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ABSTRACT OF THE DISSERTATION

Decoding Amplified targeted Transcripts with Fluorescent in situ Hybridization

(DART-FISH) reveals cellular heterogeneity of human cerebral cortex in space

by

Chien-Ju Chen

Doctor of Philosophy in Bioinformatics and Systems Biology

University of California San Diego, 2023

Professor Kun Zhang, Chair

Professor Eran Mukamel, Co-Chair

Human cerebral cortex is tremendously complex with distinct functional areas.

These functionally discrete areas lie on a large cortical sheet that has diverse cell types,

cytoarchitectures, and transcriptomic variations. Previously, lots of efforts were spent

to deciphering the areal cellular organizations and their molecular signatures. Recent

studies that use single-cell/nucleus RNA-sequencing to profile the whole transcrip-

tomes of human cortical areas extensively categorize the distinct transcriptomic cell
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types in these areas but the spatial information was lost during cell/nucleus isolation.

Thus, a spatial transcriptomic tool is required to further uncover the cytoarchitectures

and their spatial transcriptomes.

Recently, many spatial transcriptomic tools have emerged but have different as-

pects of disadvantages such as low sensitivity, low spatial resolution, and low through-

put. These limitations restrict their direct application to postmortem human brain

tissue that have large size, general low tissue quality, and high autofluorescence signals.

Here, we developed Decoded Amplified taRgeted Transcripts with Fluorescent in situ

Hybridization or DART-FISH, a versatile padlock probe-based technology capable of

profiling hundreds of genes in centimeter-sized human tissue sections at cellular reso-

lution. As proof of principle, we measured 121 genes in human primary motor cortex

(M1C), benchmarked, and validated its reproducibility, sensitivity, and specificity.

In addition, we applied DART-FISH to measure spatial expression of 484 genes

in 9 human cortical areas along the rostrocaudal axis. Meanwhile, SNARE-seq2 was

used to profile the whole transcriptomes of isolated nuclei from these areas. With

the alignment of DART-FISH cells with pre-annotated SNARE-seq2 nuclei, spatially

resolved transcriptomic cell atlases of human cerebral cortex were generated. In line

with previous studies in M1C, these cortical areas are all composed of 24 cell subclasses

of excitatory neurons, inhibitory neurons, and non-neuronal cells. Also, the found the

cytoarchitectures of these cortical areas are similar except the rostral most anterior

cingulate cortex (ACC) and the caudal most primary visual cortex (V1C). V1C showed

the most drastic specialization, with tremendous expansion of layer 4 and increase of

L4 IT neurons. To sum up, our findings suggest that these cortical areas have subtle

cytoarchitectural and transcriptomic variations, except those areas at the poles of the

rostrocaudal axis.
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CHAPTER 1: INTRODUCTION

Anatomy and functions of human cerebral cortex

Neuroanatomy of human cerebral cortex

Human cerebral cortex is the outer layer of human cerebrum and contains

diverse cell types organized in complicated structures. At the cellular level, it has

been reported that the human brain contains 86 billion neurons and approximately 10

times more glial cells[1]. Strikingly, the cerebral cortex alone makes up to 82% of the

mass and contain 16 billion neurons (19% of neurons in the adult human brain)[1].

In addition, cerebral cortex plays critical roles in sensory, motor, cognitive functions,

and intellectual capabilities. Anatomically, human cerebral cortex can be further di-

vided into neocortex (isocortex) and allocortex. Allocortex includes olfactory cortex,

hippocampus, and paleocortex. It is phylogenetically older than neocortex and char-

acterized by less layers of cell in these structures. On the other hand, neocortex is

characterized by the 6 laminar layers of neurons and non-neuronal cells[2]. It under-

goes tremendous expansion and folding during evolution and constitutes 90% of the

cerebral cortex. It’s widely considered it’s the expanded and convoluted neocortex in

cerebral cortex that set human beings apart from rodents (mostly Mus musculus) and

non-human primates (mostly Macaca mulatta[1, 3–5]). It is associated with higher-

order brain functions such as sensory perception, spatial reasoning, cognition, and

language. Moreover, it can be further divided into frontal, parietal, occipital, and

temporal lobes with distinct functional areas characterized by their neuronal connec-

tivity. To study the association of these functional areas and the structure of the

cerebral cortex, it’s important to characterize the subdivisions of the cortical sheet

and map each subdivision to related brain functions.
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Functional areas and Brodmann areas

To this end, German anatomist Korbinian Brodmann pioneered the work over

a century ago and defined over 40 Brodmann areas based on the cytoarchitecture of

neurons in different subdivisions of cerebral cortex[6]. Although these areas defined by

cytoarchitecture were refined with more advanced cellular and molecular techniques,

nowadays, these Brodmann areas are still widely used in neuroscience studies. On

the other hand, people used functional magnetic resonance imaging (fMRI) to in-

vestigate the large-scale functional network of human brain. Previous studies have

implemented clustering-based methods to divide cortical vertices into a few functional

networks composed of 264 functional areas based on resting-state functional connec-

tivity (RSFC) MRI in adult brains[7, 8]. Even these cortical areas are defined with

different methods, some Brodmann areas are closely related to various functionally

discrete areas. For example, Brodmann area 4 is linked to primary motor cortex

(M1C) while area 17 is related to primary visual cortex (V1C). To further study how

the cortical areas defines the related brain functions, it’s important to investigate

development and arealization of the cerebral cortex.

Development of human cerebral cortex

Neural stem cells in neuroepithelium

Prior to the neurogenesis, neuroepithelial cells at the ventricular zone (VZ) of

the neural tube undergo symmetric cell division and produce ventricular radial gial

(vRG) cells, a predominant founding neural stem cell (NSC) in VZ. In response to the

morphogen gradients, including fibroblast growth factor (FGF), Wnts, Sonic hedgehog

(Shh) and bone morphogenetic proteins (BMPs), vRG cells start expressing pattern-

ing transcription factors such as EMX1, EMX2, PAX6, LHX2, and COUP-TF1[9–12].

These observations of pre-patterned expression of these transcription factors inducing

region-specific neurodevelopment at early stage. Around post-conception week (pcw)

12 of human development, outer radial glia (oRG) cells are produced by asymmetric
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cell division from vRG and form a distinct anatomical zone called outer subventricular

zone (OSVZ)[13]. The radial glia fibers of oRG cells can extend to the pial surface,

which can act as scaffolds to support the migration of subsequently developed neu-

rons to produce supragranular layer[14]. It was reported that oRG cells may play

critical roles in gyrification of cerebral cortex and the formation of cytoarchitectonics

in different brain regions[15, 16]. The other daughter cell asymmetrically dividing

from vRG, called truncated radial glia (tRG), emerges around pcw 14-14.5. The tRG

cells stay in VZ and regrowth their radial fibers. However, the radial fiber growth of

tRG is confined and cannot reach the pial surface, disabling the capacity of tRG to

support the neuronal migration to the cortical plate (CP)[14, 17]. It was observed in

primates that neurons derived from the same group of progenitors radially migrated

and resided in nearby positions of the adult cerebral cortex[18]. Hence, Rakic pro-

posed the radial unit hypothesis, suggesting that the cortical expansion could result

from the changes of the proliferative kinetics of founder cells in VZ that increase the

number of radial columnar units without altering the number of neurons within each

unit.[19]. Therefore, the expansive divisions of vRG and the number of oRG cells

seem to be related to the tangential expansion of the cortical surface. Nonetheless,

if oRG is directly linked to tangential cortical expansion is still elusive. In addition

to these RG cells, intermediate progenitor cells (IPCs) exist in subventricular zone

(SVZ) could divide symmetrically and differentiate into postmitotic neurons[20]. The

IPCs could be more heterogeneous in terms of their morphologies, molecular proper-

ties, proliferative capacity. For example, human IPCs in OSVZ were reported to have

higher proliferative capacity and could undergo expansive division[15]. Also, it was

discovered that IPCs could have potential to differentiate into RG cells[21]. These

studies imply that IPCs play critical roles in cell fate decision in developing human

cortex. However, if IPCs in different cortical areas have different molecular proper-

ties that give rise to the area-specific phenotypes in human cortex still remains to be

investigated.
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Glutamatergic excitatory neurons and laminar layer formation

In the human cortex, neuronal production starts around pcw 6 and lasts

through mid-gestation and possibly third trimester[22]. Two major neuronal cell

classes with distinct origins are generated. Glutamatergic/excitatory pyramidal neu-

rons and GABAergic/inhibitory interneurons are generated from RGs or IPCs in

dorsal and ventral embryonic telencephalon, respectively. Also, the excitatory and

inhibitory neurons constitute 70-80% and 20-30% cortical neurons, respectively[23].

Notably, two pioneer neurons, Cajal-Retzius neurons and subplate neurons, arrive at

the CP even earlier than excitatory neurons and populate the marginal zone (MZ)

and subplate region of the cerebral cortex, respectively. The Caja-Retzius neurons

are derived from developing pallium and play roles in coordinating the radial migra-

tion of excitatory pyramidal neurons[24, 25]. Subplate neurons, on the other hand,

are derived from the progenitor cells in VZ and act as an organizer in cortical devel-

opment[26]. In contrast to mouse whose Cajal-Retzius and subplate neurons mostly

disappear in early development, Cajal-Retzius neurons stay in the cortical layer 1 and

subplate neurons give rise to the interstitial neurons in the white matter region of

human cerebral cortex. The newborn excitatory neurons are directly produced in the

cortex and migrate to the layer 2-6 of CP via the radial fibers of oRGs in an ”inside

out” manner[27]. That is, the early-born neurons migrate to the deep layers of the cor-

tex while the late-born neurons migrate to the upper layers. These cortical excitatory

neurons combined with the Cajal-Retzius and subplate neurons overall establish the 6

laminar layers and white matter (WM) zone of the cerebral cortex. Nonetheless, the

maturation of excitatory neurons continue even after their arrival to CP. The corti-

cal excitatory neurons undergo further refinement and can be separated into different

subtypes based on their laminar layer positions and neuronal projections[28]. A study

performing large-scale gene profiling of human neocortex at cellular-resolution dis-

covered species-specific molecular signatures for these excitatory neurons at different

layers[29]. More recently, a study using single-nucleus RNA-sequencing (snRNA-seq)

to investigate the gene expression profile of the adult human cortex at different lam-
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inar layers identified new markers of layer identity[30]. It’s worth noting that these

molecularly defined excitatory neurons could present in more than one laminar layer,

implying the interplay of molecular identity and laminar position may come together

to define the diverse cell types within and across cortical areas.

GABAergic inhibitory interneurons

GABAergic inhibitory interneurons, in contrast, are mostly generated in me-

dial ganglionic eminence (MGE), caudal ganglionic eminence (CGE), and the pre-

optic area (POA)[31–34]. The inhibitory neurons have rather diverse morphological,

molecular, and connectivity properties[35]. Based on the morphological and molecu-

lar properties, MGE-derived inhibitory neurons can be further divided into PVALB,

Chandelier, SST, SST CHODL subtypes while CGE-derived inhibitory neurons have

LAMP5, LAMP5 LHX6, VIP, SNCG, and PAX6 subtypes. They migrate tangentially

with complicated routes to CP and integrate with the cortical excitatory neurons to

form local microcircuits in developing cortex[36]. Some studies have shown that the

extrinsic cues from cortical neurons can guide the migration and wiring of interneu-

rons to form local microcircuits. For example, it was shown that induction of specific

types of cortical excitatory neurons in the subcortical regions cause recruitment of the

layer-specific interneurons, implying that extrinsic cues from excitatory neurons can

mediate the migration and positioning of interneurons[37]. Recent findings also sug-

gest the establishment of synaptic connections between interneurons and excitatory

neurons could happen in a cell type specific manner in prefrontal cortex (PFC)[38].

Therefore, the extrinsic cues and the cell type specific synaptic connections may come

together to refine the integration of interneurons into the neuronal circuits.

Arealization of cerebral cortex

Intrinsic gene expression and extrinsic signaling

It’s been discovered that adult human cerebral cortex has tremendous regional

variations regarding the cell number, density, lamination of distinct cell types, and
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specialized functions[6, 39, 40]. Over the past decades, how the functionally discrete

areas form from a relatively uniform neuroepithelium during brain development was

heavily investigated and people came up with two main hypotheses. The first hypoth-

esis is called ”protomap” hypothesis, stating that the pre-patterned progenitor cells

are formed during neurodevelopment and these progenitor cells result in area-specific

molecular features and local circuitry[41]. The second hypothesis is called ”proto-

cortex” hypothesis, suggesting that the cerebral cortex is initially homogeneous and

area-specific features form in response to external stimuli, especially thalamocortical

afferents [42–44]. With decades of efforts, people now realize that these two hy-

potheses may reconcile to explain different stages and areas of the cerebral cortex

development[45, 46].

From animal models, it’s been discovered that the pre-patterned neural pro-

genitor cells form in response to the extrinsic morphogen gradients, including BMPs,

Wnts, Shh, and FGF[11, 46]. In a recent study, many differentially expressed genes

were found in various types of cells, including neural progenitor cells, in distinct cor-

tical areas of early developing human brain in the second trimester[47]. Besides, they

also discovered that the areal difference of the molecular signatures are rather dy-

namic. Specifically, they analyzed the differentially expressed genes for cell types

in the excitatory lineage (RG, IPC, excitatory neurons) across human cortical ar-

eas, including PFC, motor cortex, somatosensory cortex, parietal cortex, temporal

cortex, and V1C in the second trimester. Surprisingly, more differentially expressed

genes were found in RGs than in excitatory neurons. In contrast, the specificity of

areal markers was higher in excitatory neurons than in RGs, consistent with previous

findings[44]. In line with a previous study reporting PFC and V1C neurons showed

drastically different gene expression profile right after their birth[48], this recent study

further discovered the RGs in PFC and V1C are already mutually exclusive, indicating

two distinct gene expression programs mediating the arealization of these two cortical

areas in early developing human cortex. These findings suggest that the cell-intrinsic

markers of the cortical areas are already established in the neural progenitor cells (i.e.
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RG), supporting the longstanding protomap hypothesis.

In addition to extrinsic morphogenic cues and the intrinsic gene expression of

various types of cells during early cortical development, it’s been proved that extrinsic

signals from thalamus also play important roles in the neuron maturation and cortical

area refinement. For example, thalamocortical stimuli can instruct the integration of

MGE-derived interneurons in the mouse somatosensory cortex during early develop-

ment[49, 50]. In addition to the sensory areas, it’s revealed that thalamus inputs are

also critical for the radial positioning and maturation of MGE-derived interneurons in

the postnatal mouse PFC[51]. Besides, it’s reported that thalamocortical axon input

is required to drive further differentiation of the large occipital visual cortical field into

primary visual area (V1C) and higher-order visual areas[52]. This finding requires the

reconciliation of the prevailing protomap hypothesis with the protocortex hypothesis

and implies distinct stages of arealization of visual cortex. In early stage, intrinsic

genetic mechanisms drive the specification of the occipital visual cortical field. In later

stages, the occipital visual cortical field with relatively uniform gene expression profile

requires external input from thalamocortical axon to further differentiate into V1C

and higher-order visual areas. Together, the arealization of cerebral cortex requires

molecular mechanisms from both intrinsic gene expression and extrinsic signaling.

Molecularly defined cortical areas by gene expression profiles

To decipher the molecular phenotypes underlying the functionally distinct cor-

tical areas, people have launched multiple waves of large-scale transcriptomic studies

since the invention of microarray. First, Šestan’s group used microarray to measure

exon-level transcriptome of bulk tissues dissected from 11 topographically defined

cortical areas of postmortem human brains spanning from early fetal development

through old age (pcw 10 to 82 years old)[53, 54]. In their analysis, they discovered

the areal transcriptomic difference follows an hourglass pattern in time, separating the

human cortical development into three major stages, prenatal development, preadoles-

cence, and adolescence. During prenatal development, they found the highest amount

of differential expressed genes across areas and gradient-like expression patterns. In
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the preadolescent stage, less transcriptomic difference across areas and increased syn-

chronization of areal transcriptomes were observed. From the adolescence onward, the

number of differential expressed genes across areas slightly increased but the gradient-

like spatial patterns were lost, implying more subtle transcriptomic variations in the

adult human cortex. To build a more comprehensive transcriptional atlas of the adult

human brain (Allen Human Brain Atlas), scientists in Allen Institute of Brain Science

(AIBS) performed an extensive microarray profiling of around 900 neuroanatomically

precise subdivisions in two adult human brains[55]. Although the microdissection of

human brain provided higher spatial resolution, they still found the neocortex displays

a relatively uniform transcriptional patterns but with distinct features associated with

primary sensorimotor cortices and with enriched frontal lobe expression. Also, they

noticed the closer two cortical areas, the more similar their transcriptomes.

Afterward, the emergence of bulk RNA-sequencing (RNA-seq) allows people

to re-evaluate the more subtle transcriptomic variations in adult human cortex with

higher sensitivity and specificity. A research group leveraged bulk RNA-seq to measure

poly(A)+ RNA fraction in 8 brain regions, including 5 cortical areas, across human,

chimpanzees, gorillas, a gibbon, and macaques[56]. Surprisingly, such bulk RNA-

seq profiles didn’t find pronounced transcriptomic difference between cortical areas.

Nonetheless, bulk RNA-seq averages the gene expression across the entire cell popula-

tions in the tissues. Thus, the areal transcriptomic variations across cortical areas are

obscured, especially when the major cell types such as glutamatergic and GABAergic

neurons are present in most cortical areas. With the advent of single-cell/nucleus

RNA-sequencing (sc/snRNA-seq), people are able to measure the transcriptomic pro-

files of individual single-cells in developing and adult brains across multiple species[47,

48, 57–59]. Generally, single-cell transcriptomic analysis of developing and adult brain

recapitulates the temporal hourglass patterns of areal transcriptomic divergences and

also uncovers unique gene expression profiles within and between cortical areas that

were previously missed by microarray or bulk RNA-seq. For example, the subtle

transcriptomic differences between excitatory and inhibitory neurons in adult mouse
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neocortex were disentangled. Also, an atlasing work revealed that the coarsely de-

fined subclasses of excitatory neurons were shared between most cortical areas while

the inhibitory neuron transcriptomes are mostly homogeneous across the cortex[59].

