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SUPPLEMENTARY INFORMATION

S1: Supplementary for Cytosplore Gradient Surfer (Chapter 4)

S1.1: Technical validation

We first evaluated robustness using the MERFISH spatial transcriptomics profile of a
mouse visual cortex slice. To maximize the number of genes available for analysis
and obtain stronger expression signals, we included only the imputed genes from
the MERFISH dataset. We ran Cytosplore Gradient Surfer on the original imputed
MERFISH dataset (Dataset Technical 1, DT1; 2,150 cells) as the reference. We
then generated a set of derivative datasets (collectively referred to as DT2 variants)
from DT1 by applying individual transformations, including rotation, reduced spatial
resolution, normalization, or dimensionality reduction, and evaluated each variant
relative to DT1.

S$1.1.1: Robustness against dataset rotation

We rotated the spatial coordinates in DT2 by 45°, 90°, 180°, and 270° (keeping DT1
fixed) and recomputed gene-position correlations. The same top-ranking gradient
genes emerged despite the geometric transformation. Layer-specific marker genes
that showed a clear laminar gradient in the unrotated data remained among the
highest-correlated genes after rotation, with their spatial expression patterns cor-
respondingly rotated. This result indicates that the method identifies consistent
patterns even when one dataset is rotated, as expected from its design to detect
stable gradients across spatial transformations.

$1.1.2: Robustness against cell subsampling

We assessed the robustness of the method under varying spatial cell densities by
randomly subsampling cells from the MERFISH dataset in DT2, removing 10-90% of
the cells (rows) and repeating the analysis. The method demonstrated strong stability
across all levels of data reduction. Both Spearman’s and Kendall’s rank correlations
remained high (>0.9) even after 90% data reduction, indicating excellent concor-
dance in gene ranking. Analysis of gene rank changes revealed that most genes
exhibited no or only minor rank changes, while moderate and major shifts were
infrequent. Similarly, the top 50-100 ranked genes retained over 90% stability across
all reduction levels. Although rank volatility increased progressively with greater
data loss, the magnitude of change remained moderate, suggesting that the method
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is resilient to sampling variability. The mean absolute rank shift was approximately 10
ranks out of 314 total genes at 90% reduction, further supporting the limited impact
of subsampling. Statistical analyses confirmed strong rank consistency (Spearman
and Wilcoxon signed-rank test, p < 1072 across all levels). Extreme ranks remained
stable, and gene movements showed no directional bias under subsampling.

Collectively, these results indicate that the method maintains strong reproducibil-
ity and robustness under substantial spatial subsampling, ensuring that key gene
rankings and biological interpretations remain consistent even with markedly re-
duced data density.

$1.1.3: Robustness against feature subsampling

To further assess robustness under varying feature dimensionality, we simulated a
realistic scenario in which datasets share only a subset of genes. We first identified the
top correlated genes (correlation coefficient > 0.5; n = 41) showing clear expression
gradients across the dataset. Among these, the top 5 genes were retained for compu-
tation across all derivative datasets, while the remaining 36 genes were divided into
two groups using two strategies: (i) random reduction, where genes were randomly
split, and (ii) alternating reduction, where genes were assigned based on rank order.

Using these subsets, we generated four derivative datasets by removing the cor-
responding gene groups from the original dataset (DT1), resulting in two random-
reduction and two alternating-reduction conditions. The analysis was repeated to
evaluate whether gene rankings within each dataset’s top 23 correlated genes (ranked
by correlation strength), consisting of 5 universally retained genes and 18 subset-
specific genes, were preserved under partial gene removal. In both random and
alternating reduction settings, all genes showed high preservation of their relative
rank positions within the top 23, with no major rank inversions observed.

