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Summary

Spatial barcoding technologies have the potential to reveal histological details of transcriptomic
profiles; however, they are currently limited by their low resolution. Here we report Seg-Scope, a
spatial barcoding technology with a resolution comparable to an optical microscope. Seg-Scope is
based on a solid-phase amplification of randomly barcoded single-molecule oligonucleotides using
an Illumina sequencing platform. The resulting clusters annotated with spatial coordinates are
processed to expose RNA-capture moiety. These RNA-capturing barcoded clusters define the
pixels of Seq-Scope that are approximately 0.5-0.8 um apart from each other. From tissue sections,
Seq-Scope visualizes spatial transcriptome heterogeneity at multiple histological scales, including
tissue zonation according to the portal-central (liver), crypt-surface (colon) and inflammation-
fibrosis (injured liver) axes, cellular components including single cell types and subtypes, and
subcellular architectures of nucleus and cytoplasm. Seg-scope is quick, straightforward, precise
and easy-to-implement, and makes spatial single cell analysis accessible to a wide group of
biomedical researchers.
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In Brief:

Seg-Scope uses spatial barcoding and the Illumina sequencing platform to achieve sub-micron
resolution spatial transcriptomics, enabling the visualization of transcriptomic heterogeneity at the
cellular and subcellular level in various tissues.

Introduction

The development of light and electron microscopes profoundly contributed to the
development of modern histology (Mazzarini et al., 2020). Protein and mRNA detection
techniques, such as immunohistochemistry and RNA /n situ hybridization, further allowed
for examining specific biomolecules in histological slides (Callea et al., 1992). These
technological advances strengthened our understanding of various pathophysiological
processes and enabled the development of molecular diagnostic methods for various
diseases.

Standard immunohistochemistry and RNA /n situ hybridization can examine only one or a
handful of target molecular species at a time; therefore, the amount of information obtained
from a single experimental session is limited. To overcome this, emerging Spatial
Transcriptomics (ST) techniques aim to examine all genes expressed from the genome from
a single histological slide (Asp et al., 2020). There are three major methodologies to
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experimentally implement ST. First, the sequential /n situ hybridization method, often
combined with combinatorial multiplexing, can increase the number of RNA species that
can be detected from a single histological section. Second, /n situ sequencing can identify
RNA sequences from the tissue through fluorescence-based direct sequencing. Finally,
spatial barcoding methods associate RNA sequences and their spatial locations by capturing
tissue RNA using a spatially-barcoded oligonucleotide array.

Among these three major methodologies, the spatial barcoding method is the most
straightforward, comprehensive, widely-used, and commercially available method easily
accessible by many laboratories (Asp et al., 2020). Spatial barcoding is currently achieved
by microspotting (Stahl et al., 2016), barcoded bead arrays (Rodriques et al., 2019; Stickels
et al., 2021; Vickovic et al., 2019), or a fabricated microfluidic channel (Liu et al., 2020).
These methods, however, have an intrinsic limitation due to their low-resolution
specifications. For instance, VISIUM from 10X Genomics has a center-to-center resolution
of 100 um (Bergenstrahle et al., 2020), which is worse than that of the naked eye (~40 pm).
More recent technologies, such as Slide-Seq, HDST and DBiT-Seq, improved the resolution
(Liu et al., 2020; Rodriques et al., 2019; Stickels et al., 2021; Vickovic et al., 2019);
however, their resolutions are still far coarser than an optical microscope that has
submicrometer resolution.

Here, we describe a technology for achieving submicrometer resolution spatial barcoding,
designated as Seg-Scope. Our technique is based on the solid-phase amplification of a
random barcode molecule, conveniently achieved by the Illumina sequencing platform
(Bentley et al., 2008). Seq-Scope has a center-to-center resolution of 0.5-0.8 um (~0.6 um on
average), far superior to previous technologies and comparable to an optical microscope.
Seq-Scope also has an excellent transcriptome capture output (up to 23-27 unique molecular
identifiers (UMIs)/um?2 on average), which is outstanding among the available ST
methodologies. When aggregated into single cell areas, the transcriptome output of Seg-
Scope (~4,700 UMIs/cell on average) is even comparable to conventional single cell RNA-
seq (scRNA-seq). Using Seq-Scope, we obtained transcriptome images that clearly visualize
microscopic cellular and subcellular structures of the liver and colon, which were impossible
to obtain through formerly existing methods.

Seq-Scope Technology Overview

The Seg-Scope experiments are divided into two rounds of sequencing steps: 15-Seq and
2"d_Seq (Figure 1). 15t-Seq generates a physical array of spatially-barcoded RNA-capture
molecules and a spatial map of barcodes where each barcoded sequence is associated with a
spatial coordinate in the physical array. 2"-Seq captures mMRNAs released from the tissue
placed on the physical array from the 15-Seq, and sequences the captured molecules
containing both cDNA and spatial barcode information.

15t-Seq of Seq-Scope starts with the solid-phase amplification of a single-stranded synthetic
oligonucleotide library using an lllumina sequencing platform (MiSeq in the current study;
Figure 1A). The oligonucleotide “seed" molecule contains the PCR/read adapter sequences,
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the restriction enzyme-cleavable RNA-capture domain (oligo-dT), and the high-definition
map coordinate identifier (HDMI), a spatial barcode composed of a 20-32 random
nucleotide sequence. The library is amplified on a lawn surface coated with PCR adapters
(Figure 1B), generating a number of clusters, each of which is derived from a single “seed”
molecule. Each cluster has thousands of oligonucleotides that are identical clones of the
initial oligonucleotide “seed” (Bentley et al., 2008) (Figure 1B). The HDMI sequence and
spatial coordinate of each cluster are determined through a sequencing-by-synthesis (SBS)
procedure using the Real-Time Analysis (RTA) software, without requiring any in-house
custom image analysis (Figure 1C and S1A). After SBS, the oligonucleotides in each cluster
are processed to expose the nucleotide-capture domain (Figure 1D and S1A), producing an
HDMI-encoded RNA-capturing array (HDMI-array; Figure 1E), the physical array produced
by 15-Seq of Seq-Scope.