Besides, the subclasses of excitatory neurons exhibited subtle different transcriptional

profiles that give rise to the gradual transcriptomic shifts across the anterior-posterior

and mediolateral axis in the adult mouse cortex. At the molecular level, they also

discovered graded expression of some genes that have similar expression level in neigh-

boring cortical areas and become gradually different with the increase of spatial dis-

tance in both developing and adult cortex[47, 59]. For example, the expression of

marker gene NR2F1 is expressed at higher level in posterior most V1C than ante-

riorly located PFC. More examples of these marker genes showing gradient patterns

were reviewed in Cadwell C. R. et al.’s paper[46]. In addition to the graded expression

of these genes across cortical areas, they also discovered the gradual transcriptomic

differences across laminar layers in each cortical areas. For example, the laminar

layer marker gene RORB spans across multiple layers but enriched in layer 4 of many

cortical areas. Nonetheless, discrete area-specific expression of individual genes were

also found in the developing human cortex. For example, the subcortical projection

marker BCL11B and the intracortical projection marker SATB2 co-expressed in PFC

neurons but did not colocalize in V1C neurons[48]. To sum up, the gene expression

profiles across cortical areas become increasingly similar during cortical development

but the subtle areal transcriptomic differences in the adult brain sufficiently give rise

to the functionally distinct cortical areas.

Transcriptomic cytoarchitecture of human cerebral

cortex

Diverse cell types in human brain

The adult human cerebral cortex is remarkably complex, with distinct func-

tional areas having cytoarchitectures that are made up of diverse neurons as well as
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glial cells. Hence, understanding these neurons and glial cells and their spatial orga-

nization is critical to decipher their relation to complicated brain functions. However,

the neurons and glial cells are rather complicated and heterogeneous. They display

diverse molecular, physiological, morphological, and functional properties[60].Thus,

grouping these cells into cell types, cells with similar properties, is an important step.

To categorize cell types in the brain, people use different modalities to charac-

terize the features of neurons and glial cells. Over a century ago, Ramon y Cajal has

pioneered the work and reported stereotyped neuron types based on their shapes visu-

alized by Golgi stain[61]. Also, people use in vivo electrode recording and functional

imaging to investigate electrophysiology of these cells. Moreover, electron microscopy

was used to study the detailed morphology and connectivity of neurons at super high

spatial resolution. However, these modalities either better examine cells in vivo or

have low throughput, making it challenging to study diverse cell types of the brain

in an unbiased and comprehensive way. A quantitative, scalable, and standardizable

approach is required to obtain more rigorous cell type categorization.

Molecular cell-typing by single-cell/nucleus transcriptomics

With the advent of next-generation sequencing (NGS), sc/snRNA-seq is now

widely used to categorize cell types in different species and brain regions due to its high

throughput and high dimensionality. It’s possible to measure the whole transcriptome

of thousands of cells or nuclei in one sc/snRNA-seq assay. Combined with data-driven

computational clustering, cell types can be defined in a more rigorous and quantita-

tive manner. With this scalable and quantitative technique, Zeng’s group identified

133 transcriptomic cell types in mouse V1C and anterior lateral motor cortex[62].

Also, they found nearly all types of GABAergic neurons were shared in these two

functionally distinct cortical areas. In contrast, most types of the glutamatergic neu-

rons appeared in one of the two regions. In 2017, the Brain Initiative Cell Census

Network (BICCN) launched a collaborative endeavor aiming to generate comprehen-

sive brain cell atlases of mouse, monkey, and human brain[63]. In 2021, BICCN

published a multimodal cell census and atlas of the M1C in mouse, marmoset and
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human[64]. Integrated analysis of snRNA-seq datasets across species was performed

and a consensus taxonomy of transcriptomic cell types with their hierarchical orga-

nization was reported. Specifically, 45 conserved subclasses spanning three major

cell classes, including 24 GABAergic, 13 glutamateric, and 8 non-neuronal subclasses,

were identified. With finer clustering, more transcriptomic cell types under each sub-

class were discovered. Strikingly, it was reported that human M1C alone contained

127 cell types, reflecting the highly diverse nature of the human brain cells.

From single-cell transcriptomics to spatial transcriptomics

In addition to single-cell transcriptomics, analyzing gene expression of single-

cells in its spatial context is critical to link gene expression profile to anatomical, func-

tional, and physiological properties in biological studies[65–68]. Many studies have

identified more than 2000 mRNAs with different subcellular localization patterns in

the somatic, dendritic, and axonal regions of neurons[69–71], indicating important

roles of the spatial transcriptome in neuronal functions. For example, it was found

that the 3’UTR of CAMK2A mRNA regulates dendritic mRNA localization and pro-

motes long-term potentiation and memory formation[72, 73]. Also, some mRNAs are

positioned near synapses and translated locally to maintain synaptic plasticity[74].

Although sc/snRNA-seq is powerful at profiling the whole transcriptome, the spatial

information of each single-cell is lost during cell or nucleus isolation. Thus, the tool

to measure gene expression of each single-cell in space is much needed.

Technologies to measure gene expression in space

Gold standard method - single-molecule fluorescence in situ

hybridization (smFISH)

To measure gene expression of each single-cell in situ, Arjun et al. developed

single-molecule fluorescence in situ hybridization (FISH), or smFISH. Briefly, RNA

molecules in the samples were hybridized with 48 fluorophore-labeled probes to gen-

erate diffraction-limited spots visualized by fluorescence microscopy. Combined with
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cell/nucleus staining, RNA spots could be assigned to cell/nucleus in proximity to

profile the gene expression of each single-cell in space. Since smFISH has higher sensi-

tivity than scRNA-seq (>95% detection rate)[76], smFISH becomes the gold standard

method in spatial transcriptomics field. However, the multiplexity of smFISH is lim-

ited due to the spectral overlapping of fluorophores. Traditional wide-field fluorescence

microscopes usually only image three to four fluorophores while a previously published

method with special filter set-up was able to image seven fluorophores at maximum

without signal cross-talk between fluorescent channels[77], restricting smFISH to mea-

sure only a few RNA species in situ. To increase the multiplexity, Linnarsson’s group

further developed cyclic-ouroborous smFISH method (osmFISH)[78] which linearly

scaled up the number of targeted genes by multiple rounds of FISH. They used osm-

FISH to measure 33 genes in 4,839 cells and reveal the spatial organization of 31 cell

types in mouse somatosensory cortex. Nonetheless, higher multiplexity to measure

hundreds of genes is still required to resolve more cell types or biological pathways.

Sequencing-based methods

With NGS, more sequencing-based methods such as Spatial Transcriptomics[79]

and Slide-seq[80] has been developed. Generally, these methods transfer mRNA

molecules in tissue sections to a surface coated with spatially barcoded DNA oli-

gos so that the spatial information of these RNA molecules could be registered and

sequenced. In detail, Spatial Transcriptomics immobilized arrayed DNA oligos to gen-

erate spatially-barcoded spots at a diameter of 100 µm and a center-to-center distance

of 200 µm on a glass slide. This method was further improved with 10x Genomics

barcoding technology and commercialized as 10x Visium platform with 55-µm spa-

tially barcoded spots in late 2019. On the other hand, Slide-seq deposited 10-µm

DNA-barcoded beads on a glass surface, forming a monolayer (they termed a ”puck”)

to capture RNA molecules in tissue sections. Although these methods can reach

transcriptome-wide gene expression of tissue sections, the spatial resolution of these

methods are generally not at single-cell level. Also, the material transfer and the low

capture efficiency restrict their sensitivity. It was reported the sensitivity of Spatial
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Tanscriptomics and Slide-seq was 6.9%[79] and 1%[80] of smFISH, respectively.

More recently, Fan’s group leveraged microfluidics and developed DBiT-seq to

achieve spatial barcoding in situ[81]. Briefly, they used parallel microfluidic channels

to deliver the first oligo-dT-tagged DNA barcodes with a ligation linker to tissue sec-

tions. Then, these barcodes will hybridize with mRNAs and be ligated with the second

DNA barcodes delivered by microfluidic channels from a perpendicular direction, gen-

erating 2D mosaic tissue pixels. After in situ ligation and reverse transcription, the

spatial information of mRNAs can be registered and sequenced. With all chemistry

performed in situ, DBiT-seq could have higher capture efficiency. The sensitivity of

DBiT-seq was estimated to detect an average of 15.5% of total mRNA transcripts

defined by smFISH. However, the spatial resolution of DBiT-seq is limited by the

10-µm width of the parallel microfluidic channels. So, the spatial resolution and the

sensitivity still have room for further improvement.

Imaging-based methods

In addition to previous methods that relies on NGS, Je Hyuk Lee et al. devel-

oped FISSEQ to sequence crosslinked cDNA amplicons in situ on a confocal micro-

scope[82, 83]. Generally, FISSEQ starts with reverse transcription and amplifies cD-

NAs by rolling circle amplification (RCA). Then, the cDNA amplicons are crosslinked

in cells or tissues and sequenced using a sequencing-by-ligation strategy. Thus, FIS-

SEQ enables transcriptome-wide profiling of gene expression in situ and preserves the

cytoarchitecture of the tissue samples. Also, the RCA reaction in FISSEQ creates

hundreds of sequencing templates during confocal imaging, making it easily overcome

the autofluorescence background in the human tissues. Although FISSEQ substan-

tially revolutionizes the technology by making RNA-seq in situ, it still has some

disadvantages. First, most reads in FISSEQ samples are mapped to ribosomal RNAs

(rRNAs) or housekeeping genes, which are not illuminating for annotating diverse cell

types in complexed tissues. For example, it was reported that 82.7% reads in cultured

fibroblasts measured by FISSEQ were ribosomal RNAs (rRNAs)[82]. Second, the

sequencing-by-ligation procedures in FISSEQ is time-consuming and costly, making
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it hard to handle large tissue samples. Therefore, a highly multiplexed and targeted

method is desired to measure informative RNA species in situ.

To measure targeted genes and improve the multiplexity, many research groups

developed imaging-based methods such as MERFISH[84], seqFISH+[85], STARmap[86],

HybISS[87], and BOLORAMIS[88], to scale up the multiplexity exponentially by com-

binatorial barcoding. Take one of the first published method, MERFISH, as an ex-

ample. MERFISH is generally similar to smFISH. It uses primary probes to tile RNA

molecules in tissue sections and the gene-unique barcodes are molecularly realized by

adding a combination of readout sequences to the sides of the primary probes. Af-

ter multiple rounds of FISH, the identities of the RNA spots could be decoded by

checking the gene-barcode codebook. Although each round of FISH may introduce

non-specific signals, enforcing the barcodes having hamming distance (HD) of 4 and 2

could allow error-correction and error-detection capacity of MERFISH, respectively,

to remove these noises. With the combinatorial barcoding, the number of detected

genes increase exponentially with the number of FISH round. Since the chemistry of

MERFISH is similar to smFISH, MERFISH also have high sensitivity and the spa-

tial resolution is at single-cell level. However, the MERFISH signals are generally at

low intensity in the raw images, making it hard to apply to human tissues contain-

ing high autofluorescence signals derived from lipofuscin granules[89, 90], collagen,

elastin[91] and mitochondia[92, 93]. Also, it uses a high magnification objective with

high numerical aperture (NA) to visualize the diffraction-limited spots, making it

time-consuming when handling large tissue sample. In addition, the signal genera-

tion strategy requires probe tiling of sufficiently long RNA molecules, restricting it to

detect RNA species shorter than 1.5k nt. Hence, further development is required to

overcome these disadvantages.

To address these problems, Wang’s group used SNAIL probes in STARmap[86]

while Daniel Gyllborg et al. and Songlei Liu et al. used padlock probes in Hy-

bISS[87] and BOLORAMIS[88], respectively, to incorporate combinatorial barcoding

and signal amplification in their methods. In STARmap, a SNAIL probe is composed
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of a pair of primer and padlock probes. Gene-unique barcodes are placed on the

backbone of the padlock probes. The padlock probes will be circularized and ampli-

fied by RCA reaction only when the primer and padlock probe capture the targeted

RNA molecules. This SNAIL design can exclude noises arise from the nonspecific hy-

bridization. Additionally, the resulting RCA colonies or ”rolonies” contain hundreds

of copies of gene-unique barcodes in the form of nanoballs, fulfilling signal amplifi-

cation in STARmap. Afterward, the amplified gene-unique barcodes are decoded by

in situ sequencing by ligation with two-base encoding for error correction (SEDAL)

strategy. This readout strategy includes extra error reduction capacity but the T4

DNA ligase reaction takes 3 hours in each readout cycle, making the whole image

acquisition rather time-consuming. Similarly, in HybISS, people used padlock probes

containing gene-unique barcodes on their backbone to capture cDNAs and generate

rolonies in situ. Then, they used bridge probes hybridized with the barcode sequences

on the rolonies and multiple rounds of FISH to decode the rolonies. This sequential

hybridization readout strategy includes cycles of stripping, probe hybridization, and

imaging at room temperature, enabling a more efficient image acquisition workflow.

They demonstrated measurement of 119 genes in the whole coronal mouse brain sec-

tion (60 mm2) in 5 cycles of imaging and each imaging cycle took less than 5 hours

with 40x objective. Although the padlock probe capture at high temperature ensure

high specificity, the sensitivity of HybISS is very low. Thus, a scalable method with

higher sensitivity and lower cost is much needed.

Outline of the first part of the dissertation

This work aims to develop a spatial transcriptomic tool, overcoming the limi-

tations learned from the published methods. First, it needs to be highly multiplexed.

It should be able to detect hundreds of genes in one assay to uncover diverse cell

types in the human brain. Second, the spatial resolution should be at single-cell

level. Third, it should be high throughput, which needs fast imaging protocol to

measure more cells in large tissue samples. Most importantly, it needs to be appli-
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cable to human tissues, especially human brain tissue that has high autofluorescence

background from lipofuscin granules. To this end, we developed Decoded Amplified

taRgeted Transcripts with Fluorescent in situ Hybridization or DART-FISH. The first

part of this dissertation demonstrates the framework of DART-FISH, benchmarking

and validation using human M1C in Chapter 2. During DART-FISH development, I

collaborated with my lab member, Kian Kalhor and Mahsa Nafisi. We applied this

tool to study different human tissues. Kian and Mahsa applied DART-FISH to study

human kidney and human lung tissue, respectively, while I applied DART-FISH to

uncover the cytoarchitecture of neuronal and non-neuronal cells in human cerebral

cortex.

Outline of the second part of the dissertation

In addition to study the human M1C, I am interested in the transcriptomic

variation and cellular heterogeneity of the cortical sheet in the adult human brain.

Besides, investigating the gene regulatory network maintaining the cell identity and

spatially variable genes is also critical. To this end, the second part of this disser-

tation details a collaborative work between Kun Zhang’s lab, Jerold Chun’s lab and

Bing Ren’s lab. Jerold’s lab collected adult human cerebral cortex tissue blocks, in-

cluding M1C, V1C, primary somatosensory cortex (S1C), primary auditory cortex

(A1C), middle temporal gyrus (MTG), dorsolateral prefrontal cortex (DFC), ante-

rior cingulate cortex (ACC), angular gyrus (AnG), and frontoinsular cortex (FI). Dr.

Carter Palmer from Chun’s lab provided the human brain sections and dissociated

nuclei for the downstream molecular assays. I applied DART-FISH to spatially profile

the expression of 484 genes in these brain sections while a postdoctoral fellow, Dr.

Jinghui Song, used SNARE-seq2 to profile the whole transcriptome and chromatin ac-

cessibility of individual dissociated nuclei. Dr. Nethan Zemke from Ren’s lab led his

team to measure the transcriptome and chromatin accessibility of dissociated nuclei

by commercially available 10x multiome assay for cross-validation.

With wide sampling of human cerebral cortex, the variations of gene expres-
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sion and the organization of cell types along the rostrocaudal axis of human cortex

are revealed by DART-FISH. In addition, SNARE-seq2, a dual-omic method to profile

the transcriptome and chromatin accessibility information of individual single-nuclei,

were used to investigate the gene regulatory network[94]. SNARE-seq2 is a single-

cell sequencing technology to profile the transcriptome and chromatin accessibility of

individual single-cells. However, SNARE-seq2 assays were carried out in dissociated

nuclei. Again, the spatial information is lost. Thus, the gene expression profile of

DART-FISH cells are leveraged to integrate the pre-annotated SNARE-seq2 data in

space. Ultimately, we expected to generate spatially resolved cell atlases, including

the transcriptome and chromatin accessibility information, of adult human cerebral

cortex. My involvement in this collaborative work includes DART-FISH data gener-

ation and integrative analysis between DART-FISH and SNARE-seq2 datasets. At

the moment I write this dissertation, the comprehensive analysis of chromatin acces-

sibility is still ongoing. So, I only include the results of aligning the DART-FISH cells

with SNARE-seq2 nuclei to analyze the transcriptomic divergence across the cortical

areas in Chapter 3.
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CHAPTER 2: DEVELOPMENT OF DECODING

AMPLIFIED TARGETED TRANSCRIPTS

WITH FLUORESCENCE IN SITU

HYBRIDIZATION(DART-FISH)

Introduction

Single-cell gene expression in its spatial context plays a critical role in the devel-

opment of complexed cellular organization in multicellular organisms[65, 68]. Analysis

of RNAs in heterogeneous tissues is especially important in structure-focused fields

such as embryo development, histopathology, and neuroscience. The development of

smFISH allowed us to simultaneously measure a few RNA species in their spatial

contexts by visualizing fluorophore-conjugated probes tiling the RNA molecules[75,

95]. Due to its high sensitivity, smFISH has become the gold standard of spatial

transcriptomics. People used it to prove the important roles of RNA localization in

cell migration, neuron connectivity, and local protein synthesis[67, 96]. Nonetheless,

the spectral overlapping of fluorophores limits its multiplexity.