Collectively, these results demonstrate that the method remains stable even under
substantial reductions in feature number. The preservation of rank structure across all
reduced-dimension datasets highlights its robustness and applicability to real-world
scenarios where datasets may only partially overlap in gene coverage.
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Supplementary Figure 1: Validation of conserved spatial gene expression gradi-
ents across primate species using a marmoset reference swipe. Spatial expression
maps of representative gradient-associated genes identified by interactive line-swipe
analysis across human, macaque, and marmoset brain slices (P7, P9, and P13,
respectively), with the line swipe performed on the marmoset slice. In the figure, R
denotes rank, P denotes positive expression rank, and N denotes negative expression
rank. The results illustrate that gradients identified in marmoset correspond to
conserved molecular patterns observed in other primate species.



94

[ ] R:1(N) R:2(N) R:1(N)
R
—t
=
= .
= ;. 1 B
] CNR1 -A
° R:1(N)
g
2
.©
et
L TESPA] ‘ c TESPA1 !z TESPA1 A
R:13(P) R:39(N) R:6(P, Mac),4 (P, Mar)
e
bl
=
=
[
a
L ST6GALNACS ST6GALNACS !; ARHGAE& A
R:15(P) R:1(N) R:8(P, Mac), 3 (P, Mar)
[} AR
2 ‘
2
= B
o] 7 i s i |
A ~ G . L
L] ; CRYM c GDA ; GDA”: A

Supplementary Figure 2: Validation of conserved spatial gene expression gradi-
ents across primate species using a macaque reference swipe. Spatial expression
maps of representative gradient-associated genes identified by interactive line-swipe
analysis across human, macaque, and marmoset brain slices (P7, P9, and P13,

respectively), with the line swipe performed on the macaque

slice. In the figure, R

denotes rank, P denotes positive expression rank, and N denotes negative expression
rank. The figure further supports the robustness of the approach in identifying
conserved spatial gene expression gradients across primate species.



[1]

(2]

(3]

(4]

(5]

(6]

(71

[8]

(91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

REFERENCES

B. Tasic, Z. Yao, L. T. Graybuck, et al. “Shared and distinct transcriptomic cell types
across neocortical areas”. In: Nature 563.7729 (2018), pages 72-78.

A. Butler, P. Hoffman, P. Smibert, et al. “Integrating single-cell transcriptomic data
across different conditions, technologies, and species”. In: Nature Biotechnology 36.5
(2018), pages 411-420.

L. Van der Maaten and G. Hinton. “Visualizing data using t-SNE.” In: Journal of Ma-
chine Learning Research 9.11 (2008), pages 2579-2605.

L. McInnes, J. Healy, and J. Melville. “Umap: Uniform manifold approximation and
projection for dimension reduction”. In: arXiv (2018), pages 2008-02.

E. Becht, L. McInnes, J. Healy, et al. “Dimensionality reduction for visualizing single-
cell data using UMAP”. In: Nature Biotechnology 37.1 (2019), pages 38-44.

J. Heer and B. Shneiderman. “Interactive dynamics for visual analysis: A taxonomy of
tools that support the fluent and flexible use of visualizations”. In: Queue 10.2 (2012),
pages 30-55.

F. A. Wolf, P. Angerer, and F. J. Theis. “SCANPY: large-scale single-cell gene expression
data analysis”. In: Genome Biology 19.1 (2018), page 15.

A. Regev, S. A. Teichmann, E. S. Lander, et al. “The human cell atlas”. In: eLife 6
(2017), e27041.

I. Yanai and M. Lercher. “A hypothesis is a liability”. In: Genome Biology 21.1 (2020),
page 231.

A. Mackiewicz and W. Ratajczak. “Principal components analysis (PCA)”. In: Comput-
ers & Geosciences 19.3 (1993), pages 303-342.

D. J. Ardesch, L. H. Scholtens, L. Li, et al. “Evolutionary expansion of connectivity be-
tween multimodal association areas in the human brain compared with chimpanzees”.
In: Proc. Natl. Acad. Sci. 116.14 (2019), pages 7101-7106.

