orderly thala-
mocortical connectivity (45, 47).

This tight relationship is likely shaped by shared developmental 
interactions (44, 48). Given that thalamic axons arrive earlier in the de-
veloping primate cortex than in the rodent cortex (49), this timing differ-
ence implies potential primate-specific coupling. Comparing marmosets 
and mice, we found that the opposing Pr-Al gradient pattern is a con-
served axis, evident in the cortex and thalamus of both species (fig. S11, 

A and B). However, the gene expression correlation between corre-
sponding thalamic and cortical regions along this axis is stronger in 
marmosets (Fig. 5G and fig. S11, C and D), suggesting enhanced thala-
mocortical interdependence in primates.

To determine whether molecular coupling extends to other regions, 
we conducted PCA on gene expression profiles of the dorsal striatum 
(caudate and putamen), a primary recipient of widespread cortical 
projections (50). This analysis revealed that PC1 captures a pattern 
similar to that of the cortex and thalamus (fig. S11E), exhibiting a 
strong positive correlation with the Pr-enriched gene set (r = 0.92) 
and a negative correlation with the Al-enriched gene set (r = −0.91) 
(Fig. 5H). Similar opposing patterns were observed in the dorsal stria-
tum for glutamatergic and GABAergic receptors, ion channels, and 
axon guidance genes (fig. S11, F and G). Further analysis across mul-
tiple subcortical regions revealed that this pronounced Pr- and Al-
associated anticorrelation was most prominent in the thalamus and 
dorsal striatum, whereas it was attenuated or absent in other nuclei 
with weaker or less widespread cortical connections, such as the amyg-
dala, globus pallidus, hypothalamus, substantia nigra, nucleus accum-
bens, subthalamic nucleus, and cerebellar nuclei (Fig. 5I and fig. S11H). 
Collectively, these findings demonstrate that the cortical Pr-Al gradient 
represents a fundamental organizational axis shared by cortically con-
nected subcortical areas, underpinned by topographic anatomical con-
nectivity and coordinated molecular features.

The opposing gradients reflect multimodal anatomical and 
functional cortical maps
We next sought to determine how the Pr-Al molecular gradient relates 
to other spatial patterns of the cerebral cortex (Fig. 6, A and B; fig. S12A; 
and table S1D), including cytoarchitecture, connectivity, and fMRI 
activation maps (9, 10, 14, 15, 22–25). The Pr-Al index correlated strongly 
with the PV+/SST+ interneuron ratio and the T1w/T2w myelin map, 
which mark the sensory-to-association transition (33, 51). The index 
also correlated strongly with cortical hierarchical levels (r = −0.74) 
derived from marmoset anatomical connectivity data (52) (Fig. 6B) as 
well as with cortical hierarchies in macaques and mice (53–55) (Fig. 6C). 
Analysis of marmoset task fMRI data (22, 24, 25) revealed a strong 
positive correlation between the Pr-Al index and activation patterns 
engaging widespread cortical networks (r = 0.57) but only a weak 
correlation with activations triggered by vocal or visual stimuli (r < 0.04) 
(fig. S12A and table S1D). Additionally, we assessed the correlation with 
two simulated gradients along the anterior-posterior (AP) and dorsal-
ventral (DV) axes (fig. S12A). The Pr-Al index showed comparable cor-
relation strengths with both axes (AP: r = −0.58; DV: r = 0.60), which 
suggests that it captures components of both spatial dimensions rather 
than aligning with a single primary axis.

(Al) regions. (B) Pearson correlation coefficients of cell type composition profiles between cortical segments and the Pr or Al reference cortices. (C) Scatter plot of correlation 
between each segment and Pr versus Al reference regions. Color represents the Pr-Al index, calculated as the difference between the Pr correlation and the Al correlation of each 
segment. (D) Spatial pattern of the Pr-Al index on the cortical flat map. (E) The first principal component (PC1; percentage indicates variance explained) derived from PCA  
of cell type compositions across all cortical segments. (F) Correlation between PC1 [from (E)] and the Pr-Al index. (G) Cross-species conservation of the Pr-Al axis and its 
relation to cell composition PC1. (Top) Scatter plots illustrating regional correlations with Pr and Al references across species. Each dot represents a cortical region in the 
marmoset (Stereo-seq), macaque (Stereo-seq), human (snRNA-seq), and mouse (Stereo-seq), respectively. (Bottom) The correlation between cell composition PC1 and the 
Pr-Al index within each dataset. (H) Number of cell subclasses (top) and the corresponding cell numbers (bottom) exhibiting statistically significant correlations (P < 0.05) with 
either Pr or Al reference. (I) Spatial distribution of two example cell types: L2/3_11 (correlated with Pr) and L6_6 (correlated with Al). (J) PC1 derived from PCA of gene 
expression profiles across all cortical segments. (K) Spatial maps of example Pr-associated (VAV3 and AGL) and Al-associated (CNIH2 and TMEM158) genes. (L) UMAPs and 
heatmaps showing Pr and Al gene-set scores (top 500 genes) in glutamatergic (top) and GABAergic (bottom) neurons from snRNA-seq data. For each neuron subclass, left heat-
maps display individual gene expression across cell types, ordered by spatial correlation with the Pr-Al index, and the corresponding right heatmaps show the gene-gene 
correlation matrix. (M) Intersection-index map, which is derived by rescaling the Pr-Al index: Values of +1 or −1 are mapped to 0, and a value of 0 is mapped to 1. The red dashed 
lines indicate the positions of the coronal sections shown in (N) to (P) and fig. S7, F and G. (N) Spatial visualization of the intersection index map in a representative Stereo-seq 
section (EBZ = 6.71 mm). Arrows point to intersection zones of Pr- and Al-originated gradients. (O) Spatial distribution of cell types significantly enriched in either Pr or Al 
reference regions within the Stereo-seq section (EBZ = 6.71 mm). (P) Density distribution of Pr-associated (top) and Al-associated (bottom) cell subclasses along the 
representative dorsal-ventral (D-V) axis path indicated in (N). Vertical dashed lines mark approximate regional boundaries. (Q) Examples of cell subclass distributions and the 
spatial expression patterns of their corresponding marker genes.
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Given the links between gene expression and connectivity (5), we 
then examined marmoset structural and functional connectivity gra-
dients (23), which are low-dimensional representations (56) of neuro-
nal tracing (14) and resting-state fMRI (15) data, respectively. Although 
the first connectivity gradient distinguishes sensorimotor from visual 
areas and the second separates transmodal from unimodal regions (23), 
our analysis revealed only a weak correlation between these connectivity 

gradients and the Pr-Al index (Fig. 6A and fig. S12A). We next deter-
mined which pattern yielded the strongest correlation for each gene 
and cell type. Clustering pattern-enriched cell types and genes (|r| > 0.5 
with any pattern) revealed that 93.2% of cell types (109 of 117) and 
89.6% of genes (6812 of 7605) correlated most strongly with the Pr-Al 
index (Fig. 6, D and E, and fig. S12B). By contrast, only a small gene 
subset correlated more strongly with the connectivity gradients (Fig. 6, 
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D to F). These results suggest that connectivity gradients, as low-
dimensional representations of global connectivity patterns, may obscure 
the distinct molecular signatures of specific brain networks, motivating 
our subsequent investigation into individual functional networks.

The default mode network resides at the intersection of 
opposing gradients
We analyzed the molecular basis of 15 functional networks previously 
identified using independent components analysis (ICA) on resting-
state fMRI in awake marmosets (15) (fig. S13A and table S7A). Assessing 
their transcriptomic identity using the Pr-Al intersection index re-
vealed a spectrum (Fig. 7A): Networks in Pr (primary visual LatV1, 
MedV1) or Al (parahippocampal, ParaHipp) regions exhibited the low-
est indices, whereas the putative default mode-like network (DMN) dis
played the highest. This peak value situates the DMN at the zone of 
maximum gradient intersection, consistent with its proposed role at 
the apex of the cortical hierarchy (57).

The human DMN, critical for self-referential thought and social cogni-
tion, features the expanded frontal pole (A10) as a central network hub 
(58–60). By contrast, the marmoset frontal pole exhibits weak functional 
connectivity (21, 61) (fig. S13B) and, unlike the DMN, does not occupy 
an extreme position in the connectivity gradient (Fig. 7B). However, the 
marmoset frontal pole and DMN shared similarly high Pr-Al intersection 
indices (Fig. 7A), suggesting similar gene expression. Correlating gene 
expression with network maps (Fig. 7C) revealed that numerous genes 
were enriched in networks with localized spatial patterns, particularly 
in Pr (LatV1) and Al (ParaHipp) regions. By contrast, networks with 
long-range connectivity, such as the DMN, frontal-parietal network 
(FPN), and high-level visual network (HighVisC), showed enrichment 
for far fewer genes. We identified a gene subset enriched in both the DMN 
and frontal pole (Fig. 7, D and E, and fig. S13D). These include the orphan 
receptor gene GPR83 regulating energy metabolism (62), the synaptic 
organizer gene CBLN2 essential for long-term synapse maintenance (63), 
and ALOX15 regulating DHA metabolism and spatial working memory 
(64). Given limited gene enrichment in long-range networks, we used 
partial least squares (PLS) regression (65) to identify gene sets that 
reconstruct network spatial patterns (Fig. 7, F and G). The DMN re-
quired the largest gene set for reconstruction (Fig. 7F), reflecting its 
molecular heterogeneity and likely composition of functionally distinct 
yet spatially interdigitated subnetworks (66). Analysis of DMN PLS 
weights revealed that the top-ranked genes for the DMN also exhibited 
high fitting scores in the frontal pole (Fig. 7G). Thus, both gene enrich-
ment and PLS analyses highlighted transcriptomic similarity between 
the frontal pole and the DMN in marmosets.

To examine whether the molecular signature of the marmoset DMN 
is evolutionarily conserved in humans, we projected the PLS weights 
of the top 200 genes from the marmoset DMN reconstruction (123 
human homologs; table S7E) onto the human Allen Brain Atlas (67). 
These marmoset-based gene weights effectively recapitulated the spatial 
pattern of the human DMN, including the expanded frontal pole (Fig. 7, 

H and I). Quantitatively, the marmoset-based DMN gene set yielded 
significantly higher fitting scores in the human DMN compared with 
non-DMN regions (Fig. 7J; P < 0.001). These results support the notion 
of evolutionarily conserved gene expression underlying the DMN, com-
prising functionally distinct (66) but molecularly overlapping subnet-
works, whereas the expanded human frontal pole likely enhances 
network connectivity to support more complex functions (68).