2"d_Seq of Seg-Scope begins with overlaying the tissue slice onto the HDMl-array (Figure
1E). The mRNAs from the tissue are used as a template to generate cDNA footprints on the
HDMI-barcoded RNA capture molecule (Figure 1F and S1B). Then, the secondary strand is
synthesized on the cDNA footprint using an adapter-tagged random primer (Figure 1G and
S1B). Since each cDNA footprint is paired with a single random primer after washing, the
random priming sequence is used as a UMI (Figure S1B). The secondary strand, which is a
chimeric molecule of HDMI and cDNA sequences, is then collected and prepared as a
library through PCR (Figure 1H and S1B). The paired-end sequencing of this library reveals
the cDNA footprint sequence, as well as its corresponding HDMI sequence (Figure 11 and
S1B).

For each HDMI sequence, 15'-Seq provides spatial coordinate information while 2"-Seq
provides captured cDNA information. Correspondingly, the spatial gene expression matrix is
constructed by combining the 15t-Seq and 2"9-Seq data, which is used for various analyses
(Figure S1C-S1E).

HDMI-Array Captures Spatial RNA Footprint of Tissues

Through a series of titration experiments, we produced the HDMI-array with a sequenced
cluster density of up to 1.5 million clusters per mm? (Figure 2A, S2A and S2B), which is
sufficient to perform single cell and subcellular analysis of the spatial transcriptome (Figure
1J).

The RNA-capturing capability of the HDMI-array was first evaluated by performing a Cy3-
dUTP-mediated cDNA labeling assay using a fragmented frozen liver section. The HDMI-
array successfully generated a spatial cDNA footprint that preserved the overlying tissue's
gross shape (Figure 2B). The labeling assay also revealed microscopic details of cDNA
footprints that resemble a single cell morphology (Figure 2B, insets), which has a
fluorescence texture similar to the underlying clusters (Figure 2A and S2A).

Then, we performed the complete Seg-Scope procedure on two representative
gastrointestinal tissues, the liver and colon. In each 15%-Seq experiment, the HDMI-array was
produced in 1 mm-wide circular areas of the MiSeq flow cell, also known as “tiles” (Figure
S2C). The tissue sections were overlaid onto the HDMI arrays, examined by H&E staining,
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and subjected to 2"d-Seq. Analysis of the 15t-Seq and 2"d-Seq data (Figure S1C)
demonstrated that the RNA footprints were discovered mostly from tissue-overlaid regions
(Figure 2C, S2D and S2E), confirming that Seq-Scope can indeed capture and analyze the
spatial transcriptome from the tissues.

The Seqg-Scope analysis was robust against PCR and sequencing errors; >99% of all spatial
assignments were estimated to be accurate, as detailed in the STAR methods (Figure S2F-
S2H). The small number of transcripts discovered outside of the tissue-overlaid regions had
a transcriptome profile similar to the tissue-covered area (r = 0.9833); therefore, these
transcripts are likely derived from tissue debris or ambient RNAs released from the tissue.

Seq-Scope Captures Transcriptome Information with High Efficiency

Compared to previous ST solutions, Seg-Scope offers a dramatic improvement in resolution
(Figure 2D) and pixel density (Figure 2E); center-to-center distances between HDMI pixels
were measured to be 0.633 + 0.140 um (liver) and 0.630 + 0.132 um (colon) (mean + SD;
Figure 2D). Although each HDMI-barcoded cluster covers an extremely tiny area (<1 pm2),
single HDMI pixel in tissue-covered region was able to capture 6.70 £ 5.11 (liver) and 23.4
+ 17.4 (colon) UMIs (mean + SD; Figure 2F). The number of gene features identified per
HDMI pixel was 5.88 + 4.22 (liver) and 19.7 £+ 14.3 (colon) (mean + SD; Figure 2G). Per-
pixel counts of UMIs and genes in Seq-Scope were larger than HDST but were smaller than
other technologies (Figure 2F and 2G). However, after normalization using the pixel density,
Seq-Scope showed the best transcriptome capture performance per area among the datasets
we examined (Figure 2H and 21; colon dataset). Considering that the current data are
estimated to cover only ~60% (liver) and ~36% (colon) of the total library size (Figure S2I),
the maximum possible Seq-Scope capture efficiency should be even higher than the
currently presented data. Therefore, Seg-Scope provides an outstanding mRNA capture
output, in addition to providing an unmatched spatial resolution output.

Seq-Scope Reveals Nuclear-Cytoplasmic Transcriptome Architecture from Tissue Sections

mMRNA is transcribed and poly-A modified in the nucleus, and transported to the cytoplasm
after splicing (Figure 3A). Several RNAs in the mouse liver, such as Malat1, Neat1 and
Mixipl, exhibit strong nuclear localization (Bahar Halpern et al., 2015). On the other hand,
the cytoplasmic mitochondria contains many mitochondria-encoded RNAs (mt-RNA,; Figure
3A).

We spatially plotted all spliced and unspliced transcripts discovered from Seq-Scope.
Intriguingly, unspliced transcript expression was restricted in tiny circles with a diameter of
~10 um (Figure 3B and S3A), which is about the size of hepatocellular nuclei (Baratta et al.,
2009). Spliced mRNAs were relatively scarce in the unspliced area, while nuclear-targeted
RNAs were more abundant in the unspliced area (Figure 3B). Mt-RNAs were mostly in the
spliced area (Figure 3C and S3B). These observations were substantiated by correlation
analysis of the single cell images (Figure 3D and S3C).