T. E. Bakken, N. L. Jorstad, Q. Hu, et al. “Comparative cellular analysis of motor cortex
in human, marmoset and mouse”. In: Nature 598.7879 (2021), pages 111-119.

N. L. Jorstad, J. H. Song, D. Exposito-Alonso, et al. “Comparative transcriptomics
reveals human-specific cortical features”. In: Science 382.6667 (2023), ade9516.

Z. Dong and Y. Chen. “Transcriptomics: advances and approaches”. In: Science China
Life Sciences 56 (2013), pages 960-967.

M. E. R. Shafer. “Cross-Species analysis of single-cell transcriptomic data”. In: Front.
Cell Dev. Biol. 7 (2019), page 175.

A. Adil, V. Kumar, A. T. Jan, and M. Asger. “Single-cell transcriptomics: current meth-
ods and challenges in data acquisition and analysis”. In: Frontiers in Neuroscience 15
(2021), page 591122.



[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

[31]

[32]

96

S. I. O’'Donoghue, A.-C. Gavin, N. Gehlenborg, et al. “Visualizing biological data-now
and in the future”. In: Nature Methods 7.S3 (2010), S2-S4.

R. G. Briggs, O. Tanglay, N. B. Dadario, et al. “The unique fiber anatomy of middle
temporal gyrus default mode connectivity”. In: Operative Neurosurgery 21.1 (2021),
E8.

J. Davey, H. E. Thompson, G. Hallam, et al. “Exploring the role of the posterior
middle temporal gyrus in semantic cognition: Integration of anterior temporal lobe
with executive processes”. In: NeuroImage 137 (2016), pages 165-177.

S. Chen, Y. Chang, L. Li, et al. “Spatially resolved transcriptomics reveals genes associ-
ated with the vulnerability of middle temporal gyrus in Alzheimer’s disease”. In: Acta
Neuropathologica Communications 10.1 (2022), pages 1-24.

R. D. Hodge, T. E. Bakken, J. A. Miller, et al. “Conserved cell types with divergent
features in human versus mouse cortex”. In: Nature 573.7772 (2019), pages 61-68.

S. Lu, D. Fiirth, and J. Gillis. “Integrative analysis methods for spatial transcriptomics”.
In: Nature Methods 18.11 (2021), pages 1282-1283.

J. Qian, J. Liao, Z. Liu, et al. “Reconstruction of the cell pseudo-space from single-
cell RNA sequencing data with scSpace”. In: Nature Communications 14.1 (2023),
page 2484.

S. B. Linker, I. Narvaiza, J. Y. Hsu, et al. “Human-specific regulation of neural matu-
ration identified by cross-primate transcriptomics”. In: Current Biology 32.22 (2022),
pages 4797-4807.

J. R. Xue, A. Mackay-Smith, K. Mouri, et al. “The functional and evolutionary im-
pacts of human-specific deletions in conserved elements”. In: Science 380.6643 (2023),

eabn2253.

E. Kun and V. M. Narasimhan. “Fast-evolving genomic regions underlie human brain
development”. In: Nature 613 (2023), pages 37-38.

K. S. Pollard, S. R. Salama, B. King, et al. “Forces shaping the fastest evolving regions
in the human genome”. In: PLOS Genetics 2.10 (2006), e168.

G. Konopka, J. M. Bomar, K. Winden, et al. “Human-specific transcriptional regulation
of CNS development genes by FOXP2”. In: Nature 462.7270 (2009), pages 213-217.

R. J. Mangan, F. C. Alsina, F. Mosti, et al. “Adaptive sequence divergence forged new
neurodevelopmental enhancers in humans”. In: Cell 185.24 (2022), pages 4587-4603.

S. I. O’'Donoghue, B. F. Baldi, S. J. Clark, et al. “Visualization of biomedical data”. In:
Annual Review of Biomedical Data Science 1 (2018), pages 275-304.