Shared molecular signatures in auditory cortices of humans 
and marmosets
The comparative analysis of the DMN and frontal pole suggests that 
there are conserved gene expression patterns alongside species-specific 
variations. To further characterize such variations within the con-
served Pr-Al gradient, we examined genes consistently correlated posi-
tively (Pr-shared) or negatively (Al-shared) with the Pr-Al index across 
marmosets, macaques, and humans. To facilitate interspecies compari-
son, we merged existing cortical parcellations for humans (69), ma-
caques (70), and marmosets (40) into 15 broad regions (fig. S14A and 
table S8A). Using spatial transcriptomic (macaque and marmoset) and 
human Allen Brain Atlas microarray data (6, 67, 71), we identified 
Pr- and Al-shared genes and determined their regional enrichment 
across species (fig. S14, A and B, and table S8A).

Although Pr- and Al-shared genes showed largely conserved expres-
sion across species in most cortical regions (Fig. 8A), species differ-
ences emerged. The marmoset somatosensory cortex (SS) exhibited a 
distinct gene expression profile, potentially reflecting its fewer subdivi-
sions and less defined functional boundaries compared with those of 
humans and macaques (72, 73). Furthermore, prefrontal areas (VLPFC, 
DLPFC, and MPFC) exhibited greater transcriptomic similarity be-
tween humans and macaques (Fig. 8A and fig. S14C). Gene ontology 
(GO) enrichment analysis linked these human-macaque shared genes 
to neuronal projection development, synaptic plasticity, and cognition 
(fig. S14, D and E), consistent with the more developed prefrontal 
cortex in humans and macaques.

Although the macaque is phylogenetically closer to humans, mar-
mosets shared more region-enriched shared genes in the auditory 
cortex with humans than macaques did (Fig. 8A). These shared genes 
were associated with neural signaling and circuit plasticity, such as 
GO terms related to ion channel activity and axonogenesis (fig. S14F). 
This similarity peaked for Pr-shared genes in core auditory areas 
(AuA1, AuR, and AuRT) and Al-shared genes in the superior temporal 
gyrus (STG) (Fig. 8B), aligning with the Pr-Al index map. Analysis of 
all Pr- and Al-shared genes revealed that human-marmoset similarity 
was most pronounced in auditory core regions (Fig. 8C and table S8B). 
Hierarchical clustering placed human AuA1 closest to marmoset core 
regions (Fig. 8D), and spatial transcriptomic maps confirmed high 
expression of these shared genes in marmoset AuA1, but not in that 
of the macaque (Fig. 8E and fig. S14, G and H).

To investigate the cellular basis for auditory cortex similarities, we 
performed cross-species integrative clustering of AuA1 neurons (Fig. 8F 

distribution, gene expression, and the Pr-Al index. Higher mean ROC values indicate sharper transitions. Annotations (lines and labels) on the Pr-Al ROC map indicate the  
locations of sections detailed in (G) to (J) and in fig. S9, D to H. (B) The mean ROC of all cell types across the cortex (top) and its correlation with the Pr-Al ROC (bottom).  
(C) Nine putative boundaries (labeled “a” to “i”) manually delineated along ridges of high mean ROC [from (B)], indicating zones where cell type composition changes most 
sharply. (D) Heatmap showing the similarity relationships between the nine putative boundaries, quantified by the Pearson correlation coefficients of their respective cell type 
ROC profiles. Hierarchical clustering reveals groups of boundaries characterized by similar cell type transition patterns. (E) Heatmap showing the ROC for selected cell types 
across the nine putative boundaries. Displayed cell types are those ranking among the top 15 highest ROC values for at least one boundary. Cell types explicitly labeled are examples 
that have ROC patterns visualized in (F). The sidebar on the right indicates the cell subclasses (glutamatergic, GABAergic, and nonneuronal) for each cell type. (F) Visualization 
of ROC patterns for selected cell types. (G) (Left) Heatmaps showing normalized ROC values for the top 2000 most highly expressed genes and each cell type. Anatomical 
regional labels are provided alongside the heatmaps. (Right) Cumulative ROC (summed across cell types) and normalized cumulative ROC (cumulative ROC divided by cell type 
count) across all segments. (H) (Top) Three regions with varying mean ROC (left) and spatial distribution of specific cell types exhibiting sharp changes in regions 1 and 2 with 
high mean ROC and region 3 with low mean ROC (right). (Bottom) Normalized expression of genes with sharp changes across boundaries in regions 1 to 3 (EBZ = 7.73 mm).  
A list of full names of abbreviated regions is provided in table S1B. (I and J) Spatial visualization of ROC and expression patterns for the example genes showing sharp changes 
within the entorhinal cortex (Ent) (I) and the primary motor cortex (A4ab) (J).
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and fig. S15A) using published snRNA-seq data from humans (32) and 
marmosets (16) alongside newly generated macaque data. We identified 
eight conserved glutamatergic and seven GABAergic cell subclasses 
across the three species based on known marker genes (Fig. 8G). 
Hierarchical clustering of their average expression profiles revealed that 
most human and marmoset glutamatergic subclasses formed species-
paired clusters, separating from macaque homologs (except for a subset 
of L5/6 and L6 neurons) (Fig. 8H). This indicates higher overall transcrip-
tomic similarity between human and marmoset AuA1 glutamatergic 
neurons compared with those in macaques. Conversely, GABAergic sub-
classes predominantly clustered by conserved cell type identity rather 
than by species, although subtle similarities often positioned human 
and marmoset subclasses closer to each other than to macaques.

Differentially expressed gene (DEG) analysis across homologous 
glutamatergic subclasses identified 7996 DEGs (table S8C), with a core 
set of 4469 DEGs conserved across all three species (Fig. 8I). A sub-
stantial divergence emerged in humans, having 1888 species-specific 
DEGs, outnumbering those specific to macaques (n = 117) or marmo-
sets (n = 220), which indicates molecular specialization in the human 
AuA1 (fig. S15B). Pairwise comparisons revealed 984 shared human-
marmoset DEGs, substantially exceeding the overlaps between humans 
and macaques (n = 269) or between macaques and marmosets (n = 49). 
These patterns, replicated in our Stereo-seq data (fig. S15C), confirmed 
that human AuA1 glutamatergic neurons exhibit greater transcrip-
tomic similarity to those of marmosets than to those of macaques.

We next examined the spatial distribution of the 984 shared human-
marmoset DEGs (H&C DEGs) (table S8C) using our data and published 
macaque and human Stereo-seq data (6, 74). Spatial mapping revealed that 
H&C DEGs were highly expressed in the human and marmoset AuA1 but 
not in that of macaques (Fig. 8J and fig. S15D). Layer-specific H&C DEGs 
were identified across all cortical layers (Fig. 8K, fig. S15E, and table S8D), 
including layer 4, the target of medial geniculate thalamic input (75), which 
suggests a role in early cortical auditory processing. Layer 2 (n = 192) and 
layer 3 (n = 110) contained the highest number of enriched genes, likely 
reflecting their role as key layers for intracortical auditory processing. 
Functional enrichment analysis linked these layer-enriched H&C DEGs to 
axonogenesis, synapse maturation, and ion transport (fig. S15F). For ex-
ample, the neurotransmitter-associated gene NSG2 was enriched in L2 and 
L3, and the neurodifferentiation-associated gene RORA was enriched in 
L4 of humans and marmosets (Fig. 8, L and M, and fig. S15G). In conclu-
sion, we identified an unexpected molecular convergence between human 
and marmoset auditory cortices, suggesting a potential convergent evolu-
tion that likely reflects shared auditory processing mechanisms.

Discussion
In this study, we integrated spatial transcriptomics, neuroimaging, 
and retrograde tracing data to investigate the organizational principles 

of the primate brain. The smooth marmoset cortex facilitated this 
multimodal analysis, revealing an opposing molecular gradient gov-
erning cortical organization. This finding reconciles conflicting hy-
potheses regarding cortical expansion. The dual-origin hypothesis 
posits that the cortex expanded from two allocortical poles, the hip-
pocampus (archicortex) and the piriform cortex (paleocortex), toward 
the most specialized primary sensory areas (1). Our findings provide 
a molecular basis for this view, demonstrating that these ancient re-
gions function as a collective “Al” pole in the opposing-gradient axis. 
Conversely, other hypotheses propose that early-specified primary 
sensory areas act as foundational anchors of cortical expansion (2, 3). 
Our “Pr” gradient, anchored in primary sensory cortices, supports this 
model. Thus, our study suggests that these theories are not mutually 
exclusive but describe the opposing ends of a single, dominant orga-
nizational axis. Furthermore, the Pr-Al axis refines the standard sensory-
association model by revealing the molecular heterogeneity of the 
association cortex, which comprises distinct allocortical-like areas and 
gradient intersection zones. The gradient intersection likely fosters 
functional diversity in the expanded cortex, particularly primate higher-
order association areas (76).

The opposing-gradient model offers a refined view of the molecular 
and cellular basis of cortical parcellation. Many established boundaries 
are marked by sharp, coordinated changes involving diverse cell types 
and genes, often coinciding with gradient intersections. These sharp 
transitions support the view of cortical areas as discrete domains with 
distinct molecular identities (77). However, not all boundaries exhibit 
such broad molecular shifts; instead, some are defined by localized 
changes restricted to specific cell types or genes, which suggests that 
these elements play pivotal roles in area specialization. The distinction 
between sharp and gradual transitions may indicate different stages 
of evolutionary specialization, consistent with the hypothesis that 
more recently developed areas can have interdigitating or gradual 
borders at some points of their evolutionary differentiation (78). Thus, 
these cell type and gene expression transitions offer additional features 
beyond traditional methods for cortical parcellation, potentially link-
ing anatomical boundaries to specific molecular and cellular functions.

