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Integrating optogenetic fMRI and spatial
transcriptomics to reveal circuit-specific
gene signatures in fronto- and hippo-
thalamic networks

Changjiang Zhang 1,2,7, Yijuan Zou2,7, Liangchen Zhuo 1,3,7, Xiya Liu1,3,7,
Suijuan Zhong 4,7, Chonghai Yin2, Mayuqing Li4, Mengdi Wang1, Wei Wang1,
Xin Zhou4, Bo Zeng2, Changsheng Dong1,3, Le Sun5 , Zheng Wang 6 ,
Ang Li 1,3 , Qian Wu 4 & Xiaoqun Wang 1,2,4

Elucidating how microscale molecular architecture shapes macroscale brain
network organization requires integrative frameworks that link transcriptional
profiles, structural connectivity, and functional dynamics across scales. How-
ever, existing evidence largely relies on cross-modal data acquired from dif-
ferent individuals, limiting causal and mechanistic inference. To overcome
this, we performed concurrent awake optogenetic functional MRI (opto-fMRI)
and spatial transcriptomics (opto-ST) within the samemice, enabling coupled
analysis of neural activity and gene expression in fronto-thalamic and hippo-
thalamic networks. Optogenetic stimulation of the medial prefrontal cortex
(mPFC) or subiculum (SUB) evoked distinct thalamic BOLD response patterns.
Multivariate spatial modeling revealed that energy metabolism and core bio-
chemical processes underlie these GLM-derived activation patterns—a finding
further supported by data-driven PCA, which identified enrichments in similar
biological processes. These results suggest that conventional linear models
predominantly capture linear gene–process relationships, highlighting the
need for nonlinear computational approaches in fMRI analysis. Overall, our
multi-omics framework reveals that genes regulating metabolic pathways
underlie region-specific neurovascular coupling, thereby bridging local tran-
scriptomics and large-scale functional imaging signatures.

The advent of spatially resolved transcriptomic resources, particularly
the Allen Human Brain Atlas (AHBA), has catalyzed a paradigm shift in
systems neuroscience by enabling multiscale spatial covariance ana-
lyses that integrate macroscale neuroimaging phenotypes with
microscale transcriptomic architectures1–3. This methodological con-
vergence has established imaging transcriptomics as a transformative
discipline that deciphers molecular determinants of neuroimaging
biomarkers through advanced spatial registration algorithms and

multivariate spatial statistics4–7. Such approaches have provided
unprecedented mechanistic insights into the neuromolecular foun-
dations of functional network organization. For instance, early
research revealed that a small subset of genes, particularly enriched in
human supra-granular layers can explain corticocortical connectivity8,
while conversely, brain functional connectivity architecture gradients
can also largely predict ex vivo cell type distributions9. Furthermore,
researchers have linked brain functional abnormalities in numerous
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brain disorders—including schizophrenia, depression, autism, and
Alzheimer’s disease—to spatially-informed transcriptomic templates,
attempting to elucidate themolecularmechanisms behindmacroscale
brain circuit dysfunction10–18.

Despite these advances, a key limitation persists across previous
studies: data from different scales typically originate from different
samples, with spatial analyses oftenmatching functional imaging from
living subjects against transcriptomic templates derived from post-
mortem tissue of healthy donors3. This limitation largely stems from
the expensive and technically challenging nature of acquiring spatially
resolved transcriptomic data. Such fragmented comparisons sig-
nificantly constrain the field’s ability to establish causal molecular
mechanisms and develop effective cross-scale computational models,
with validation largely infeasible or only limited to patients with well-
defined genetic disorders19.

To overcome this fundamental limitation, we developed an inte-
grative multimodal approach in awake mice that captures both brain-
wide functional responses and region-specific molecular changes
within the same subjects. As a critical proof of concept, we focused on
the thalamus—a central hub that integrates diverse cortical and sub-
cortical inputs—to investigate how distinct large-scale inputs shape
both neurovascular and transcriptomic responses in a shared down-
stream target. The thalamus is involved in a variety of brain functions,
including sensory processing, attention, decision-making, and
memory20,21. Traditionally, it has been believed that the functional
diversity of the thalamus is determined by the organization of its dif-
ferent nuclei20,22. The input types that innervate thalamic neurons are
another feature that differentiates thalamic functions20,23. We targeted
two major thalamic inputs with dissociable yet overlapping functions:
the fronto-thalamic pathway (implicated in cognitive control and
motivation) and the hippo-thalamic pathway (central to memory
processing)24–32. Despite their distinct primary functions, both path-
ways converge on the thalamus and are implicated in shared processes
such as arousal and emotional regulation33,34. We therefore hypothe-
sized that optogenetic activation of these inputs would elicit distinct
but partially overlapping signatures in thalamic gene expression,
reflecting their unique and shared functional roles.

Specifically, we implemented a multimodal approach integrating
optogenetic fMRI (opto-fMRI) with spatial transcriptomics (opto-ST),
Fos targeted recombination in active populations(opto-FosTRAP), and
anatomical tracing to systematically dissect medial prefrontal cortex
(mPFC)- and subiculum (SUB)- driven thalamic responses in awake
mice. We hypothesized that these two inputs would elicit distinct
BOLD response patterns and gene expression changes, illuminating
shared or unique molecular processes involved in cognition, arousal,
and emotion.

Through a series of image processing and registration approaches,
we integrated optogenetically-evoked BOLD responses, neuronal acti-
vation, anatomical projections, and transcriptomic data within a com-
mon standardized space, enabling more causally multi-scale correlation
analyses. Using partial least squares (PLS) modeling, we show that SUB
projections strongly predict thalamic BOLD activation, whereas mPFC
projections correlate more weakly, consistent with higher-level circuits
having more diffuse or multi-tiered connectivity. Our study highlights
that energymetabolism and basic biochemical processes emerge as key
correlates of BOLD signal generation, suggesting a tight coupling
between neuronal activation and metabolic gene regulation. This cross-
scale approach provides a path for exploring how molecular signals
shape large-scale network activity and paves the way for integrating
multimodal datasets across levels of brain organization.

Results
Circuit-specific BOLD activation in awake mice
We combined optogenetics with fMRI in awake mice (Fig. 1a–d),
FosTRAP (Fig. 1e), and anterograde axon tracing (Fig. 1f) in themPFCof

the SUB to determine whether functional activation is directly gov-
erned by neural/glial cell activation caused by corresponding anato-
mical projections from mPFC/SUB neurons. After rigorous noise
regressionof thewhole-brain BOLDsignals collected in the awake state
(Fig. S2), optogenetic activation of either region induced extensive
BOLD responses with distinct spatial patterns across the brain (Fig. 1g;
Fig. S1–S6). No statistically significant voxel-level differences in acti-
vation patterns between male and female mice after correction for
multiple comparisons (Fig. S6). Both topological data analysis (TDA)
and whole-brain correlation analysis demonstrated that even indivi-
dual animals showed robust and consistent activation patterns within
each group - TDA visually segregated activation patterns into two
distinct clusters corresponding to mPFC and SUB stimulation (Fig. 1l),
while correlation analysis confirmed the reproducibility of these
region-specific signatures (Fig. S4). Within the thalamus, both regions
elicited significant activationwith visually distinct spatial organization:
mPFC stimulation tended to show a medial-to-lateral gradient, while
SUB stimulation showed a dorsolateral-to-ventromedial pattern.

To understand how anatomical projections and cellular activation
contribute to the BOLD activations, we performed anterograde tracing
from mPFC or SUB, along with opto-FosTRAP labeling of Fos-
expressing cells (Fig. 1e, f). Spatial correlation analyses across the
whole brain revealed moderate alignment between projection maps
and BOLD activation, whereas correlationwith FosTRAP activationwas
lower (Fig. 1j, k). The observed spatial discrepancy (mPFC: r =0.39,
p = 1.1*10−5; SUB: r =0.22, p =0.016; Fig. 1j, k) between fMRI and
FosTRAP patterns suggests that the fMRI signal may be influenced by
additional factors beyond the strong primary inputs that are effec-
tively captured by FosTRAP. This interpretation is grounded in the
fundamental differences of the two methods: FosTRAP relies on
activity-dependent c-Fos induction, which is known to have a high
threshold and can be regulated by stimulation parameters35–37 and
intracellular molecular gating mechanisms38–40. Therefore, the com-
prehensive fMRI signal likely aggregates both supra-threshold activity
(captured by FosTRAP) and sub-threshold synaptic activity from
polysynaptic, secondary projections, which may contribute to the
hemodynamic response without reliably triggering c-Fos expression.