C. B. Nielsen, M. Cantor, I. Dubchak, et al. “Visualizing genomes: techniques and
challenges”. In: Nature Methods 7.S3 (2010), S5-S15.

N. Gehlenborg, S. I. O’donoghue, N. S. Baliga, et al. “Visualization of omics data for
systems biology”. In: Nature Methods 7.Suppl 3 (2010), S56-S68.



[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

97

S. Nusrat, T. Harbig, and N. Gehlenborg. “Tasks, techniques, and tools for genomic
data visualization”. In: Computer Graphics Forum. Volume 38. 2019, pages 781-805.

C. B. Nielsen, S. D. Jackman, I. Birol, and S. J. Jones. “ABySS-Explorer: visualizing
genome sequence assemblies”. In: IEEE Trans. Visual. Comput. Graphics 15.6 (2009),
pages 881-888.

T. O’Brien, A. Ritz, B. Raphael, and D. Laidlaw. “Gremlin: an interactive visualization
model for analyzing genomic rearrangements”. In: IEEE Trans. Visual. Comput. Graph-
ics 16.6 (2010), pages 918-926.

J. Aurisano, K. Reda, A. Johnson, and J. Leigh. “Bacterial gene neighborhood investiga-
tion environment: A large-scale genome visualization for big displays”. In: 2014 IEEE
4th Symposium on Large Data Analysis and Visualization (LDAV). 2014, pages 103-104.

M. Hess, D. Jente, J. Wiemeyer, et al. “Visual analysis and comparison of multiple se-
quence alignments”. In: Proceedings of the Eurographics Workshop on Visual Computing
for Biology and Medicine. 2016, pages 31-40.

M. Meyer, T. Munzner, and H. Pfister. “MizBee: a multiscale synteny browser”. In: IEEE
Trans. Visual. Comput. Graphics 15.6 (2009), pages 897-904.

M. Meyer, B. Wong, M. Styczynski, et al. “Pathline: A tool for comparative functional
genomics”. In: Computer Graphics Forum. Volume 29. 2010, pages 1043-1052.

M. Meyer, T. Munzner, A. DePace, and H. Pfister. “MulteeSum: a tool for comparative
spatial and temporal gene expression data”. In: IEEE Trans. Visual. Comput. Graphics
16.6 (2010), pages 908-917.

T. Hollt, N. Pezzotti, V. van Unen, et al. “Cytosplore: interactive immune cell pheno-
typing for large single-cell datasets”. In: Computer Graphics Forum. Volume 35. 2016,
pages 171-180.

D. Feng, C. E. Whitehurst, D. Shan, et al. “Single Cell Explorer: collaboration-driven
tools to leverage large-scale single-cell RNA-seq data”. In: BMC Genomics 20.1 (2019),
page 676.

M. V. Patel. “iS-CellR: A user-friendly tool for analyzing and visualizing single-cell RNA
sequencing data”. In: Bioinformatics 34.24 (2018), pages 4305-4306.

V. Gardeux, F. P. A. David, A. Shajkofci, et al. “ASAP: A web-based platform for the
analysis and interactive visualization of single-cell RNA-seq data”. In: Bioinformatics
33.19 (2017), pages 3123-3125.

S. M. Huisman, B. van Lew, A. Mahfouz, et al. “BrainScope: Interactive visual explo-
ration of the spatial and temporal human brain transcriptome”. In: Nucleic Acids Res.
45.10 (2017), gkx046, e83.

A. Somarakis, V. Van Unen, F. Koning, et al. “ImaCytE: Visual Exploration of Cellular
Micro-Environments for Imaging Mass Cytometry Data”. In: IEEE Trans. Visual. Com-
put. Graphics 27.1 (2019), pages 98-110.



[47]

[48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

98

R. Krueger, J. Beyer, W.-D. Jang, et al. “Facetto: Combining unsupervised and super-
vised learning for hierarchical phenotype analysis in multi-channel image data”. In:
IEEE Trans. Visual. Comput. Graphics 26.1 (2020), pages 227-237.