The opposing gradients are mirrored in the thalamus, aligning with 
thalamocortical connectivity. Whereas intrinsic thalamic gradients are 
known to correlate with connectivity (45–47), our findings extend this 
organization by demonstrating cross-structure molecular coordina-
tion. This molecular coupling between the cortex and thalamus is 
stronger in marmosets than in mice, suggesting a primate-specific 
enhancement. We hypothesize that this enhancement stems from a 
distinct primate developmental timeline, specifically the early arrival 
and prolonged interaction of thalamic axons with the developing cortex 
(49). Together with intrinsic cortical mechanisms (79), this interaction 
may influence the proliferation and specification of cortical progenitor 

and Al-enriched gene sets based on the Pearson correlation coefficients with the cortical Pr-Al index (P < 0.05, |r| > 0.1). (Middle) Expression amounts for cortical Pr- and 
Al-enriched gene sets in the thalamus. (Right) Correlation of Pr- and Al-enriched gene expression pattern in the thalamus with the first principal component (PC1) of thalamic 
gene expression. DLG, dorsolateral geniculate nucleus; VP/VL, ventral posterior/lateral nucleus; LD, laterodorsal nucleus; MDL/MDC/MDM, lateral/central/medial division of the 
mediodorsal nucleus. (B) 3D spatial visualization of PC1 of thalamic gene expression. (C) Cortical expression of gene sets defined in the thalamus. (Left) Identification of genes 
positively (Tha-P) and negatively (Tha-N) correlated with thalamic gene expression PC1 (P < 0.05, |r| > 0.1). (Middle) Expression amounts for Tha-P and Tha-N genes in the 
cortex. (Right) Correlation of Tha-P and Tha-N gene expression amounts in the cortex with the cortical Pr-Al index map. (D) Overlap between cortical Pr- and Al-enriched genes 
and thalamic PC1-correlated genes (Tha-P and Tha-N). (E) Coordinated spatial expression of example genes encoding GABA or glutamate receptors, ion channels, and 
axon-guidance molecules in the cortex and thalamus. (F) Thalamocortical connectivity revealed by retrograde tracing. (Left) Cortical retrograde tracer injection sites 
color-coded based on the Pr-Al index. (Right) Retrogradely labeled neurons in the thalamus after injections into cortical areas V1, A32, A1-2, AIP, PG, A32V, TE3, PE, LIP, A10, A24b, 
ProSt, AuA1, AuRTL, AuML, and AuRT. Labeled neurons are color-coded according to injection sites. (G) (Top) Pr-Al index maps for the cortical and thalamic regions of the section 
analyzed. (Bottom) Heatmaps showing the gene expression correlation (normalized correlation) between cortical and thalamic parcels binned along their respective Pr-Al axes 
(21 bins each) for the corresponding marmoset (left) and mouse (right) sections. Additional examples are shown in fig. S11C. (H) Spatial distribution of Pr- and Al-enriched 
gene-set scores in the dorsal striatum, shown alongside the PC1 of overall striatal gene expression. (I) The PAD value, reflecting the difference between Pr- and Al-enriched gene 
spatial expression patterns (see Materials and methods), is plotted for subcortical regions, including the amygdala (Amy), globus pallidus (GP), hypothalamus (Hth), substantia 
nigra (SN), nucleus accumbens (Acb), cerebellar nuclei (CN), striatum (Str), and subthalamic nucleus (Sth). The inset heatmaps show the correlation matrix of the top 500 Pr 
and top 500 Al genes for select regions (Tha, Str, Hth, and Sth). Spatial expression patterns of Pr and Al genes of each region are shown in fig. S11H.
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Fig. 6. Correlation between Pr-Al index and multimodal cortical patterns. (A) Bar plot showing the absolute Pearson correlation coefficients (|r|) between the Pr-Al index 
and various multimodal cortical patterns (table S1D). Dashed line indicates |r| = 0.5. (B) Spatial maps of the Pr-Al index and selected highly correlated patterns from (A) on the 
3D cortical surface and segment-based flat map representations. More patterns are shown in fig. S12A. (C) Spearman correlation (ρ) of hierarchical levels in mice (53) and 
macaques (54, 55) with the Pr-Al index of corresponding species. (D and E) Heatmaps show cell types or genes with |r| > 0.5 with at least one pattern: Pr-Al index, intersection 
index, functional connectivity gradients (FG1/FG2), and structural connectivity gradients (SG1/SG2). Cell types or genes are clustered according to the pattern with which they 
show the highest absolute correlation. The number of cell types or genes in each cluster is indicated. (F) Spatial expression for the example genes exhibiting the strongest 
positive or negative correlations with functional-connectivity gradients (top) or structural-connectivity gradients (bottom) (23).
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Fig. 7. Transcriptomic characteristics of functional brain networks. (A) Spatial patterns and the Pr-Al intersection-index values of different brain networks. (Left) Spatial 
maps of two example ICA-derived functional networks (DMN and frontal pole) from resting-state fMRI (15), shown on the cortical surface and segment-based flat map. See 
fig. S13A and table S7A for all networks. (Right top) Pr-Al intersection index for each network. (Right bottom) The intersection-index map highlighting the relative positions of the 
DMN (blue) and frontal pole (red) near the Pr-Al gradient’s apex. (B) Positioning of brain networks on the second structural (SG2; top) and functional (FG2; bottom) connectivity 
gradients. (Left) Bar plots show the gradient value for each of the 15 networks. (Right) Spatial maps highlight the positions of the DMN and frontal pole on connectivity gradient 
maps. (C) Number of genes significantly enriched (log2 fold change > 0.9, P < 0.05) in each of the 15 networks (table S7B). (D) Spatial map showing the gene-set score, 
representing the aggregate expression pattern of DMN-enriched genes identified in (C). (E) Spatial expression patterns of four example genes significantly enriched in the DMN. 
Note that these genes are also highly expressed in the frontal pole. (F) Number of genes required for robust (r > 0.95) reconstruction of each network’s spatial pattern using 
PLS regression (table S7, C and D). (G) Impact of gene number on PLS fitting. (Top) Spatial maps illustrating the PLS-based reconstruction (fitting results) of the DMN using 
increasing numbers of top-ranked PLS-weighted genes (200, 1000, and 4000). (Bottom) Plot showing the normalized fitting score for the frontal pole as a function of the 
number of top DMN-fitting genes included in the PLS model. (H) Projection of the marmoset DMN PLS model onto the human brain. The map shows normalized fitting scores 
across human cortical regions, generated by applying the PLS weights derived from the top 200 marmoset DMN-fitting genes (table S7E) to homologous human gene expression 
data (67). Scores are visualized on the human cortical flat map and 3D surface views. (I) Spatial map of the human DMN derived from resting-state fMRI. (J) Comparison of 
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cells (44, 80), forging the tightly coupled gradients shared by both 
structures. Because these gradients are enriched in genes crucial for 
neuronal communication (Fig. 5E), this coordination may be essential 
for regulating information integration within reciprocal thalamocorti-
cal loops across the cortical hierarchy (81).

The opposing-gradient model illuminates the molecular architecture 
of large-scale functional networks, particularly the DMN. Situated at the 
zone of maximum gradient intersection, the marmoset DMN exhibits 
distinctive molecular complexity, requiring a substantially larger gene 
set for reconstruction compared with other networks. This aligns with 
the view of the DMN as a composite of functionally distinct, interdigi-
tated subnetworks rather than a monolithic entity (66). Our findings 
contribute to elucidating the relationship between the frontal pole and 
the DMN (21, 61, 82, 83). Despite weak functional connectivity, the mar-
moset frontal pole shares a pronounced transcriptomic identity with 
the DMN. This suggests that the frontal pole has a fundamental DMN 
molecular signature independent of connectivity, supporting the idea 
that its evolutionary expansion in humans (68) represents the connec-
tomic integration of a preexisting, molecularly specified DMN.

The molecular similarity between the human and marmoset audi-
tory cortices potentially provides a compelling example of convergent 
evolution. Despite large evolutionary divergence, both species inde-
pendently developed sophisticated social vocal repertoires (84), which 
suggests that the cortical molecular gradients may adapt to shared 
selective pressures. Like humans, marmosets exhibit rich vocal behav-
iors, including vocal learning, turn-taking, and social accommodation 
(85–87). Coupled with neurophysiological specializations for complex 
auditory processing (88, 89), these shared molecular features likely 
support the complex neural mechanisms of vocal interaction. Because 
this similarity peaks in the auditory core regions, adaptation likely 
arose at an early processing stage. Thus, the marmoset might represent 
a valuable model for studying the molecular basis of vocal communica-
tion and potentially the origins of language.

We acknowledge several limitations in the study. First, because we 
focused on postnatal development and adulthood, future prenatal 
profiling is essential to elucidate the mechanisms underlying the emer-
gence of these gradients (90). Second, our sample size precluded the 
assessment of interindividual or sex-related variability. Third, our data 
inform cortical boundaries; however, establishing a new parcellation 
atlas requires advanced computational frameworks and functional 
validation of boundaries. Finally, our connectivity analysis lacked single-
cell resolution. Emerging tools such as barcode-based tracing (91), cell 
type–specific viral approaches (92), and optogenetic fMRI (93) offer 
promising avenues for systematically linking gene expression with 
specific neuronal connections.

Materials and methods
Animals
All animal studies and procedures were approved (ION-2019011) by 
the Animal Care and Use Committee of the Center for Excellence in 
Brain Science and Intelligence Technology (CEBSIT), Chinese Academy 
of Sciences (Shanghai, China). All animals were individually housed 
under CEBSIT’s institutional guidelines, with a 12-hour light-dark cycle 
(7 a.m. to 7 p.m.), a humidity- and temperature-controlled environment 
(27° to 30°C), and ad libitum access to food and water. Seven adult 
marmosets (C. jacchus; 5 female, 2 male; average age: 2 years and 
6 months) received retrograde neuronal tracing injections. Four postnatal 
day 0 marmosets (P0; 2 males, 2 females), two postnatal day 32 marmosets 

(P32; 1 male, 1 female ), two 3-month-old marmosets (P3M; 1 male, 
1 female ), one 4-year-old male marmoset (marmoset I), and one 
5-year-old female marmoset (marmoset II) were used for Stereo-seq 
and snRNA-seq analyses. One 19-year-old female macaque (Macaca 
fascicularis) was used for snRNA-seq of auditory regions. Detailed 
information for these animals can be found in table S1A.

Retrograde neuronal tracing
Marmoset CJ173 (male, 2 years) was injected with four tracers using a 
protocol described in (14): Fast blue (FB) spanning somatosensory corti-
cal areas 3b and 1/2 (A1/2), diamidino yellow (DY) restricted to the 
supragranular layers of primary motor cortex (cytoarchitectural area 
4a/b, A4ab), CTB-green in the rostral posterior parietal cortex centered 
on the anterior intraparietal area (AIP), and CTB-red near the rostral 
border of parietal area PE.

Marmoset CJ178 (female, 2 years and 2 months) received FB in the 
dorsal bank of the calcarine sulcus (attempting peripheral V1 repre-
sentation), DY in medial prefrontal area 32 (A32), and both CTB-green 
and CTB-red in the caudal frontopolar cortex (area 10, A10).

Marmoset CJ203 (female, 2 years and 11 months) received DY in the 
posterior parietal area PG (spanning most layers).

Marmoset CJ148 (female, 1 year and 7 months) received a single, 
very restricted DY injection in area 32V (A32V) of the right hemisphere 
with no tracer leakage up the track.