Coregistration of opto-fMRI-ST data in the thalamus
To link gene expression changes with BOLD activations, we focused on
rostral and caudal thalamic slices for high-resolution spatial tran-
scriptomics (opto-ST) (Fig. 2a). A total of 32 samples from 10 indivi-
duals in four groups with technical replicates were included to ensure
data stability. Each animal’s ST data were coregistered to a standar-
dized coordinate space (CCFv3) (Fig. 2d, e). The 40-minute (∼90-
minute total from stimulation onset) time point (Fig. 2d) was selected
to align with reported peaks in early stimulus-induced
transcription38,41–43. The rostral mPFC group, rostral SUB group, and
analogous caudal groups showed consistent gene expression patterns,
underscoring data reliability (Fig. S8).

Among the thalamic subregions, the mPFC group exhibited pro-
minent activation primarily in the bilateral ventral group of the dorsal
thalamus (VENT), subparafascicular nucleus (SPF), subparafascicular
area (SPA), peripeduncular nucleus (PP), lateral group of the dorsal
thalamus (LAT), anterior group of the dorsal thalamus (ATN), medial
group of the dorsal thalamus (MED), midline group of the dorsal tha-
lamus (MTN), intralaminar nuclei of the dorsal thalamus (ILM), reti-
cular nucleus of the thalamus (RT), and epithalamus (EPI) (Fig. 2a–c).
Conversely, the SUB group showed significant activation in the ipsi-
lateral VENT, LAT, ATN, MED, MTN, ILM, RT and EPI (Fig. 2a–c). Fur-
thermore, we found that different subregions of the thalamus
exhibited distinct response dynamics (Fig. 2c). Overall, the mPFC
group exhibited comparable peak values and consistent temporal
dynamics between the ipsilateral and contralateral thalamic sub-
regions. In contrast, the SUB group showed marked hemispheric
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asymmetry, characterized by robust BOLD responses in the ipsilateral
thalamic subregions, while the contralateral responses remained
minimal or near baseline levels (Fig. 2c). To enable spot-level quanti-
tative comparison of region-specific responses, we aligned repre-
sentative “best-fit” slices from rostral and caudal thalamic spatial
transcriptomics datasets to the Allen Mouse Brain Common Coordi-
nate Framework (CCFv3). Subsequently, all other samples were regis-
tered to these CCF-aligned reference slices using the SLAT algorithm.
This approach enabled accurate mapping of multimodal data, includ-
ing BOLD activation patterns, structural projections, and FosTRAP
signals, onto spatial transcriptomics spots across different slice pre-
parations (two independent spot-space datasets each for rostral and

caudal regions), establishing a unified framework for integrative ana-
lysis (Fig. 2d, e).

Differentially expressed genes link to thalamic BOLD activation
To explore the genetic basis of BOLD responses, we analyzed differ-
entially expressed genes in thalamic subregions showing significant
BOLDactivation (Fig. 3). In these activated areasof bothmPFCandSUB
groups, many upregulated and downregulated genes were identified
(Figs. 3a–3f & Supplementary Data 1). When categorizing these genes
by response speed, a few upregulated genes were immediate early
genes, and none of the downregulated genes were immediate early
genes (Fig. 3c, f).
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Comparing the mPFC and SUB groups, enriched terms related to
learning, memory, cognition, and synaptic plasticity regulation were
found, reflecting the cognitive functions governed by both regions
(Fig. 3g, h). Circadian rhythm regulation terms were also enriched in
both groups, possibly linked to arousal regulation (Fig. 3g, h). How-
ever, differences emerged: the mPFC group showed ‘response to
peptide hormones’, suggesting a role in emotional response, while the

SUB group had ‘response to steroid hormones’ (Fig. 3g, h). Similarly,
the mPFC group exhibited ‘response to interleukin-1 (IL-1)’, and the
SUB group showed ‘interleukin-17 (IL-17) signaling pathway’, indicating
distinct roles in inflammatory responses (Fig. 3g, h).

Notably, terms related to the formation of BOLD activations and
bloodoxygen levels differed significantly between the twogroups. The
mPFC group included energy metabolism terms (e.g., lipid and
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triglyceride metabolic processes) and blood oxygen level-related
terms (e.g., blood circulation, vasodilation, and blood vessel dia-
meter maintenance). In contrast, the SUB group mainly had terms
related to ‘response to oxygen levels’ with few energy metabolism
terms (Fig. 3g, h). These findings suggest that while fronto-thalamic
and hippo-thalamic pathways may regulate similar macro-level func-
tions, their underlying genetic mechanisms differ. This experimental
paradigm, therefore, offers a means to investigate the genetic under-
pinnings of circuit-specific functions.

Distinct genetic profiles in mPFC-thalamus and SUB-thalamus
pathways
To further characterize the genetic basis of BOLD responses, we
compared gene sets enriched in both the mPFC and SUB groups for
genes associated with the same functional terms (Figs. 3i-n). Our
analysis revealed distinct genes involved in cognitive, arousal, and
emotional regulatory functions within the mPFC-thalamus and SUB-
thalamus networks. For instance, genes enriched in the ‘cognition’
term shared common elements between the mPFC and SUB groups,
including Arc, Egr1, Egr2, Fos, Npas4, Nr4a2, Nptx2, Plk2, and Ptgs2
(Fig. 3i). Among these, Arc and Npas4 are implicated in synaptic
plasticity and memory consolidation, while Egr1, Egr2, Fos, and Nptx2
belong to the immediate early gene family. Plk2 and Ptgs2 are pri-
marily associated with inflammatory responses. These findings sug-
gest that these genes may play similar roles in regulating cognitive
functions across different brain regions. However, region-specific
genes, such as Plcb1, Kalrn, Hrh3, Clstn2, Brsk1, Clstn3, Cntn2, and
Mapt in the mPFC group (Fig. 3i), might be involved in cognitive
processes related to neural signal transmission and synaptic plasti-
city. In contrast, Jun, Crh, Grm5, Gpr158, Nr4a2, Hmgcr, and Adrb1 in
the SUB group (Fig. 3i) may be related to stress responses and neural
transmission. These distinct genetic profiles between the mPFC and
SUB groups reflect the specificity of cognitive functions originating
from different brain regions.

Similarly, in the ‘regulation of system process’ term, shared
common genes included Ptgs2, Egr2, Nr4a3, Nr4a1, Plk2, and others,
which were the same as those in the ‘cognition’ term (Fig. 3j). These
genes are either immediate early genes or related to inflammation.
Additionally, the shared genes included Homer1 and Hcrt (Fig. 3j).
Homer1 is involved in regulating cellular signal transduction, synapse
formation, receptor clustering, and extracellular glutamate levels.Hcrt
plays roles in regulating sleep, arousal, feeding, reward, fear, anxiety,
and cognition. mPFC-specific genes, such as Pmch, Npy1r, Nr4a2,
Chrm3, and Fdps, are involved in regulating appetite, metabolism,
stress responses, and levels of arousal (Fig. 3j). The most prominent
SUB-specific gene is Avp (Fig. 3j), also known as arginine vasopressin,
which can directly bind to V1a receptors on vascular smoothmuscle to
regulate blood pressure and plays important roles in social behavior,
stress response, circadian rhythms, memory, and attention.

Beyond these terms, we also compared the functions of genes
involved in ‘regulation of trans-synaptic signaling’ (Fig. 3k) and ‘cellular
response to hormone stimulus’ (Fig. 3l) to identify similarities and
differences between the mPFC and SUB groups (Fig. 3m, n). These
results demonstrated that both shared and distinct genes were

involved in cognitive, arousal, and emotional regulatory functions
associated with the mPFC–thalamus and SUB–thalamus networks.

Multicollinearity among altered gene expression patterns
To investigate the interconnections among four data modalities at
high spatial resolution, we performed spatial correlation analyses
between gene expression changes and opto-fMRI activation patterns
(Fig. 4). In both the mPFC and SUB groups, Pearson correlation coef-
ficients between gene expression changes and BOLD activation
exhibited approximately normal distributions (Fig. 4a, d), indicating
widespread transcriptomic associations with the fMRI activation
patterns.

In the mPFC group, 434 genes showed significant positive corre-
lations and 1,118 genes showed significant negative correlations with
BOLD activation, as determined by 10,000 spatial permutation tests
(p < 0.05, two-sided; Fig. 4a). The Gm5741 gene had the strongest
positive correlation with thalamic BOLD activation (r =0.33, p =0.01;
Fig. 4b, c), which is related to signal transduction and G protein sig-
naling. Tac2was the second strongest (r =0.32, p = 0.01; Fig. 4c) and is
involved in fear memory and neurotransmission. The most negatively
correlated gene was Car14 (r = −0.28, p <0.001; Fig. 4a, c), which is
involved in bicarbonate metabolism and cellular protection.