M. S. Keller, I. Gold, C. McCallum, et al. “Vitessce: Integrative visualization of multi-
modal and spatially resolved single-cell data”. In: Nature Methods 22 (2025), pages 63—
67.

S. Jénicke, P. Kaur, P. Kuzmicki, and J. Schmidt. “Participatory visualization design as
an approach to minimize the gap between research and application”. In: Proc. VisGap.
Eindhoven, NL: EUROGRAPHICS, 2020, pages 35-42.

M. Brehmer and T. Munzner. “A multi-level typology of abstract visualization tasks”.
In: IEEE Trans. Visual. Comput. Graphics 19.12 (2013), pages 2376-2385.

A. Vieth, T. Kroes, J. Thijssen, et al. “ManiVault: A Flexible and Extensible Visual
Analytics Framework for High-Dimensional Data”. In: IEEE Trans. Visual. Comput.
Graphics 30.1 (2024), pages 175-185.

M. Bostock, V. Ogievetsky, and J. Heer. “D? data-driven documents”. In: IEEE Trans.
Visual. Comput. Graphics 17.12 (2011), pages 2301-2309.

L. Duhan, D. Kumari, M. Naime, et al. “Single-cell transcriptomics: background, tech-
nologies, applications, and challenges”. In: Mol. Biol. Rep. 51.1 (2024), page 600.

C. Darwin. The origin of species: By means of natural selection, or the preservation of
favoured races in the struggle for life. Cambridge University Press, 1859.

A. A. Hoffmann and P. A. Parsons. Extreme environmental change and evolution. Cam-
bridge University Press, 1997.

J. Tooby and L. Cosmides. “On the universality of human nature and the uniqueness of
the individual: The role of genetics and adaptation”. In: J. Pers. 58.1 (1990), pages 17—
67.

C. F. Underwood and L. C. Parr-Brownlie. “Primary motor cortex in Parkinson’s disease:
Functional changes and opportunities for neurostimulation”. In: Neurobiol. Dis. 147
(2021), page 105159.

Y. Qiu, J. Wang, J. Lei, and K. Roeder. “Identification of cell-type-specific marker genes
from co-expression patterns in tissue samples”. In: Bioinformatics 37.19 (2021). Edited
by A. Mathelier, pages 3228-3234.

D. Rosati, M. Palmieri, G. Brunelli, et al. “Differential gene expression analysis pipelines
and bioinformatic tools for the identification of specific biomarkers: A review”. In:
Comput. Struct. Biotechnol. J. 23 (2024), pages 1154-1168.

J. Costa-Silva, D. Domingues, and F. M. Lopes. “RNA-Seq differential expression anal-
ysis: An extended review and a software tool”. In: PLoS One 12.12 (2017). Edited by
Z. Wei, e0190152.



[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

99

J. Ding, A. Alavi, M. R. Ebrahimkhani, and Z. Bar-Joseph. “Computational tools for
analyzing single-cell data in pluripotent cell differentiation studies”. In: Cell Reports
Methods 1.6 (2021), page 100087.

N. Bhattacharya, C. C. Nelson, G. Ahuja, and D. Sengupta. “Big data analytics in single-
cell transcriptomics: Five grand opportunities”. In: WIREs Data Min. Knowl. Discovery
11.4 (2021), el414.

Y. Jeong, J. Ronen, W. Kopp, et al. “ScMaui: A widely applicable deep learning frame-
work for single-cell multiomics integration in the presence of batch effects and missing
data”. In: BMC Bioinf. 25.1 (2024), page 257.

X. Gao, D. Hu, M. Gogol, and H. Li. “ClusterMap: Compare multiple single cell RNA-Seq
datasets across different experimental conditions”. In: Bioinformatics 35.17 (2019),
pages 3038-3045.

K. Davie, J. Janssens, D. Koldere, et al. “A single-cell transcriptome atlas of the aging
Drosophila brain”. In: Cell 174.4 (2018), pages 982-998.