These results suggest that spliced and unspliced transcripts are useful to determine the
nuclear-cytoplasmic structure from the Seq-scope dataset. Indeed, when overlaid with H&E
staining images, the unspliced RNA-enriched region generally agreed with the nuclear
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position (Figure 3E; note that some hepatocytes are known to be multinucleate (Donne et al.,
2020)). However, in some hepatocytes, the unspliced RNA-enriched regions were not
observed (Figure 3E), which can be explained by the absence of the cell’s nucleus in the
tissue slice (Figure S3D), the inadequate positioning of the nucleus for RNA capture (Figure
S3E) or the intrinsic variations in the rates of transcription, splicing and nuclear export
(Figure S3F).

To further test the robustness of these observations, we randomly divided all genes into three
independent subsets and examined the expressions of spliced and unspliced mRNAs from
each subset. All three datasets similarly visualized a nuclear-cytoplasmic structure with a
strong correlation (Figure 3F and S3G).

Finally, we identified nuclear centers by using unspliced transcripts (Figure 3G). Then, we
searched for genes whose transcripts were enriched within 5 pm from the nuclear centers.
Consistent with previous cell fractionation and RNA /n situ hybridization studies (Bahar
Halpern et al., 2015) and our observations described above, Malat1, Neatl and Mixip/were
identified as the top 3 genes enriched in the nuclear area (Figure 3H). These results
demonstrate that Seq-Scope can perform subcellular transcriptome studies.

Seq-Scope Performs Spatial Single Cell Analysis of Hepatocytes

Using an image segmentation method (Sage and Unser, 2003), single hepatocellular areas
were identified from the H&E image (Figure 3E and 4A). The single hepatocellular
transcriptome from the segmented Seqg-Scope data showed a substantial number of UMIs
(4,294, median; 4,734 £+ 2,480, mean + SD) and genes (1,617, median; 1,673 + 631.7, mean
+ SD), which are comparable to the recent single hepatocyte transcriptome datasets obtained
from MARS-Seq (Halpern et al., 2017) and Drop-Seq (Park et al., 2020) (Figure 4B). The
transcriptome content of Seg-Scope was similar to the results from the MARS-Seq, Drop-
Seq and Bulk RNA-seq analyses of the normal liver (Figure S4A-S4E).

Cell type mapping analysis of the segmented single hepatocyte dataset revealed the spatial
structure of hepatocellular zonation, identifying both pericentral (PC) and periportal (PP)
profiles (Figure S4F), which were found in their corresponding spatial locations (Figure
S4G). PP- and PC-specific genes isolated from Seq-Scope were also found in MARS-Seq
and Drop-Seq data (Figure S4H; Table S1). The top 50 PC/PP genes from Drop-Seq and
MARS-Seq were sufficient to classify PC/PP cells in the Seg-Scope dataset (Figure S41;
Table S1). Therefore, Seq-Scope single cell analysis agreed with the former scRNA-seq
results and revealed every single cell’s actual spatial locations.

A more detailed analysis of Seq-Scope data identified multiple transcriptome layers ordered
across the portal-central zonation axis (Figure 4C, 4D and S4J). Continuous mapping,
instead of discrete clustering, also visualized a similar zonation pattern (Figure S4K). Many
of the cluster marker genes showed a spectrum of diverse zonation patterns between the PC
and PP profiles (Figure 4E). These gene expression patterns are consistent with the previous
RNA /n situhybridization (Aizarani et al., 2019; Halpern et al., 2017) and immunostaining
results (Park et al., 2020). However, previous studies using original ST (Hildebrandt et al.,
2021) or Slide-Seq (Rodriques et al., 2019) were not able to uncover this level of detail
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(Figure SAL and S4M), possibly due to the limitations in resolution (Figure 2D and 2E) and
RNA capture efficiency (Figure S4N and S40).

Seq-Scope Detects Non-Parenchymal Cell Transcriptome from Liver Section.

Although hepatocytes are the major cellular component in the liver, non-parenchymal cells
(NPC) such as macrophages (M¢; blue), hepatic stellate cells (HSC; dark green), endothelial
cells (ENDO; orange) and red blood cells (RBC; red) can be found in a small portion of the
histological area (Figure 4F) (Ben-Moshe and Itzkovitz, 2019). Due to their small sizes,
these cells were not easily isolated through H&E-based image segmentation assays; H&E-
based segmentation assay failed to reveal the NPC transcriptome except around the portal
vein area (grey clusters in Figure 4C and 4D), where RBCs and M¢s often accumulate in
large quantities (Dou et al., 2019).

Therefore, alternatively, we segmented the Seq-Scope dataset with a uniform grid consisting
of 10 um-sided squares (Figure S4P-S4S). Cell type mapping analysis of the gridded Seg-
Scope dataset identified the grids that correspond to these NPC cell types (Figure 4G and
SAT), based on the expression of cell type-specific markers (Figure S4T-S4V; Table S2).
Although most of the histological space was occupied by the hepatocellular area (Hep_PP
and Hep_PC), the small and fragmented spaces scattered throughout the section represented
the NPC area (Figure 4H). The locations of the M¢ and ENDO grids (Figure 41, first and
second panels) were consistent with the spatial location of their corresponding cell type-
specific marker expression (Figure 41, arrows in the third panel) and the histologically-
identified M¢ and sinusoid areas (Figure 41, arrows in the fourth panel) that are located
around the segmentation boundaries (Figure 41, arrows in the fifth panel). Therefore,
histology-guided cell segmentation analysis and histology-agnostic square gridding analysis
complemented each other in identifying different cell types.