With the advent of next-generation sequencing (NGS), a few sequencing-based

spatial transcriptomic methods were developed[79–81, 97–99]. In principles, these

methods transfer RNA molecules in tissue sections to a surface coated with spa-

tially barcoded oligos. After library preparation, the spatial information of RNAs

is registered and sequenced. Although these methods expand the multiplexity to

the transcriptome-wide, they have low capture efficiency, limiting their sensitivity.

Besides, the spatial resolution of these methods rely on fabrication of the spatial fea-

tures on the surface and lateral diffusion, which prevent these methods from obtaining

single-cell level spatial resolution[100].

Recently, combinatorial barcoding was used to exponentially increase the mul-

18



tiplexity of many imaging-based methods. In general, they used different configura-

tions of probes to capture the targets and the barcodes were placed on the backbones

of the probes, which can be decoded with multiple rounds of FISH[84, 85]. Although

these methods have exponentially increased the multiplexity by 2-3 orders of magni-

tude within tens of rounds of FISH, they need their probes to tile sufficiently long

transcripts (> 1.5kb) to generate detectable signals, restricting us from analyzing

short but important molecules such as neuropeptides and interferons[84, 101]. Be-

sides, the low SNR of the detected transcripts enforced these methods to use high

magnification objective with high numerical aperture (NA) during image acquisition,

making them time-consuming to image large ROIs. Also, the low SNR limits their

application to human tissues, which has high autofluorescence signals from the lipo-

fuscin granules[89, 90], proteins such as collagen and elastin[91], and mitochondria[92,

93]. Therefore, a single-cell level, highly multiplexed and high throughput spatial

transcriptomic method that can be directly applied to human tissues is much needed.

In this chapter, we developed Decoded Amplified taRgeted Transcripts with

Fluorescence in situ Hybridization or DART-FISH (DART-FISH), a highly multi-

plexed RNA imaging method to measure spatial distribution of hundreds of RNA

species in large tissue sections at single-cell level. The key technical features include a

robust barcoding scheme, a cost-effective padlock probe production protocol, in situ

padlock probe capture and amplification, a cytoplasmic stain called RiboSoma, fast

decoding, and a computational framework called SparseDeconvolution (SpD) Decod-

ing for decoding features at the pixel level from optical crowded regions of fluorescent

images. We benchmarked the DART-FISH method by measuring 121 RNA species

in large human M1C sections (∼ 30 mm2). In addition, we validated its sensitiv-

ity and specificity by comparing it to RNAscope, a commercially available smFISH

method. Furthermore, DART-FISH successfully recapitulated the cytoarchitectures

of 20 neuronal and non-neuronal cell types, detected short neuropeptide genes (SST

and NPY ), and validated a new deep layer neuron marker (TMSB10 ) in human M1C.
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DART-FISH workflow

Reverse transcription and gel embedding

DART-FISH involves padlock probe capture and rolling circle amplification

(RCA) to detect targeted genes in situ and amplify their signals. Afterward, a highly

robust decoding process including sequential isothermal hybridization is used to spa-

tially resolve the targeted genes. (Figure ??a). In detail, fresh-frozen tissue sec-

tions were fixed paraformaldehyde (PFA) and permeabilized. The RNA molecules

in the tissue sections are reverse-transcribed with a mixture of random and poly-dT

primers concatenated with a 5’ handle to access the retention of cDNAs in situ. This

built-in cDNA labeling allows us to visualize the locations of cell bodies in the tis-

sue sections during imaging (Figure ??b); thus, we call it RiboSoma for its usage of

deoxyRibonucleic acid to label Soma of single-cells. It’s worth noting that crosslinking

cDNAs to the polyarcylamide (PA) gel after the reverse transcription step enhances

the RiboSoma signals (Supplementary Figure ??a), implying better retention of cD-

NAs. With better retention of cDNAs in situ, it results in 1.5-fold increase of count

per gene compared to gel formation after RCA (Supplementary Figure ??b-c). There-

fore, RiboSoma acts as a good checkpoint to evaluate cDNA content in the tissue

sections, providing a quality control for starting tissue sections.

Padlock probe capture and signal amplification

After cDNA crosslinking and RNA digestion, cDNAs are hybridized with a

library of gene-specific padlock probes to capture targeted genes. In addition to the

target sequences, the decoder sequences and the universal sequence on the padlock

probes are used for combinatorial gene barcoding and RCA, respectively. These pad-

lock probes are then circularized at high temperature to ensure specificity during

padlock probe capture[102, 103]. Then, the RCA primers hybridizing to the universal

sequences on circularized padlock probes and Φ29 DNA polymerase initiate RCA,

generating RCA colonies (or rolonies) in situ. These rolonies contain hundreds of
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copies of decoder sequences in the form of DNA nanoballs, which lead to high signal

intensity and overcome the autofluorescence in the human tissue sections during image

acquisition. Next, rolonies are covalently bonded to the PA gel, securing their posi-

tions during multiple rounds of FISH and imaging. Later, the DART-FISH samples

could be accessed during anchor round imaging. In anchor round imaging, anchor

probes are hybridized to the universal sequences on all rolonies and the 5’ handle of

all cDNAs to visualize the spatial distribution of all rolonies and cell bodies in the

tissue sections, respectively (Figure ??b).

High multiplexity and fast readout strategy

To obtain high multiplexity within several rounds of imaging, gene-specific bar-

codes are molecularly realized by placing a combination of 20-mer decoder sequences

on the backbone of padlock probes. These 20-mer decoder sequences are derived from

Illumina BeadArray technology and have minimal cross-hybridization[104]. During n

rounds of image acquisition, each barcode is ”on” in k and ”off” in the other rounds,

as illustrated in Figure ??c. In ”on” cycle, the barcode lights up in one of the three

fluorescent channels and stays dark during the ”off” cycle. Physically, rolonies emits

fluorescent signals when their decoder sequences are hybridized with their correspond-

ing decoding probes in ”on” cycles. After each round of imaging, the decoding probes

are stripped off, preparing the sample ready for the next round of imaging[105] (Fig-

ure ??e). Thus,
(
n
k

)
3k barcodes can be exponentially generated with n rounds of

imaging. As an example in Figure ??, 540 barcodes are generated with 6 rounds of

imaging using 3-on-3-off encoding scheme, allowing us to measure hundreds of genes.

This barcoding scheme were proved to be robust with wide applications by Illumina’s

gene expression, SNP genotyping, and DNA methylation arrays[104, 106, 107]. This

sequential hybridization readout strategy avoids complicated temperature control se-

tups and enzymatic reactions in sequencing-by-ligation readout strategy commonly

used in FISSEQ, STARmap, and BOLORAMIS. Besides, this sequential hybridiza-

tion process is fast and robust by making the short decoding probe hybridization and

stripping happen at room temperature. Thus, the scalable barcoding scheme and
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fast readout strategy make it highly multiplexed and feasible to handle large tissue

sections.

Cost-effective padlock probe production

It has been proved that increase the number of padlock probes per gene can

improve the sensitivity of detecting the targeted genes in situ[108]. A widely used

strategy in many methods such as BARseq2[108], HybISS[87], and ExSeq[109], is to

pool chemically-synthesized padlock probes together. Although this strategy is ap-

plicable to target small gene panels, it becomes tremendously pricey when thousands

of padlock probes are required to target hundreds of genes. To address this practical

problem, we directly leveraged an enzymatic protocol to massively produce thousands

of padlock probes from a seed oligo pool synthesized on microarrays[110], which sub-

stantially reduce the cost of padlock probe production (Supplementary Figure ??c).

As an example, we spent less than 25% of the direct synthesis option with our protocol

when we produced 5,097 padlock probes to target 121 genes (Each gene was targeted

by 50 padlock probes at maximum). It’s worth noting that the cost per padlock probe

could be further reduced by combining more padlock probes in the see oligo pool. In

contrast, the cost per padlock probe stay constant for the direct synthesis option.

Hence, producing 200,000 padlock probes to target 400 genes is almost 10 times as

expansive as the seed oligo pool synthesized on microarrays. To fully leverage this

cost-effective padlock probe production strategy, we can even pool multiple probe sets

targeting genes in different organs together during seed oligo pool synthesis and am-

plified each probe set separately. It costs us a fraction of the upfront cost of the direct

synthesis option and make a big probe set affordable to any regular lab.

SparseDeconvolution (SpD) Decoding resolves optical crowd-

ing

As we increase the multiplexity and sensitivity, rolonies become crowded and

start to cause optical crowding, which may hinder subsequent rolony decoding. To

address this problem, some research groups use gel expansion strategy to physically
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enlarge the tissue sections[109, 111, 112]. This strategy effectively extends the physical

distance between rolonies, reducing the overcrowding of these nanoballs in the tissue

sections. However, the physical enlargement of the tissue sections nullifies our efforts

to shorten the imaging time by fast decoding because it takes longer time to acquire

images of the same ROIs after sample expansion and thus lower the throughput[109].

Therefore, a computational solution to the rolony decoding can not only solve the

optical crowding problem but also rescue our efforts to reduce the imaging time spent

on a large tissue sample. Given the physical size of the rolonies (< 1 µm[82]) and

the pixel size ( 0.3 µm with 20x objective) of the confocal images, each pixel will

overlap with a few rolonies at maximum. Meanwhile, a small fraction of all possible

barcodes are used, making it the possible to deconvole mixtures of barcodes from the

fluorescent intensities values of each pixel. Here, we developed the SparseDeconvo-

lution (SpD) decoding algorithm: we formalized this deconvolution as a regularized

linear regression problem, where barcodes can linearly combine with different weights

to form the measured fluorescent intensities of each pixel and finding the optimal com-

binations of weights under a condition that promotes sparsity (Figure ??d). We solve

this problem for each pixel and obtain weight maps for every single barcode/gene

(Figure ??f), followed by filtering and aggregating the neighboring pixels to form

spots (Supplementary Figure ??f-h). To set a quality control of this deconvolution

procedure, we add empty barcodes that are not used in the gene-barcode map to the

codebook. Although the fraction of empty barcode is 5-8% of the used barcodes, the

fraction of spots decoded as empty is less than 0.25% (Supplementary Figure ??f-h).

With this computational framework, we can decode the rolonies in the presence of

optical crowding and increase the throughput by imaging the tissue sections with a

20x objective.
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Figure 2.1 DART-FISH workflow: Decoding Amplified targeted Transcripts with
Fluorescence in situ Hybridization (a) DART-FISH schematics. RNA molecules in
the fresh-frozen and formaldehyde-fixed tissue section are primed with primers with a 5’
handle sequence and reverse-transcribed. A polyacrylamide (PA) gel is cast on the tissue,
incorporating the cDNA molecules. After RNA removal, padlock probes are hybridized to
cDNA and circularized, followed by rolling circle amplification (RCA) to create rolonies.
Rolonies are further crosslinked to the gel. (b) Imaging DART-FISH samples. Samples
subsequently go through anchor round imaging followed by decoding rounds. In anchor
round imaging, fluorescent probes complementary to the RCA primer, present on all rolonies,
and the 5’ cDNA handle, present on all cDNA molecules, are hybridized at room temperature
to visualize the distribution of rolonies and the shape of the somas, respectively. After
imaging, the fluorescent probes are stripped and washed away at room temperature. In the
decoding rounds, round-specific decoding probes are hybridized, imaged and stripped. This
procedure is repeated n times (n=6 in this example). (c) An example codebook for DART-
FISH. Each gene is barcoded such that the corresponding rolonies show fluorescent signal
in k rounds of decoding and remain off in other rounds. 5-10% of the codebook consists of
empty barcodes that don’t have representative padlock probes and are only used for quality
checks in the decoding pipeline. (d) The intensity of pixels across n rounds of 3-channel
imaging is modeled as a combination of the barcodes in the codebook. The decoding is
formulated as a regularized linear regression, such that more barcodes do not participate
in the combination. (e) Example of fluorescence in situ hybridization on rolonies in the
gel. The lower panel shows the maximum intensity projection of the fluorescent images
across 6 decoding rounds and 3 channels. (scale bar 5 µm) The upper panel is a cartoon
of the decoding of a RORB spot corresponding to the white square. (f) Lasso maps. Each
Lasso plot represents the gene weights of NRGN, SLC17A7, UCHL1, RORB, TMSB10, and
Empty spots in (e) learned by SparseDeconvolutionDecoder (scale bar 5 µm).
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Benchmarking and validation

Measurement of 121 genes in human primary motor cortex

As a proof of principle, we accessed the performance of DART-FISH by ap-

plying it to measure 121 genes in a 6.9-by-4.3 mm2 postmortem human M1C brain

section with 6 rounds of decoding imaging. Human M1C acts as a good standard to

compare with previous studies because the anatomy, function, and gene expression of

M1C were widely studied at single-cell level[64, 113–115]. Besides, the archived human

brain samples have high autofluorescence[116] and generally lower RNA quality[117],

creating great challenges to the imaging-based spatial transcriptomic methods.

Reproducibility and spot assignment

To measure 121 genes, including curated marker genes to uncover neuronal

and non-neuronal cell subclasses in human M1C, we designed 5,097 padlock probes to

target these genes (Supplementary Table 2). We assigned the gene-specific barcodes

to these genes using a 3-on-3-off barcoding scheme in a codebook. It takes us approx-

imately 10 hours to finish the anchor round imaging, 6 rounds of decoding imaging,

and nuclear staining of this around 30 mm2 human M1C section. Subsequently, we

obtained 2,008,260 transcripts (0.2% empty rate with 8 barcodes assigned to empty)

after the image preprocessing and SpD decoding. We carried out the DART-FISH

assay to two parallel sections. As shown in Figure 2.2b, the expression level of these

121 genes was highly correlated (Pearson’s correlation coefficient r2=0.988) between

the two replicates, demonstrating high reproducibility of DART-FISH.

Next, we segmented the cell bodies using RiboSoma, which depicted the bound-

aries of cell bodies better than nuclear staining (Supplementary Figure S4a, b), and

assign the transcripts to cell bodies in proximity (≤ 3 µm). Other transcripts were

filtered out prior to cell annotation. It’s worth noting that a higher fraction of MBP

transcripts were localized outside the cell bodies (93%, Supplementary Figure S4d),

co-localizing with RiboSoma in the extrasomatic space (Supplementary Figure S4e).
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This observation reflects the local translation of MBP transcripts at the axon-glia

contact sites[118]. Overall, we detected 802,361 transcripts assigned to 26,646 cells

with an average of 30 transcripts and 11 unique genes per cell (Figure 2.2c).

Specificity of DART-FISH

To access the specificity of DART-FISH, we first inspected the spatial localiza-

tion of SLC17A7 and SATB2 transcripts in excitatory neurons and GAD1 and GAD2

in inhibitory neurons. As shown in Figure 2.2d-e, the SLC17A7 and SATB2 tran-

scripts were aggregated in the soma of excitatory neurons with mutual exclusiveness to

the SLC17A7 and SATB2 transcripts in inhibitory neurons. Second, we validated and

compared the spatial localization of 10 marker genes with the results of RNAscope, a

commercially available smFISH method, carried out on a parallel M1C tissue section.

As shown in Figure 2.2f and Supplementary Figure S4f, the spatial localization of

these marker genes in the same ROIs had high concordance between DART-FISH and

RNAscope samples. Specifically, the pan-excitatory neuron marker, SLC17A7, had

pronounced enrichment in the L2-L6 cortical layers. Also, CUX2, RORB, and FEZF2

were enriched in supragranular, granular, and infragranular layers of the neocortex,

respectively, which is consistent with previous studies[29, 119–122]. Moreover, the

localization of CBLN2 in cortical layers 2/3 and 5/6 was also in agreement with a

previous study[123]. Altogether, these results imply that DART-FISH has sufficient

specificity to resolve the laminar layer-specific marker genes in human M1C.

Sensitivity of DART-FISH

To access the sensitivity of DART-FISH, we compared the number of the 10

validated transcripts in a similar ROI between DART-FISH and RNAscope samples.

Since RNAscope has the highest sensitivity among the spatial transcriptomic methods,

we directly took the ratio of the number of transcript in DART-FISH and RNAscope

samples for each gene to estimate the sensitivity of DART-FISH. We noticed that

the estimated sensitivity varied across genes and ranged from 3.9% to 67.7% (Fig-

ure 2.2g). Also, we compared the DART-FISH results to MERFISH[124] and EEL
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FISH[125] method that also had publicly available datasets from the human brain.