J. Zhao, A. Jaffe, H. Li, et al. “Detection of differentially abundant cell subpopulations
in scRNA-seq data”. In: Proc. Natl. Acad. Sci. 118.22 (2021), e2100293118.

Y. Wang, L. Chen, J. Jo, and Y. Wang. “Joint t-SNE for comparable projections of
multiple high-dimensional datasets”. In: IEEE Trans. Visual. Comput. Graphics 28.1
(2022), pages 623-632.

S. Basu, J. Eggermont, T. Kroes, et al. “Cytosplore Simian Viewer: Visual exploration
for multi-species single-cell RNA sequencing data”. In: Proc. VCBM. Eindhoven, NL:
EUROGRAPHICS, 2023, pages 111-120.

R. Fang, C. Xia, J. L. Close, et al. “Conservation and divergence of cortical cell orga-
nization in human and mouse revealed by MERFISH”. In: Science 377.6601 (2022),
pages 56-62.

R. Machold and B. Rudy. “Genetic approaches to elucidating cortical and hippocampal
GABAergic interneuron diversity”. In: Front. Cell. Neurosci. 18 (2024), page 1414955.

C. Scharff and J. Petri. “Evo-devo, deep homology and FoxP2: Implications for the
evolution of speech and language”. In: Philos. Trans. R. Soc. B Biol. Sci. 366.1574
(2011), pages 2124-2140.

S. Herculano-Houzel. “The human brain in numbers: A linearly scaled-up primate

brain”. In: Front. Hum. Neurosci. 3 (2009), page 31.

S. Bremm, T. von Landesberger, M. Hess, et al. “Interactive visual comparison of
multiple trees”. In: Proc. VAST. New York: IEEE, 2011, pages 31-40.

M. Harrower and C. A. Brewer. “ColorBrewer.org: An Online Tool for Selecting Colour

Schemes for Maps”. In: The Cartographic Journal 40.1 (2003), pages 27-37.

T. A. Hage, A. Bosma-Moody, C. A. Baker, et al. “Synaptic connectivity to L2/3 of
primary visual cortex measured by two-photon optogenetic stimulation”. In: eLife 11
(2022), €71103.



[76]

[77]

[78]

[79]

(80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

(88]

[89]

[90]

100

J. Brooke. “SUS: A “quick and dirty” usability scale”. In: Usability Evaluation in In-
dustry. Edited by P. W. Jordan, B. Thomas, B. A. Weerdmeester, and I. L. McClelland.
Volume 189. 194. Taylor and Francis, 1996, pages 189-194.

C. Stoiber, D. Ceneda, M. Wagner, et al. “Perspectives of visualization onboarding and
guidance in VA”. In: Vis. Inform. 6.1 (2022), pages 68-83.

G. A. Bouland, A. Mahfouz, and M. J. T. Reinders. “Consequences and opportunities
arising due to sparser single-cell RNA-seq datasets”. In: Genome Biol. 24.1 (2023),
page 86.

V. Svensson, S. A. Teichmann, and O. Stegle. “SpatialDE: Identification of spatially
variable genes”. In: Nature Methods 15 (2018), pages 343-346.

J. Zhuy, S. Sun, and X. Zhou. “SPARK-X: Non-parametric modeling enables scalable and
robust detection of spatial expression patterns for large spatial transcriptomic studies”.
In: Genome Biology 22.1 (2021), page 184.

C. Li, J. Thijssen, T. Kroes, et al. “SpaceWalker enables interactive gradient exploration
for spatial transcriptomics data”. In: Cell Reports Methods 3.12 (2023), page 100645.

J. Boyle, G. Hamm, E. Williams, et al. “Persist: robust identification of spatially variable
features in spatial omics datasets via topological data analysis”. In: arXiv preprint
(2025). arXiv:2505.04360, arXiv—2505.