In the SUB group, 224 genes were positively correlated and 195
genes were negatively correlated with BOLD activation based on the
same permutation-based statistical framework (Fig. 4d).Npas4 had the
strongest positive correlation (r =0.46, p <0.001; Fig. 4e, f), indicating
its role in neural circuit development and learning. The most nega-
tively correlated genewasAcy3 (r = −0.18, p <0.001; Fig. 4d, f), which is
primarily involved in amino acid metabolism. Thalamic projections
fromSUBneurons showed a stronger correlationwith BOLD activation
patterns (r =0.69, p < 0.001; Fig. 4e, f) than those frommPFC neurons
(r =0.49, p =0.08; Fig. 4b, c).We note that viral expression in both SUB
and mPFC groups covered broad regions, suggesting that the exact
spatial extent of transfectionmay represent a common factor affecting
functional-structural coupling estimates in both cases (Fig. S1). Nota-
bly, FosTRAP-based neural activation remained less correlated with
BOLD activations than viral tracing-based projections in both the
mPFC (Fig. 4b, c) and SUB groups (Fig. 4e, f), consistent with whole-
brain level findings (Fig. 1j, k).

To assess the robustness of gene-wise associations under strin-
gent multiple-comparison control, permutation-derived p-values were
additionally corrected across all genes using the Benjamini–Hochberg
false discovery rate (FDR) procedure. Only a limited number of genes
survived FDR correction, reflecting the highly conservative nature of
gene-wise correction in this high-dimensional transcriptomic setting
(Supplementary Data 2). Importantly, the primary aim of this analysis
was not genome-wide gene discovery, but rather to characterize
system-level transcriptomic patterns associated with fMRI activation.

Finally, correlation heatmap of the top 10 genes associated with
MRI, projections, and FosTRAP revealed significant correlations
between the genes themselves (Fig. 4c, f). These results highlight the
need to consider high multicollinearity among independent variables
in subsequent modeling and analysis. Traditional multiple linear
regression models may yield unstable and unreliable results due to

Fig. 3 | Identification of differentially expressed genes and genetic processes
within BOLD-activated thalamic spots. Distribution of thalamic activated spots
(a), differential gene expression (b), and DEG classification (c) induced by mPFC
neural activation. Differential expression in (b) was assessed using a two-sided
moderated t-test with Benjamini-Hochberg FDR correction; genes with FDR<0.05
were considered significant. The upregulated genes are depicted in red, and the
downregulated genes are depicted in blue in the volcano plot. The distribution of
thalamic activated spots (d), differential gene expression (e), andDEG classification
(f) induced by SUB neural activation. The same statistical criteria as in (b) were

applied to (e). Gene processes enriched with DEGs in the mPFC (g) and SUB (h)
groups. Common and distinct genes enriched in ‘cognition’ (i), ‘regulation of sys-
tem process’ (j), ‘regulation of transsynaptic signaling’ (k) and ‘cellular response to
hormone stimulus’ (l) in themPFCand SUBgroups. For i–l, enrichment significance
was evaluated using a one-sided Fisher’s exact test followed by FDR correction
(Benjamini–Hochberg); terms with FDR <0.05 were considered significantly enri-
ched. Sankey (m) and Venn (n) diagrams summarizing the common and distinct
genes enriched in the same terms across the mPFC and SUB groups. Differentially
expressed genes are reported in Supplementary Data 1.
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inflated variances of regression coefficients, sensitivity to outliers, and
the inability to capture nonlinear relationships or handle non-
continuous variables44,45, leading to issues such as unstable parameter
estimation and increased standard errors.

Identifying key genes to explain and predict the thalamic BOLD
response using the PLS model
The PLS model effectively handles multicollinearity by extracting
latent variables that maximize covariance between independent and
dependent variables, thereby reducing dimensionality, enhancing
explanatory power, and providing robustness against instability
caused by high intercorrelations among predictors45,46. Furthermore,
PLS has become a mainstream and preferred method in the imaging
transcriptomics field10–18. We considered gene expression alteration
maps, projection maps, and FosTRAP activation maps as dependent
variables, with the BOLD activation map as the independent variable
(Fig. 5a). Leave-one-out cross-validation (LOOCV) was used to assess

the predictive performance of both the mPFC and SUB models (Figs.
S10 & S11). Based on the performance of each fold model, including
explained variance, prediction accuracy, and MSE/RMSE of prediction
(Fig. S10) and permutation test (Fig. S11), the optimal number of
components was determined. With the optimal number of compo-
nents, the mPFC model exhibited a mean predictive accuracy of 0.57,
correlating empirical and predicted BOLD activation (Fig. 5f), whereas
the SUB model demonstrated a mean predictive accuracy of
0.62 (Fig. 5j).

Within each fold of LOOCV, the variable importance in projection
(VIP) score47 was computed to assess the contribution of each
dependent variable across different components. Variables with VIP
scores above 1.5 across all folds were identified, yielding 615 genes for
the mPFC final model (Fig. 5g & Supplementary Data 1) and 617 genes
for the SUB final model (Fig. 5k & Supplementary Data 1). The perfor-
mances of both final models are depicted in Fig. S12. The mPFC final
model selected 5 components, accounting for 86.0% of BOLD
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activation (Fig. 5i), whereas the SUB final model chose 7 components,
explaining 77.3% of BOLD activation (Fig. 5m). We also sorted the
weights of the genes for each component and performed preliminary
enrichment analysis on the top 100 genes with the highest weights
(Fig. S14). These findings indicated that the key genes and genetic
processes behind these thalamic low-dimensional networks presented
some differences.

Furthermore, the final model of the mPFC had high predictive
power for thalamic responses induced by mPFC activation but could
not predict those caused by SUB activation (Fig. 5n). Conversely, the
final SUB model was effective in predicting thalamic responses from
SUB activation but not from mPFC activation (Fig. 5o). These results
demonstrated the reliability and stability of our multimodal integra-
tion model, providing a solid foundation for exploring the genetic
mechanisms behind complex BOLD signals.

Energy metabolism- and basic biochemistry-related genes play
key roles in explaining and predicting GLM-based BOLD activa-
tion patterns
Finally, the VIP scores of 615 genes across 5 components of the mPFC
final model and 617 genes across 7 components of the SUB final model
were estimated (Fig. 6 & Supplementary Data 1). Interestingly, genes
associated with energy metabolism play pivotal roles in BOLD activa-
tion patterns. For the mPFC group, genes such as Ckb, Pkm, Aldoa,
Atp5a1, andAtp6v0cwere identified as influential (Fig. 6b).Ckb,Atp5a1,
and Atp6v0c are directly involved in ATP formation and maintaining
the balance of phosphocreatine. Moreover, Pkm and Aldoa play key
roles in the glycolytic process. In the SUB group, genes such as
Secisbp2, Slc52a2, and Zfp719 had significant impacts (Fig. 6e). Slc52a2
is related to purinemetabolism,whereas Zfp719 is associatedwith lipid
metabolism.

The gene enrichment analysis results indicate that the mPFC
group is enrichedwithmany terms related to energymetabolism, such
as ‘Metabolismof carbohydrates’, ‘Glycolysis’, ‘ATPmetabolic process’,
and ‘ADP catabolic process’ (Fig. 6c). In the SUB group, fewer terms
related to the regulation of energy metabolismwere enriched, such as
‘methylation’, which affects pathways such as glycolysis; the citric acid
cycle; lipid metabolism; and ‘mitochondrial transcription’, which
affects mitochondrial function and energy metabolism (Fig. 6f). These
results indicate that the genes contributing the most to the BOLD
activation pattern are almost exclusively related to energy metabo-
lism. These findings highlight the complex interplay between energy
metabolism and BOLD signal generation, as evidenced by extensive
literature using PET/transcription linked to resting-state fMRI48–53.
These findings consistently revealed that areas of heightened meta-
bolic activity correlate with increased MRI signal amplitudes or
enhanced connectivity. Our results further reveal that the activation of
neurons in different brain regions triggers the activation of different
types of metabolic pathways in the thalamus, demonstrating that the
brain’s energy demands are heavily dependent on the activated cir-
cuits or networks.

Moreover, we found that the gene sets capable of explaining and
predicting BOLD response patterns could no longer be enriched in
macrolevel terms such as ‘cognition’ and ‘memory’, as shown in
Fig. 3, but instead were enriched in the microprocesses that regulate
macrofunctions, such as the DNA metabolic process, tRNA methy-
lation, the mitochondrial RNA metabolic process, and ribosome
assembly (Fig. 6c, f). A possible explanation is that the current BOLD
activation patterns are derived from generalized linear model (GLM)
calculations. Considering the entire spatial pattern, the greater
number of primary gene expression changes in each brain region
may be linearly related to the intensity of the input received. This is
also the reason why the expression patterns of genes related to
fundamental biochemical processes contribute strongly to GLM-
based activation patterns.

Interestingly, we found that terms related to DNA damage, repair,
and inflammatory responses were enriched in both themPFC and SUB
groups (Fig. 6c & f). Recent high-level research54,55 has shown that
learning and memory formation stimulate intense electrical activity in
brain neurons, leading todouble-strandbreaks in their DNA. AfterDNA
damage, specific signaling pathways in neurons are activated to repair
DNA damage. Memory formation and consolidation occur during this
process of DNA damage and repair in neurons. We speculate that the
intense electrical activity and subsequent processes caused by opto-
genetic activation may be similar to the aforementioned memory
formation process.