As shown in Figure 2.2h and i, the Pearson’s correlation coefficients of the expression

level of common genes with MERFISH and EEL FISH dataset were 0.755 and 0.750,

respectively. Given the human brain regions and the sensitivity of each technology

are different, we consider these results high concordance. To sum up, DART-FISH

is a reproducible spatial transcriptomic method with sufficient sensitivity as well as

specificity to detect hundreds of genes in their spatial context and it is able to re-

veal biological insights in the human brain sections despite the high autofluorescence

background.
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Figure 2.2 Benchmarking DART-FISH on the human motor cortex (a) Parallel
sections were taken from a dissected post-mortem human M1C tissue block. Spatial dis-
tribution of 121 RNA species was measured by DART-FISH with 6 rounds of decoding
imaging. (b) Scatter plot showing reproducibility between parallel tissue sections. Each
dot represents the total count of each gene detected in each replicate. (c) The histogram
for the number of high quality decoded rolonies per cell. (d) Spatial distribution of ex-
citatory neuron markers (SLC17A7 and SATB) and inhibitory neuron markers (GAD1
and GAD2 ) in the whole tissue. The dashed rectangular box delineates the ROI in (f).
Scale bar 500 µm. (e) Zoomed-in views to show the separation of excitatory and inhibitory
markers at single-cell level in 4 ROIs delineated in (c). (f) Validation of DART-FISH by
RNAscope. Spatial distribution of SLC17A7, CUX2, CBLN2, RORB and FEZF2 across
the cortical layers measured by RNAscope (left) and DART-FISH (right). Scale bar 100
µm. (g) Quantitative comparison of counts for SLC17A7, PVALB, CBLN2, RORB, CUX2,
AQP4, APBB1IP, FEZF2, GAD2, and LAMP5 in DART-FISH and RNAscope in a simi-
lar ROI. Percentages represent total spots detected in DART-FISH divided by total spots
detected in RNAscope multiplied by 100. (h) Comparing DART-FISH and MERFISH[124]
(H18.06.006.MTG.4000.expand.rep2). Each dot represents the mean count per cell for the
56 shared genes. (i) Comparing DART-FISH and EEL FISH[125] (data from visual cortex).
Each dot represents the total count of the 60 shared genes.
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Organization of cell types in the human primary mo-

tor cortex

Spatially resolved excitatory, inhibitory, and non-neuronal sub-

classes in the human primary motor cortex

To access the capability of DART-FISH to uncover the diverse cell types in

human M1C, we next performed cell annotation of DART-FISH cells. We began

with clustering the DART-FISH cells and match the clusters to the highest correlated

subclass from a recently published human M1C snRNA-seq dataset[113, 126] (Figure

2.3a and b, Supplementary Figure S5). We uncovered 20 subclasses from the major

excitatory, inhibitory, and non-neuronal cell classes which made up 24.3%, 10.6%, and

65.1% cells, respectively, in the human M1C (Figure 2.3c-g). For excitatory neurons,

we successfully recapitulated the laminar layer structures with L2/3 IT subclass at

the upper layer and L6b/CT subclass at the deeper layer along the cortical depth

(Figure 2.3b-d). This observation is in line with the evolutionarily conserved orga-

nization of excitatory neurons in mammalian M1C[113]. Also, we noticed the L6 IT

Car3 subclass was localized more superficial than the L6 IT subclass in the deep layer,

consistent with the recent observations in the human primary visual cortex and mid-

dle temporal gyrus[126, 127](Figure 2.3d). In contrast, the inhibitory neurons showed

wider localization along the cortical depth, likely due to their developmental origins

outside neocortex[128, 129] For example, the VIP subclass was enriched in layer 2-3,

in agreement with the previous studies in the mouse brain[115, 130] (Figure 2.3e). In

addition, we observed some excitatory and inhibitory neurons localized in the white

matter (WM) region, which are likely the remnants of the subplate neurons discov-

ered in previous studies[131, 132]. For non-neuronal cells, we saw oligodendrocytes

(Oligos) appearing at layer 4 and are enriched in the WM region[133] even though the

oligodendrocyte progenitor cells (OPCs) were uniformly distributed across the tissue

section[134] (Figure 2.3f).
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Short gene and rare cell type detection

We further assessed the capability of DART-FISH to detect short genes (<

1.5kb). Those smFISH-based methods (MERFISH, seqFISH+) use tens of fluorophore-

tagged probes to tile sufficiently long transcripts to generate detectable fluorescent

signals. In contrast, one padlock probes successfully bind to the target is sufficient to

generate detectable signals in DART-FISH. Thus, DART-FISH has higher chances to

detect those short RNA species. To further boost our chances to detect short tran-

scripts, we slightly modified our probe design strategy to allow overlapping of target

sequences of padlock probes targeting RNA species < 1.5kb (Supplementary Figure

??b, NPY as an example). We selected a list of 33 genes < 1.5kb, including literature-

curated genes and some computationally-derived genes in the brain (Supplementary

Table 2). It’s worth noting that we were able to uncover a rare inhibitory neuron

subclass, Sst Chodl (0.1% abundance, Figure 2.3g), by targeting short neuropeptide

gene SST (607 nt) and NPY (893 nt) (Figure 2.3b and h). Also, we observed Sst

Chodl cells were mostly localized in deep layers, in line with the observation in a pre-

vious study[135]. In addition to these short neuropeptides, DART-FISH also captured

pronounced localization of other two short RNA species, PCP4 (534 nt) and TMSB10

(461 nt) (Figure 2.3h). It was reported in the mouse cerebral cortex that PCP4 could

be a layer 5-6 marker[136]. Nonetheless, pronounced localization of TMSB10 in the

deep layer was not reported. Thus, TMSB10 could be a novel deep cortical layer

marker gene.

Subsequently, we quantify the efficacy of DART-FISH to detect the short genes.

To do so, we calculated the Pearson’s correlation coefficients of their average gene ex-

pression at the subclass level between DART-FISH and snRNA-seq (Supplementary

Figure S5c). We found 25 of the selected 33 short genes (75%) and 81 of 88 longer

genes (92%) showed higher correlation than 0.5 (Supplementary Table 2). This is com-

parable to a MERFISH dataset targeting 250 genes (88% with Pearson’s correlation >

0.5, Supplementary Figure S5c). Taken together, we demonstrated that DART-FISH

is able to uncover the organization of the diverse cell types in the human M1C and the
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rare cell types can be detected by resolving the short genes in their spatial context.
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Figure 2.3 DART-FISH mapping cell types in human M1 cortex. (a) UMAP of all
excitatory neurons (L2/3 IT, L4 IT, L5 IT, L5/6 NP, L6 IT, L6 IT Car3, and L6b/CT),
inhibitory neurons (Pvalb, Vip, Lamp5, Lamp5 Lhx6, Sst, Sst Chodl, and Chandelier), and
non-neuronal (Astro, Endo, VLMC, Oligo, OPC, and Micro/PVM) cell types. (b) Dot
plot of marker gene expression across cell types (c) Spatial distribution of cell types in the
whole M1 tissue section, using the same color palette in (a). The dashed rectangular box
delineating the same ROI in (d), (e), and (f). (d), (e), (f) show the spatial distribution of
excitatory neurons, inhibitory neurons, and non-neuronal cell types, respectively, across the
upper cortical layer (top) and the WM zone (bottom). (g) Piecharts depicting the relative
amount of both major cell classes (left) and cell subclasses (right). (h) Spatial distribution of
short RNA species (≤ 1250 nt), PCP4, TMSB10, SST, and NPY, in the M1 tissue section.
PCP4 and TMSB10 are L5 and L6 markers, respectively. SST and NPY are SST and SST
Chodl cell markers, respectively. Example of SST and SST Chodl cell are shown in ROI1
and ROI2 marked by square black boxes.
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Discussion

In this chapter, we described DART-FISH, a highly multiplexed and high

throughput in situ RNA imaging method. Also, we showcased it’s applicable to human

brain tissue sections that contain high autofluorescence signals. Moreover, we bench-

marked and validated its reproducibility, sensitivity as well as specificity and used it to

recover the cellular organization of 20 neuronal and non-neuronal cell types in human

M1C. Specifically, DART-FISH is able to recapitulate the laminar layer structures

of excitatory neurons while the inhibitory neurons generally shows wider and sparser

distribution along the cortical depth. On the other hand, the non-neuronal cells are

ubiquitous in the human M1C with oligodendrocytes having pronounced enrichment

in the WM zone.

In addition, we provided a cost-effective padlock probe production protocol

and fast decoding procedures that allow us to easily handle large tissue sections. The

cost of padlock probe synthesis per gene scales sub-linearly by using our padlock probe

production protocol, which enables large-scale studies that require thousands of pad-

lock probes to target tens of thousands of genes. Besides, the rolony generation in

DART-FISH allows amplification of the decoder sequences on the rolonies by over

100-fold and the increase of its physical size. Thus, the barcodes on the rolonies can

be easily detected via hybridization of short fluorescent decoding probes to the de-

coder sequences at room temperature in 5–10 minutes. Unlike ligation-based readout

strategies used in other methods (FISSEQ, STARmap, BOLORAMIS), this sequential

hybridization decoding process in DART-FISH doesn’t require specialized equipments

for temperature control and is relatively fast due to its isothermal stripping, washing,

and hybridization procedures. Altogether, this easy and straightforward rolony gen-

eration permits the fast decoding process by using 20x objective, making it feasible

to handle centimeter-sized tissue sections with a traditional confocal microscope.

Although some targeted spatial transcriptomic methods such as HybISS and

BARseq2 also use padlock probes to target cDNAs, DART-FISH differs from them
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by additional chemical treatments of cDNAs. First, cDNAs in DART-FISH were

covalently crosslinked to PA gel, which significantly enhances the sensitivity of DART-

FISH by retaining more cDNA templates for the subsequent padlock probe capture

and rolony generation procedures. Second, we introduced RiboSoma to label cDNAs,

which becomes a more effective marker to depict cell bodies than traditional nuclear

staining. We expect this tool can be highly useful for cell body segmentation in thicker

tissue sections.

Besides, the RCA-based methods generate physically large rolonies, which

cause optical crowding in fluorescent images when more genes are targeted with higher

sensitivity. To address this problem, we developed a computational framework (SpD)

that deconvolve the mixture of barcodes at each pixel based on the redundancy in

the barcode space. This method improved the decoding efficiency compared to naive

decoding methods directly filtering out pixels that have optical crowding issue[137].

Furthermore, sophisticated deconvolution methods that share information between

neighboring pixels may further improve the decoding efficiency[138, 139]. As the field

is moving towards simultaneously measuring more genes, pixel-based deconvolution

decoding methods like SpD could be increasingly important.

Finally, the sensitivity of DART-FISH still have some room to improve. It is

widely recognized that the efficiency of reverse transcription is capped at 20% so that

some genes may not have sufficient cDNA templates for our padlock probes to cap-

ture. Thus, skiping the reverse transcription step and design padlock probes to target

RNA molecules directly become a straightforward modification to improve DART-

FISH sensitivity. Other than the moderate sensitivity, DART-FISH is a streamlined

method that can be easily extended in many aspects. For example, antibody stain-

ing of membrane receptors or extracellular matrix proteins can be easily incorporated

into the DART-FISH workflow to investigate the cell-cell interactions in healthy and

pathological niches[140]. Besides, expansion microscopy and tissue clearing proce-

dures can be combined with DART-FISH to spatially resolve subcellular localization

of RNAs in finer structures of thicker tissue sections[141].
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CHAPTER 3: DART-FISH REVEALS

CELLULAR HETEROGENEITY OF HUMAN

CEREBRAL CORTEX

Introduction

Human brains are mainly composed of brainstem, cerebellum, thalamus, and

cerebrum, with each structure governing different physiological functions. In cell bi-

ology, it has been reported that human brains contain approximately 100 billions

neurons and are estimated to have 10 times more glia cells[1]. Strikingly, the cerebral

cortices and cerebellum together make up to 92% of the mass and 99% of neurons in

human brains[1, 142, 143]. Human cerebral cortex, especially, underwent the greatest

expansion in size and elevated expression of specific genes during evolution, which

distinguish us from other non-human primates[1, 4, 5]. To better study the com-

plexed cerebral cortex, German anatomist Korbinian Brodmann pioneered the work

and defined around 40 Brodmann areas based on the cytoarchitectural organization of

neurons in each cortical areas[6]. Regardless of the original definitions of cellular or-

ganization, some Brodmann areas are closely related to various brain functions such

as sensory, motor, and information processing functions. For example, Brodmann

area 4 is linked to primary motor cortex (M1C) while area 17 is related to primary

visual cortex (V1C). Nevertheless, the spatially resolved molecular underpinnings of

these cortical regions are still elusive. The high correlation of the cytoarchitectures

and these functionally defined areas drives the attention of many scientists to deci-

pher the underlying cellular and transcriptional variations of the cortical sheet, which

ultimately gives rise to complexed brain functions.

Early efforts to investigate the molecular phenotypes of cortex in a large-scale

manner include the AIBS’s Allen Brain Atlas that integrates extensive gene expres-

sion data, connectivity data and MRI images to dissect the molecular underpinnings
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of mouse and human brain functions[55, 144]. However, the cellular organization and

the molecular signatures were still obscured by the microarray measurement of corti-

cal subdivisions. Although they tried to fill the gap by profiling approximately 1000

genes in human visual and temporal cortices based on ISH platform that measures

one single gene per tissue section at a time, the work was still limited by the coverage

and the multiplexity of in situ gene measurement [29]. Recently, highly multiplexed

spatial transcriptomic methods have been widely developed and opened a new avenue

to profile spatial distribution of diverse cell types and their molecular underpinnings

in human cerebral cortex[87]. For example, Markus M. Hilscher and Mats Nilsson’s

group used their HybISS method to map 120 genes and 75 transcriptomic cell types

in human MTG[145]. Nevertheless, compared to the giant human cerebral cortical

sheet, this work is still far from comprehensive. More recently, Jorstad et al. used

snRNA-seq to profile the transcriptomic cytoarchitecture of 8 neocortical areas along

the rostrocaudal axis, including ACC, PFC, M1C, S1C, MTG, A1C, AnG, and V1C,

in human neocortex[126]. In this work, they profiled the whole transcriptomes of each

single-cell with deep sampling of each neocortical area (80-100k nuclei per area), which

allow the characterization of rare cell types such as L5 ET and SST CHODL neurons.

Besides, they used MERFISH to validate spatial distribution of 140 genes in MTG

and V1C. In their study, they revealed these cortical areas are consistently composed

of 24 coarse cell subclasses. Among these areas, V1C showed the most drastic changes

of the cellular organization, with substantial expansion of excitatory neurons in layer

4. Although this large-scale study provide refined cellular and molecular characteri-

zation in these widely sampled human neocortical areas, their discoveries are based

on dissociated nuclei and the in situ gene expression measurement was only validated

in MTG and V1C. Therefore, a spatially resolved cell atlas of more human cortical

areas is still much needed.

In this chapter, we directly applied our DART-FISH method to comprehen-

sively characterize the transcriptomic cell types and their distributions in 9 cerebral

cortical areas. Here, we widely sampled the same 8 areas of human neocortex in
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Jorstad et al.’s study and 1 FI area belonging to human allocortex. Since the sensitiv-

ity of DART-FISH is relatively moderate and the multiplexity is not transcriptome-

wide, we spatially resolve 484 genes, including marker genes of those 24 coarse cell

subclasses defined in Jorstad et al.’s study, and use these genes as anchors to align

SNARE-seq2 nuclei in space by a computational tool, Tangram, developed in the

BICCN consortium[146]. With Tangram alignment, the whole transcriptomes of

SNARE-seq2 nuclei can now be analyzed in space. Together, the results in this chapter

provide the quantitative cytoarchitectures and the spatial transcriptomics of 9 spe-

cialized areas in human cerebral cortex by integrative analysis of DART-FISH cells

and SNARE-seq2 nuclei.

Transcriptomic profiling of single-cells in human cor-

tical areas

Experimental workflow

To potentially capture the major transcriptomic variations of human cortical

sheet, we sampled 8 neocortical areas along the rostrocaudal axis, including primary

(M1C, S1C, A1C, and V1C) and association areas (DFC, ACC, MTG, and AnG)

as well as 1 allocortical area, FI, that show drastic cytoarchitectural variations[147]

(Figure 3.1a). The cortical areas were delineated in the postmortem human brains

by anatomical landmarks and histological verification. Each area has 3-6 postmortem

human brains for tissue dissection. The same tissue blocks were used for SNARE-

seq2 and DART-FISH experiments. SNARE-seq2 assays started with isolated nuclei

while DART-FISH assays were performed on cryo-sectioned tissue slices (Figure 3.1b).

SNARE-seq2 assays were used to profile the whole transcriptomes of isolated nuclei

derived from all cortical areas following the procedures described in Plongthongkum

et al.’s paper[94]. DART-FISH assays were carried out on tissue sections having in-

tact laminar layers as shown in Figure 3.2. SNARE-seq2 is able to profile the whole

transcriptome of each isolated nuclei but lose the spatial information. In contrast,
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DART-FISH can resolve the spatial localization of each gene but has moderate sensi-

tivity and limited gene throughput. Therefore, a deep-learning-based computational

tool, Tangram[146], was used to generate spatially resolved single-cell transcriptomic

cell atlases across 9 cortical areas by aligning the SNARE-seq2 nuclei with DART-

FISH cells via the similar expression of the common genes.

Figure 3.1 DART-FISH and SNARE-seq assays on 9 cortical areas. Dissected tissue
blocks of 9 cortical areas that include ACC (BA 24), DFC (BA 9), FI (BA 13, 14), M1C (BA
4), S1C (BA 1,2,3), MTG (BA 21), A1C (BA 41, 42), AnG (BA 39), and V1C (BA 17), were
collected. Then, DART-FISH assays measured 484 genes in situ while SNARE-seq2 profiled
the whole transcriptomes of dissociated nuclei. Lastly, DART-FISH cells were aligned with
SNARE-seq nuclei to obtain transcriptome-wide gene expression and cell types in space.