Y. Jin, Y. Zuo, G. Li, et al. “Advances in spatial transcriptomics and its applications in
cancer research”. In: Molecular Cancer 23.1 (2024), page 129.

X. Wang, W. V. Li, and H. Li. “spCLUE: A contrastive learning approach to unified
spatial transcriptomics analysis across single-slice and multi-slice data”. In: Genome
Biology 26.1 (2025), page 177.

S. Basu, M. Wirthlin, J. Eggermont, et al. “Cytosplore EvoViewer: Visual analytics of
conserved evolutionary patterns in multi-species single-cell sequencing data”. In: 2025
IEEE 18th Pacific Visualization Conference (PacificVis). IEEE, 2025, pages 149-159.

B. Long, J. Miller, and The SpaceTx Consortium. “SpaceTx: A roadmap for bench-
marking spatial transcriptomics exploration of the brain”. In: arXiv preprint (2023).
arXiv:2301.08436, pages 2023-01.

M. N. Hewitt et al. “A cross-species spatial transcriptomic atlas of the human and non-
human primate basal ganglia”. In: bioRxiv (2025), pages 2025-11.

E. Lein, M. Hawrylycz, N. Ao, et al. “Genome-wide atlas of gene expression in the adult
mouse brain”. In: Nature 445 (2006), pages 168-176.

B. Tasic, V. Menon, T. Nguyen, et al. “Adult mouse cortical cell taxonomy revealed by
single cell transcriptomics”. In: Nature Neuroscience 19 (2016), pages 335-346.

L. Gray, Z. Yao, T. Nguyen, et al. “Layer-specific chromatin accessibility landscapes
reveal regulatory networks in adult mouse visual cortex”. In: eLife 6 (2017), e21883.



[91]

[92]

[93]

[94]

[95]

[96]

[971

[98]

[991]

[100]

[101]

[102]

[103]

101

A. Watakabe, S. Ohsawa, T. Hashikawa, and T. Yamamori. “Binding and complemen-
tary expression patterns of semaphorin 3E and plexin D1 in the mature neocortices of
mice and monkeys”. In: Journal of Comparative Neurology 499 (2006), pages 258-273.

R. Ferland, T. Cherry, P. Preware, et al. “Characterization of Foxp2 and Foxpl mRNA
and protein in the developing and mature brain”. In: Journal of Comparative Neurology
460 (2003), pages 266-279.

J. Gunnersen, M. Kim, S. Fuller, et al. “Sez-6 Proteins Affect Dendritic Arborization
Patterns and Excitability of Cortical Pyramidal Neurons”. In: Neuron 56 (2007),
pages 621-639.

K. Miya, K. Keino-Masu, T. Okada, et al. “Expression of Heparan Sulfate Endosulfatases
in the Adult Mouse Brain: Co-expression of Sulfl and Dopamine D1/D2 Receptors”.
In: Frontiers in Neuroanatomy 15 (2021), page 726718.

H. Zeng, E. Shen, J. Hohmann, et al. “Large-Scale Cellular-Resolution Gene Profiling in
Human Neocortex Reveals Species-Specific Molecular Signatures”. In: Cell 149 (2012),
pages 483-496.

Z. Yao, C. van Velthoven, M. Kunst, et al. “A high-resolution transcriptomic and spatial
atlas of cell types in the whole mouse brain”. In: Nature 624 (2023), pages 317-332.

A. Nagalski, L. Puelles, M. Dabrowski, et al. “Molecular anatomy of the thalamic
complex and the underlying transcription factors”. In: Brain Structure and Function
221 (2015), pages 2493-2510.

M. Turner, T. Chartrand, M. Summers, et al. “Exploring the correspondence between
gene expression and thalamic nuclei using the THALMANAC resource”. In: openRxiv
(2025), pages 2025-09.

T. Vitalis, C. Fouquet, C. Alvarez, et al. “Developmental expression of monoamine
oxidases A and B in the central and peripheral nervous systems of the mouse”. In:
Journal of Comparative Neurology 442 (2002), pages 331-347.