Notably, the VIP scores for projection (VIP = 0.32) were relatively
low for the mPFC group, suggesting that their contribution to
explaining and predicting BOLD activation is minimal. However, for
the SUB neural activated thalamic response pattern, the SUB neural
projection to the thalamus pattern provided the greatest contribution
to thalamic BOLD activation (VIP = 2.6, Fig. 6e).

In summary, the pattern of expression changes in energy meta-
bolism, fundamental biochemistry process-related genes induced by
optogenetic activation in both the mPFC and SUB groups, contributes
significantly to the GLM-based BOLD activation pattern.

Data-driven PCA activation mapping and conserved tran-
scriptomic associations
To validate that the spatial patterns identified by our GLM analysis
were not contingent on its specific model assumptions, we performed
a complementary, data-driven analysis using Principal Component
Analysis (PCA) as used in one previous opto-fMRI research56. This
model-free approach identifies the dominant, co-varying patterns of
signal variance in the fMRI data without reference to the stimulus
paradigm or an assumed hemodynamic response. Strikingly, the spa-
tial map of the first principal component (PC1) exhibited a strong
qualitative resemblance to the group-level activation pattern derived
from the GLM (Pearson’s r =0.91 for the mPFC group and r = 0.55 for
the SUB group, Fig. S15a, b). This indicated that the core network
architecture of the optogenetically evoked response is a major source
of variance in the data and is robustly detectable across distinct ana-
lytical frameworks.

We then projected this PCA-derived activation pattern onto our
spatial transcriptomic data using the same PLS framework (Fig. S16,
S17). We found that the key gene categories were still predominantly
enriched in terms related to energy metabolism, fundamental bio-
chemical reactions, and DNA damage and repair. This convergence
between a model-free and a model-driven approach strongly rein-
forces our central conclusion: the link between these transcriptional
programs and the large-scale brain activation detected by linear
methods represents a robust biological relationship, rather than an
analytical artifact.

Optogenetic behavioral tests
To verify the efficacy and safety of our optogenetic activation para-
digm for engaging large-scale networks, we performed a series of
behavioral assays (Fig. S18). Critically, all stimulations were conducted
under parameters that did not induce epileptiform activity or other
overt neurological abnormalities, confirming that subsequent obser-
vations reflect physiological network engagement rather than patho-
logical hyperexcitation.

Behavioral profiling revealed that activating either the mPFC or
the SUB enhanced general exploratory activity, though through dis-
sociable behavioral dimensions. In the open field test, mPFC stimula-
tion specifically increased center zone exploration without affecting
total locomotion, consistent with reduced anxiety-like behavior
(Fig. S18a, b). In contrast, SUB stimulation decreased total locomotor
distance without altering center activity (Fig. S18g, h). In cognitive
tasks including spontaneous alternation (Y-maze) and novel arm
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recognition, neither manipulation altered performance, indicating
preserved spatial working memory and novelty discrimination
(Fig. S18c, d, i, j). In the novel object recognition test, both mPFC and
SUB activation increased absolute exploration of the novel object,
while the relative novelty preference remained unchanged, further
supporting a general rather than memory-specific enhancement of
exploratory drive (Fig. S18e, f, k, l).

Together, these results establish that our optogenetic paradigm
reliably modulates macro-circuit function related to motivated
exploration, with mPFC influencing anxiety-related behavioral inhibi-
tion and SUB regulating motor activity levels. This behavioral dis-
sociation aligns with the distinct, large-scale activation patterns
observed in our concurrent opto-fMRI-ST framework, thereby func-
tionally validating the network engagement elicited by our stimulation
protocol.

Discussion
Wedeveloped a systematic framework integratingopto-fMRI, opto-ST,
opto-FosTRAP, and projection data to decipher the microscopic
mechanisms underlying macroscopic neuroimaging phenotypes.
Opto-fMRI is a potent method for mapping whole-brain responses
elicited by specific cellular populations within targeted brain regions,
particularly in awake rodents57–60. The temporal dynamics of BOLD
signals, governed by neurovascular coupling (NVC), reflect a complex
integration of direct neuronal projections, multitiered secondary
projections, and local cellular interactions60–62. Disentangling the
BOLD signal is equivalent to unraveling these complex neurovascular
dynamics, which is essential for enhancing our comprehension of
intricate neural networks and their functional correlates. The integra-
tion of BOLD responses with ST responses induced by the same
optogenetic stimulation paradigm enables investigation of the neu-
robiological mechanisms underlying BOLD signals.

Human imaging transcriptomics studies, leveraging resources
such as AHBA3, have revealed putative genetic with diverse brain
phenotypes, including canonical resting-state networks63,64, functional
organization9, brain functional homotopy65, fiber tract connectivity66,
regional maturation during brain development67 and pathological
alterations in braindisorders10,13,68–71. A key limitation of AHBA is that its
gene expression data derive from only six healthy elderly individuals,
while imaging datasets typically come from separate cohorts with
different demographic characteristics. This limits the ability to per-
form computational cross-validation, which is essential for ascertain-
ing the reliability of the genes identified. While direct experimental
validation in humans remains challenging, animal models offer unique
advantages for testing these relationships. Animal models enable
precise manipulation of specific genes and circuits, combined with
both imaging and molecular readouts under controlled conditions11.

Upon reviewing the aforementioned literature, the PLSmodel has
emerged as the predominant algorithm10,11,13. However, existing studies
have focused predominantly on the first PLS component to elucidate
and/or predict neuroimaging data, as well as to pinpoint associated
genes. However, our findings indicate that a model relying solely on
the first PLS component has relatively poor explanatory and predictive
power for BOLD activations (Fig. 5i &m). This observation aligns with a
nonhuman primate study11, suggesting that relying on genes identified
by the first PLS component alone is insufficient.

Our results reveal a critical insight: genes with the strongest
individual correlations to the BOLDactivationswerenot always the top
contributors in our multivariate model, such as anatomical projection
maps. While both mPFC-thalamo (mPFC-proj) and subiculum-thalamo
(SUB-proj) projection patterns showed significant univariate correla-
tions with the thalamic BOLD activation pattern, only SUB-proj
emerged as a high-VIP (top-ranked) predictor in the PLS model. This
result is best explained by the high multicollinearity between the
mPFC-proj map and a specific module of co-varying, stimulation-

induced gene expressionpatterns. The spatial information encoded by
the mPFC projection map was largely redundant with this transcrip-
tional module, reducing its unique contribution in the multivariate
context. This suggests that the functional impactofmPFC inputs to the
thalamus is tightly and directly reflected in the evoked transcriptional
state of the circuit. In contrast, the SUB-proj map contributed infor-
mation not fully encapsulated by the gene expression variables,
implying a potentially divergent mechanism linking hippocampal
activity to thalamic BOLD activations. This analysis demonstrates how
multivariate modeling can disentangle overlapping versus unique
contributions of anatomical and molecular features to large-scale
brain activity.

A key finding is that the pattern of expression changes in energy
metabolism-related genes induced by optogenetic activation, espe-
cially in the mPFC, significantly contributes to the BOLD activation
pattern. This discovery underscores the notion that the generation
process of BOLD signals is intricately linked to energy metabolism, as
evidenced by shifts in gene expression patterns. This perspective is
reinforced by previous studies that have established a close relation-
ship between the generation of BOLD signals and energy metabolism,
primarily based on resting-state fMRI of the human brain48–52. Tomasi
et al. (2013) demonstrated a linear association between glucose
metabolism and the amplitude of low-frequency MRI signal
fluctuations52. Similarly, Deng et al. (2022) reported significant corre-
lations between BOLD-derived variables such as the amplitude of low-
frequency fluctuations (ALFF), fractional amplitude of low-frequency
fluctuations (fALFF), and regional homogeneity (ReHo) with PET
measurements of cerebral metabolic rates and hemodynamics48. Fur-
thermore, Aiello et al. (2016) integrated PET with MRI to provide a
comprehensive view of the metabolic aspects that are crucial for
interpreting BOLD signals51. To our surprise, we found that
metabolism-related and fundamental biochemistry genes were linked
to the current GLM-based BOLD response patterns (Fig. 6c, 6f).

GLM-based analysis is widely used in both animal and human
task-based fMRI studies, relying on it to identify brain activity pat-
terns during active or passive tasks72,73. This method is valuable for
modeling the hemodynamic response to neural activity and fits the
same model to each voxel’s time course, which is standard in fMRI
analysis and well documented in the literature72,73. However, the use
of a uniform HRF across all brain regions may introduce bias, as
studies have shown variations in HRFs in the olfactory bulb, sensory
cortex, and auditory cortex of mice62. We also found that thalamic
subregions exhibited distinct and complex dynamics (Fig. 2c), and
the relationship between these dynamics and the stimulation para-
digm was not simply linear.