Transcriptome-wide gene expression profiling by SNARE-seq2

The total numbers of deeply sampled SNARE-seq2 nuclei across each corti-

cal area is summarized in Table 3.1 and the numbers of nuclei derived from each

human brain are summarized in Supplementary Figure S6a. In total, SNARE-seq2

assayed 1,733,910 nuclei that include 598,558 excitatory neurons, 246,337 inhibitory

neurons, and 889,015 non-neuronal cells from multiple human brains. Approximately

140k-440k nuclei were sampled from each cortical area, which was considered deep
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sampling (80k-100k) based on the standard mentioned in Jorstad’s paper[126]. These

nuclei were annotated based on label transfer from snRNA-seq datasets published by

AIBS[126]. The annotated nuclei were organized in 3 levels of hierarchies, includ-

ing 3 classes (GABAergic, Glutamatergic, and Non-neuronal), 24 subclasses, and 150

cell types as illustrated in Supplementary Figure S7. Joint clustering of excitatory

neurons, inhibitory neurons, and non-neuronal cells from each area was depicted in

Supplementary Figure S8a, b, and c. At the subclass level, SNARE-seq2 nuclei were

annotated with 9 excitatory neuron subclasses (L2/3 IT, L4 IT, L5, IT, L5 ET, L5/6

NP, L6 IT, L6 IT Car3, L6 CT, and L6B), 9 inhibitory neuron subclasses (PVALB,

Chandelier, SST, SST CHODL, LAMP5 LHX6, LAMP5, SNCG, VIP, PAX6), and

6 non-neuronal subclasses (Astro, Endo, Micro/PVM, Oligo, OPC, VLMC). Besides,

these 24 cell subclasses are consistently existing in all cortical areas, indicating these

24 cell subclasses are highly consistent cellular components of these 9 cortical ar-

eas (Supplementary Figure S8d, e, and f). Also, the subclass level annotation reflects

some biological meanings. For example, the IT, CT, and NP excitatory neurons reflect

different patterns of axon projections and the L2/3, L4, L5, and L6 reflect their lam-

inar layer positions. Besides, the PVALB, SST, VIP, LAMP5 are the neuropeptides

secreted by different inhibitory neurons. Hence, we decided to select marker genes

to uncover the transcriptomic cell types at the subclass level for the DART-FISH

experiments.
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Table 3.1 Deep sampling of areal nuclei by SNARE-seq2. Each area contains nuclei
isolated from multiple donors. Nuclei belong to the same area are pooled together to achieve
deep sampling of each cortical area. The total numbers of nuclei represent those SNARE-seq
nuclei passing RNA QC.

Area Donors Total number of nuclei

ACC H19.30.001, H19.30.002, H19.30.004 146,798

DFC H19.30.001, H19.30.002, H19.30.004 235,659

FI H19.30.001, H19.30.002, H19.30.004,

UW7118

345,506

M1C H19.30.001, H19.30.002, H19.30.004,

H18.30.001, H18.30.002

445,918

S1C H19.30.001, H19.30.002, H19.30.004,

UW7118

281,456

MTG H19.30.001, H19.30.002, H19.30.004,

UW7118

223,637

A1C H19.30.001, H19.30.002, H19.30.004,

UW7118

229,276

AnG H19.30.001, H19.30.002, H19.30.004 386,299

V1C H19.30.001, H19.30.002, H19.30.004,

UW7118

284,256

Measurement of 484 genes in situ by DART-FISH

DART-FISH assays were carried out on the tissue sections derived from parts

of the same tissue blocks as SNARE-seq2 datasets. To subsequently annotate 24 cell

subclasses in each DART-FISH, we used gpsFISH to analyze SNARE-seq2 datasets

and select 484 informative genes for cell annotation[148]. Experimentally, DART-

FISH assays were performed on 2 parallel tissue sections from a brain and 2 brains

were used to represent each cortical area (2 replicates per tissue block and 2 tissue

blocks per area). To achieve wide sampling of these cortical areas, we imaged centime-

ter scale ROI (∼ 23− 65mm2) to measure 15k-47k cells in each DART-FISH dataset.
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However, the integrity of tissue sections from each tissue blocks varied. So, an extra

parallel section from the same tissue block was collected for Nissl staining to delineate

the laminar layers of each tissue section (Figure 3.2). Only DART-FISH datasets

from tissue section having L2-L6 laminar layers were used for Tangram alignment

and downstream analysis. It’s worth mentioning that these DART-FISH datasets

were generated by an early version of DART-FISH having lower sensitivity (see de-

tailed steps in attached ”Chen BICCN-DART-FISH-protocol.pdf”). Hence, a subset

of marker genes in the 484-gene panel were used for ad hoc cell annotation. The marker

genes were selected based on the combination of differential analysis of SNARE-seq2

datasets and literature curated markers. Specifically, differentially expressed genes

having > 2 fold-change, > 2-fold expression in a specific cell subclass than other cell

subclasses, and included in the DART-FISH 484-gene panel were considered marker

genes for cell annotation. With these criteria, we obtained 163 marker genes across

24 cell subclasses in total and the lists of marker genes for each cell subclasses were

summarized in Table 3.2.

Figure 3.2 Nissl staining of 9 human cortical areas along rostrocaudal axis. The
areas from rostral to caudal axis include ACC, DFC, FI, M1C, S1C, MTG, A1C, AnG, and
V1C. Numbers under area indicates the size of ROI of each area. WM: White matter
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Table 3.2 Marker genes to annotate 24 cell subclasses of DART-FISH cells.

Class Subclass marker genes

Excitatory L2/3 IT CUX2, HS6ST3, LINGO2, CBLN2, DGKB, DLGAP2,

EPHA6, RGS6, KCNQ5, LINC00507

Excitatory L4 IT CNTN5, DCC, IL1RAPL2, PLCH1, POU6F2, RORB,

TRHDE, CPNE4, TSHZ2

Excitatory L5 IT IL1RAPL2, CLSTN2, CPNE4, CADPS2

Excitatory L5 ET SORCS1, COL24A1, VAT1L, TMTC1, CBLN2,

ZNF804B

Excitatory L5/6 NP HS3ST4, KCNB2, TRHDE, TSHZ2, ZNF385D, DCC,

ZNF385B, ADAMTSL1, SORCS2, CPNE4, NXPH2,

TOX

Excitatory L6 IT CLSTN2, MCTP1, ZNF804B, SLC35F3, RALYL

Excitatory L6 IT Car3 CPNE4, GALNT14, NWD2, SEMA6D, SORBS2,

ZNF804B, CADPS2, CLSTN2, SATB2, TMEM132D,

TRHDE, FRAS1

Excitatory L6 CT ADAMTSL1, CLSTN2, COL24A1, HS3ST4,

KIAA1217, MCTP1, SEMA3E, RALYL, SULF1,

ZNF385B

Excitatory L6B ADAMTSL1, HS3ST4, KIAA1217, MCTP1, ROBO2

Inhibitory PVALB BTBD11, GAD2, GRIP1, KCNC2, KIAA1217,

MYO16, NXPH1, PTPRM, SLIT2, ZNF385D, PAM,

SGCZ, TENM3, UNC5D, EPHA6, SAMD5, ERBB4,

SOX6, PVALB

Inhibitory Chandelier ANK1, FSTL5, GABRG3, GRIP1, MYO16, PLCXD3,

THSD7A, TMTC1, ZNF385D, CNTN5, FRMPD4,

KCNC2, PTCHD4, TMEM132D, ZNF536, PVALB,

COL15A1
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Table 3.2 Marker genes to annotate 24 cell subclasses of DART-FISH cells (Con-
tinued).

Class Subclass marker genes

Inhibitory SST GRIK1, GRIN3A, GRIP1, KIAA1217, NXPH1,

SYNPR, TENM3, TRHDE, PLCH1, XKR4, ZNF385D,

PTPRM, SOX6, COL19A1, ROBO2, PCDH15, SST

Inhibitory SST

CHODL

SST, NXPH2, NDST4, NOS1, TRPC6, LRP8,

GRIK1, SOX6, TMTC1, IL1RAPL2, RUNX1T1, PAM,

TOX, GRIP1, PTPRT, UNC5D, COL24A1, TENM3,

KCNB2, XKR4

Inhibitory LAMP5

LHX6

ADARB2, FSTL5, GAD2, GRIN3A, GRIP1, KCNC2,

MGAT4C, MYO16, NTNG1, NXPH1, PDGFD,

PTCHD4, PTPRT, SEMA6D, SGCZ, TOX, MTUS2,

UNC5D, SLIT2, ZNF385D, KIRREL3, SLC6A1,

LAMP5, LHX6

Inhibitory LAMP5 ADARB2, CXCL14, FSTL5, GAD2, GRIK1,

GRIN3A, GRIP1, KCNC2, MYO16, NXPH1,

PTCHD4, PTPRM, PTPRT, RAB3C, RELN, SGCZ,

SLC6A1, ZNF385D, CCDC85A, FRAS1, MTUS2,

ZMAT4, CNTN5, MGAT4C, NXPH2, TMEM132D,

ADAMTSL3, LAMP5

Inhibitory SNCG ADARB2, CNR1, CXCL14, FSTL5, GRIK1, RELN,

ZNF385D, CNTN5, IL1RAPL2, SORCS1, GRIP1,

THSD7A, ADRA1A

Inhibitory VIP ADARB2, CNR1, SYNPR, THSD7A, ROBO2,

ERBB4, ROBO1, VIP
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Table 3.2 Marker genes to annotate 24 cell subclasses of DART-FISH cells (Con-
tinued).

Class Subclass marker genes

Inhibitory PAX6 ADARB2, CCDC85A, CNR1, CXCL14, GRIP1,

MYO16, NXPH1, RELN, ZNF385D, IL1RAPL2,

GABRG3, CNTN5, PLD5, CDH4, FSTL5, ROBO2,

ANGPT1

Non-

neuronal

Astro ADGRV1, ATP1A2, ETNPPL, GFAP, GPC5, KCNN3,

RYR3, SLC1A2, IQCA1, SPARCL1, NEAT1, FGFR3,

FBXL7, AQP4

Non-

neuronal

Oligo BCAS1, CD22, MOBP, MOG, NCKAP5, PDE1C,

PIEZO2, PLP1, RNF220, ZNF536, OPALIN, TMTC2,

ALCAM, QKI

Non-

neuronal

OPC CA10, COL11A1, DCC, LHFPL3, MAML2, NXPH1,

PCDH15, PDGFRA, PTPRZ1, SEMA5A, SOX6,

VCAN, XYLT1, NTNG1, TNS3, KCND2

Non-

neuronal

Micro/PVM APBB1IP, HS3ST4, LRMDA, LRRK1, LYN, MAF,

MAML2, MRC1, SFMBT2, ST6GAL1, TNS3, IL6ST,

ZFHX3, ARHGAP12

Non-

neuronal

Endo BTNL9, FLT1, ST6GAL1, LRMDA

Non-

neuronal

VLMC ATP1A2, COL1A2, DCN, SLC6A1, COL4A2, PLCE1,

ZFHX3

Alignment of DART-FISH cells with pre-annotated SNARE-

seq nuclei

To align DART-FISH cells with pre-annotated SNARE-seq2 nuclei including

24 cell subclasses, we ran Tangram alignment in the ”cells” mode[146]. This provided

us the probabilistic mapping of SNARE-seq2 nuclei in space based on the cosine simi-
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larity of the expression of those 484 genes in DART-FISH cells. To do a deterministic

cell annotation, we normalized the Tangram probabilities of each cell subclass and

transferred the cell subclass label, having the highest normalized Tangram probabil-

ity, to the DART-FISH cells. Nonetheless, this cell-by-cell mapping between individual

DART-FISH cells and SNARE-seq2 nuclei was noisy. We applied additional filtering

by the count of the marker genes in each annotated DART-FISH cells. The marker

genes for each subclass used in this filtering step were summarized in Table 3.2. Pre-

annotated DART-FISH cells with low count of subclass marker genes were excluded for

downstream analysis and the numbers of total annotated cells in each area were sum-

marized in Table 3.3. Besides, each individual DART-FISH cell was further aligned

with the SNARE-seq2 nucleus, having the highest Tangram probability among that

specific cell subclass. Ultimately, the single-cell transcriptomes were spatially resolved

and spatially resolved cell atlases of these cortical areas were generated.

Table 3.3 Annotation of DART-FISH cells in each cortical area. DART-FISH cells
were aligned with pre-annotated SNARE-seq2 nuclei with 24 subclasses. Tangram[146]
was used to align the DART-FISH cells with SNARE-seq2 nuclei having the highest cosine
similarity of the gene expression profile. DART-FISH cells with low count of transcripts, low
Tangram probabilities, and low marker gene count were filtered. The numbers of annotated
cells after filtering in each DART-FISH dataset are summarized here.

Area Dataset ID ROI

(mm2)

Total number

of DART-FSIH

cells

Total number

of annotated

cells

Annotation rate

ACC 20221005 23.05 15,385 9,378 61.0%

DFC 20221201 22.08 15,453 7,881 50.4%

FI 20221017 45.39 33,448 18,961 56.7%

M1C 20220912 33.84 30,797 15,690 50.9%

S1C 20220909 65.44 47,821 26,125 54.6%

MTG 20220725 41.65 36,683 14,701 40.1%

A1C 20220928 48.33 35,852 20,084 56.0%

AnG 20221107 40.45 35,501 17,961 50.6%

V1C 20220712 47.71 33,448 27,026 80.8%
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Spatially resolved cell atlas by DART-FISH

Spatial distribution of cell subclasses in human cortical areas

The spatial distributions of the 24 cell subclasses in each cortical area were

illustrated in Figure 3.3, 3.4, and 3.5. In Figure 3.3, the excitatory neurons showed

pronounced spatial gradient along the cortical depth, with L2/3 IT neurons in the

upper layers and L6 CT as well as L6B neurons in the deeper layers. It’s worth noting

that most cortical areas revealed a noticeable and similar band of L4 IT neurons in

the middle layer, except the rostral most ACC and the caudal most V1C. Based on

histological staining, L4 IT-like neurons are lost in agranular ACC and M1C. By our

molecular cell-typing method, we truly observed L4 IT neurons in the middle layer of

ACC even though they are more widely distributed and can spread to deeper L2/3

and upper L5 layers. Also, we observed an obvious band of L4 IT neurons in the

middle layer of M1C even though other studies reported the lack of L4 IT neurons

having L4 neuron-like morphological characteristics in agranular M1C.[113, 149–151].

Thus, our molecular cell-typing method can indeed uncover previously missing cell

types defined by histological staining. In addition, V1C showed drastic expansion

of L4 IT neurons that spread into L2/3 IT neurons dominating layers. Also, in the

middle of L2/3 and L4, the L2/3 IT neurons and L4 IT neurons were well mixed

together. This observation is in line with Jorstad et al.’s study that relied on Nissl

staining to dissect laminar layers in V1C[126]. Consistent with our results, they also

observed L4 IT neurons in specialized layers 4A and 4B. Moreover, they also found

multiple types of L2/3 IT neurons in layers 4A and superficial part of layer 4B, which

may explain the intermingled pattern of L2/3 IT and L4 IT neurons in our results.

In contrast to the discernible gradient distribution of excitatory neurons across

the cortical depth, inhibitory neurons generally have wider distribution in all cortical

areas, as shown in Figure 3.4. This may be due to their developmental origins outside

the cortical plate[128, 129]. Still, we observed those MGE-derived inhibitory neurons

(PVALB, Chandelier, SST, and SST CHODL) were mostly localized in the deeper
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layers while the CGE-derived inhibitory neurons (LAMP5 LHX6, LAMP5, SNCG,

VIP, and PAX6) were generally localized in the upper layers. The PAX6 inhibitory

neurons, especially, were positioned at more superficial layer than upper layer 2/3 in

most cortical areas. This may due to the transcription factor PAX6 highly expressed

in their apical progenitor (AP) cells in VZ not only controls the neurogenesis of PAX6

inhibitory neurons but also mediates their migration to the superficial cortical layers

during corticogenesis[152–154].

Lastly, the non-neuronal cell subclasses were mostly sporadically distributed

across cortical depth, except Oligo and Astro cells (Figure 3.5). We found that the

Oligo cells were highly enriched in the WM zone and spread into the cortical layer 4

even though their progenitor cells, OPCs, were uniformly distributed in all cortical

areas. [134]. This may reflect their important roles in myelination and axon support

in the WM zone[134, 155]. Astro cells, in contrast, show uniform with slight depletion

in the middle layers in most cortical areas such as M1C, S1C, A1C, and V1C. The

wide distribution of Astro cells may be related to their supporting roles in regulatory

functions such as metabolic, homeostatic, neurotransmitter clearing, and blood-brain

barrier permeability in the human brain[156, 157]. To sum up, Oligo cells demonstrate

more similar but pronounced laminar positioning in all cortical areas while Astro cells

are widely distributed but have more differences in laminar organization across cortical

areas.
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Figure 3.3 Cell atlas of excitatory neurons in 9 areas of human cerebral cortex.
Spatial distribution of excitatory neurons, including L2 IT, L4 IT, L5 IT, L5 ET, L5/6 NP,
L6 IT, L6 IT Car3, L6 CT, and L6B, across 9 cortical areas were depicted.
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Figure 3.4 Cell atlas of inhibitory neurons in 9 areas of human cerebral cortex.
Spatial distribution of inhibitory neurons, including PVALB, Chandelier, SST, SST CHODL,
LAMP5 LHX6, LAMP5, SNCG, VIP, and PAX6, across 9 cortical areas were depicted.
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Figure 3.5 Cell atlas of non-neuronal cells in 9 areas of human cerebral cortex.
Spatial distribution of non-neuronal cells, including Astro, Endo, OPC, Oligo, Micro/PVM,
and VLMC across 9 cortical areas were depicted.

Cell composition changes reveal arealization of human cerebral

cortex

The compositions of 24 cell types across 9 cortical regions were summarized in

Figure ??. The numbers and proportion of non-neuronal cell may vary across tissue

sections because some tissue sections had smaller WM zone (DFC, V1C) during tissue

dissection as proved by Nissl staining (3.2). Also, each cortical area may not have

enough sampling based on the deep sampling standard (80k-100k per area) mentioned

in Jorstad et al.’s paper[126], which may cause the missing of some rare cell types such

as SST CHODL neurons. Hence, we mainly compared our discoveries of the excitatory

and inhibitory neurons at class and subclass level in all cortical areas but the numbers

of non-neuronal cells were still summarized in Figure ??d.