Marmoset CJ215 (female, 3 years and 5 months) received two tracer 
injections: FB centered on the middle layers of the rostral anterior 
cingulate area 24b (A24b); DY centered on area prostriata (ProSt), with 
some tracer deposited in the adjacent white matter.

Marmoset CJ187 (female, 2 years and 7 months) received two effec-
tive injections: CTB-green on the lateral rostral temporal lobe, crossing 
from area AuRTL into the rostral parabelt; and CTB-red in the lateral 
part of primary auditory area (AuA1).

Marmoset CJ180 (male, 2 years and 8 months) received four tracer 
injections in the temporal lobe: a large FB injection centered in area 
AuRT; DY in the dorsal part of area TE3; CTB-green centered in the 
ventral auditory cortex (AuML); and CTB-red in the inferior temporal 
cortex, preliminarily located in area TE3.

Histological sections stained for Nissl substance, myelin, and cyto-
chrome oxidase revealed cytoarchitectural boundaries. Injection sites 
were mapped relative to neuroanatomical landmarks and validated 
against laminar staining patterns. CJ173 exhibited accidental tissue loss 
in the ventral temporal cortex during sectioning. CJ178 showed FB-
induced necrosis in the occipital white matter that may mask connec-
tions with V2. No major technical issues were noted in the other cases.

Tracer spread analysis indicated: potential FB invasion of A1/2 in 
CJ173; minimal DY halo spread toward prefrontal area 8b (A8b) in 
CJ178; in CJ203, potential DY encroachment into PFG; the restricted 
nature of the DY injection in CJ148; minimal or absent FB halo con-
tamination of areas 8b and 32 in CJ215; in CJ187, a CTB-green injection 
that did not involve infragranular layers, and a CTB-red injection with 
no white matter involvement and only possible invasion of the lateral 
belt; and in CJ180, a CTB-red injection with possible invasion of ad-
jacent polysensory cortex.

Tissue collection for Stereo-seq and snRNA-seq
The animals were anesthetized via intramuscular injection with a 
combination of tiletamine hydrochloride, zolazepam hydrochloride 
(25 mg/kg), and xylazine hydrochloride (20 mg/kg). After anesthesia, 

normalized fitting scores for the DMN (excluding frontal pole), the frontal pole, and other cortical regions (“Other”) in both marmoset and human cortices. Individual segments 
(marmoset) or regions (human) were treated as independent samples. For marmosets, n = 1753 (DMN), 1753 (frontal pole), and 14,133 (other) segments; for humans, n = 55 (DMN), 
6 (frontal pole), and 76 (other) regions. Scores were calculated using a model based on 138 marmoset-human homologous genes (from the top 200 marmoset DMN PLS gene 
set). Normalized fitting scores represent the sum of products of PLS weights and gene expression for these genes, scaled to [0, 1]. Statistical significance was determined by 
one-way ANOVA with post hoc two-sided Student’s t test. ***P < 0.001.
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Fig. 8. Transcriptomic similarity in the auditory cortex between humans and marmosets. (A) Pie plots showing the proportion and number of regionally enriched Pr-shared 
(r > 0 with Pr-Al index across species; blue) and Al-shared (r < 0; red) genes. Rows define the species for enrichment: marmoset (C. jacchus; C), macaque (M. fascicularis; M), 
human (Homo sapiens; H), all species (all), or shared pairs (H&M, M&C, and H&C). See table S8A for full names of brain region abbreviations and the Pr- and Al-shared gene lists. 
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the brains were rapidly perfused first with room-temperature artificial 
cerebrospinal fluid (ACSF) saturated with 95% O2 and 5% CO2, and 
then with 4°C bubbled ACSF at 100 ml/min. The whole brains of 10 
marmosets were dissected, and using a stereotaxic micromanipulator 
(SMM-200, Narishige), each brain was divided into two hemispheres. 
The left hemispheres were embedded in 4°C OCT (Sakura no. 4583). 
Subsequently, they were snap-frozen in 4°C OCT within metal molds 
on dry ice, and finally stored at −80°C. The entire procedure from 
anesthesia to storage was completed within 30 min. Tissue cryosection 
was carried out at −20°C using precooled tools. From adult marmoset 
I, 125 coronal sections, each 10-μm thick with a 250-μm spacing, were 
obtained. From adult marmoset II, 27 parasagittal sections, each 10-μm 
thick, were collected for biological replication. The remaining sections 
from Marmoset I and Marmoset II were reserved for staining and 
snRNA-seq. From postnatal marmosets, using similar procedures, one 
coronal section was obtained from each of two anesthetized animals at 
each time point. For snRNA-seq at P0, we performed brain-wide sam-
pling from two marmosets, including the prefrontal cortex (PFC), cin-
gulate cortex (CC), medial and lateral parietal cortices (mPPC, lPPC), 
motor cortex (MOT), somatosensory areas (SS), lateral sulcus (LS), audi-
tory cortex (AU), ventral temporal areas (VT), lateral and inferior tem-
poral areas (LIT), and visual cortex (VC). At P32 and P3M, the PFC, AU, 
and entorhinal cortex (Ent) were sampled, whereas the LIT was sampled 
only at P32. For adult marmosets, a total of 24 samples were collected, 
covering all major anatomical regions of the brain. For the macaque, 
the auditory core region was dissected for snRNA-seq. All snRNA-seq 
samples were stored at −80°C. Table S1, A and B, details the animal and 
sampling information for both Stereo-seq and snRNA-seq.

Stereo-seq library building and sequencing
After cryosection, in a dry environment, each tissue section was first 
flattened on a −20°C metal plane of the cryosection platform and then 
carefully adhered to a precooled Stereo-seq chip to prevent air bubbles 
and tissue folding and incubated at 37°C for 5 to 8 min. Then, they 
were fixed in methanol (Sigma, 34860, precooled for 30 min at −20°C; 
40 ml methanol added in a 10 cm dish for each section) and incubated 
at −20°C for 30 min. Next, the tissue section on the chip was stained 
with a mixture of nucleic acid reagent (Invitrogen, Q10212) and conA 
Rhodamine (Vector, RL-1002) for 5 min, washed with 0.1x SSC buffer 
[Ambion, AM9770; containing 0.05 U/ml ribonuclease (RNase) inhibi-
tor], and section images were captured using Zeiss Axio Scan Z1 mi-
croscope [at enhanced green fluorescent protein (EGFP) wavelength, 
10-ms exposure]. After that, the tissue sections were permeated by 
incubating in 0.1% pepsin (Sigma, P7000) prewarmed at 37°C for 3 min 
in 0.01M HCl buffer (pH 2) at 37°C for 15 min, and then washed with 
0.1x SSC buffer (containing 0.05 U/ml RNase inhibitor) to remove 
pepsin, during which RNAs were released from the permeated tissue 
and captured by the Stereo-seq chip. RNAs were reverse transcribed 
for 2 hours at 42°C using SuperScript II [Invitrogen, 18064-014, 10 U/ml 

reverse transcriptase, 1 mM deoxynucleotide triphosphates (dNTPs), 
1 M betaine solution polymerase chain reaction (PCR) reagent, 7.5 mM 
MgCl2, 5 mM dithiothreitol (DTT), 2 U/ml RNase inhibitor, 2.5 mM 
Stereo-seq–TSO, and 1x First-Strand buffer]. After reverse transcription, 
tissue sections were washed twice with 0.1x SSC buffer and digested 
with tissue removal buffer (10 mM Tris-HCl, 25 mM EDTA, 100 mM 
NaCl, 0.5% SDS) at 55°C for 30 min. The cDNA-containing chips were 
then subjected to Exonuclease I (NEB, M0293L) treatment for 1 hour 
at 37°C and were washed once with 0.1x SSC buffer. The resulting 
cDNAs were amplified with Hot Start DNA Polymerase (QIAGEN) with 
0.8 mM cDNA-PCR primer. The PCR reaction protocol was: first incuba-
tion at 95°C for 5 min, 15 cycles at 98°C for 20 s, 58°C for 20 s, 72°C for 
3 min, and a final incubation at 72°C for 5 min. The concentrations of 
the resulting PCR products were quantified by Qubit double-stranded 
DNA (dsDNA) HS assay kit (Invitrogen, Q32854).

A total of 20 ng of DNA was fragmented with in-house Tn5 transposase 
at 55°C for 10 min. The reaction was stopped by adding 5 ml of 0.02% 
SDS and gently mixing at 37°C for 5 min. Fragmented products were 
amplified with 25 ml of fragmentation product, 1×KAPA HiFi Hotstart 
Ready Mix, and 0.3 mM Stereo-seq–Library-F primer, 0.3 mM Stereo-
seq–Library-R primer in a total volume of 100 ml with the addition of 
nuclease-free H2O. The amplification protocol was 1 cycle of 95°C for 
5 min, 13 cycles of 98°C for 20 s, 58°C for 20 s, and 72°C for 30 s, and 
1 cycle of 72°C for 5 min. PCR products were purified using 0.6× VAHTSTM 
DNA Clean Beads, used for DNB (DNA Nano Ball) generation, and finally 
sequenced on the DNBSEQ TM T10 sequencing platform (MGI, Shenzhen, 
China) with 50–base pair (bp) read1 and 100-bp read2.

snRNA-seq library building and sequencing
First, we prepared nucleus suspensions with a prechilled Dounce homog-
enizer (Sigma, no. D8938-1SET) and filtered the homogenate with a cell 
strainer (Sigma, no. CLS431752-50EA). Then, we used the DNBelab C Series 
High-throughput Single-Cell RNA Library Preparation Kit (MGI, no. 
940-000047-00) to build snRNA-seq libraries, following the manufacturer’s 
protocol. Through microfluidics, we combined them with gel beads [bear-
ing unique molecular identifiers (UMIs) and cell barcodes] to form drop-
lets. After in-droplet transcripts capture and reverse transcription, we 
broke the emulsion using a chemical demulsifier and collected the gel 
beads via centrifugation and filtration. Next, we did reverse transcription 
with SuperScript II, then synthesized the second-strand cDNA. Using KAPA 
HiFi Hotstart Ready Mix, we amplified the cDNA with a set PCR program. 
After that, we further amplified the products to get barcoded libraries. We 
quantified the libraries with the Qubit ssDNA Assay Kit (Thermo Fisher 
Scientific, no. Q10212) and sequenced them on the DNBSEQ T1 or DNBSEQ 
T10 at the China National GeneBank in Shenzhen, China.