Seq-Scope Reveals Transcriptomic Details of Histopathology Associated with Liver Injury.

The data presented above confirm that Seg-Scope can reveal the transcriptome heterogeneity
and spatial complexity of the normal liver at various scales. But could Seg-Scope also reveal
the pathological details of transcriptome dysregulation in diseased liver? To address this, we
utilized our recently developed mouse model of early-onset liver failure that was provoked
by excessive mTORC1 signaling (Cho et al., 2019). This model ( 7sc24/°/Depac5eP mice
or 7D mice) exhibits widespread hepatocellular oxidative stress, leading to localized liver
damage, inflammation and fibrotic responses (Cho et al., 2019).

We first examined the cellular components of the 7D liver using the gridded Seq-Scope
dataset (Figure S5A-S5D). Most cell types identified from the normal liver, such as PP/PC
hepatocytes and NPCs, were also discovered from the 7D liver (Figure 5A, S5E and S5F;
Table S3). Nuclear, cytoplasmic and mitochondrial structures were also visualized through
the spatial plotting of unspliced, spliced and mt-RNA transcripts, respectively (Figure S5G).

Former bulk RNA-seq results showed that the 7D liver upregulates oxidative stress signaling
pathways (Cho et al., 2019). Consistent with this, Seg-Scope identified that the 7D liver
expressed elevated levels of several antioxidant genes such as Gpx3and Seppl.
Interestingly, induction of these genes was robust in PP hepatocytes, while the upregulation
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was not pronounced in PC hepatocytes (Figure S5H). Therefore, the oxidative stress
response of the 7D liver was PP-specific.

In the 7D liver, we noticed that some NPC populations, such as M¢s and HSCs, were greatly
increased and differentiated into subpopulations. M¢s were differentiated into homeostatic
and inflamed populations (M¢-Kupffer and M¢-inflamed). M¢-Kupffer expressed Kupffer
cell-specific markers such as Clec4f, while M¢-Inflamed expressed pro-inflammatory
markers such as Cd74 and MHC-11 components (Figure 5B; Table S3). Likewise, HSCs
were also differentiated into normal and activated HSCs (HSC-N and HSC-A). HSC-A
exhibited elevated levels of fibrotic markers such as collagens and alpha-smooth muscle
actins (Acta2). In contrast, HSC-N expressed a different set of extracellular proteins, such as
Ecm1and Dcn (Figure 5B; Table S3), which were also expressed by HSCs residing in the
normal liver (Table S2).

The 7D liver also exhibited emerging novel cell populations. Hepatocytes exhibiting injury
responses (Hep_Injured) expressed serum amyloid proteins (Figure S5F), a marker for liver
injury (Sack, 2020). Although the Hep_Injured population was observed in a minor subset of
normal liver hepatocytes (black clusters in Figure 4C and 4D; Figure S4T-S4V; Table S2), it
became much more prevalent in the 7D liver dataset (Figure 5A and S5E; Table S3). Hepatic
progenitor cells (HPC) expressed a unique set of genes such as Clu, Mmp7, Spp1 and
Epcam (Figure 5B; Table S3). Among these genes, SppI (Strazzabosco et al., 2014) and
Epcam (Dolle et al., 2015) were formerly reported to be expressed by injury-responding
HPCs. Interestingly, these populations of M¢-Inflamed, HSC-A, Hep_Injured and HPC were
concentrated around the injury and inflammation sites, identified from the H&E histology
images (Figure 5C; dotted rectangles). Therefore, it is likely that these cell types have an
immediate pathophysiological connection with the liver injury observed in the 7D liver.

Through multiscale sliding windows analysis (see STAR methods), we generated a fine
spatial map of different cell types (Figure S51). The results indicated that dead hepatocytes
(asterisks in Figure 5C-5G) were surrounded by M¢-Inflamed, which were subsequently
surrounded by Hep_Injured (Figure 5D). In contrast, M¢-Kupffer was more uniformly
distributed throughout the liver section (Figure 5D). These observations are consistent with
the spatial plotting of cell type-specific markers (Figure 5E) and suggest the transcriptomic
structure of liver injury histopathology (Figure 5F).

To independently confirm these observations through orthogonal technology, we performed
immunofluorescence confocal imaging of the cell type-specific markers (Cd74, Saal/2 and
Clec4f; Figure 5B and S5J-S50). The result revealed a similar histopathological structure
(Figure 5G) — Cd74-positive cells surrounded the region where no live cells were found
(yellow asterisks), and Saal/2 marked the hepatocellular injury response around the
inflamed region. The Kupffer cell marker Clec4f was not associated with the injury site and
was scattered throughout the space (Figure 5G). These results support the initial
observations from the Seq-Scope data (Figure 5D-5F).

7D liver also exhibits fibrotic responses. In the active fibrosis area, M¢-Inflamed and HSC-
A were very tightly intermingled with each other (Figure 5H and 5I). In contrast, M¢-
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Kupffer did not show specific spatial interaction and could be found in both fibrotic and non-
fibrotic areas (Figure 5H and 51). These observations (Figure 5J) were again reproduced
with immunofluorescence imaging; the tight co-localization between M¢-Inflamed and
HSC-A (Figure 5K), as well as the non-specific distribution of M¢-Kupffer (Figure 5L),
were confirmed by visualizing Cd74, Acta2 and Clec4f proteins.

In addition to HSC-A, HPCs also interacted with M¢-Inflamed in the Seq-Scope data
(Figure 5M and 5N), consistent with their known functional interactions (Viebahn et al.,
2010). The interaction between HPC and M¢-Inflamed was also observed in
immunofluorescence imaging (Figure 50).