However, given the current technical limitations and the absence
of mature nonlinear analytical frameworks for task-fMRI in the short
term, we performed a complementary, data-driven analysis using PCA
(Fig. S15–17). As a model-free approach, PCA requires no predefined
stimulus paradigm or assumed hemodynamic response and has been
successfully applied in prior opto-fMRI studies56. Reassuringly, the
spatial pattern of the first principal component (PC1) closely recapi-
tulated theGLM-derived activationmap (Fig. S15), and similar key gene
processes—particularly those involved in energy metabolism, basic
biochemistry, and DNA damage repair—remained significantly corre-
lated with this model-free activity pattern. This convergence suggests
that the relationship between these transcriptional programs and
large-scale brain activation is robust and not strictly tied to a specific
analytical framework.

We acknowledge that PCA, while model-free, captures the largest
sources of variance in the data, which may theoretically include
structured noise or unmodeled physiological signals. Interpretation of
PCA-derived activation maps and their associated gene enrichments
therefore, requires caution, particularly in the absence of an explicit
stimulus model. Future work incorporating region-specific HRF
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modeling and more sophisticated nonlinear approaches will be
essential to fully unravel the complex dynamics of large-scale brain
activity.

Intriguingly, our analysis revealed an enrichment of terms asso-
ciatedwithDNAdamage, repairmechanisms, inflammatory responses,
and autophagy in both the mPFC and SUB groups (Fig. 6c–f, S16, S17).
While recent studies have associated similar processes with learning
and memory54,55, our behavioral data—showing enhanced general
exploration but not improved memory performance (Fig. S18)—sug-
gest a different context. We speculate that in our paradigm, these
molecular signatures may predominantly reflect a state of cellular
stress or homeostasis triggered by the intense and prolonged opto-
genetic activation, which elicits broad hemodynamic responses.
Future studies are needed to dissect whether such responses are epi-
phenomena of strong stimulation or integral to specific cognitive
processes.

Our study utilized awake mouse fMRI, a paradigm that offers
critical advantages over anesthetized preparations by eliminating
anesthesia-induced suppression of neural and vascular activity,
avoiding the physiological complications of mechanical ventilation,
and enhancing translational relevance to human studies59,74–76. To
mitigate potential confounds of stress and motion, we implemented a
robust experimental framework59,60,62,77–79. The effectiveness of our
extended 7–14 day habituation protocol was confirmed by measuring
plasma corticosterone levels, which returned to pre-restraint baseline,
indicating a significant reduction in anxiety79. Furthermore, our
advanced noise reduction strategy—incorporating regression of noise
components derived from extra-cerebral signals—effectively mini-
mizedmotion artifacts. This was evidenced by the correlation between
global DVARS and FD, which was reduced from approximately 0.7
before denoising to below 0.2 after processing (Fig. S2), thereby sub-
stantially strengthening the validity and interpretability of our BOLD
data60,77.

Our awake optogenetic fMRI approach offers a physiologically
relevant alternative to anesthesia, though the awake state itself intro-
duces methodological considerations. Despite extensive habituation,
residual stress-related neural tone remains a potential confound. We
acknowledge that while habituation markedly reduces acute stress,
residual arousal-related influences on neural circuits cannot be fully
excluded and represent an inherent methodological limitation.
Regions such as the mPFC, hippocampus, and thalamic nuclei are
highly sensitive to internal state80, and residual arousal couldmodulate
baseline activity or response gain in these networks via neuromodu-
latory inputs81. Nevertheless, the awake preparation provides a key
advantage by avoiding anesthesia-induced suppression of midline
thalamic activity and decoupling of the prefrontal-hippocampal axis82.
By assessing networks in quiet wakefulness, our approach yields a
more physiologically relevant representation of brain-wide dynamics
than is possible under anesthesia-related neurovascular
suppression79,83.

In addition, several non‑specific factors that require careful con-
sideration. First, minor light leakage may engage visual pathways and
could, in principle, affect thalamic BOLD responses via visual thalamic
nuclei, consistent with previous reports in awake optogenetic fMRI
studies77. Second, localized intracranial heating at the fiber tip may
contribute to signal changes immediately at the stimulation site, which
might occur through neuronal suppression84. These effects were
observed in control animals and appeared spatially limited.

Crucially, our experimental design mitigates these concerns in
several ways. The use of a case‑control paradigm and statistical infer-
ence based on direct experimental‑versus‑control contrasts reduces—
though does not completely eliminate—the possibility that such
non‑specific factors drive the reported network‑level and behavioral
conclusions. Furthermore, characterization of light spread in fresh
tissue and histological verification of viral expression (Fig. S1) indicate

that optical stimulation was largely confined to the intended target.
However, light propagationmay extend beyond the anatomical target,
and activation of nearby virally infected areas cannot be entirely
excluded. Additionally, local heating may influence BOLD signals
immediately at thefiber tip, as evidencedby the limited negative BOLD
observed in controls (Fig. S5). We therefore interpret the resulting
activation patterns as network‑level responses to stimulation of the
targeted neuronal populations, rather than as strictly spatially con-
fined or monosynaptic effects.

When compared with earlier optogenetic studies57,59,85,86, the
awake preparation and high field strength (11.7 T) enhance sensitivity
and enable detection of broader propagation, including previously
elusive regions such as the VTA85. The spatially extensive BOLD acti-
vation evoked from mPFC contrasts sharply with the localized
response from SUB under identical conditions. This distinction aligns
with the prior work in the basal forebrain60, where stimulation of
excitatory (VGLUT2+) neurons drove brain‑wide activation, whereas
stimulation of inhibitory populations produced focal responses. Given
that mPFC consists of ~80% excitatory pyramidal neurons87, its capa-
city for large‑scale recruitment—similar to BF VGLUT2+ neurons—sup-
ports the interpretation that the observed widespread signals reflect
mPFC’s role as a highly connected network hub88,89, rather than a
technical artifact of excessive light power.

Although unintended visual‑circuit activation due to minor light
leakagewas present in control animals (Fig. S5), both experimental and
control groups underwent identical stimulation protocols. All repor-
ted neural and behavioral effects were derived from direct experi-
mental‑versus‑control comparisons with FDR correction, thereby
removing shared sensory‑driven components. The long inter‑trial
interval (40 s) further limits precise temporal prediction, and any
residual expectation‑related modulation would likely affect dis-
tributed networks rather than selectively bias visual pathways. The
absence of behavioral effects in control animals reinforces that visual
leakage does not account for the main findings.

The study has several technical constraints. First, achieving pre-
cise spatial correspondence between the viral transduction area,
optical stimulation site, and transcriptomic sampling region remains
challenging; ideal structure–function coupling requires highly specific
targeting at each stage, which is rarely accomplished in current
opto‑fMRI studies. Second, our transcriptomic analysis was restricted
to two coronal slices, limiting comprehensive integration of multi-
modal data. Future whole‑brain spatially resolved transcriptomics will
be essential to fully realize the potential of our modeling framework.
Third, the single post‑stimulation time point (~40min after onset)
captures robust early transcriptional waves but may miss both imme-
diate‑early gene induction and later sustained programs. Multi‑ti-
me‑point designs are needed to resolve the full temporal progression
of activation‑induced transcription. Fourth, although we validated
results using a model‑free PCA approach, canonical GLM‑based mod-
eling of BOLD responses may obscure nuanced region‑specific rela-
tionships—particularly for gene categories related to energy
metabolism and core biochemical processes. More sophisticated
nonlinear analytical frameworks will help better link hemodynamic
changes with molecular profiles. Finally, while our control design and
contrasts minimize the influence of non‑specific effects such as visual
leakage and local heating, these factors cannot be fully excluded and
should be considered when interpreting signal polarity at the stimu-
lation site and the broader network response.

In conclusion, by integrating opto-fMRI, opto-ST, opto-FosTRAP,
and anatomical tracing within the same experimental individuals, our
work advances the field of imaging transcriptomics and overcomes
prior limitations. Focusing on themPFC and SUB,we identified distinct
thalamic activation patterns and gene expression changes, under-
scoring the role of specific neural projections in modulating BOLD
responses. Our findings highlight the importance of region-specific
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neural activity in regulating gene expression and its correlation with
BOLD signals. Moreover, the development of decoding models that
spatially link multimodal data has enabled us to explore the genetic
underpinnings of mPFC–thalamic and SUB–thalamic networks,
enhancing our understanding of the neurogenetic basis of cognition,
motivation, and emotion. This work not only deepens our knowledge
of the neurogenetic landscape but also lays the groundwork for future
studies to develop more complex nonlinear models. These advance-
ments will improve the calculation of BOLD response patterns, ulti-
mately enhancing our ability to understand and treat neurological
disorders.