Stereo-seq data preprocessing
The analysis of Stereo-seq raw data adhered to the Stereo-seq Analysis 
Workflow (SAW v4.1.1) (94). Initially, the CID sequence was aligned to 

(B) Jaccard index comparing species-pair similarity based on regionally enriched Pr-shared or Al-shared genes within different auditory subregions (Core, Belt, ParaBelt, and 
STG regions; see table S8B for region details). (Left) Pr-shared gene. (Right) Al-shared gene. (C) Jaccard index as in (B) but using all regionally enriched genes (Pr- and Al-shared 
combined). (D) Hierarchical clustering of Jaccard index matrix, comparing species-pair similarity based on enriched genes within auditory core subregions (human AuA1; 
macaque and marmoset AuA1, AuR, and AuRT). Heatmap shows Jaccard index values. (E) Comparison of gene expression patterns in AuA1 cortex across species. (Left) Spatial 
expression map (Stereo-seq) showing the aggregated score for a gene set enriched in human and marmoset (H&C) AuA1. (Right) Spatial expression map (Stereo-seq) for 
H&C-enriched gene examples. More gene examples are provided in fig. S14H. (F) UMAP showing the integrated clustering of AuA1 glutamatergic neurons (Glu) and GABAergic 
neurons (GABA) for the three species. (G) Dot plot showing the expression of selected subclass marker genes in the integrated snRNA-seq data. (H) Heatmaps showing the 
cross-species similarity (Pearson correlation coefficient) of homologous neuronal subclasses, calculated from average snRNA-seq expression. The dendrograms illustrate the 
hierarchical clustering of these subclasses. (I) Heatmaps showing z score average expression of DEGs in homologous glutamatergic subclasses, grouped by conservation 
pattern: conserved (across all three species) or species-pair shared (H&C, H&M, and M&C). Species-specific DEGs are shown in fig. S15B. (J) Spatial maps (Stereo-seq) in AuA1 
showing aggregated scores for H&C shared DEGs [from (I)] with layer-specific patterns. (Left) L2/3 subclass DEGs. (Right) L4 subclass DEGs. (K) Bar chart quantifying the 
number of H&C shared DEGs significantly enriched in specific cortical layers based on the Stereo-seq data (log2 fold change > 0.25, P < 0.05). (L) Dot plot showing expression 
characteristics of selected H&C layer-enriched DEGs in AuA1 Stereo-seq data across the three species. (M) Spatial expression maps (Stereo-seq) in AuA1 for selected H&C 
layer-enriched gene examples from (L) across the three species.
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the whitelist. This step filters out reads with incorrect or low-quality 
barcodes. Next, STAR (bcSTAR v1.0.2) was used to align the cDNA 
sequences to the marmoset reference genome (GCA_009663435.2, 
Callithrix_jacchus_cj1700_1.1). Subsequently, reads with a mapping 
quality of less than 10, multiple alignments, and duplicate alignments 
were removed. The raw spot × gene expression matrix was then gener-
ated. All these SAW steps were performed in a wrapped pipeline in 
the DCS cloud platform (https://cloud.stomics.tech/). Subsequently, 
UMIs from segmented cells were aggregated to create the cell × gene 
expression matrix (see “Image-based single-cell segmentation using 
Stereo-seq data” section for details). Additionally, for analysis of gene 
expression, UMIs from adjacent 50×50 DNBs or 25×25 DNBs were 
aggregated to generate the bin50 and bin25 expression matrices. Genes 
expressed in fewer than three cells were removed from the matrix. The 
genes ND6, COX3, COX1, ND5, ND4, ND2, ND4L, ATP8, CYTB, COX2, 
ND3, ATP6, and ND1 were used to calculate the proportion of tran-
scripts mapping to mitochondrial genes. Cells with fewer than 50 genes, 
fewer than 100 UMIs, or with a mitochondrial gene proportion greater 
than 10% were excluded from subsequent analysis.

Registration of Stereo-seq data with MRI data
Spatial maps of total RNA based on the bin50 matrix, 25-μm resolution, 
were generated for all Stereo-seq sections. These maps were then converted 
into the NIFTI format. Subsequently, the converted images underwent 
processing with the AFNI software package (95). Specifically, the “3dzeropad 
command” in AFNI was used to enlarge the images, followed by manual 
rotation to correct their orientation. After that, the “3dresample” and 
“3drefit” functions of AFNI were applied. This ensured standardization 
of both the image orientation and the dimensional information stored 
within the image headers. The 3D volumetric MRI (T2) template (9) was 
resampled to achieve an isotropic resolution of 25 μm and then rotated 
to align with the spatial transcriptomic data (6° clockwise around the 
x axis and 1° clockwise around the z axis). Based on the anteroposterior 
axis location of the Stereo-seq sections, the most analogous cortical MRI 
slices were manually selected. The resulting 2D MRI slices and the afore-
mentioned total RNA spatial maps served as templates for the subsequent 
registration of gene expression and cell type data with multimodal data. 
The “antsRegistration” method from the ANTs (96) software was used to 
perform both affine and nonlinear (SyN) registration from the total RNA 
spatial maps to the MRI template, thereby generating transformation 
matrices that ensured spatial correspondence between the two datasets. 
To improve registration accuracy, the registration used only the cortical 
voxels to calculate the transformation. The derived transformation ma-
trices were subsequently applied to the entire brain section.

The 3D reconstruction of gene expression profile and cell 
type distribution
The previously generated transformation matrices were applied to register 
the spatial distributions of gene expression and cell type from the spatial 
transcriptomic space to the MRI space. For cell type registration, the bin5 
map was used. Cell type density was estimated using the “ksdensity” 
method in MATLAB. Subsequently, all 2D slice data for gene expression 
and cell type density were integrated into a 3D spatial transcriptomic 
framework. To generate high-resolution maps, missing values within the 
cortical region were imputed using linear interpolation along the slice 
dimension (row-wise) via MATLAB’s “fillmissing” function, with end values 
filled using the nearest-neighbor method. This process generated high-
resolution 3D maps of gene expression and cell type distributions. These 
3D maps were mapped to the surface template (10) and smoothed with a 
1-mm full width at half maximum (FWHM) kernel within the cortical mask 
using the “wb_command” tool from the Connectome Workbench (97).

Registration of multimodal data to Stereo-seq data
The multimodal datasets included cortical parcellation, myelin map, 
awake resting-state fMRI time series and corresponding functional 

gradients, retrograde tracing data and associated structural gradients, 
and task-fMRI activation maps.

The cortical parcellation and myelin map were derived from the 
Marmoset Brain Mapping project (10). The cortical parcellation was 
constructed using the Paxinos atlas, resulting in a 3D MRI-based atlas 
encompassing 116 cortical regions. The myelin map was generated 
from the ratio of T1-weighted to T2-weighted templates (51), quantify-
ing myelination across the adult marmoset neocortex.

Resting-state fMRI time series data and functional brain networks 
were obtained from the Marmoset Brain Mapping project version-4 
(15). The data consisted of 39 adult marmosets (31 males, 8 females; 
mean age = 4 years) with 113 imaging sessions, 710 valid fMRI runs, 
and 12,117 min of total scan time. Fifteen functional brain networks 
were identified through ICA of resting-state fMRI data, comprising: 
ventral somatomotor (VenSoma), dorsal somatomotor (DorSoma), frontal 
pole, parahippocampus/temporal pole (ParaHipp), orbital frontal (OFC), 
auditory and insular cortex (AudIns), frontoparietal-like network (FPN), 
DMN, anterior cingulate cortex (ACC), premotor, and two visual-related 
networks: medial primary visual and MT/MST (MedV1) and lateral 
primary visual and MT/MST (LatV1), three hierarchical high-level vi-
sual networks: high-level 1 (HighVisA), high-level 2 (HighVisB) and 
high-level 3 (HighVisC) networks. Cortical retrograde tracing data 
were acquired from the Marmoset Brain Connectivity Atlas (14), en-
compassing 143 cerebral cortical tracer injections across 52 adult mar-
mosets (31 males, 21 females; median age = 2.5 years). The structural 
and functional gradients were obtained from Tong et al. (23), whose 
study computed these gradients using diffusion map embedding meth-
odology (57). Specifically, structural gradients were derived by applying 
this method to connectivity matrices from retrograde tracing data, 
whereas functional gradients were generated from resting-state 
fMRI connectivity matrices. Both gradients represented the principal 
axes of variation in their respective structural and functional connec-
tivity patterns.

Task-evoked activation maps included three paradigms. Vocal task: 
cortical activation during auditory processing of conspecific vocaliza-
tions compared with silent baseline periods (22). Visual task: activation 
patterns during free-choice trials where marmosets selected between 
new and familiar visual targets after movie clip exposure, without 
external reinforcement (25). Frith-Happe animation task: neural cor-
relates of social cognition assessed through gaze patterns and cortical 
activation during viewing of Frith-Happe animations, probing theory-
of-mind processing in marmosets (24).

For datasets originally mapped to 3D cortical surfaces, such as task-
evoked activation maps and connectivity gradients, surface-based in-
formation was first projected to the volumetric MRI template using the 
“wb_command.” All multimodal MRI data were then coregistered to 
the volumetric MRI template via affine and nonlinear transformations 
implemented in the ANTs toolkit (antsRegistrationSyN.sh command). 
Leveraging the inverse transformations derived from the Stereo-seq 
and MRI Data Registration workflow (see Materials and methods, sec-
tion “Registration of Stereo-seq data with MRI data”), the aligned multi-
modal MRI data were further warped into the spatial transcriptomic 
coordinate space. This step enabled the integration of multimodal MRI 
features within the spatial transcriptomic slice space for cross-modal 
correlation analyses.