At the cell class level, we noticed most cortical areas, except ACC and V1C,
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contain 70-80% excitatory neurons and 20-30% inhibitory neurons, respectively, con-

sistent with the numbers of cortical neurons discovered in previous studies[23]. In

rostral most ACC, the excitatory neurons slightly decrease to 60% while 82% cortical

neurons are excitatory in the caudal most V1C, showing a rostral-low-caudal-high cel-

lular composition of the excitatory neurons in Figure ??a. At the cell subclass level,

excitatory neuron subclasses still exhibit the most areal differences. The majority of

excitatory neurons belongs to L2/3 IT neurons in all areas. Consistent with their spa-

tial distribution (Figure ??b) and other studies, L4 IT neurons have lower abundance

in ACC and M1C[113] while substantial increase of L4 IT neurons was observed in

V1C, in line with the drastic expansion of layer 4 in V1C. On the other hand, L5

ET, L5/6 NP and L6B neurons showed the highest abundance in ACC and the por-

tion of these neurons generally decreased along the rostrocaudal axis. Strikingly, even

without deep sampling, we still observed the highest abundance of a relatively rare

cell types L5 ET in ACC and gradually decreased along the rostrocaudal axis. L5

ET neurons have subcortical projecting axons, different electrophysiological features

and gene expression patterns[113, 158]. The least abundance of L5 ET neurons in

V1C is in line with previous studies in macaque, discovering the axon projections to

subcortical targets were derived from sparse neurons (i.e. Meynert cells) positioned in

deep layers in V1C[159, 160]. For inhibitory neurons, the compositions of inhibitory

neuron subclasses are generally similar across all cortical areas (Figure ??c). Also, the

inhibitory neurons of MGE origin roughly constitute 50-60% of cortical interneurons

while CGE-derived inhibitory neurons constitute 30-40%, consistent with previous

report[34]. Together, these findings indicate the cellular organization exhibit strong

areal distinction at the most rostral and caudal axis while the cytoarchitectures of

cortical areas in the middle of the rostrocaudal axis are surprisingly similar.

55



Figure 3.6 Proportion of cell types at class and subclass level across 9 cortical
areas. (a) Percentage of excitatory, inhibitory, and non-neuronal cell class in ACC, DFC,
FI, M1C, S1C, MTG, A1C, AnG, and V1C. (b) Percentage of excitatory neuron subclasses
across 9 cortical areas. (c) Percentage of inhibitory neuron subclasses across 9 cortical areas.
(d) Percentage of non-neuronal subclasses across 9 cortical areas.
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Along with the areal changes of excitatory neuron subclass, we also found the

areal differences of excitatory and inhibitory neuron ratio (E:I ratio) across cortical

areas. As depicted in Figure 3.7, the E:I ratio of most cortical areas fluctuated around

2-3, which is lower than widely reported 5:1 E:I ration in mouse. Also, E:I ratio in

the rostral most ACC is slightly lower but the E:I ratio in the caudal most V1C

tremendously increase to 4.5:1, which is highly likely due to the expanded layer 4

in V1C. This finding, again, highlights the extreme specializations of V1C in human

cerebral cortex.

Figure 3.7 E:I ratio across 9 cortical areas along the rostrocaudal axis. E:I ratio
represents the ratio of excitatory neurons and inhibitory neurons.

Transcriptomic landscape of human cerebral cortex

To examine the similarity of transcriptomes in aligned DART-FISH cells across

multiple cortical areas, we embeded these neurons and non-neuronal cells in com-
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mon latent space and visualize their transcriptomic similarity in UMAPs. Since

these aligned DART-FISH cells derived from multiple human subjects, we corrected

the batch effect caused by human subjects prior to UMAP embedding with Har-

mony[161](Right panel of Figure 3.8). Then, the cells in UMAPs are colored by

subclass and cortical area. We found that excitatory neurons seem to show subtle

transcriptomic gradient along the rostrocaudal axis and the caudal most area, V1C,

has more specialized L2/3 IT, L4 IT, and L6 CT neurons that have rather different

gene expressions from the counterparts from other cortical areas (Figure 3.8a, b).

Also, we notice that the excitatory neurons in the middle areas, M1C and S1C, are

mostly intermixed, indicating that these two physically proximal areas have similar

transcriptomic landscapes even they are related to distinct functions.

In contrast, the MGE-derived and CGE-derived inhibitory neurons generally

have very similar transcriptomes, as demonstrated by the intermixed cells across cor-

tical areas in Figure 3.8c, d. Similarly, transcriptomes in non-neuronal cells show

no pronounced areal difference, as exhibited by the intermingled cells in Figure 3.8.

Therefore, these observations point out that the areal difference of transcriptomic

landscapes is mostly driven by excitatory neurons even though the transcriptomic dif-

ference only shows pronounced differences at the rostral most and caudal most areas

even in excitatory neurons. The results are consistent with the previous large-scale

studies based on microarray and bulk-RNA-seq[53–56]. Combined our findings with

previous studies, it further indicates that transcriptomic landscape alone is insufficient

to define the functionally discrete areas.
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Figure 3.8 UMAPs of excitatory neurons, inhibitory neurons, and non-neuronal
cells across 9 cortical areas. (a) UMAP embedding of IT-projecting excitatory neurons.
(b) UMAP embedding of non-IT projecting excitatory neurons. (c) UMAP embedding of
MGE-derived inhibitory neurons. (d) UMAP embedding of CGE-derived inhibitory neurons.
(e) UMAP embedding of non-neuronal cells.
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Discussion

The adult human cerebral cortex is extremely complexed and can be parceled

into many functionally discrete areas. Deciphering the cellular organization and the

molecular phenotypes under these functional areas was heavily investigated in neuro-

science. To see if these discrete areas also have areal specializations at single-cell and

molecular level, BICCN started extensive characterizing the M1C in human, mouse,

as well as marmoset[113] and uncover over 100 transcriptomic cell types organized in

three levels of hierarchies, which lay a good foundation to cross-areal studies of hu-

man cerebral cortex. Jorstad et al. from AIBS used snRNA-seq to profile the whole

transcriptomes of isolated nuclei from 7 more human cortical areas and leveraged the

24 subclasses discovered in BICCN’s work to annotated other areas, which ultimately

ended up with a comprehensive cross-areal consensus taxonomy[126]. Although this

large-scale study shed light on the transcriptomic cytoarchitectures of human cerebral

cortex, snRNA-seq doesn’t preserve the spatial information and they only validated

the spatial distribution of 140 genes and cell subclasses in V1C and MTG by MER-

FISH. Thus, spatially resolved transcriptomic cell atlases of these cortical areas are

still missing.

To fill the gap, we provided the spatially resolved cell atlases and the underly-

ing molecular underpinnings of 9 cortical areas (8 neocortical areas and 1 allocortical

area) in human brain in this chapter. By aligning DART-FISH cells and pre-annotated

SNARE-seq2 nuclei with Tangram, spatially resolved transcriptomes at single-cell level

across these cortical areas were generated. We found these previously defined 24 cell

subclasses in M1C also resided in all other cortical areas, implying generalized cellular

components of human cerebral cortex. If we quantify these cellular components at

class and subclass level, we noticed that the proportion of excitatory neurons gener-

ally increase along the rostrocaudal axis. Among these cortical neurons, excitatory

neurons generally show noticeable spatial gradients along the cortical depth and have

pronounced changes of cell composition along the rostrocaudal axis. For example, L4
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IT neurons generally increased along the rostrocaudal axis except the agranular area

ACC and M1C while L5 ET exhibited an inverse pattern and had the least abun-

dance in the caudal most V1C. In contrast, inhibitory neurons generally had similar

cellular abundance across all cortical areas and their spatial distribution show wider

gradients, except PAX6 interneurons which are constantly localized in the superfi-

cial layer. Specifically, MGE-derived interneurons (PVALB, Chandelier, SST, SST

CHODL) were positioned in deeper layers while CGE-derived interneurons (LAMP5

LHX6, LAMP5, SNCG, VIP, and PAX6) were localized in upper layers. Besides, the

E:I ratio is critical to maintain proper functions of neuronal circuits and the imbal-

ance of excitatory and inhibitory neurons is commonly related to neuropsychiatric

diseases[162]. Here, we quantified the E:I ratio in all cortical areas of healthy human

brain and noticed that the E:I ratio in most area fluctuated between 2 and 3 with

the rostral most ACC having slightly lower E:I ratio and the caudal most V1C having

drastically higher E:I ratio at 4.56. This is highly likely due to the substantial ex-

pansion of layer 4 and increase of L4 IT neurons in V1C. Additionally, non-neuronal

cells were mostly sporadically distributed across the cortical areas except Oligo cells.

Oligo cells were highly enriched in the WM zone, gradually decreased along the corti-

cal layers, and were depleted in the upper cortical layers. This spatial pattern of Oligo

cells was consistent in all cortical areas, reflecting their important roles in myelination

and axon support in the WM zone. On the other hand, we found the transcriptomic

landscapes of inhibitory neurons and non-neuronal cells demonstrated high similarity

across these cortical areas. Only excitatory neurons exhibited subtle transcriptomic

gradients along the rostrocaudal axis and the caudal most area, V1C, has specialized

L2/3 IT, L4 IT, and L6 CT neurons having more transcriptomic differences than their

counterparts in other areas.

Altogether, these findings highlight the similar cellular organization among

the middle cortical areas along the rostrocaudal axis. Only the rostral most ACC

and the caudal most V1C show pronounced specializations, especially V1C having

the largest extent of difference in cell composition, cytoarchitecture, and E:I ratio to
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other cortical areas. These results are consistent with other large-scale studies by

performing microarray, bulk RNA-seq and sc/snRNA-seq on microdissected adult hu-

man brain tissue[53–56, 126]. Also, several time course studies of human cortex had

discovered the dynamic transcriptomes showed the most pronounced areal distinction

in early brain development but the differences of the spatial transcriptomes decrease

in the adulthood. This implies the discrete functional differences across these corti-

cal areas in adult human brain cannot be sufficiently explained solely by their spatial

transcriptomes. Future study integrating spatial transcriptomes with functional prop-

erties such as electrophysiological features and connectivity is needed to decipher if

the human cortical areas lie on a molecular continuum or discrete zones to mirror

those functionally discrete areas.

Acknowledgement for Chapter 3

I want to acknowledge people involved in this large-scale cell atlasing work.

The work in Chapter 3 is part of a big collaborative work between the Zhang lab, the

Chun lab, and the Ren lab. The pre-annotated SNARE-seq2 datasets were totally

generated by Dr. Jinghui Song. Also, all human brain sections and isolated nuclei

were prepared by Dr. Carter Palmer from the Chun lab. I generated all DART-FISH

datasets from 9 human cortical areas. Then, I aligned DART-FISH datasets with

nuclei from SNARE-seq2 datasets using the 484 genes in DART-FISH datasets as

anchors. Subsequently, quantification and downstream analysis were performed and

exhibited in this chapter. Deeper analysis will be done, and this collaborative work

will be published in the future. I am the primary author of this chapter.

Chapter 3 is based on the following work which will be published in the future:

Chen, Chien-Ju; Song, Jinghui; Palmer, Carter; Zemke, Nathan; Yang, Bing; Diep,

Dinh; Lake, Blue B.; Zhang, Yida; Kharchenko, Peter V.; Ren, Bing; Chun, Jerold;

and Zhang, Kun. BICCN work under preparation for publication.

63



CHAPTER 4: Conclusions and perspectives

In the first part of this dissertation (Chapter 2), we developed DART-FISH,

a highly multiplexed RNA in situ hybridization method, to measure gene expression

in the spatial context of human tissues, having high autofluorescence background[89–

93]. The early crosslinking of cDNA to PA gel immediately after reverse transcription

showed 1.5-fold DART-FISH signals and the built-in RiboSoma labeling more effec-

tively delineated the boundaries of cell body than traditional nuclei staining. Also,

the autofluorescence in human tissues was overcome by simple RCA reaction that am-

plifies DART-FISH signals by over 100-fold. Besides, the fast decoding combined with

the computational framework, SpD, allowed scalable measurement of large human tis-

sues with 20x objective in a shorter timeframe. As a proof of principle, we showed

its reproducibility and benchmarked its sensitivity and specificity in human M1C

and compared it to RNAscope and other methods such as MERFISH and EELFISH.

Besides, DART-FISH measurement of 121 genes in human M1C successfully recapit-

ulated the cytoarchitectures of 20 of 24 previously identified cell subclasses[113]. This

proving its direct applicability to postmortem human brain tissue sections, which lay

a great foundation to generate human cerebral cortex atlas in Chapter 3. In addition

to its application to map the cytoarchitecture of human M1C as described in Chapter

2, a few other future directions will be mentioned here to incorporate more modalities

into this streamlined DART-FISH workflow.

First, we can apply DART-FISH to measure more cells in thick tissue blocks so

that deep sampling of that tissue block can potentially collect more numbers of rare

cell types for statistical analysis. This requires DART-FISH to combine the tissue

clearing procedures and light-sheet microscopy to reduce scattering light and imaging

time during image acquisition[163, 164]. Second, if subcellular localization of RNAs in

finer structures such as dendritic spines and branches is required in a research study,

we can combine DART-FISH with expansion microscopy to spatially resolved gene

expression and these finer structures[141]. Third, if we want to include membrane
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protein receptors or extracellular matrix proteins to investigate cell-cell interactions

in healthy and pathological niches, antibody staining can be easily incorporated into

the DART-FISH workflow[140].

In the second part of this dissertation (Chapter 3), we demonstrated the ap-

plication of DART-FISH to uncover the cellular heterogeneity of 9 human cortical

areas, ACC, DFC, FI, M1C, S1C, MTG, A1C, AnG, and V1C, along the rostrocau-

dal axis. Combined with the transcriptome profiling of single-nuclei in these areas

by SNARE-seq2, we generated spatially resolved transcriptomic cell atlases of these

human cortical areas. This large-scale study is trying to address a long-lasting bio-

logical question - if the functionally discrete areas in human cerebrum are mirrored

by continuum or discrete zones of cortical sheet at cellular and molecular levels. In

our findings, we realized the adult cortical sheet were all made up of 24 cell subclasses

belonging to excitatory neurons, inhibitory neurons, and non-neuronal cells. Also,

the cytoarchitectures of these areas were mostly similar, except the two poles at the

rostral and caudal axis. The rostral most ACC was slightly specialized by fewer exci-

tatory neurons, wider distribution of L4 IT neurons, and lower E:I ratio at 1.47. In

contrast, the most caudal V1C showed drastic specialization, manifested by the higher

abundance of excitatory neurons especially L4 IT neurons, pronounced expansion of

layer 4, and higher E:I ratio at 4.56 than other middle areas (E:I ratio 2-3). Similarly,

in the transcriptomic landscape V1C also have specialized L2/3 IT, L4 IT, and L6 CT

neurons that show more transcriptomic differences. However, the transcriptomic land-

scapes in most cell subclasses are generally similar, except excitatory neurons which

also show subtle transcriptomic gradients across the rostrocaudal axis. These findings

are consistent with other large-scale studies based on microarray, bulk RNA-seq, and

sn/scRNA-seq[53–56, 126]. Thus, it seems that the areal transcriptomic distinction is

subtle unless in the polar areas, ACC and V1C.

Although the results of this large-scale study only seem to recapitulate the

subtle areal difference of the transcriptomic landscape in the cortical sheet, bridging

the results with other omic data such as the chromatin landscape in the cortical sheet
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may help to explain the functional features of human cerebral cortex[45]. In a recent

study of Drosophila, people discovered some spatial transcription factors influenced

the chromatin landscape, which opened specific chromatin domains for temporal tran-

scription factors to bind, and ultimately generated diverse neuronal cell types[165].

We may need to incorporate chromatin accessibility data in future work to decipher

the roles of gene regulatory networks in producing areal molecular signatures and di-

verse cell types across cortical areas. Another particularly interesting and possibly

more relevant aspect is to incorporate spatial transcriptome with neuronal connectiv-

ity, since similar cellular organization can still give rise to distinct functional areas

by wiring the neurons in different ways. Nonetheless, integration of spatial transcrip-

tome and neuronal connectivity may require further tool development to map these

two modalities together in a large-scale manner.

To sum up, the development of DART-FISH allows us to uncover the hetero-

geneity of complexed human cerebral cortex at multiple scales spanning from molecu-

lar, cellular to the tissue level. The workflow is so simple that allow easy incorporation

of other modalities. I am excited about tailoring this method to address many bio-

logical questions in future perspectives.
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MATERIALS AND METHODS

Reagents and enzymes

Reagents and enzymes were listed as name (supplier, catalog number) in the

Supplementary file, Chen Supplementary Table 1. Also, the human brain probes used

in chapter 2 were listed in Chen Supplementary Table 2.

Post-mortem human brain tissue

De-identified postmortem human brain tissue was collected by AIBS after ob-

taining the consents from the decedent’s legal next-of-kin. Brain tissue collection was

performed in accordance with the provisions of the United States Uniform Anatomi-

cal Gift Act of 2006 described in the California Health and Safety Code section 7150

(effective 1/1/2008) and other applicable state and federal laws and regulations. The

Western Institutional Review Board (WIRB) reviewed the use of de-identified post-

mortem brain tissue for research purposes. Male and female donors of 18-68 year-old

with no known history of neuropsychiatric or neurological conditions were included

for the postmortem human brain tissue collection. Meanwhile, the blood samples

of the donors were screened for infectious disease (HIV, Hepatitis B, and Hepatitis

C) and donors negative for all three infectious diseases were included. A few brain

tissue samples were obtained from the University of Washington Biorepository and

Integrated Neuropathology (BRaIN) Laboratory under UW School of Medicine and

HIPAA compliance. Informed consent was obtained for the use of data and samples.