Methods
Mice
All animal procedures were conducted in accordance with the guide-
lines of the Institute ofBiophysics, ChineseAcademyof Sciences. Adult
mice of both sexes, starting at 8weeks, underwent surgery and under a
12-h light/dark cycle at a controlled temperature of 20−26 °C and
relative humidity of 50± 10%. Animals were housed individually and
had ad libitum access to food and water. The following mouse strains
and sources were used: Fos2A-iCreER (also known as Fos2A-iCreERT2 or
TRAP2), Jackson catalog number IMSR_JAX:03032340; the Ai47 (Rosa-
CAG-LoxP-triGFP) Cre reporter line was used as the reporter for the
TRAP2 system; FosTRAP2×Ai47 mice refer to offspring from the
crossbreeding of TRAP2 mice with Ai47 reporter mice, in which GFP
expression in the cytoplasm reflects Fos gene expression. The experi-
mental animals involved breeding, with C57BL/6N background mice
used for crossbreeding. Both sexes were included, and the data were
not sex specific. The list of animal data used in all experiments is
presented in Table 1. All procedureswere approvedby the Institutional
Animal Care and Use Committee of the Institute of Biophysics.

Stereotaxic surgeries
Using a stereotaxic atlas, we injected viral solutions (1) AAV2/9-hSyn-
hChR2(H134R)-mCherry-WPRE-pA (S0165-9; Shanghai Taitool
Bioscience Co., Ltd.) and (2) AAV2/9-pAAV-SYN-MCS-mCherry-3FLAG-
WPRE (OBiO Technology Corp., Ltd.) into the mPFC (AP: +1.70mm,
ML: +0.35mm, DV: −2.79mm) and SUB (AP: −2.92mm, ML: +1.36mm,
DV:−1.58mm) at a rate of 30nL/min for 150nL. The needleswere left in
place for 5–10minutes to prevent backflow. After injection, we
removed the muscle from the skull posteriorly to expose the skull for
head fixation, avoiding blood vessels. The skull was kept dry and
covered with 3M tissue adhesive (3M Vetbond Tissue adhesive; PN:
1469SB; 3M). Dental resin was applied to the skull, followed by a head
fixation bar. Once the cement hardened, more material was added to
the edges. A fiber-optic ferrule was placed 200 μmabove the injection
site, andUV-curing resinwas applied and cured around it. Thefiberwas
alignedwith the skull and coatedwith resin. Themicewere placed on a
heated blanket and then moved to individual cages for a 4-week
recovery before acclimation training.

Habituation for awake opto-fMRI
To acclimate the mice to the fMRI environment and mitigate post-
surgical stress, we implemented a seven-day habituation
protocol60,62,77. Training involved speakers playing the recorded fMRI
scanning sounds to mimic the scan acoustics, with the mouse’s head
and body secured. The protocol was escalated daily in duration and
volume until the mice were calm under head fixation and high noise.
For the last two days, the mice were exposed to the MRI room for
actual scans to ensure full adaptation. The training parameters are
detailed in Table 2.

Optogenetic fMRI acquisition
MRI data were acquired using a 11.7 T Bruker BioSpin scanner
(500MHz) operated with ParaVision 360 (version 1.1, Bruker BioSpin).

A quadrature volume coil was used for RF excitation, and a 4-channel
mouse head coil was used for signal reception. Pre-opto-fMRI, T2-
weighted images were obtained using a RARE sequence: TE = 30ms,
TR = 6000ms, average = 6, RARE factor = 8, FOV = 16mm × 12mm,
matrix = 230 × 172, slice thickness = 0.4mm, resolution = 0.07mm ×
0.07mm, coronal slices = 40, duration = 12min 36 s. For opto-fMRI, a
473 nm laser module outside the room delivered light to an optical
fiber using a 6m patch cable. An Arduino Uno-controlled optogenetic
stimulation synchronized with EPI scanning using a block-design
paradigm: 20 s stimulation, 40 s rest, 20Hz frequency, and 10% duty
cycle. For all experiments, we used a 200 μm core diameter, 0.73 NA
optical fiber. The output power at the fiber tip was measured to be
15mW for continuous wave light. The calculated maximum irradiance
at the fiber tip was therefore approximately 478mW/mm². However,
all stimulations were performed not with continuous wave light, but
with a pulsed protocol, resulting in an average irradiance of approxi-
mately 89.6mW/mm². The EPI sequence parameters were as follows:
TE = 15ms, TR = 1000ms, repetitions = 340, bandwidth = 652173.9 Hz,
flip angle = 50°, FOV = 20.125mm × 11mm, matrix = 168 × 92, slice
thickness = 0.5mm, resolution = 0.12mm × 0.12mm, coronal slices =
25, duration = 5min 40 s. Each mouse underwent 3 scans.

fMRI data processing
All data preprocessing was implemented using Nipype workflows,
which integrated various neuroimaging tools (including DCM2NII
version 24Nov2014 and ANTs version 2.3.5, AFNI version 20.3.03).
Subsequent data analysis and visualization were performed using
custom Python scripts (version 3.9.7) and Nilearn (version 0.9.1). For
fMRI preprocessing, the following steps were applied: data conversion
from Bruker’s DICOM files to the NIfTI format was achieved using the
DCM2NII tool; the initial 10 volumes of EPI images were discarded to
allow the signal to reach a steady state; the data were then applied to
automate the skull-stripping process based on a deep learning model;
the data were spatially aligned to both individual anatomical spaces
and the 3D Allen Mouse Brain Common Coordinate Framework, v3
(CCFv3, http://atlas.brain-map.org/) for group analysis; and light spa-
tial smoothing (0.45mm isotropic Gaussian kernel), nuisance regres-
sion of BOLD signals, and general linear model (GLM) region-specific
optogenetic stimulation were performed.

To develop an automated skull-stripping pipeline, we first
manually annotated mouse brains in both T2-weighted structural
images and averaged functional images using ITK-SNAP (version 4.2.0)
software. These manual annotations were used to train a 3D U-Net
model for automated skull-stripping. For subsequent data processing,
initial automated skull-stripping was performed using this trained
model, followed bymanual inspection and refinement when necessary
to ensure precise brain extraction.

To achieve precise spatial normalization, EPI data underwent
sequential registration steps. First, individual EPI volumeswere aligned
to a selected skull-stripped functional average image using FSL FLIRT
(version 6.0) with rigid transformation (translation and rotation). This
functional average was then registered to its corresponding high-
resolution structural image, followed by registration to the T2-
weighted DSURQE (Dorr–Steadman–Ullmann–Richards–Qiu–Egan)
mouse MRI template, and finally to the Allen CCF v3 standard space.
While rigid transformation (FSL FLIRT)was sufficient forwithin-subject
functional alignment, non-linear registration using ANTs (Advanced
Normalization Tools, http://stnava.github.io/ANTs/) SyN algorithm
with mutual information metric was employed for inter-modality
(functional to structural) and inter-template registrations, ensuring
precise alignment across spatial scales.

To minimize the impact of scanner drift, head motion, and phy-
siological noise, nuisance regression of BOLD signals was performed
using a combination of 6 head motion parameters and their first
derivatives, along with an optimal set of principal components (PCs)
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derived from non-brain tissues (e.g., muscles) using a data-driven
approach tailored for each experimental group. To address the seg-
mentation of non-brain tissue across a large dataset, a deep learning
segmentation network was trained to automatically infer muscle
positions based on a subset of manually labeled muscle masks. The
optimal number of PCs (Fig. S2) was determined by evaluating the
Pearson correlation between framewise displacement (FD) and DVARS
(temporal derivative of the time courseRMSvariance over voxels). The
preprocesseddatawereused for tSNRcalculation (Fig. S3). The tSNR in
the thalamus was about 30 (Fig. S3c).

Each animal underwent three fMRI scanning sessions, each con-
sisting of six runs, for a total of 18 runs per animal. Following this
acquisition, all runs were subjected to rigorous, motion-based quality
control performed on the fully preprocessed data (including nuisance
regression). A run was excluded if the mean FD exceeded 60 µm (half
the voxel size) or if the Pearson correlationbetweenFDandDVARSwas
greater than 0.2. This process led to the exclusion of 33%, 46%, 47%,
and 41% of runs in the mPFC test, mPFC control, SUB test, and SUB
control groups, respectively. The final number of runs included in the
analysis for each group is reported in Table 1.

GLM-based statistical analysis was conducted using the awake
mouse-specific hemodynamic response function (HRF) from our pre-
vious study62. Standardfirst-level analysis was performed for individual
EPI scans. Predictors were created by convolving the experimental
stimulus events with the HRF. The observed fMRI data Y were fitted
with the design matrix X to solve for the model parameters β. For the
second-level analysis, all β maps obtained from the first-level analysis
were further transformed to z values to standardize comparisons
across different scans. The zmaps for each subject were averaged and
then entered a second-level group analysis, where the experimental
and control groups were distinguished using binary coding (1 repre-
sents the experimental group, 0 represents the control group). A
conservative, voxel-wise False Discovery Rate (FDR) correction for
multiple comparisons (p <0.05) was applied to the group-level

statistical maps across the entire brain volume, following SPM12’s
standard procedures. The resultant activation maps display all voxels
that survived this threshold. For the region-based analysis, the t-values
reported in Fig. 2b were corrected using a respective region-wise FDR
approach at the same significance level (p < 0.05).