Image-based single-cell segmentation using Stereo-seq data
A previous deep learning–based method developed by Tencent AI Lab 
(https://github.com/TencentAILabHealthcare/Cell_Segmentation_
Fluorescence) (6) was used for single-cell segmentation in Stereo-seq 
data, which adopted the Mask R-CANN framework. This method pri-
marily comprised two components: it first annotated cells in ConA 
images through an active learning process, and then trained a cell 
segmentation model for ssDNA images using labels transferred from 
the ConA images. To mitigate computational complexity, the staining 
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images were cropped into small patches for subsequent training. Manual 
correction was applied to refine the cell segmentation model until it 
attained a high accuracy. After obtaining the single-cell segmentation 
of Stereo-seq based on the ssDNA imaging data, we evaluated the per-
formance of this automated single-cell segmentation method using 
manually annotated single cells from ssDNA images of the marmoset 
cortex as the ground truth. The results showed that the method 
achieved high recall and precision rates, as illustrated in fig. S3, C to E.

snRNA-seq data preprocessing
Leveraging the power of DCS cloud, the public data analysis pipeline 
(https://github.com/MGI-tech-bioinformatics/DNBelab_C_Series_
scRNA-analysis-software) specific to MGI eLab C4 scRNA-seq platform 
(98) was used to process the raw data into a cell×gene matrix. In brief, 
we first used the “parse” function from PISA (https://github.com/shiquan/
PISA) to extract cell barcodes (1 to 20 bp and 11 to 20 bp) and UMIs (21 
to 30 bp) from the sequencing reads and placed them into the sequence 
identifier line. Subsequently, the cDNA sequences were aligned to the 
marmoset reference genome (GCA_009663435.2, Callithrix_jacchus_ 
cj1700_1.1) using STAR (v2.7.3), with the corresponding GTF file as the 
annotation reference (99). To determine the actual number of cells, the 
“barcodeRanks” function from the R package DropletUtils (100) was 
used to identify the threshold value at the sharp drop point in the total 
UMI count distribution. Finally, barcodes were merged into single cells, 
and gene expression amounts were quantified using PISA to generate 
the cell × gene matrix for downstream analysis.

snRNA-seq annotation
For cell clustering and cell type annotation, we used the R package 
Seurat (v4.1) (101) along with custom scripts and parameter sets. Initially, 
cells with fewer than 1000 genes, or with a UMI-to-gene ratio less than 
1.2, or with a mitochondrial gene percentage greater than 5% were 
discarded. Additionally, doublets were filtered out using the R package 
DoubletFinder (102). The gene expression data for each cell were nor-
malized and scaled using the “SCTransform” function from Seurat, 
with 3000 top variable genes selected for downstream analysis. Then, 
PCA, nearest-neighbor graph construction, and clustering were per-
formed on the SCT-scaled gene expression data using the Seurat functions 
“RunPCA,” “FindNeighbors,” and “FindClusters.” We then categorized 
the cells into three groups based on class markers (level 1): glutamatergic 
neurons, GABAergic neurons, and nonneuronal cells. Subsequently, we 
further iteratively classified these three cell groups into higher-resolution 
subpopulations, resulting in 27 subclasses (level 2) and 206 cluster-
level cell types (level 3). Using the “FindAllMarkers” function from the 
Seurat package, we performed DEG analysis between clusters. Genes 
with a log2 fold change > 1 and a false discovery rate (FDR) < 0.05 
were retained as significant marker genes for each cluster. Based on 
the top 50 marker genes for each cluster, we calculated the Jaccard 
similarity between clusters. Clusters with a Jaccard similarity greater 
than 0.75 were merged.

For the machine learning–based cell type analysis, we used the top 
50 DEGs as features. From each cluster, we randomly sampled 100 cells 
and split them into an 80% training dataset and a 20% validation 
dataset. This was implemented using the “tuneRF,” “randomForest,” 
and “predict” functions from the RandomForest R package (v.4.7.1.1). 
Finally, we identified and annotated specific cell clusters using the 
predetermined marker genes, ensuring a comprehensive and accurate 
cell type annotation for our dataset.

Stereo-seq data cell type annotation
To deconvolute the cell types of segmented cells from Stereo-seq data 
based on snRNA-seq cell types, we used DestVI (fig. S3G) (29). First, a 
preprocessing step was carried out on the snRNA-seq data. Cells with 
fewer than 50 genes or fewer than 100 UMIs were removed. To ensure 
a representative sample, 1000 cells were randomly sampled for each 

cell type present in the snRNA-seq dataset. The gene set of these sam-
pled cells was intersected with the genes expressed across all Stereo-
seq sections. Subsequently, the “CondSCVI” function was used to train 
a model (scmodel) on the preprocessed snRNA-seq data. The training 
process was configured with specific parameters: weight_obs set to 
True, n_latent at 4, n_layers at 2, n_hidden at 128, and max_epochs 
set to 250. After training the scmodel, it was transferred to analyze 
Stereo-seq data using the “DestVI.from_rna_model” function, generat-
ing a new model (stmodel). For this transfer, the parameters max_ep-
ochs were set to 500 and the learning rate (lr) to 0.001. Through the 
“st_model.get_proportions” function, the scmodel was effectively 
adapted to Stereo-seq data. As a result, each cell in the Stereo-seq 
dataset was assigned a probability distribution over potential cell type. 
To enhance the accuracy of cell type annotations, we calculated the 
second-order derivative of the probability distribution. This enabled 
us to determine appropriate thresholds for the distribution of each 
cell type. Finally, every single cell on the Stereo-seq map was assigned 
the cell type with the highest probability within its distribution.

In addition, we evaluated the similarity of cell type distributions 
across Stereo-seq sections. Owing to overclustering and high similari-
ties among certain cell types, some clusters exhibited similar or com-
plementary distribution patterns. Specifically, four interneuron clusters 
and four nonneuronal clusters were manually merged. After the merg-
ing process, we validated the distributions of all cell types across sec-
tions. This step was crucial for ensuring the consistency and robustness 
of cell type annotations.

Cortical segmentation and production of the segment flat map
To visualize Stereo-seq sections comprehensively while minimizing 
spatial information loss, we adopted the streamline-based approach 
detailed in the references (103, 104). In short, the perimeters of the pial 
surface and white matter boundary were digitized along the same ori-
entation. Both were assigned potential values within the same range. 
Next, each perimeter, that of the pial surface (outer boundary) and the 
white matter boundary (inner boundary), was divided into equal inter-
vals. Equipotential streamlines were then drawn to connect points of 
the same potential value across these two perimeters. Through this 
process, each cortex in Stereo-seq sections was effectively segmented 
into a series of segments of the same length. Then we stacked the seg-
ments from one section into a bar and aligned the bars into a seg-
ment flat map.

We initiated the process by leveraging the MATLAB “bwboundaries” 
function. Using 8-connectivity, this function enabled us to extract all 
boundaries from the binary cortex tissue masks. When dealing with 
ring-shaped sections, differentiating between inner and outer boundar-
ies was straightforward; we simply compared their lengths. However, 
for strip-shaped sections, owing to their more complex morphology, we 
had to manually predefine the start and end points of the inner and 
outer boundaries. This was done by carefully examining the morphologi-
cal characteristics of each strip-shaped section. After precisely defining 
the boundaries, we implemented a semiautomated pipeline (https://
github.com/chrisadamsonmcri/CCSegThickness) (105). This pipeline 
was applied to the marked boundaries, facilitating the generation of 
equipotential streamlines. The pipeline functioned by solving for equi-
potential streamlines between the defined boundaries. Using these 
streamlines, we created a series of evenly spaced segments within the 
cortex. The midline equipotential contour, where φ = 0.5, was used as 
a reference for cross section alignment. This ensured that the segment 
widths remained consistent across the entire sections. Finally, we filled 
in the streamlines and assigned sequential numbers to each segment. 
Completing these steps finalized the segmentation process, resulting in 
a well-defined, organized representation of the cortex structure.

Beginning with the stripe-shaped sections that covered the cingulate 
cortex, we designated the segment at the top of the cingulate gyrus as 
the zero value. Subsequently, we stacked the remaining segments above 
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it to form bars. Building on this foundation, we then aligned the nearly 
ring-shaped sections in the occipital lobe and frontal lobe, which did 
not cover the cingulate gyrus, with the adjacent stripe-shaped sec-
tion according to their positions. We also manually defined their zero 
points and generated their stacked segment bars. For the ring-shaped 
parts of the temporal lobe that covered the auditory region, we con-
ducted separate segment calculations and chose the first segment of 
the PaIM region to stack the segments and concatenate them to the 
main parts. Finally, to create the segment flat map, we arranged the 
segment stacks sequentially, starting from the first coronal section at 
the frontal pole and ending with the last coronal section at the occipi-
tal lobe (fig. S1D).

Stereo-seq data smoothing
To interpolate and smooth the spatial expression data, we initially 
leveraged the R package RANN (106) to construct a kd-tree for query 
bins (or segments) and reference bins (or segments) according to their 
spatial positions. For each query point, we estimated its expression 
profile by calculating the average of the expression profiles of its near-
est neighboring reference points and itself. To enhance the smoothing 
effect, we repeated this averaging procedure for a predefined number 
of additional iterations. To ensure reproducibility, we developed a 
smoothing function named “smooth_kNN” (see our GitHub repository: 
https://github.com/marmosetbrainmapping/Code_Huang2026) to 
encapsulate this process. Regarding the smoothing of discrete data, 
we also computed a kd-tree. Subsequently, we counted the occurrences 
of all categories among the nearest neighboring reference points and 
the query point itself, and assigned the most prevalent category to the 
query point. The “winner_kNN” function encapsulated this operation.

Visualization of gene expression, cell type distribution, and multimodal 
data on the flat map
After the construction of the segment flat map, we aggregated the gene 
expression and the quantity of each cell type within every individual 
segment. This aggregation process was carried out to generate the seg-
ment × gene and segment × cell matrices. Subsequently, we normalized 
both matrices using the “NormalizeData” function from the Seurat pack-
age. After normalization and smoothing, as detailed in the preceding 
section, we visualized these matrices with the help of the ggplot2 pack-
age (107) integrated in R. For continuous data derived from other mo-
dalities, such as T1-weighted and T2-weighted data, we computed the 
average of all pixels within each segment. When it came to discontinu-
ous data, such as the partitions in the Paxinos atlas (40), we assigned 
the most prevalent category within each segment as its representative 
value. Similar to the previous data, this was visualized using the ggplot2 
package. We projected the hierarchy level of the marmoset cortex (52) onto 
the segment flat map, along with the Paxinos area labels. Furthermore, 
in the visualization of the segment flat map, we set the axis aspect ratio 
to 3.5 based on the actual dimensions of the brain.

Stereo-seq data unsupervised clustering with cell-cell adjacency
First, we used the kd-tree algorithm from the sklearn package (108) in 
Python (v3.11.6) to calculate the 30 nearest-neighbor cell-bins for each 
cell-bin. We then counted the number of different cell types within these 
30 neighboring cell bins. Subsequently, we constructed an adjacent cell 
frequency matrix (Fig. 1D). In this matrix, each row corresponds to a 
cell bin, each column represents a cell type, and the values denote the 
cell counts. To reduce the matrix size and expedite subsequent computa-
tions, we aggregated the cell bins within each bin150 (75 μm) region.

Using this matrix, we carried out dimensionality reduction and clus-
tering following the standard procedures of the Seurat package. This 
included data normalization, scaling, variable feature selection, PCA, 
and Louvain clustering, which were consistent with the methods de-
scribed previously for scRNA-seq data clustering. By setting the dimen-
sion parameter to 10 and the resolution to 0.5 in the “FindClusters” 

function, we ultimately identified seven spatially distinct clusters. These 
clusters were then annotated as L1, L2, L3, L4, L5, L6, and L2-Allocortex.