These results highlight the utility of Seq-Scope in identifying cell types associated with
specific histopathological structures and identifying their specific cell type markers. These
results also demonstrate that Seq-Scope can reveal the microscopic structure of
transcriptome phenotypes in a way similar to immunofluorescence microscopy.

Seq-Scope Visualizes Histological Layers of Colonic Wall

The colon is another gastrointestinal organ with complex tissue layers, histological zonation
structure, and diverse cellular components (Levine and Haggitt, 1989). Using the colon, we
examined whether Seg-Scope can examine the spatial transcriptome in a non-hepatic tissue.
The colonic wall is histologically divided into the colonic mucosa and the external muscle
layers (Farkas et al., 2015). The colonic mucosa consists of the epithelium and lamina
propria, and the epithelium is further divided into the crypt-base, transitional and surface
layers (Figure 6A). Clustering analysis of the gridded Seq-Scope dataset (Figure S6A-S6E
and Table S4) revealed transcriptome phenotypes corresponding to these layers (Figure 6B)
and visualized their spatial locations (Figure 6C and S6F).

Seq-Scope ldentifies Individual Cellular Components from Colon Tissue

In addition to visualizing the layer structure, Seg-Scope also revealed the various colonic
epithelial and non-epithelial cell types (Figure 6D-61 and S6F-S6H). In the crypt base, stem/
dividing, deep crypt secretory cell (DCSC) and Paneth-like cell phenotypes (Figure 6E, 6F
and S6G) were identified. The stem/dividing cells expressed higher levels of ribosomal
proteins while expressing lower levels of other epithelial cell-type markers (Figure 6J; Table
S4). DCSCs expressed secretory cell markers, such as Agr2, Spink4 and OitI (Figure 6J;
Table S4), while Paneth-like cells expressed Mptx1, a recently identified marker of the
Paneth cell in the small intestine (Haber et al., 2017).

Seq-Scope also identified distinct cell types at the surface of the colonic mucosa (Figure
6D-6F). The top layer of the epithelial cells expressed surface colonocyte markers, such as
Aqp8 (Fischer et al., 2001), Car4 (Borenshtein et al., 2009) and SaaZ (Eckhardt et al., 2010)
(Figure 6J; Table S4). Some of the epithelial cells expressed goblet cell-specific markers,
such as Zg16, Fcgbp and 713 (Haber et al., 2017; Pelaseyed et al., 2014) (Figure 6J; Table
S4). In addition, Seg-Scope also identified enteroendocrine cells (EEC) expressing
hormones, such as glucagon, peptide Y'Y, insulin-like peptide and CCK (Figure 6J; Table
S4).
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Below the epithelium, there are connective tissue layers, including the lamina propria,
submucosa, and external muscle layers. Seq-Scope identified many non-epithelial cell types
from these layers, including smooth muscle, fibroblasts, enteric neurons, M¢s and B-cells
(Figure 6G-61). These results indicate that Seq-Scope can transcriptomically recognize most
of the major cell types present in the normal colonic wall.

Seq-Scope Performs Microscopic Analysis of Colonic Spatial Transcriptome

To take advantage of Seq-Scope’s high-resolution data, we employed multiscale sliding
windows analysis (Figure 7A-7C) and spatial plotting of cluster markers (Figure 7D-7F;
Figure S7), focusing on the same region of the colonic wall. Multiscale sliding windows
analysis drew a clear line between different cellular compartments (Figure 7A-7C); the
original gridding analysis (10 pm) or analysis with smaller grids (5 pm) did not reveal this
level of high-resolution detail (Figure S61-S6N). The sliding windows cluster assignments
(Figure 7A-7C) were congruent with the spatial plotting of the relevant cluster marker genes
(Figure 7D-7F) and H&E histology data (Figure 7G). For instance, in all of these data, B
cells and M¢s were confined to the lamina propria, while crypt base cell markers were
confined to the epithelium (separated by dotted lines in Figure 7D-7G). The B cells and M¢s
are often in very close proximity (Figure 7C and 7F), likely due to their functional
interactions (Spencer and Sollid, 2016). Genes specifically expressed in S and G2/M cell
cycle phases (Nestorowa et al., 2016) were highly expressed in the crypt base area where
stem/dividing cells are located (Levine and Haggitt, 1989); however, their expression was
lower in the surface area (Figure 7H).

Discussion

The data presented here demonstrate that Seg-Scope can visualize the histological
organization of the transcriptome architecture at multiple scales, including at the tissue
zonation level, cellular component level and even subcellular level. Equipped with an ultra-
high-resolution output and an outstanding transcriptome capture output, Seg-Scope drew a
clear boundary between different tissue zones, cell types and subcellular components.
Previously existing technologies could not provide this level of clarity due to their low-
resolution output and/or inefficiency in transcriptome capture.

Several factors could have contributed to Seq-Scope’s high transcriptome capture efficiency.
First, the dense and tight arrangement of barcoded clusters in Seq-Scope could have
increased the transcriptome capture rate since they almost eliminated “blind spot” areas
between the spatial features. Second, unlike some methods that produce a bumpy array
surface, Seq-Scope produces a flat array surface, enabling direct interaction between the
capture probe and tissue sample. Third, solid-phase amplification, limited by molecular
crowding (Mercier and Slater, 2005), might have provided the two-dimensional
concentration of RNA-capture probes ideal for the molecular interaction with tissue-derived
RNA. Finally, biochemical strategies specific to our protocol, such as the secondary strand
synthesis, retrieval, and amplification methods, could have increased the yield of
transcriptome recovery.
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Another benefit of Seq-Scope is its scalability and adaptability. In the current study, we used
the MiSeq platform for the HDMI-array generation; however, virtually any sequencing
platforms that use spatially localized amplification, such as Illumina GAllx, HiSeq, NextSeq
and NovaSeq, could be used for generation of the HDMI-array. Although MiSeq has small
imaging areas, HiSeq2500 and NovaSeq can provide approximately 90 mm? and 800 mm?
of the uninterrupted imaging area, respectively, offering a larger field of view. Newer
sequencing methods, such as NextSeq and NovaSeq, are based on a patterned flow cell
technology, which could provide more defined spatial information for the HDMI-encoded
clusters. However, it is also possible that patterned nanowells may limit the effective RNA
capture area, leading to a lower RNA capture efficiency.