Topological data analysis (TDA) visualizationofBOLDactivation
The Mapper algorithm, a method within Topological Data Analysis
(TDA), was employed to visualize the activation patterns of mPFC and
SUB using the dyneusr package (https://braindynamicslab.github.io/
dyneusr/). For dimensionality reduction, we applied PCA and selected
the first three principal components to transform whole-brain BOLD
signals into a lower-dimensional representation. The resulting low-
dimensional space was partitioned into overlapping bins, within which
data points were grouped using a clustering algorithm. A topological
graph was then constructed, where nodes represented clusters and
edges connected nodes with overlapping data points. To enhance
representation stability, BOLD time series were averaged across all
runs for each mouse. The visualization highlighted pre-stimulation
(10 s) and post-stimulation (20 s) periods with different color depths,
with mPFC and SUB activation patterns colored in green and blue,
respectively.

Optogenetic spatial transcriptomics data acquisition
The study included spatial transcriptomics analysis of 32 samples from
10 individuals (Fig. S8), utilizing 8 Visium slides with 4 capture win-
dows each, including two technical replicates for 6 individuals.

The tissue preparation adhered to the Visium Spatial Gene
ExpressionUser Guide (CG00240). Themicewere euthanized by rapid
decapitation under isoflurane anesthesia 45minutes after fMRI, fol-
lowed by rapid dissection and embedding of the brains in OCT com-
pound. The samples were flash-frozen in isopentane chilled in liquid
nitrogen for 5minutes and stored at −80 °C. All the samples were
processed within four weeks.

Sectioning was guided by the Visium Spatial Gene Expression
Tissue Preparation Guide (CG00240), which targets the rostral thala-
mus (position 275, bregma −1mm) and caudal thalamus (position 232,
bregma−2.1mm)of theAllen P56mousebrain atlas,with a thickness of
10 μm to prevent cell layer overlap. The sections were cryosectioned,
placed in sealed boxes, and transferred onto dry ice, followed by
subsequent steps on the same day.

Hematoxylin‒eosin (H&E) staining and brightfield imaging were
performed according to the Visium Spatial Gene Expression H&E
Staining & Imaging User Guide (CG000160). Imaging was conducted
on an Olympus FV3000microscope, which captures the slide borders
for corner encoding identification. Tissue permeability was optimized
following the Visium Spatial Gene Expression Tissue Optimization
Guide (CG00238), with an 18-minute permeability time balancing
fluorescent signal intensity and diffusion (Fig. S7). Spatial tran-
scriptomics sequencing libraries were constructed according to the
Visium Spatial Gene Expression Reagent Kits User Guide (CG00239)
and sequenced on the Illumina platform.

Spatial transcriptomics data processing
Spaceranger (version 1.3.0) software from 10x Genomics was used to
perform process, alignment, tissue detection, and barcode/UMI
counting against themousemm10 reference genome for each spot on
the Visium spatial transcriptomic array. The raw UMI count matrix,
images, spot-image coordinates, and scale factors were imported into
the R Seurat package, and we analyzed the spatial transcriptome data
following the Seurat vignettes of analysis, visualizatio,n and integra-
tion of the 10x Visium datasets. Initially, the regularized negative
binomial regression ‘SCTransform’ function was applied to normalize
expression values for total UMI count per spot, which is better than log
normalization for counting variability in total spot RNA content.

Table 1 | Number of animals used in experiments

Experiments Experimental
group

N number Description

Opto-fMRI mPFC test group 15 Total 180 runs

mPFC con-
trol group

14 Total 136 runs

SUB test group 12 Total 114 runs

SUB control group 9 Total 95 runs

Opto-ST mPFC test group 3 5 rostral slides and 5
caudal slides

mPFC con-
trol group

3 4 rostral slides and 4
caudal slides

SUB test group 2 4 rostral slides and 4
caudal slides

SUB control group 2 3 rostral slides and 3
caudal slides

Opto-FosTRAP mPFC test group 9 -

SUB test group 10 -

mPFC con-
trol group

5 -

SUB control group 3 -

Anterograde
tracing

mPFC group 15 -

SUB group 12 -

Opto-
behavioral test

mPFC test group 10 -

mPFC con-
trol group

9 -

SUB test group 9 -

SUB control group 10 -
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Optogenetic FosTRAP data acquisition and processing
The FosTRAP2×Ai47 mice used in this study were created by crossing
TRAP2 mice with Ai47 reporter mice to label active neurons within a
defined time frame. 4-Hydroxytamoxifen (4-OHT) served as the
inducer40. The 4-OHT solution was prepared by dissolving 15mg of
solution in 500μL of anhydrous ethanol and shaking at 37 °C and
200 rpm for 30minutes. Then, 1mL of corn oil was added, and the
mixture was shaken for 50minutes to extract the 4-OHT. The mixture
was left in a fume hood for 45minutes to evaporate the ethanol.

The mice were intraperitoneally injected with 4-OHT (100mg/kg)
20minutes before opto-fMRI to induce genetic recombination effec-
tively and with minimal side effects. Post-opto-fMRI, the mice were
returned to their home cages and left undisturbed for three days.
Tissue processing and analysis were performed 10 days postinjection.

Continuous sections were obtained from the olfactory bulb to the
cerebellum using a vibratome with a thickness of 50 μm. Every fourth
section was stained with DAPI (4’,6-diamidino-2-phenylindole) for
nuclear visualization at evenly spaced intervals. The tissue sections
were scanned using a high-throughput slide scanner (Olympus
VS200), with imaging performed using a 10× objective lens.

The quantification of triGFP-labeled cell bodies was achieved
using a machine learning-based cell segmentation model trained with
the ilastik software platform90 (Fig. 1f). Custom Python scripts enabled
the counting of Fos-positive cells within atlas-defined regions on high-
resolution images, preserving spatial data integrity. Aggregated slice
counts yielded total Fos-positive cell numbers per brain region, which
were normalized by region area to derive cell density, enabling direct
regional and subject comparisons. FDR corrections were applied to p-
values when comparing the FosTRAP data to BOLD activation maps,
integrating the molecular and functional data to identify neural acti-
vation patterns.

Anterograde axon tracing data acquisition and processing
Guided by the prior projection patterns from Allen Brain Atlas, we
performed threshold-based binarization on individual mouse ante-
rograde axon tracing data, retaining the top 4% of voxels as active
projections. Visual inspection confirmed that this threshold effectively
minimized background noise and nonspecific signals (Fig. 1f). For
group-level analyses, projection patterns were first normalized within
each mouse to account for scanner variability, then averaged across
mice within mPFC and SUB groups, respectively. To address slice
correspondence discrepancies with the CCF v3 template across mice,
spatial smoothingwith anFWHMof0.3mmwas applied to ensuredata
continuity and consistency.

Registration of tissue slices to the Allen brain atlas
We developed a semi-automated pipeline for registering mouse brain
slices to the Allen Brain Atlas template for histological analysis,
FosTRAP quantification, and projection mapping. The registration
process began with rotating the Allen template to match the approx-
imate angle of experimental sections91,92. We then performed manual
one-to-one matching between experimental slices and the Allen tem-
plate, using prominent anatomical structures such as the anterior
commissure, hippocampus, and amygdala as reference points. After

establishing these slice correspondences, we applied the ANTs SyN
algorithm for both linear and nonlinear registration to optimize
alignment and compensate for morphological variations between
samples and the template. To address potential registration artifacts in
challenging cases, we implemented landmark-based registration using
a combination of SIFT-detected feature points and manually verified
landmarks, followed by targeted manual refinements using the Big-
Warp plugin in FIJI for regions with residual misalignment.

Spot-level registration of multimodal data
The two representative 10-μm Visium H&E-stained slices (rostral and
caudal) were selected as the “best fit” based on optimal anatomical
preservation and image quality. These slices were registered to the
Allen CCF using anatomical landmarks to establish a reference fra-
mework. Subsequent alignment of additional spatial transcriptomic
slices to this referencewasperformedusing the SLAT algorithm,which
leverages spatial graph convolution and adversarial matching for
robust, unsupervised alignment of heterogeneous samples, thereby
minimizing registration errors across datasets93.

The scSLAT package (version 0.2.1) was used for all slice-to-slice
registrations. The Cal_Spatial_Net function constructed a spatial
neighborhood network for each spot using KNN with a cutoff of 10,
followed by model building and training via run_SLAT using an SVD-
based strategy. The spatial_match function then computed a prob-
abilistic matching matrix, with Euclidean distances filtered at a
threshold of 3000 to achieve one-to-one spot mapping. This process
enabled the integration of gene expression, FosTRAP, MRI, and
structural projection data into a unified spatial framework, establish-
ing a consistent foundation for multimodal analysis.