Three donor brains with post-mortem interval ≤ 12 hours and RIN score ≥ 7

were selected for DART-FISH assay (Table S1). Regions were identified and iso-

lated utilizing architectural landmarks, aided by the Allen Brain Human Brain Atlas

[147]. Multiple parallel 10-µm-thick cryosections were taken from the tissue block and

mounted onto vectabond (Vector Laboratories, SP-1800-7)- coated 24 x 60 mm No.1.5

coverslips (Azer Scientific, 1152460). Brain cryosections were stored at -80 ℃ until use.
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Table S1 Metadata of human brain donors. Human brain tissue blocks were collected
by Allen Institute of Brain Science and University of Washington.

Subject ID Gender Age (years) Post-mortem interval (PMI) Hemisphere

UW7118 Female 27 8.2 h N/A

H19.30.001 Male 42 8 h right

H19.30.002 Male 29 7.5 h right

Padlock probe production

Gene selection

In Chapter 2, a list of genes was selected based on differential expression anal-

ysis of snRNA-seq data from human M1C data[64, 113] and a few curated marker

genes were added manually to target 121 genes in human M1C. In Chapter 3, a 484-

gene panel was selected mostly by gpsFISH[148] while a few curated marker genes

were added manually to uncover 24 subclasses across excitatory neurons, inhibitory

neurons, and non-neuronal cells.

DART-FISH probe design

For short genes (length < 1.5kb), we defined the constitutive exon as the union

of all isoforms in GencodeV41. For other genes, the constitutive exon was defined as

regions in RefSeq where at least 33% of isoforms share. We used a modified ver-

sion of ppDesigner[110] to find padlock target sequences along the constitutive exons.

ppDesigner was run on two settings: 1) no overlap between probes allowed, 2) overlap

of up to 20nt allowed. Individual target sequences were constrained between 17nt

and 22nt long with the total target sequences ≤ 40 nt. The resulting target sequences

were aligned to GRCh38/hg38 with BWA-MEM[166] and sequences with MAPQ < 40

or secondary alignment were removed. We further removed probes that have GATC
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(DpnII recognition site). A maximum of 50 probes per gene were selected, prioritizing

the non-overlapping set. Finally, the target sequences were concatenated with ampli-

fication primer sequences, universal sequence, and gene-specific decoder sequences to

produce final padlock probe sequences (Supplementary Figure S1) and were ordered as

an oligo pool from Twist Bioscience. the brain probe set was amplified with AP1V7U

and AP2V7 primer pair (Chen Supplementary Table 1).

To select a set of barcodes, we computationally created all possible barcodes

in the compact format: a n digit barcode with “1”, “2” and “3” representing each

of the three fluorescent channels and “0” indicating ”off” cycles. For example, the

barcode for RORB in Figure 2.1c is “132000” in the 4-digit format. This amounted

to 480 multi-color barcodes for brain. We then used a brute force algorithm to find

the largest subset of barcodes, Q, in which every pair had a Hamming distance ≥ 2.

Followed by this, we created a graph, G, in which every possible barcode is a node,

and pairs of nodes are connected with edges if their Hamming distance is 1. We then

found a maximal independent set (MIS, networkx v2.6.2) that included the nodes in

Q. This method ensured that every pair of barcodes in the MIS have Hamming dis-

tance > 1. Because the algorithm for finding MIS is random, we ran it 20,000 times

and selected the largest MIS across the runs. For the brain, the MIS consisted of 159

barcodes, 121 of which were randomly assigned to the genes.

TBU gel

All TBU gels in padlock probe production were made with the home-made

recipe from the lab. Briefly, a master mix of 6% TBE-Urea denaturing gel casting

solution was prepared based on the recipe in Table 1. Then, we filtered the solution

with sterile 30 um Celltrics filter (Sysmex, 04-004-2326) and add it into individual

empty gel cassettes, 1.0 mm (ThermoFisher Scientific, NC2010). 1-well or 12-well

combs were inserted to the top of the gel cassettes. Place the gel cassettes in the fume

hood until the gel formed. The TBU gels were stored at a 4℃ fridge until use.
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Table S2 TBE-Urea denaturing gel (TBU gel) casting solution recipe. All volumes
are in mL.

reagent 15 mL 24 mL 30 mL 48 mL

8M Urea solution 11.25 18 22.5 36

10x TBE buffer 1.5 2.4 3 4.8

40% Acrylamide/Bis solution (29:1) 2.25 3.6 4.5 7.2

10% Ammonium persulfate 0.1 0.15 0.2 0.3

TEMED 0.005 0.0075 0.01 0.015

Total 15.15 24.225 30.3 48.45

Mass padlock probe production

A step-by-step protocol can be found in the Supplementary file, Chen Enzymatic-

padlock-probe-preparation.pdf and is illustrated in Supplementary Figure S1 Briefly,

oligo pools were PCR amplified on a 96-well plate (10pM per reaction) using KAPA

SYBR fast and 0.4 µM of each amplification primer (AP1V7U and AP2V7 for brain,

Chen Supplementary Table 1, Supplementary Figure S1) until plateau. The PCR

products were pooled and concentrated with ethanol precipitation and further puri-

fied using QIAquick PCR purification kit (Qiagen, 28106).

The purified amplicons were divided into parallel reactions (about 5 µg each)

and were digested with Lambda Exonuclease (0.5U/µL) in 1x buffer (NEB, M0262L)

at 37°C for 2 h and purified using Zymo ssDNA/RNA clean & concentrator kit fol-

lowing manufacturer’s instructions (Zymo, D7011). Next, the single-stranded probes

were further digested with 5 units of USER enzyme (NEB, M5505L) in 1x DpnII

buffer at 37 °C for 3 h. Subsequently, for each reaction we added DpnII guide oligo

(Supplementary Figure S1) to final concentration of 5uM in 1x DpnII buffer, heated

the mix to 94°C for 2 min, cooled to 37°C and added 50 units of DpnII in 1x DpnII

buffer and incubated for 5 h. Finally, probes were size-selected using the TBE-Urea

gel.
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DART-FISH sample preparation

The general workflow, including reverse transcription, cDNA crosslinking, pad-

lock probe capture, RCA, rolony crosslinking and image acquisition, is illustrated in

Figure 2.1. A step-by-step protocol can be found in Supplementary files (Chen DART-

FISH-paper-protocol.pdf, Chen BICCN-DART-FISH-protocol.pdf).

Notes: The DART-FISH protocol evolved during my graduate study. In Chap-

ter 2, I crosslinked cDNA molecules and embedded them in gel right after reverse

transcription (Chen DART-FISH-paper-protocol.pdf) while I crosslinked rolonies and

embedded rolonies in gel after RCA reaction in Chapter 3 (Chen BICCN-DART-

FISH-protocol.pdf).

Reverse transcription and cDNA crosslinking

Tissue sections were fixed in 4% PFA in 1x PBS at 4 °C for 1 h, followed

by two 3-minute washes with PBST (1x PBS and 0.1% Tween-20). Then, a series

of 50%, 70%, 100%, and 100% ethanol were used to dehydrate the tissue section at

room temperature for 5 min each. Next, tissues were air-dried for 5 minutes and in

the meantime, silicone isolators (Grace Bio-Labs, 664304) were attached around the

tissue sections. Then, the tissue sections were permeabilized with 0.25% Triton X-

100 in PBSR (1x PBS, 0.05U/µL Superase In, 0.2U/µL Enzymatics RNase Inhibitor)

at room temperature for 10 min, followed by two pre-chilled PBSTR (1x PBS, 0.1%

Tween-20, 0.05U/µL Superase In, 0.2U/µL Enzymatics RNase Inhibitor) washes and

a water wash. Next, the sections were digested with 0.01% pepsin in 0.1 N HCl (pre-

warmed 37 °C for 5 min) at 37 °C for 90 seconds and washed with pre-chilled PBSTR

twice. Afterwards, acrydite-modified dT and N9 primers (Acr dc7-AF488 dT20 and

Acr dc10-Cy5 N9) were mixed to a final concentration of 2.5 µM with the reverse-

transcription mix (10U/µL SuperScript IV (SSIV) reverse transcriptase, 1x SSIV

buffer, 250 µM dNTP, 40 µM aminoallyl-dUTP, 5 mM DTT, 0.05U/µL Superase

In and 1U/µL Enzymatics RNase inhibitor), incubated at 4 °C for 10 min and then

transferred to a humidified 37 °C oven for overnight incubation. After reverse tran-
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scription, tissue sections were washed with pre-chilled PBSTR twice and incubated

in 0.2 mg/mL Acryloyl-X, SE in 1x PBS at room temperature for 30 min. Then, the

tissue sections were washed once with PBSTR, followed by incubation with 4% acry-

lamide solution (4% acrylamide/bis 37:1, 0.05U/µL Superase-In, and 0.2U/µL RNase

inhibitor) at room temperature for 30 min. Subsequently, the acrylamide solution was

aspirated and gel polymerization solution (0.16% APS and 0.2% TEMED in the 4%

acrylamide solution) was added. Immediately, the tissues were covered with Gel Slick

(Lonza #50640)-treated circular coverslips of 18 mm diameter (Ted Pella, 260369),

transferred to an argon-filled chamber at room temperature and incubated for 30 min.

After gel formation, the tissue sections were washed with 1x PBS twice and the cov-

erslip was gently removed with a needle. At this point, the cDNA is crosslinked to

the polyacrylamide gel.

Padlock probe capture

After cDNA crosslinking in gel, remaining RNA was digested with RNase mix

(0.25U/µL RNase H, 2.5% Invitrogen RNase cocktail mix, 1x RNase H buffer) at 37

°C for 1 h, followed by two PBST washes, 3 min each. Then, the padlock probe library

was mixed with Ampligase buffer. Then, the mixture was heated to 85 °C for 3 min

and cooled on ice. Then, the mixture was supplemented with 33.3U/µL such that

the final concentration of padlock probe library was 100 nM in 1x Ampligase buffer.

Subsequently, the samples were incubated at 37 °C for 30 min, and then moved to a

55 °C humidified oven for overnight incubation.

RCA and rolony crosslinking

After padlock probe capture, the tissue sections were washed with 1x PBS three

times, 3 min each and hybridized with RCA primer solution (0.5 µM rca primer, 2x

SSC, and 30% formamide) at 37 °C for 1 h. Then, the tissue sections were washed

with 2x SSC twice and incubated with Phi29 polymerase solution (0.2 U/µL Phi29

polymerase, 1x Phi29 polymerase buffer, 0.02 mM aminoallyl-dUTP, 1 mg/mL BSA,

and 0.25 mM dNTP) at 30 °C in a humidified chamber for 7 h. Afterwards, the tissue
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sections were washed with 1x PBS twice, 3 min each and the rolonies were crosslinked

with 5 mM BS(PEG)9 in 1x PBS at room temperature for 1 h. The crosslinking

reaction was terminated with 1M Tris, pH 8.0 solution at room temperature for 30

min. Finally, samples were washed with 1x PBS twice and stored in a 4 °C fridge

until image acquisition.

Image acquisition

Human brain tissue samples were stained with 1x TrueBlack in 70% ethanol at

room temperature for 2 min to lessen the lipofuscin autofluorescence and washed with

1x PBS three times for 3 min each before imaging. For anchor round imaging, a mix-

ture of anchor round probes, including DARTFISH anchor Cy3, dcProbe10 ATTO647N,

and dcProbe7 AF488 probes, were diluted to 500 nM in 2x SSC and 30% formamide.

Then, the samples were stained with anchor round probes at room temperature for

5 min and washed with 1 mL washing buffer (2x SSC, 10% formamide and 0.1%

Tween-20) twice for 2 min each prior to imaging. The samples were immersed in 1

mL imaging buffer (2x SSC and 10% formamide) during imaging. For decoding imag-

ing, each imaging cycle started with incubating samples with stripping buffer (2x SSC,

80% formamide, and 0.1% Tween-20) at room temperature for 5 min, washed with

washing buffer twice for 2 min each, stained with a mixture of AlexaFluor488, Cy3,

and ATTO647 fluorophore-labeled decoding probes (dcProbe0-AF488, dcProbe0-Cy3,

and dcProbe0-ATTO647N as an example for round 1) for 10 min, and washed with

washing buffer three times for 2 min each. Then, the samples were immersed in 1 mL

of imaging buffer while imaging. After the last cycle of decoding imaging, DRAQ5

staining (5 µM, room temperature, 10 min) was performed for nuclei segmentation.

Z-stack images were acquired by Leica TCS SP8 confocal microscope with 20x oil-

immersed objective (NA 0.75) and pixel size of 284 nm x 284 nm and 1024 x 1024

pixels per image.
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DART-FISH data processing workflow

The DART-FISH datasets were processed by our home-built pipeline Briefly,

raw z-stack images with 4 channels (3 fluorescent channels and brightfield) from the

microscope were registered to a reference round by affine transformation implemented

in SimpleElastix[167] using the brightfield channel as the anchor. Then, each field of

view (FOV) underwent decoding to obtain a list of candidate spots. Spots from all

FOVs were pooled and filtered (See Sparse deconvolution decoder for more details).

To obtain the global position of the rolonies, the FOVs were stitched by applying

FIJI’s[168] Grid/Collection Stitching plugin[169] (in headless mode) to the registered

and maximum-projected brightfield images. Note that the theoretical positions of the

FOVs, defined by the microscope, were used as initial positions for stitching. Cell

boundaries were segmented with Cellpose (v2.1.1)[170, 171]. Note that Cellpose’s

“cyto” was fine tuned on each tissue by manually segmenting a handful of composite

images DRAQ5 (nuclei channel) and N9 cDNA stain or RiboSoma (cyto channel)

using the package’s graphical user interface.

SparseDeconvolutionDecoder

In DART-FISH, each gene is represented by a barcode that can be read out

in n rounds of 3-channel imaging. Each barcode is designed to emit fluorescence (be

“on”) in exactly k rounds, each time in a single fluorescent channel and stay “off” in

other rounds. We concatenate the rounds and channels and represent the barcodes as

3n-dimensional vectors. In other words, barcode i is represented by vector xi in which

1’s are placed where “on” signal is expected, and 0’s everywhere else. The codebook

matrix X (3n x N) is then defined as X = [x1, x2,..., xN ], where N is the total number

of barcodes. In the same way, for every pixel we concatenate the fluorescent intensity

values (scaled between 0 and 1) to create a 3n-dimensional vector.

The fluorescence signal at each pixel can be sourced from more than one rolony

if the distance between neighboring rolonies is smaller than the optical resolution of

the imaging system, or if 3-dimensional stacks are analyzed as maximum-projected
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2D images. Nevertheless, because of physical constraints, only a handful of rolonies

are expected to be the source of signal to each pixel. In this regard, because of

the redundancy in the barcode space, combinations of barcodes in one pixel can be

decomposed into their original composing barcodes. We formulated this problem as a

regularized linear regression problem where a weighted sum of a few barcodes creates

the observed signal intensity, where the vector shows the contribution of each barcode

(Figure 2.1d) with most ws (1 ≤ s ≤ N) elements equal to 0. We initially used lasso

to solve this problem (α′ = 0 in Figure 2.1d) to promote the sparsity of w, but later

decided to use elastic net with a non-zero value for α′ that is much smaller than α

(α′/α = 0.01) to increase stability. We call the solution to this problem ŵlasso. Note

that, we constrain the problem to positive weight values (ŵlassoss for every s). The

regression problems are solved for all the foreground pixels (∥y∥ > 0.25) individually.

For every barcode i, we can construct an image with the estimated weight values

as pixels: 0 for background and rejected pixels, and non-zero values from ŵ. We

call these images weight maps. Figure 2.1f shows weight maps constructed with ŵlasso

which have not been filtered. With our current barcode space, we can only confidently

decompose bi-combinations, so for every instance of the elastic net problem, we applied

an elbow filter and accepted the solution only when the top one or two weights were

significantly larger than other weights. In more details, for every pixel, the weights

in ŵlasso are sorted in decreasing order. If the second largest weight is smaller than

half of the top weight, then the top weight passes the elbow filter. Otherwise, if the

third largest weight is smaller than 30% of the largest weight, the top two weights

pass the elbow filter. All the values that do not pass the filter are set to zero. For

accepted solutions, we performed an ordinary least square (OLS) regression using

the top one or two weights to obtain unbiased weights (ŵOLS). Supplementary Figure

S3d shows weight maps constructed with ŵOLS (OLS maps) after applying a Gaussian

smoothing.
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Estimating channel-specific coefficients

So far, we have assumed that pixel intensities from different rounds and fluo-

rescent channels all have the same scale and distribution. However, there is usually

a variation among rounds and fluorescent channels, with some channel-rounds being

brighter than others. To account for this effect, we model the channel-specific varia-

tions as a multiplicative factor that connects the weights at each pixel to intensities:

y = c⊙Xw where c = [c1, c2, ..., c3n]
T is the channel coefficient vector and ⊙ denotes

element-wise multiplication. Suppose for a set of pixels y(1), y(2), ..., y(P ) the true bar-

code weights w(1), w(2), ..., w(P ) are given. For pixel i and channel j, we could write:

y
(i)
j = cj

∑N
b=1 Xjbw

(i)
b = cj

∑N
b=1(xj)bw

(i)
b where (xj)b shows the b’s element of the j ’s

barcode. In this case, each cj can be estimated by solving an OLS problem between

y
(.)
j and

∑N
b=1(xj)bw

(.)
b . Conversely, if the channel coefficients are given, we can set

up the decoding problem with normalized intensities: y = y/c = Xw with / being

element-wise division. We estimate the channel coefficients in an iterative manner

following the algorithm below:

(1) Initialize c = 1 (no channel variation)

(2) Take a random sample of foreground pixels

(3) Normalize the pixel intensities in the sample with c

(3) Run sparse deconvolution decoder on the normalized pixels

(4) Keep pixels with one dominant unsaturated weight (weight in range 0.1 and 0.5)

and obtain unbiased weights through OLS

(5) Update the values of c by solving 3n OLS problems

(6) Repeat step (3)- step (6) niter times

We do this procedure for 2 iterations and apply the obtained values when decoding

all fields of view.