Moreover, to acquire the annotations at the cell-bin level, we com-
bined the cell-bin adjacency matrix for each section with the previously 
mentioned annotated bin150 adjacency matrix. Then, we conducted a 
PCA analysis and transferred the bin150 annotations to the cell-bins 
based on the annotation of the most adjacent bin-150 in the principal 
component space (the first 15 principal components).

Manual parcellation of cortex layers
First, we used the script “gem_visual.py” from our GitHub repository 
(https://github.com/marmosetbrainmapping/Code_Huang2026). 
Taking the bin1 matrix file as input, this script generated a spatial map 
at a bin50 resolution for each cortical layer (L1-L6) and white-matter 
up-regulated gene. Subsequently, we manually selected the genes that 
exhibited the most distinct laminar structure (table S1G). Then, we 
summed the expression amounts of these seven up-regulated gene 
groups and generated spatial maps at a bin50 resolution. Using the 
information of gene expression maps, unsupervised clustering results, 
and ssDNA staining images, we manually parcellated the six layers of 
the isocortex region and the two layers of the allocortex region using 
ImageJ software (109).

Region- or cortical layer–level matrix processing
First, we mapped the brain region information onto the Stereo-seq data 
of macaque (6), marmoset (this study), and mouse (31) matrices at the 
bin1 resolution. We then aggregated the total expression of each gene and 
the quantity of each cell type in all regions into a region-level matrix. 
Based on these matrices (region × gene, region × cell type), we created 
Seurat objects. When analyzing the cell distribution at the cortical layer 
level, we began by calculating the proportions of cell types within each 
layer. Then, we normalized their abundances by computing z scores. 
Subsequently, we excluded those cell types whose z scores were less than 
1 in any layer. Finally, based on the filtered matrix, we also created a Seurat 
object with the region-layer × cell type format. For the human snRNA-seq 
data (32), we adopted the region information from the sampling process. 
We aggregated the cell types across brain regions to obtain a region × cell 
type matrix and created a corresponding Seurat object. Regarding the 
human microarray data (67) with finer brain region information, to en-
hance the data quality, we directly generated Seurat objects using the 
filtered and preprocessed region × gene expression matrix from the refer-
ence (110). After preparing all the datasets, we conducted unified prepro-
cessing on all the data using the “NormalizeData” function in Seurat.

Region-enriched cell type identification
We conducted a hypergeometric test for each cell type to evaluate the 
statistical significance of enrichment across all brain regions. To vali-
date the cell type enrichment results, we first calculated the proportion 
of each cell type across all brain regions. A permutation test was further 
carried out by randomly permuting the cell type labels 1000 times to 
generate a background distribution. We then compared the observed 
frequency of cell types with this background distribution. The empirical 
P value was computed by determining the proportion of background 
values that were greater than or equal to the observed frequency.

Finally, we identified the enriched cell types according to the fol-
lowing criteria: (i) The P value from the hypergeometric test was less 
than 0.05. (ii) No more than 20% of the regions demonstrated signifi-
cant enrichment for the cell type. (iii) The number of cells of the cell 
type was greater than 30. (iv) The enriched cell type passed the per-
mutation test with a P value of 0.

Pr-Al index calculation
Before calculating the Pr (primary sensory)–Al (allocortical/periallocortical) 
index, we need to define the Pr regions and Al regions for each species. 
For marmoset, the Pr regions include A3a/A3b (S1), V1, and AuA1, and 
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the Al regions include Ent (Ent) and Pir/Apir (Pir). For macaque (6), 
the Pr regions are 3a/b (S1), V1, and AuA1, and the Al regions include 
Pir and ER/EO/EI/ELr/ELc/ECL/EC (Ent). For human (32), the Pr 
regions include V1C (V1), A1C (AuA1), and S1C (S1), and the Al regions 
include Pir and LEC/MEC (Ent). For mouse (31), the Pr regions include 
VISp (V1), SSp (S1), and AUDp (AuA1), and the Al regions include PIR 
(Pir) and ENTl/ENTm/ENTmv (Ent).

For region-level Pr-Al index calculation, we first calculated the Pearson 
correlation coefficients of cell compositions between each brain region 
and the Pr regions as well as the Al regions, respectively. We took the 
maximum correlation coefficient of the two types of brain regions as 
CorPr and CorAl for each brain region, and normalized CorPr and CorAl 
independently by setting the maximum value to 1, the mean value to 
0.5, and the minimum value to 0. We finally calculated the Pr-Al index 
with the following normalization formula for each region

For the segment-level data, we used the same calculation process to 
calculate CorPr and CorAl with the Pr and Al regions, and calculated 
the Pr-Al index for each segment.

PCA of cell types and genes
We used the “RunPCA” function from the Seurat package to conduct 
PCA on the segment × gene data, segment × cell type data, region × gene 
data, and region × cell type data. For the PCA of the segment × gene 
data, we selected the top 5000 variable genes, which were identified 
by the “FindVariableFeatures” function. In the cross-species region-
level comparison, we used all the expressed homologous genes (n = 5422) 
as variable features for the PCA.

Identification of Pr or Al cell types and genes
To investigate the cell types and genes underlying the Pr-Al index, we 
first standardized the regional distribution of cell types and gene ex-
pression. Subsequently, we calculated their Pearson correlation coef-
ficients with the regional-level Pr-Al index. By setting a significance 
threshold of P < 0.05 and using the correlation coefficient values, we 
classified the cell types and genes into either Pr or Al types.

Given that marmosets (this study), macaques (6), and mice (31) all have 
3D Stereo-seq data encompassing the entire brain along with brain region 
annotations, we aggregated the cell types and genes of the corresponding 
data at the regional level. Subsequently, we used the identical calculation 
method and threshold as previously described to identify Pr or Al genes 
and Pr or Al cell types. For human samples, we used the snRNA-seq data 
(32) to identify Pr or Al cell types. Regarding the identification of Pr or Al 
genes, we used the microarray data (67) because of its finer sampling 
resolution, using the same methods as mentioned above. As depicted in 
fig. S6B, the gene PC1 exhibits a strong gradient from Pr to Al regions in 
humans, and the gene PC1 in other species is highly correlated with the 
Pr-Al index. Therefore, we first recalculated the Pr-Al index for the micro-
array data using the PC1 of gene expression and then used the same ap-
proach to identify whether genes were of the Pr or Al type.

Integration and cell type annotation for developmental 
snRNA-seq datasets
For cell clustering and identification of glutamatergic, GABAergic, and 
nonneuronal subclasses, we followed the procedure described in the 
“snRNA-seq annotation” section. To integrate developmental datasets, 
we applied reciprocal PCA (RPCA) integration using the Seurat package 
with 3000 highly variable genes. Independently preannotated snRNA-seq 
datasets from different stages were first combined. Integration anchors 
were identified with Seurat’s “FindIntegrationAnchors” function, and 
label transfer was carried out using “TransferData.” The transferred labels 
were further refined based on canonical marker genes provided in the 

script “00_snRNA_annotation.md” available on our GitHub repository 
(https://github.com/marmosetbrainmapping/Code_Huang2026).

To enable direct comparison with adult cortical cell types, the adult 
dataset was adopted as the reference, and its annotations were trans-
ferred to other stages. Cell types were assigned using the “winner_
kNN” approach described previously in the “Stereo-seq data smoothing” 
section. Specifically, for each query cell, its k nearest neighbors (knn = 15) 
in the reference dataset were first identified in PCA space (npcs = 5). 
The labels of these nearest neighbors were summarized, and then the 
most prevalent label (the “winner”) was assigned to the query cell.

Calculation of PAD and gene coexpression matrix
To evaluate the degree of opposite expression between Pr and Al genes, 
we calculated the PAD (Pr-Al gene Difference) value using the gene 
coexpression matrix. Correlation values in the coexpression matrix 
were determined as follows: In snRNA-seq data, they were calculated 
via the Pearson correlation coefficient; in spatial transcriptomics data, 
they were derived from the local correlation method used in Hotspot 
(111). The calculation process of local correlation is similar to that of 
Pearson correlation coefficient, except that spatial neighboring infor-
mation is incorporated as a weighting factor. The calculation formula 
for PAD is shown in Fig. 3C: it is computed by taking the average of the 
Pr-Pr gene coexpression matrix and the Al-Al gene coexpression matrix, 
then subtracting the average of the Pr-Al gene coexpression matrix.

Cell type similarity calculation across species
The cell type comparison analysis was based on the cortical snRNA-seq 
data of human (32), macaque (6), and marmoset (this study), with two 
biological replicates from macaque and marmoset. First, the Metacell-2 
software (112) was used to generate pseudo-bulk Meta cells within each 
species. Subsequently, the homologous genes for the three species were 
obtained from the ENSEMBL BioMart database (version 9.1), and the 
expression matrices for all species were filtered based on this list. To 
achieve comparability of the data across species, the SCT integration 
workflow of the Seurat software was adopted: After SCTransform nor-
malization on the expression matrices of each species, the union of highly 
variable genes was extracted as the feature gene set. Then, functions of 
“PrepSCTIntegration” for preprocessing, “FindIntegrationAnchors” for 
anchor genes searching, and “IntegrateData” for data integration were 
sequentially carried out to finally generate an aligned cross-species cell 
profile. On this basis, the MetaNeighbor algorithm (113) was used to 
calculate the AUROC values between cell types to quantify the similarities 
of cell types among species. In this study, the cell types of the marmoset 
were used as a reference framework.

Correlation analysis of marmoset multimodal data with cell 
types and genes
For the marmoset multimodal data, which encompassed cytoarchitec-
ture, intersection index, cortical architecture, spatial axis, hierarchy, 
connectivity gradients, and task activity, we computed the Pearson 
correlation coefficients at the segment level. These coefficients were 
calculated between the cell type distribution and gene expression, as 
well as among different patterns. When determining the genes and cell 
types associated with the patterns, we set the threshold of the Pearson 
correlation coefficient at 0.5. Subsequently, we designated the pattern 
with the highest correlation coefficient as the label for the corresponding 
cell type or gene. During the calculation of Pearson correlation coeffi-
cients between other patterns and the Pr-Al index, we excluded several 
regions of other modalities during pairwise computations. Such regions 
included the Pir/Ent regions within the hierarchical pattern and the 
regions where the layer thickness was zero.