V. Petyuk, W.-J. Qian, M. Chin, et al. “Spatial mapping of protein abundances in
the mouse brain by voxelation integrated with high-throughput liquid chromatogra-
phy-mass spectrometry”. In: Genome Research 17 (2007), pages 328-336.

N. Ochandarena, J. Niehaus, A. Tassou, and G. Scherrer. “Cell-type specific molecu-
lar architecture for mu opioid receptor function in pain and addiction circuits”. In:
Neuropharmacology 238 (2023), page 109597.

T. Bakken, C. van Velthoven, V. Menon, et al. “Single-cell and single-nucleus RNA-seq
uncovers shared and distinct axes of variation in dorsal LGN neurons in mice, non-
human primates, and humans”. In: eLife 10 (2021), e64875.

Y. Miyamoto, I. Nagayoshi, A. Nishi, and T. Fukuda. “Three divisions of the mouse
caudal striatum differ in the proportions of dopamine D1 and D2 receptor-expressing
cells, distribution of dopaminergic axons, and composition of cholinergic and GABAer-
gic interneurons”. In: Brain Structure and Function 224 (2019), pages 2703-2716.



[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

102

C. Gerfen and D. Surmeier. “Modulation of Striatal Projection Systems by Dopamine”.
In: Annual Review of Neuroscience 34 (2011), pages 441-466.

L. Marcuse, M. Langan, P. Hof, et al. “The thalamus: Structure, function, and neu-
rotherapeutics”. In: Neurotherapeutics 22 (2025), e00550.

S. Sherman. “Thalamus plays a central role in ongoing cortical functioning”. In: Nature
Neuroscience 19 (2016), pages 533-541.

X. Zhou, P.-Y. Risold, and G. Alvarez-Bolado. “Development of the GABAergic and
glutamatergic neurons of the lateral hypothalamus”. In: Journal of Chemical Neu-
roanatomy 116 (2021), page 101997.

P. Bonnavion, L. Mickelsen, A. Fujita, et al. “Hubs and spokes of the lateral hypotha-
lamus: cell types, circuits and behaviour”. In: The Journal of Physiology 594 (2016),
pages 6443-6462.

R. A. Amezquita, A. T. Lun, E. Becht, et al. “Orchestrating single-cell analysis with
Bioconductor”. In: Nature Methods 17.2 (2020), pages 137-145.

J. S. Sadick, M. R. O'Dea, P. Hasel, et al. “Astrocytes and oligodendrocytes undergo
subtype-specific transcriptional changes in Alzheimer’s disease”. In: Neuron 110.11
(2022), pages 1788-1805.

S. Lehrer and P. H. Rheinstein. “RORB, an Alzheimer’s disease susceptibility gene, is
associated with viral encephalitis, an Alzheimer’s disease risk factor”. In: Clin. Neurol.
Neurosurg. 233 (2023), page 107984.

J. B. Gurdon and P.-Y. Bourillot. “Morphogen gradient interpretation”. In: Nature
413.6858 (2001), pages 797-803.

M. S. Cembrowski, J. L. Bachman, L. Wang, et al. “Spatial gene-expression gradients
underlie prominent heterogeneity of CA1 pyramidal neurons”. In: Neuron 89.2 (2016),
pages 351-368.

H. Zeng. “What is a cell type and how to define it?” In: Cell 185.15 (2022), pages 2739—
2755.

T. Lohoff, S. Ghazanfar, A. Missarova, et al. “Integration of spatial and single-cell
transcriptomic data elucidates mouse organogenesis”. In: Nature Biotechnology 40.1
(2022), pages 74-85.

S. Dan, M. A. Turner, M. DeBerardine, et al. “Spatial patterning of transcriptional and
regulatory programs in the primate subcortex”. In: bioRxiv (2025), pages 2025-11.