Setting the elastic net regularization parameter

Because of physical constraints, the solution to the deconvolution problem must

be sparse, i.e., only a few non-zero weights should explain the observed intensities.
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The sparsity of the solution is directly controlled by the L1 regularization term, α

(Figure 2.1d). For a given pixel y, higher values of α shrink the estimated weights

(∥ŵlasso∥1 → 0). Conversely, lower values of α allow more weights to be non-zero

and ∥ŵlasso∥1 to grow larger. In fact, one can show if the L2 regularization term,

α′, the largest weight to be undetected for a pixel made purely from one barcode is

wmax = 3n
k
α[172]. For instance, given α = 0.05 and codebook parameters n = 6, k = 3,

then wmax = 0.3. This means that a pixel composed of one barcode needs to have

an underlying intensity > 0.3 to get a non-zero ŵlasso. In other words, setting α too

strictly will result in dimmer pixels to have ŵlasso = 0, while setting α too loosely

will result in spurious non-zero values in ŵlasso for brighter more complex pixels,

potentially not passing the elbow filter and thus ŵOLS = 0. To accommodate a wide

range of rolony intensities, we choose adaptively based on the pixel norm ∥y∥2. First,

we form a training data from a random subset of foreground pixels indexed by i. For

a given pixel norm u, we find the alpha that maximizes a weighted sum of ∥ŵ(i)
OLS∥1

giving more weights to training pixels with closer norms to u (equation ⋆):

α(u) = argmax
x

∑
i

g(
u− ∥y(i)∥2

σ
)∥ŵ(i)

OLS(α)∥1

Where g(.) is the Gaussian function. In practice, for the training pixels we solve the

sparse decoding problem for every value of on a grid from 0.01 to 0.1 with a step size of

0.005, αtrain, to obtain estimated weights ŵ
(α)
OLS. Then we create a grid of norms utrain,

spanning 0 and 2.8 with 50 steps. For every value of u in utrain, we solve equation ⋆

on the αtrain grid. In other words, we create a lookup table connecting values of αtrain

to the best α in αtrain. For new pixels, α is determined by the closest norm in the

lookup table.

Spot calling

To call spots, Gaussian smoothing is applied to individual OLS maps, followed

by peak local max filter (scikit-image 0.19.3[173]) which returns a binary image with

1’s at the local maxima of the smoothed OLS maps. These peaks are then used as
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markers for watershed segmentation. From each segmented region, these features are

kept and used downstream: area, centroid, maximum and average intensity. This

formed a list of candidate spots from each FOV.

Spot filtering

To control the specificity of the decoding procedure, we augmented the code-

book with a number of barcodes (5-10% of the used barcodes) not used in the probe

set (empty barcodes). After spot calling, we record the properties (e.g., area, max-

imum and average intensity) of spots with an empty barcode. Indeed, we see that

empty spots tend to be smaller with lower average/maximum weight (Supplementary

Figure S3f and g). On a small fraction of spots from all FOVs, we train a random

forest classifier (scikit-learn v1.1.3) with area, maximum and average weights as fea-

tures to predict empty/non-empty labels (Supplementary Figure S3h). We applied

the classifier to all spots and obtained emptiness probabilities and set a threshold on

these probabilities (0.3-0.35).

Spot assignment to cells

The cell boundaries were computed by applying find boundaries (scikit-

image 0.19.3[173]) to the segmentation mask. The distances of all spots were cal-

culated to the closest cell boundary. The distance was set to 0 if a spot was inside a

boundary. A spot was assigned to its closest cell if the distance was less than or equal

to 3 µm for non-MBP and 0 µm for MBP spots in the brain.

RNAscope

Sample preparation

RNAscope HiPlex 50x probe stocks of human SLC17A7, RELN, CUX2, RORB,

CBLN2, FEZF2, GAD2, PVALB, LAMP5, PLP1, AQP4,andAPBB1IP with HiPlex12

Reagent Kit v2 (488, 550, 650) Assay (ACD, 324419) were purchased from Advanced

Cell Diagnostics (ACD). The 50x probe stocks and RNAscope HiPlex diluent were

warmed at 40 °C for 10 min. The pre-warmed 50x probe stocks were pooled and di-
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luted to 1x with pre-warmed RNAscope HiPlex diluent before use. RNAscope exper-

iments were carried out according to the manufacturer’s protocol (document number

UM324419) with slight modifications for the post-mortem human brain tissue. Briefly,

the human brain tissue sections were fixed with 4% PFA in 1x PBS at 4 °C for 1 h

and dehydrated with a series of 50%, 70%, 100%, and 100% ethanol at room temper-

ature for 5 min each. Then, silicone isolators of 20 mm in diameter (Grace Bio-Labs,

664304) were applied around the tissue sections and the tissue sections were slightly

digested with 5 drops of Protease IV at room temperature for 30 min and washed

with 1x PBS for 2 min twice. Subsequently, enough volume of 1x pooled probes was

added to cover the tissue sections entirely and the probe hybridization was performed

in the 40 °C HybEZ Hybridization System for 2 h. Then, the tissue sections were

washed with 1 mL 1x wash buffer at room temperature for 2 min twice. Later, the

tissue sections were hybridized with RNAscope HiPlex Amp1, incubated in the 40 °C

HybEZ Hybridization System for 30 min, and washed with 1x wash buffer at room

temperature for 2 min twice. Afterwards, we followed the same process to hybridize

the tissue sections with RNAscope HiPlex Amp2 and RNAscope Hiplex Amp3. Fi-

nally, we incubated the tissue section with freshly prepared 5% HiPlex FFPE reagent

at room temperature for 30 min and washed the tissue sections with 1 mL 1x wash

buffer at room temperature for 2 min twice prior to image acquisition.

Image acquisition

The tissue sections with silicone isolators were mounted above the objective

of the confocal microscope and 4 cycles of imaging were performed to image 12 RNA

species. In the first imaging cycle, RNAscope HiPlex Fluoro T1-T3 probes were pre-

warmed at 40 °C, added to cover the tissue sections entirely, and hybridized with

the tissue sections for 5 min thrice. After probe hybridization, the tissue sections

were washed with 1 mL 1x wash buffer at room temperature for 2 min twice and

immersed in 1 mL 4x SSC buffer. Z-stack images were acquired by Leica TCS SP8

confocal microscope with 63x oil-immersed objective (NA 1.4) and pixel size of 113 nm

x 113 nm with each z-step at 1 µm. Then, the fluorophores were cleaved with freshly
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prepared 10% cleaving solution (100 µL cleaving solution diluted with 900 µL 4x SSC

buffer) at room temperature for 15 min and the tissue sections were washed with 0.5%

PBST (1x PBS with 0.5% Tween-20) at room temperature for 2 min twice. Repeat

the fluorophore cleaving process once to ensure the fluorophores were removed entirely.

Later, we repeated the same process to hybridize RNAscope HiPlex Fluoro T4-T6,

RNAscope HiPlex Fluoro T7-T9, and RNAscope HiPlex Fluoro T10-T12 and image

the corresponding RNA targets subsequently. Additional ”Empty” cycle was taken to

image the autofluorescence of the human brain tissue. After the last imaging cycle,

we added 80% formamide in 2x SSC buffer to remove RNAscope probes completely

and stained the nuclei with 5 µM DRAQ5 at room temperature for 10 min.

Spot decoding

We directly leveraged the computational pipeline in DART-FISH data pro-

cessing to decode spots in RNAscope images. We registered the z-stack images, max-

intensity projected the images, and subtracted the autofluorescence imaged in the

”Empty” cycle. Then, the RNAscope spots were decoded by SparseDevonvolution-

Decoder.

Cell annotation

We used anndata[174–176] (v0.8.0) and scanpy[174](v1.9.1) to handle and an-

alyze the data. The data normalization was performed using analytic Pearson resid-

uals[177] (clipped at 40) with a lower bound placed on gene-level standard devia-

tions[178]. Clustering was done with the Leiden algorithm[179] implemented in scanpy.

Annotating the brain short-gene dataset

Cells with counts less than 5 and more than 300 were removed (2,980 out of

26,348). The top 100 highly variable genes (scanpy.experimental.pp.highly variable gene(.,

flavor=’pearson residuals’)) were used for normalization, embedding and annota-

tions. PCA was performed on Pearson residuals, and the neighborhood graph was

created with this command scanpy.pp.neighbors(n neighbors=20, n pcs=15, met-
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ric=’cosine’). Single-nucleus RNA-seq reference from Jorstad et al.[126] was subset-

ted to M1C cells and normalized in the same way as DART-FISH. Pax6 and Scng

subclasses were removed since we did not design our probe set to target those sub-

classes. Average normalized counts (centroids) were computed for every other subclass

in the ”within area subclass” slot and all clusters of DART-FISH. To annotate the

DART-FISH clusters at the class level (excitatory, inhibitory, non-neuronal), we first

correlated each cluster to all single-nucleus subclasses, and assigned that cluster to

the class of the most highly correlated subclass. Annotation of each class was done

separately. For excitatory neurons, all DART-FISH cells that had a class label of

”excitatory” and had at least 20 transcripts were kept (5,957 cells). We realized that

the Leiden clustering was unstable and by mere shuffling of the order of cells, we

would obtain very different clusters. We reasoned that by removing some cells that

tend to move between clusters, we could get more stable clusters and have more con-

fidence in their annotation. To find cells that don’t stably cluster, we ran clustering

20 times, every time shuffling the order of the cells. For every cell, we calculated

the number of times it was co-clustered with every other cell and took the average of

the non-zero values as the co-clustering index (CCI). A perfect CCI of 20 means that

the cell is clustered with the same partners in every clustering instance, while lower

values show deviations from this limit. We removed the cells with a CCI smaller than

6 and repeated this filtering procedure for three more iterations. The final results

show a more stable clustering of the remaining 5101 cells. We then constructed a new

neighborhood graph using newly computed principal components (n neighbors=10,

n pcs=15), followed by Leiden clustering. The cluster centroids were calculated and

correlated to the reference subclass centroids. We assigned clusters to their maxi-

mally correlated reference subclass if we could also see differential expression of their

marker genes (scanpy’s rank genes groups), otherwise we labeled them as ”NA”.

Of note, the DART-FISH population labeled as L6b/CT was highly correlated with

reference subclasses L6b and L6 CT (Supplementary Figure S5b) and showed expres-

sion of marker genes from both subclasses. For inhibitory neurons and non-neuronal
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cells, the clustering was more stable to begin with, and we started by constructing

the neighborhood matrix (for inhibitory neurons: n neighbors=20, n pcs=10. For

non-neuronal cells: n neighbors=25, n pcs=15) and clustering. Then clusters were

assigned to the reference subclass with maximum Pearson’s correlation if the marker

genes matched, or otherwise were labeled as NA.

Drawing cortical layer boundaries

Cortical layer boundaries were automatically drawn via Support Vector Ma-

chine (SVM) decision boundaries. The Scikit-learn python package (v1.1.3) was used

to train a SVM on the following excitatory neuron subtype labels: ”L2/3 IT”, ”L4

IT”, ”L5 IT”, ”L6 IT”, ”L6b/CT”. First, cells with fewer than 10 total gene counts

were filtered out. The x and y coordinates of the cells were standardized via the

StandardScaler() function, and the data is fed into a SVM with a radial basis func-

tion (RBF) kernel with balanced class weights and one vs. one decision function.

The RBF SVM model was then applied to a meshgrid with a fine step size with the

same geometric size as the original tissue image. The trained SVM classified the cell

type label of each point on the meshgrid to define borders between the cortical layers

specified by the excitatory neuron subclasses. We drew contours based on the borders

between the various subclasses, and manually superimposed them onto Figure 2.3c.
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SUPPLEMENTAL FIGURES

Figure S1 Probe production strategy (a) A genome browser view showing the target
locations for individual padlock probes. Up to 50 padlock probes are designed to tile to
constitutive exons. (b) To obtain more probes targeting short genes, we allow overlapping
target sequences for padlock probes (NPY as an example with 893 nucleotides) (c) Enzy-
matic production of padlock probes from an oligo pool. A probe set is PCR amplified with
a pair of probe-set specific amplification primers from the oligo pool. The forward primer
carries a 5’ phosphorothioate modification to prevent digestion, while the reverse primer
carries a 5’ phosphorylation modification to promote digestion by lambda exonuclease. The
5’ and 3’ ends of the amplicons are cleaved by USER and DpnII enzyme, respectively, to
obtain single-stranded padlock probes with 5’ phosphate.
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Figure S2 TBU gel check and size selection of padlock probes (a) Small quantities
of PCR-amplified and enzyme digested probes were added to TBU gel. Run the gel elec-
trophoresis to check size of each product (10bp: 10bp ladder; 1: PCR-amplified; 2: Lambda
Exo digested; 3: Lambda Exo and USER enzyme digested; 4: Lambda Exo, USER, and
DpnII enzyme digested. (b) TBU gel check of padlock probes before and after size selection
(1: probes before size selection (c); 2: after size selection (cut-out gel in (d)). (c) TBU gel
electrophoresis of enzyme digested padlock probes. (d) Size of padlock probes at 150nt were
cut out for purification.
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Figure S3 Gel embedding after reverse transcription, spot calling, and empty
probabilities (a) Fluorescent signal from RiboSoma (randomly primed cDNA) is stronger
when the cDNA is embedded in a polyacrylamide gel immediately after reverse transcription
(top) compared to gel embedding after rolling circle amplification (bottom). The nuclear
DRAQ5 stain does not show a difference between the two conditions (left). RT: reverse-
transcription, RCA: rolling circle amplification. (b) Scatter plot comparing the average
gene count per nucleus in the two conditions in (a). Each dot represents a gene. Nuclear
segmentation was chosen for counting cells to provide a fair comparison between the two
conditions. (c) Histogram of the gene expression fold change in (b). 50% of cells show at
least a 50% increase in their counts. (d) Smoothed OLS map from Fig. 1f. Lasso weight
maps (Fig. 1f) undergo pixel-wise elbow filtering to select the top 1 or 2 barcodes per
pixel. Unbiased weights are then obtained by fitting an ordinary linear regression (OLS)
using the selected barcodes (OLS maps). OLS maps are then smoothed with a Gaussian low
pass filter.(e) Spot detection on weight maps. For each gene, the local peaks are detected
on the respective smoothed OLS map. These peaks then serve as markers for watershed
segmentation. The centroids of the segmented areas are used as spot coordinates. White
and red circles are drawn around high quality and rejected spots, respectively. (f-g) Scatter
plots of two main features extracted from segmented spots with a used barcode (f) and
empty (unused) barcodes (g). Empty barcodes tend to be smaller in area and have lower
weights than non-empty ones. (h) Emptiness probabilities inferred from a random forest
that was trained to distinguish empty from non-empty spots based on the extracted features
(weight max, weight mean, area). A cutoff is later set on the empty probabilities to keep
high quality spots.
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Figure S4 RiboSoma staining, spot assignment, and RNAscope validation (a) Seg-
mentation of cells using only DRAQ5 (nuclear) or (b) using both DRAQ5 and RiboSoma
(randomly primed) staining. RiboSoma resolves cell bodies more confidently. (c) Assigning
decoded rolonies to the closest segmented cell. Transcripts that are too far from cell bound-
aries are discarded. (d) Histogram showing the fraction of spots inside the segmented cells
for each gene. MBP encoding myelin base protein, has the lowest fraction of spots inside the
cells. (e) An example of MBP being expressed outside the soma. Every red dot is a decoded
MBP transcript on the background of RiboSoma (contrast is increased for clarity). MBP
spots seem to co-localize with the RiboSoma signal over long threads that resemble axons.
(f) RNAscope validation of DART-FISH in the human M1C with genes GAD2, PVALB,
LAMP5, AQP4, APBB1IP.
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Figure S5 Cell annotation of human M1C (a) UMAP of the DART-FISH M1C data col-
ored by transcripts counts for 16 cell type markers (b) Pearson’s correlation of DART-FISH
subclasses with the snRNA-seq reference subclasses used for annotation[126] (c) Histogram
of concordances values for genes in DART-FISH (top) and MERFISH (bottom, sample
H18.06.006.MTG.250.expand.rep1[124]). Concordance is defined as the Pearson’s correla-
tion of expression levels across subclasses between SNARE-seq2[113] and the spatial assay.
The histogram for DART-FISH is color coded to show the performance of short genes (exon
length < 1.5kb)
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Figure S6 Summary and annotation of SNARE-seq nuclei across 9 areas of human
cerebral cortex (a) Barplots of SNARE-seq nuclei assayed from ACC, DFC, FI, M1C, S1C,
MTG, A1C, AnG, and V1C areas of the cerebral cortex from multiple human brains. The
x labels represent the human brain IDs. Exc: Excitatory neurons, Inh: Inhibitory neurons,
NN: Non-neuronal cells (b) UMAP plots of 24 annotated excitatory neurons (L2/3 IT, L4 IT,
L5 IT, L5 ET, L5/6 NP, L6 IT, L6 IT Car3, L6 CT, and L6B), inhibitory neurons (PVALB,
Chandelier, SST, SST CHODL, LAMP5 LHX6, LAMP5, SNCG, VIP, and PAX6), and non-
neuronal (Astro, Endo, Micro/PVM, Oligo, OPC, VLMC) subclasses in each cortical area.
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Figure S8 Composition of 24 subclasses across 9 areas of human cerebral cortex
The excitatory neurons, inhibitory neurons, and non-neuronal cells from multiple human
brains were pooled together and clustered separately. UMAP plots and composition of each
subclass of excitatory neurons, inhibitory neurons, and non-neuronal cells across 9 cortical
areas are shown in (a), (b), and (c), respectively. UMAP plots in (d), (e), and (f) represent
the excitatory neurons, inhibitatory neurons, and non-neuronal cells labeled by the human
brain IDs and cortical areas, respectively, in the upper and lower panel.
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