Gene expression patterns analysis of the thalamus
For the thalamus, we carried out an analysis of gene expression patterns 
at a bin200 (100-μm) resolution. Initially, we used the Seurat package’s 
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RPCA method to integrate all sections. This process involved the selec-
tion of 5000 integration features with the “SelectIntegrationFeatures” 
function (101). Subsequently, based on the integrated matrix, the 
“smooth_kNN” function within the RANN package was used (106). This 
function was applied to smooth the values for each bin200 spot. The 
smoothing was conducted in two rounds, considering nine bins in the 
vicinity of each spot. After the smoothing step, the “RunPCA” function 
was executed to perform PCA on the integrated and smoothed results. 
The Seurat “AddModuleScore” function was used to calculate the gene-
set scores of Pr/Al genes specifically for Pr and Al genes.

For the identification of thalamic PC1-related genes, Pearson correla-
tion coefficients were computed between the smoothed gene expressions 
and PC1. Genes with a P value less than 0.05 and a Pearson correlation 
coefficient (PCC) greater than 0.15 were recognized as being positively 
correlated with PC1. Conversely, genes with a PCC less than −0.15 were 
identified as negatively correlated with PC1. Analogously, the gene-set 
scores of both the positively and negatively related genes were calculated 
on the segment flat map of the cortex. This calculation was performed 
using the “AddModuleScore” function. To better visualize the thalamic 
genes, as shown in Fig. 5E, we additionally used the Rmagic package to 
perform imputation on these genes with the default parameters (114).

ROC calculation
For the ROC calculation, we defined an R function “ROC_kNN” (https://
github.com/marmosetbrainmapping/Code_Huang2026). The underly-
ing principle was to compute the quotient of the difference between the 
maximum and minimum expression values or cell abundance and the 
distance between them in the vicinity of each spot. This method miti-
gated the instability of the ROC that is attributable to the inadequate 
smoothness of the expression amounts. By using this method, we cal-
culated ROCs of cell type abundances and gene expressions, respectively. 
The calculation was based on the segment flat map, which determined 
the whole-brain ROC. In this mode, we took the 16 surrounding points 
in the calculation.

We also carried out ROC calculations at the segment level for single 
sections. In this approach, initially, we used the “NormalizeData” func-
tion in Seurat to normalize the data. Subsequently, we used the “smooth_
kNN” function to smooth the data across nine surrounding segments 
for more than four rounds. Finally, we executed the “ROC_KNN” func-
tion to compute the ROC within nine surrounding segments as well.

Multiatlas boundary comparison and ROC-boundary 
relationship analysis
We compared ROC values against four marmoset brain atlases: Paxinos 
(116 regions) (11, 40), MBMv4 (96 regions) (15), Riken (114 regions) 
(13), and MBMv1 (105 regions) (11). Boundaries were detected using k 
nearest neighbors (k = 3), where segments were classified as boundary 
points if their neighbors belonged to exactly two different regions.

We quantified ROC-boundary relationships through three comple-
mentary metrics. For peak proportion analysis, we identified ROC 
peaks as local maxima and calculated the proportion of peaks located 
within 1 spatial unit of boundaries using Euclidean distance. For en-
richment analysis, we defined high ROC segments as those exceeding 
the 90th percentile threshold and calculated fold enrichment as the 
ratio of observed to expected overlap between high ROC segments and 
boundaries

Statistical significance was assessed by the hypergeometric test.

Functional network up-regulated genes identification
After the aforementioned multimodal data registration, we obtained the 
continuous functional-network value, displayed on the segment flat map. 
Subsequently, we defined the dominant regions of each network by select-
ing the top 90% of values (the 90th percentile and above) of the network. 

Finally, the up-regulated genes of each network are computed by the 
function “FindMarkers” in Seurat, and genes with a log2 fold change 
greater than 0.9 and a P value less than 0.05 were selected as network 
up-regulated genes. The gene-set score of the default mode network up-
regulated genes was calculated by the “AddModuleScore” function.

PLS regression analysis
To investigate the relationship between gene expression and brain 
functional networks, we performed PLS regression, a multivariate 
technique suitable for high-dimensional data. The gene expression 
data (X) and brain functional networks (Y) were used as predictors 
and response variables, respectively. Before model construction, we 
systematically determined the optimal number of latent components 
for each network through an iterative optimization procedure, with a 
preset threshold of explained variance (95%). The maximum number 
of components was constrained to 20 based on preliminary stability 
analyses, ensuring comprehensive model fitting across all networks 
while preventing overparameterization. The PLS regression coeffi-
cients (BETA) were subsequently estimated through covariance maxi-
mization between X and Y. The fitted values of the brain network maps 
(Yfit) were computed using the augmented predictor matrix that in-
corporated an intercept term

where [1, X] represents the augmented predictor matrix with an in-
tercept term.

To validate model robustness, we conducted sensitivity analyses 
with alternative component configurations (16, 18, 22, and 25 latent 
components). Notably, the gene weight patterns derived from PLS 
models with varying component configurations demonstrated strong 
consistency with those generated by the 20-component reference 
model. The cross-component agreement within the tested range sug-
gested that the biological interpretations derived from our PLS imple-
mentation were robust to moderate variations in the number of latent 
components. To determine the number of genes required to recon-
struct each brain network map, we performed iterative PLS regression 
fitting using top-ranked genes based on the absolute values of their 
regression weights. Genes were sequentially added to the model in 
descending order of weight magnitude until the Pearson correlation 
coefficient between the fitted maps (Yfit) and the corresponding origi-
nal network maps reached a threshold of 0.95. The minimal gene count 
achieving this criterion was defined as the optimal number of genes 
required for network reconstruction.

Functional connectivity analysis
The marmoset awake resting-state fMRI data were obtained from the 
Marmoset Brain Mapping project (The preprocessed data “regrBMWC0” 
of the MBMv4) (15). The dataset included 39 marmosets (8 females, 
31 males) with an average age of 4 years. Each subject underwent re-
peated scanning, resulting in a total of 710 fMRI runs (17 min per run). 
For human awake resting-state fMRI data, we used the CoRR-HNU 
dataset (115), part of the Consortium for Reliability and Reproducibility. 
This dataset comprises neuroimaging data from 30 healthy young 
adults (15 females, 15 males) with an average age of 24 years.

To assess the functional connectivity, voxel-wise time series were 
extracted from the A10, DMN, and other cortical regions for each 
subject. Pairwise functional connectivity between voxels in the A10, 
DMN, and other cortical regions was computed using Pearson correla-
tion coefficients, reflecting voxel-level connectivity. Correlation matri-
ces were generated for each subject and subsequently averaged across 
subjects to obtain group-level mean functional connectivity matrices. 
The resulting correlation matrices were averaged across subjects at 
the group level to obtain mean functional connectivity between each 
pair of regions (A10-DMN, A10-other cortical regions, and DMN-other 
cortical regions).

FE =
(
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)

∕
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Region–up-regulated gene identification
Regarding the spatial transcriptomic data, based on the region each cell 
belongs to, we computed the aggregate expression amounts of every gene 
in each region. Subsequently, we built a Seurat object (V4) where genes 
were in rows and regions were in columns. After getting this matrix, we ran 
the “NormalizeData” function for data normalization. Postnormalization, 
the expression counts of each gene across diverse regions are scaled 
within the range from 1 to 2. After the scaling step, for each specific target 
region, we calculated the fold change (FC) value. This was achieved by 
dividing the scaled aggregated expression of the target region by the scaled 
aggregated expressions of all other regions. The mean value of these cal-
culated FC values for a particular gene is then determined and designated 
as the FC value for that gene. If a gene had an FC value greater than 1, it 
was designated as an up-regulated gene in the target region. This approach 
was systematically implemented for each brain region and subregion.

Cross-species integration of snRNA-seq data in the auditory cortex
To integrate auditory cortical cells from humans, macaques, and mar-
mosets, the snRNA-seq datasets for the auditory areas of humans (32) 
and marmosets (16) were retrieved from public databases. Coupled 
with an in-house generated snRNA-seq dataset from the macaque audi-
tory cortex, we conducted RPCA analysis implemented within the 
Seurat package. This was done to integrate the snRNA-seq datasets 
across species, using 4000 integrating genes.

To attain a unified annotation for independently preannotated 
snRNA-seq datasets, we initiated the process by combining the snRNA-
seq data and Stereo-seq data of macaques. Subsequently, we harnessed 
the “FindIntegrationAnchors” function within Seurat to identify the 
anchors, which were then used as a basis for using the “TransferData” 
function to perform label transfer. To refine the accuracy of the trans-
ferred labels, we used marker genes to rectify the label-transfer results. 
With the macaque data comprehensively processed and annotated, we 
then adopted the macaque data as the reference, and its labels were 
transferred to the other datasets. Specifically, the previously mentioned 
“winner_kNN” function was used to identify the most similar cells for 
each query cell within the top five principal components of the PCA 
space. Subsequently, the most frequently occurring cell label among 
the neighbors was assigned to the query cell. If the frequency of the 
most common label surpassed a predefined threshold, the label was 
transferred; otherwise, the original label was retained.

Correlation of cell subclass in snRNA-seq
Using the integrated snRNA-seq datasets of humans, macaques, and 
marmosets, we calculated the average expression of each gene within each 
subclass of each species. This was achieved by using the “AverageExpression” 
function in Seurat. Subsequently, the “cor” function in R was used to 
compute the Pearson correlation coefficient of average gene expression 
across groups. Glutamatergic neurons and GABAergic neurons were 
analyzed independently.

Species-wise and layer-wise DEGs identification
We computed the species-specific or cortical layer–enriched markers using 
the “FindMarkers” function in Seurat. Only significant DEGs with a P value 
less than 0.05, a relatively high expression (log2 fold change > 0.25), and 
a notable difference in expression percentage (pct.1 − pct.2 > 0.15) were 
retained. Subsequently, the DEGs of different species were intersected for 
comparison and visualization. Next, taking the shared DEGs between hu-
mans and marmosets as input, we further applied the “FindMarkers” func-
tion to the human and marmoset spatial transcriptome data across cortical 
layers (log2 fold change > 0.25) to obtain the layer-enriched markers.
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Editor’s summary
The expansion of the cerebral cortex during primate evolution has resulted in remarkable complexity in the cellular
organization and connectivity of this brain region, yet the fundamental principles governing the organization of the
expanded cortex remain unclear. Huang et al. developed a single-cell whole-brain spatial transcriptome database,
applied retrograde neuronal tracing, and used functional magnetic resonance imaging datasets to construct a three-
dimensional integrated multimodal atlas of the entire marmoset brain. Two distinct molecular gradients emanated from
allocortical and primary sensory regions, converging at association cortices. Cross-species comparisons revealed
similarities and differences among marmosets, macaques, and humans. The study provides a comprehensive,
multimodal characterization of primate cortical organization. —Mattia Maroso
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