In terms of the cost, the current MiSeqg-based HDMI-array can be generated at
approximately $150/mm2. The cost could be further reduced to $11/mm? in HiSeq2500 or
$2.6/mm?2 in NovaSeq, based on current costs of sequencing. As for turnaround time, the
HDM -array generation takes a day after 15t-Seq, and library preparation can be completed
in two days. A single MiSeq machine can finish 15.-Seq in ~3 hrs since it only involves
cluster generation and 25bp single-end sequencing steps. An experienced researcher can
disassemble the 15t-Seq flow cell within 5-10 min. The procedure is straightforward and not
laborious or technically demanding. Therefore, Seg-Scope can make the ultra-high-
resolution ST accessible for any type and scale of basic science and clinical work.

Convenience in the data analysis pipeline is another strength of Seq-Scope. Most of the Seg-
Scope analyses were seamlessly performed with widely-used standard software tools, such
as lllumina RTA (Ravi et al., 2018), STARsolo (Dobin et al., 2013) and Seurat (Butler et al.,
2018). Being relatively effortless in an analytic perspective will be a hugely attractive factor
for many experimental biologists.

However, it is worth noting that the MiSeq flow cell was not originally designed for ST
(Ravi et al., 2018); therefore, exposing the cluster surface was initially challenging. In the
liver dataset, scratch-associated data losses were often observed due to the damages during
disassembly. When generating the colon dataset, we minimized the damage by protecting
the HDMI-array with hydrogel filling. Therefore, the colon result was almost scratch-free
and revealed higher numbers of UMI per area than the liver result. In the future, designing a
detachable flow cell for 15%-Seq could make this process even more straightforward.

The current HDMI-array is not encoded by the UMI sequence; therefore, we used random
priming positions during the secondary strand synthesis as the alternative UMI. Based on
our library size diversity (400-850bp), the UMI diversity available for a single gene is
estimated to be ~400. In each HDMI, the ratios between the gene and UMI numbers are very
close to 1:1 (Figure S2J), indicating that the current UMI diversity (~400) is far from
saturation and should be more than enough to reliably de-duplicate sequencing reads without
the risk of over-collapsing.

Nevertheless, UMI-encoded HDMI-array could be useful in the future. We experimented on
generating the UMI-encoded HDM I-array by a template-based extension (Figure S1F) and
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found that both UMIs, produced by either random priming or array encoding, perform well
in collapsing the PCR-multiplicated read sequences (Figure S1G).

Due to the extremely high number of HDMI and relatively low number of UMI per HDMI,
HDMI-UMI information needs to be aggregated in some way to produce an interpretable
result. In the ST field, the 10 um feature size is considered a sweet spot for spatial single cell
analysis (Marx, 2021). Consistent with this idea, data binning with 10 um grids performed
well for identifying various cell types from the liver and colon datasets, while smaller grids
did not perform well. To overcome this limitation and fully utilize Seg-Scope’s high
resolution, we employed three independent approaches: (1) Histology-guided image
segmentation assay for spatial single cell analysis, (2) Multiscale sliding windows analysis
for high-resolution cell type mapping, and (3) Direct spatial plotting to monitor spatial gene
expression at high resolution. The results from these analyses demonstrated the utility of
Seqg-Scope in performing high-resolution spatial single cell/subcellular analysis and
identifying biological information that former technologies were unable to approach.

Our results also indicate that Seq-Scope has the potential to improve and complement
current scRNA-seq approaches. scRNA-seq for solid tissues requires extensive tissue
dissociation and single cell sorting procedures. These procedures create very harsh
conditions, which may eliminate labile cell populations and induce stress responses. Several
cell types, such as elongated myofibers, lipid-laden adipocytes, and cells tightly joined by
the extracellular matrix and tight junctions, are not amendable for conventional SCRNA-seq.
By capturing the transcriptome directly from a frozen tissue slice, Seg-Scope can capture
single cell transcriptome signatures from cell types that have previously been difficult to
work with.

In sum, here we report on Seq-Scope technology, which provides a versatile solution for
spatial single cell and subcellular analyses. A single run of Seq-Scope could produce the
microscopic gene expression imaging data for the whole transcriptome. The vast amount of
information produced by Seq-Scope would accelerate scientific discoveries and might lead
to a new paradigm in molecular diagnosis.

Limitations of the Study

The current Seq-Scope study focused exclusively on the poly-A-tagged transcriptome and
did not uncover information beyond that. This limitation can be overcome through further
research. For example, oligonucleotide- or transposase-tagged antibody cocktails were
recently utilized in VISIUM (Vickovic et al., 2020) and DBiT-Seq (Deng et al., 2021; Liu et
al., 2020) to spatially profile multiple protein expression or chromatin regulation. In the
future, these methods could be combined with Seg-Scope to enable the microscopic
characterizations of proteome or epigenome regulation in tissue sections.
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STAR Methods
RESOURCE AVAILABILITY

Lead Contact—Further information and requests for resources and reagents may be
directed to the corresponding author Jun Hee Lee (leeju@umich.edu).