Identification of common differentially expressed genes
The differentially expressed genes between the control and test sam-
ples from each spot were computed with the Seurat function Find-
Markers (https://satijalab.org/seurat/reference/findmarkers). Only
genes with adjusted p-values smaller than 0.05 were considered dif-
ferentially expressed genes. The DEGs were classified into the follow-
ing four categories: rapid primary response genes, delayed primary
response genes, secondary response genes, and other genes38.

Spatial correlation analysis between gene expression and fMRI
activation patterns
To quantify the association between transcriptomic changes and
functional activation patterns, we performed spatial correlation ana-
lyses between group-level gene expression change maps and group-
level opto-fMRI activation contrast maps in themPFC and SUB groups.

For each brain region (mPFC or SUB), analyses were restricted to
animals belonging to the ST subgroup, consistent with all fMRI ana-
lyses presented in the main figures. Group-level gene expression
change patterns were constructed as contrast maps, calculated as
spot-level gene expression differences between the ST subgroup and
the corresponding control condition, yielding one spatial expression
map per gene. Similarly, group-level fMRI activation patterns were
derived as optogenetically specific contrast maps, computed by sub-
tracting the matched control condition from the ST subgroup at each

Table 2 | Summary of habituation schedules for awake mouse optogenetic fMRI

Day1 Day2 Day3 Day4 Day5 Day6 Day7

Duration of habituation 30min 40min 50min 60min 60min 45min 45min

Acoustic noise - 95 db 100 db 110 db 120 db 120 db 120 db

Simulation - - - - - + +

Position of habituation Simulated scan Simulated scan Simulated scan Simulated scan Simulated scan Real scan Real scan

“−/+” means “absence or presence.”
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voxel, thereby isolating stimulation-specific BOLD responses. These
contrast maps were projected onto the same spatial framework as the
gene expression maps.

Spatial similarity between each gene expression map and the
corresponding fMRI activation contrast map was quantified using
Pearson’s correlation coefficient, computed across all shared spatial
locations. This resulted in one correlation coefficient per gene for the
mPFC and SUB groups, respectively.

To assess statistical significance while accounting for spatial
autocorrelation, nonparametric permutation testing was employed.
Specifically, 10,000 spatial surrogate fMRI activation maps were gen-
erated for each region using a spatial permutation procedure that
preserves the intrinsic spatial structure of the original activation con-
trast map. For each gene, correlation coefficients were recomputed
between the gene expression map and each surrogate activation map
to construct a null distribution. Two-sided permutation p-values were
calculated as the proportion of surrogate correlations whose absolute
values exceeded that of the observed correlation.

Permutation-based p-values (p<0.05, two-sided) were used to
identify genes exhibiting significant spatial correspondence with fMRI
activation patterns and to generate Fig. 4a and 4d. To further assess
robustness under stringent multiple-comparison control, permutation-
derived p-values were additionally corrected across all genes using the
Benjamini–Hochberg false discovery rate (FDR) procedure, and FDR-
corrected results are reported in Supplementary Data 2.

PLS modeling
Weutilizedpartial least squares (PLS) regression via theplsr function in
the R package pls (version 2.8.2) to explore the correlation and impact
between BOLD activation and spatial gene expression. The BOLD
activation map served as the independent variable, with differential
gene expression maps, direct projection maps, and the FosTRAP map
as the dependent variables. Data normalization was performed using
decimal scaling prior to PLS regression.

Leave-one-out cross-validation (LOOCV) was employed to evaluate
the predictive performance of our model. The predictive accuracy
across all iterations was averaged to yield the final accuracy estimate. To
ascertain the optimal number of PLS components, a permutation test
with 10,000 iterations, incorporating spatial-autocorrelation correction,
was conducted. Within each fold of LOOCV, the variable importance in
projection (VIP)47 scorewas computed to assess the contribution of each
variable—encompassing genes, FosTRAP, and projection data—across
different components. Variables with VIP scores greater than 1.5 were
deemed significant and were retained for further analysis.

The intersection of variables with VIP scores exceeding 1.5 across
all folds was identified, and these variables were designated the pre-
dictive markers in the final model. A subsequent 10,000 permutation
test was performed to determine the optimal number of PLS compo-
nents for the final model. The gene weights derived from each PLS
component were subsequently utilized for gene enrichment analysis.
We also explored the incorporation of overlapping genes (mPFC: 1868
genes, SUB: 1507 genes) resulting from lowering the VIP score
threshold to 1 into the final model and found that the spatial patterns
of the PLS components were similar to the current patterns (Fig. S13).

Gene enrichment analysis
Gene enrichment analysis was performed using Metascape (https://
metascape.org)94 and with Benjamini–Hochberg adjusted p values
(FDRs) < 0.05. Top weighted genes in PLS components analyzed and
visualized by ClueGO95, p <0.05 after FDR correction.

Data-driven activation mapping using principal component
analysis (PCA)
To complement the hypothesis-drivenGLManalysis, a data-drivenPCA
was performed on the preprocessed fMRI data from all optogenetic

stimulation runs in the test groups. For each subject, the voxel-wise
time series from all runs were concatenated and decomposed using
PCA implemented in Scikit-learn. The first principal component (PC1),
which captures the dominant pattern of co-varying signal variance
across the brain, was extracted for each animal. These individual PC1
maps were then normalized and used in a second-level group analysis
to create a group-average PCA activation map (Supplementary
Fig. S15). This model-free map was subsequently used in the PLS ana-
lysis alongside the GLM-derived maps to establish its spatial relation-
ship with the transcriptomic data.

Optogenetic behavioral tests
Behavioral assessments included the open field test, Y-maze sponta-
neous alternation test, Y-maze novel-arm test, and novel object
recognition test. All experiments were performed under optogenetic
stimulation, with stimulation parametersmatched to those used in the
opto-fMRI experiments. Mice were assigned to either the test or
control group.

In the open field test, mice were placed in a 40 × 40 cm arena
and allowed to explore freely for 10min. The center zonewas defined
as a 20 × 20 cm square. In the Y-maze spontaneous alternation test,
mice freely explored the maze for 10min. In the novel-arm test, one
armof the Y-maze was blocked, andmice were allowed to explore for
5min. Two hours later, the barrier was removed, and the mice were
reintroduced from the same starting arm for an additional 5min
exploration.

In the novel object recognition test, mice first freely explored the
open field for 10min. Two identical objects were then placed in the
apparatus (10 cm from each side wall), and mice were introduced
facing away from the objects and allowed to explore for 5min. After
1 h, one of the objects was replaced with a novel object differing in
both shape and color; mice were again introduced facing away from
the objects and allowed to explore for 5min. Exploration events were
manually counted and defined as instances in which the mouse
oriented its head toward the object within 1 cm and made contact or
investigative movements. The novel index was calculated as the pro-
portion of novel-object exploration events relative to the total number
of exploration events.

Locomotor trajectories were recorded using Smart v3.0, and
parameters including total distance traveled, center-zone distance,
spontaneous alternation rate, and the proportion of time spent in the
novel arm were extracted. Statistical analyses were performed in
GraphPad Prism 10.4.1 using unpaired two-sample t-tests for group
comparisons.

Measurement of light spread in fresh brain tissue
Light transmission measurements were performed following estab-
lished protocols96,97, using acute brain slices obtained from C57BL/6N
mice (N= 2). Coronal brain slices with thicknesses ranging from
200 µm to 1mm were prepared using a vibratome (VT1200S, Leica
Microsystems). Each brain slice was carefully placed on a thin glass
coverslip positioned directly above the sensor of an optical power
meter (Thorlabs). A 200-µm-diameter opticalfiber (NA =0.73) coupled
to a 473-nm blue laser was positioned perpendicular to the tissue
surface and aligned coaxially with the detector. The fiber tip was
placed directly above the cortical tissue. Blue laser light (15mWoutput
at the fiber tip) was delivered through the optical fiber, and the total
transmitted optical power was recorded by the power meter. For each
brain slice, two independent measurements were obtained. For each
tissue thickness, measurements were performed on three different
slices. To estimate the illuminated volume in the optogenetic config-
uration, a simplified geometrical model was applied, approximating
light propagation as a conical frustum based on the optical fiber
numerical aperture. Using this model, the light intensity ratio as a
function of tissue depth was calculated. Light transmission through
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the brain tissue was subsequently modeled using an exponential
attenuation function.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The spatial transcriptomics data generated in this study have been
deposited in the Gene Expression Omnibus (GEO) database under
accession code GSE284625. The fMRI data generated in this study are
under active use by the reporting laboratory; all the raw data that
support the findings of this study are available from the corresponding
authors upon request. The data for individual mouse thalamic BOLD
activation intensities, average time series associated with mPFC and
SUB neural activation, and gene enrichment analysis results associated
with GLM- and PCA-based BOLD activation patterns in themain figures
and Supplementary Information are provided with this paper in the
Source Data file. Source data are provided with this paper.

Code availability
All original code has been deposited at GitHub (https://github.com/
wangxiaoqun-lab/opto_fMRI_ST.git) and is publicly available.
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