Materials Availability—All materials used for Seg-Scope are commercially available.

Data and Code Availability—The Seg-Scope liver and colon datasets generated from
this study are available at the Gene Expression Omnibus database (GEO accession no.
GSE169706) as raw sequences and initial digital gene expression matrix. Processed RDS
files for cell type mapping analyses and H&E histology images are available at Deep Blue
Data (https://doi.org/10.7302/cjfe-wa35). Codes for the data analysis are available at Github
(https://github.com/leeju-umich/Cho_Xi_Seqscope). Video Demonstration of Key
Procedures is available at Youtube (https://www.youtube.com/playlist?
list=PLRwWwWF9JZ_f5P7wXjgt90052Jz9JyMYWf4.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Animal Tissue Samples—The liver and colon samples are described in our recent
studies (Cho et al., 2019; Ro et al., 2016). The livers were collected from 8 week-old control
(Depdc5F/Tsc1F, male) and 7D (Alb-Cre/Depdc5”F/Tsc1F, female) mice (Cho et al.,
2019). The colons are from 8-week-old C57BL/6 wild-type male mice.

METHOD DETAILS

Generation of Seed HDMI-oligo Library—Seq-Scope is initiated with the generation of
a HDMI-oligo seed library (Figure 1A and S1A). In the current report, we used two versions
of the library — HDMI-Dral and HDMI32-Dral, whose sequences are provided below. The
libraries have the same backbone structure with different lengths of HDMI sequences.

HDMI is a sequence of random nucleotides designed to avoid the Dral digestion sites using
Cutfree software (Storm and Jensen, 2018). HDMI32-Dral is an improved version of HDMI-
Dral. For the liver and colon studies, HDMI-Dral was used. HDMI-Dral was generated by
IDT as Ultramer oligonucleotides, while HDMI32-Dral was generated by Eurofins as
Extremer oligonucleotides.

Backbone: (P5 sequence) (TR1: TruSeq Read 1) (HDMI) (HR1: HDMI Read 1) (Oligo-dT)
(Dral) (Dral-adapter) (P7 sequence)

HDMI-Dral: CAAGCAGAAGACGGCATACGAGAT
TCTTTCCCTACACGACGCTCTTCCGATCT NNVNNVNNVNNVNNVNNNNN
TCTTGTGACTACAGCACCCTCGACTCTCGC TTTTTTTTTTTTTTTITTTTITTTTTTTT
TTTAAA GACTTTCACCAGTCCATGAT GTGTAGATCTCGGTGGTCGCCGTATCATT

HDMI32-Dral: CAAGCAGAAGACGGCATACGAGAT
TCTTTCCCTACACGACGCTCTTCCGATCT
NNVNBVNNVNNVNNVNNVNNVNNVNNVNNNNN
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TCTTGTGACTACAGCACCCTCGACTCTCGC TTTTTTTTTTTTTTITTTTTITTTITTTTT
TTTAAA GACTTTCACCAGTCCATGAT GTGTAGATCTCGGTGGTCGCCGTATCATT

HDMI-oligo Cluster Generation and Sequencing through MiSeq (15.-Seq)—
HDMI-Dral or HDMI32-Dral was used as the ssDNA library and was sequenced in MiSeq
using Read1-Dral as the custom Readl primer. The Readl-Dral sequence is provided below.

Readl-Dral: ATCATGGACTGGTGAAAGTC TTTAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAA
GCGAGAGTCGAGGGTGCTGTAGTCACAAGA

Read1-Dral has a reverse complementary sequence covering HR1, Oligo-dT, Dral and Dral-
adapter sequences of HDMI-Dral and HDMI32-Dral libraries.

Initially, the libraries were sequenced using the MiSeq v2 nano platform to titrate the SSDNA
library concentration to generate the largest possible number of confidently-sequenced
HDMI clusters (Figure S2A and S2B). After several rounds of optimization, HDMI-Dral
was loaded at 100pM while HDMI32-Dral was loaded at 60-80pM. For actual
implementation of Seg-Scope, the MiSeq v3 regular platform was used. MiSeq was
performed in manual mode: 25bp single end reading (for HDMI-Dral) or 37bp single end
reading (for HDMI32-Dral). The MiSeq runs were completed right after the first read
without denaturation, indexing or re-synthesis steps. The flow cell was retrieved right after
the completion of the single end reading steps. The MiSeq result was provided as a FASTQ
file that has the HDMI sequence followed by the 5-base adapter sequence in TRL1.
Thumbnail images of clusters, visualized using Illumina Sequencing Analysis Viewer, were
used to inspect the cluster morphology and density (Figure 2A, S2A and S2B).

The HDMI sequences contain 20-32 random nucleotides, which can produce 260 billion
(20-mer in HDMI-Dral) or 1 quintillion (32-mer in HDMI32-Dral) different sequences. Due
to this extreme diversity, the duplication rate of the HDMI sequence was extremely low
(Figure S2G; less than 0.1% of total HDMI sequencing results), even though the MiSeq
identified more than 30 million HDMI clusters. HDMI32-Dral or longer HDMI molecules,
producing more diversity, could be more appropriate for future analysis involving a larger
field of view.

MiSeq has 38 rectangular imaging areas, which are called “tiles”. 19 tiles are on the top of
the flow cell, while the other 19 tiles are on the bottom of the flow cell (Figure S2C; tiles
2101-2119). For each sequencing output, the tile number and XY coordinates of the cluster
from which the sequence originates can be found in the FASTQ output file of MiSeq. Only
the bottom tiles were used for Seg-Scope analysis because the top tiles were destroyed
during the flow cell disassembly.

Processing MiSeq Flow Cell into the HDMI-array—After 15t-Seq, the MiSeq flow
cell was further processed to convert HDMI-containing clusters to HDMI-array (Figure 1D).
The flow cell retrieved from the MiSeq run was washed with nuclease-free water 3 times.
Then, the flow cell was treated with Dral enzyme cocktail (1U Dral enzyme (#R0129, NEB)
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in 1X CutSmart buffer) in 37 °C overnight to completely cut out the P5 sequence and expose
oligo-dT. The flow cell was then loaded with exonuclease | cocktail (1U Exo | enzyme
(#M2903, NEB) in 1X Exo I buffer) in 37 °C for 45 min to eliminate non-specific sSSDNA.
P7-bound HDMI-Dral oligonucleotides make a duplex with Read1-Dral, so they were
protected from Exo | digestion. Then, the flow cell was washed with water 3 times, 0.1N
NaOH 3 times (each with 5 min incubation at room temperature, to denature and eliminate
the Read1-Dral primer), 0.1M Tris (pH7.5, to neutralize the flow cell channel) 3 times (each
with a brief wash), and then water 3 times (each with a brief wash).

HDMl-array Disassembly—Then, the flow cell was disassembled so that the HDMI-
array was exposed to the outside and could be attached to the tissue sections. To protect the
HDMI-array, agarose hydrogel (BP160, Fisher) was used to fill the flow cell channel before
disassembly (for the colon dataset). 1.5% agarose suspension was prepared in water and
incubated at 95 °C for 1 min. The resulting 1.5% melted agarose solution was loaded into
the flow cell and chilled to solidify the gel. Using the Tungsten Carbide Tip Scriber
(IMT-8806, IMT), all the boundary lines of the channel (corresponding to the imaging area)
were scored. Additional lines inside of the boundaries were scored to help break the glass
into small pieces. Then, the pressure was applied around the scored lines to break the glass
out. Then, the glass particles and agarose debris were removed by washing with water. The
top-exposed flow cell (HDMI-array; Figure S2K, left) was then ready for tissue attachment.
The disassembly process could be practiced with used MiSeq flow cells, which could be
obtained as a byproduct of conventional sequencing. After the practice flow cell was
disassembled, the quality of cluster arrays could be inspected by staining with DNA dye,
such as SYBR Gold. An exemplary SYBR Gold staining image of the disassembled flow
cell with minimal array damage was provided as a reference (Figure S2K, right). It is critical
to avoid scratches that damage the HDMI cluster array.

Tissue Sectioning, Attachment and Fixation—OCT-mounted fresh frozen tissue was
sectioned in a cryostat (Leica CM3050S, —20 C) at a 5° cutting angle and 10 pm thickness.
The tissues were maneuvered onto the HDMI-array from the cutting stage (Figure 1E). The
tissue-HDMI-array sandwich was moved to room temperature, and the tissues were fixed in
4% formaldehyde (100 pl in PBS, diluted from the EM-grade 16% paraformaldehyde
(#15170, Electron Microscopy Sciences)) for 10 min.

Tissue Imaging and mRNA release—The tissues were incubated 2 min in 100 pl
isopropanol, and then stained with 80 pl hematoxylin (S3309, Agilent) for 5 min. After
washing with water, the tissues were treated with 80 pl bluing buffer (CS702, Agilent) for 2
min. After washing with water, the tissues were treated with buffered eosin (1:9 = eosin
(HT110216, Sigma): 0.45M Tris-Acetic buffer (pH 6.0)). After washing with water, the
tissues were dried and mounted in 85% glycerol. The tissues were then imaged under a light
microscope (MT6300, Meiji Techno). To release RNAs from the fixed tissues, the tissues
were treated with 0.2 U/uL collagenase | (17018-029, Thermo Fisher) at 37 °C 20 min, and
then with 1mg/mL pepsin (P7000, Sigma) in 0.1M HCI at 37 °C for 10 min, as previously
described (Salmen et al., 2018).
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Reverse Transcription—The tissue was washed with 40 ul 1X RT buffer containing 8 pl
Maxima 5x RT Buffer (EP0751, Thermofisher), 1 pul RNase Inhibitor (30281, Lucigen) and
31 pl water. Subsequently, reverse transcription (Figure 1F and S1B) was performed by
incubating the tissue-attached HDMI-array in 40 pl RT reaction solution containing 8 pl
Maxima 5x RT Buffer (EP0751, Thermofisher), 8 pul 20% Ficoll PM-400 (F4375-10G,
Sigma), 4 ul 10mM dNTPs (N0477L, NEB), 1 pl RNase Inhibitor (30281, Lucigen), 2 pl
Maxima H- RTase (EP0751, Thermofisher), 4 ul Actinomycin D (500ng/ul, A1410, Sigma-
Aldrich) and 13 pl water. The RT reaction solution was incubated in a humidified chamber at
42 °C overnight.

Tissue Digestion—The next day, the RT solution was removed, and the tissue was
submerged in the exonuclease I cocktail (1U Exo | enzyme (#M2903, NEB) in 1X Exo |
buffer) and incubated at 37 °C for 45 min to eliminate DNA that did not hybridize with
mRNA. Then the cocktail was removed and the tissues were submerged in 1x tissue
digestion buffer (100 mM Tris pH 8.0, 100 mM NaCl, 2% SDS, 5 mM EDTA, 16 U/mL
Proteinase K (P8107S, NEB). The tissues were incubated at 37 °C for 40 min.

Secondary Strand Synthesis and Purification—After the tissue digestion, the
HDMI-array was washed with water 3 times, 0.1N NaOH 3 times (each with 5 min
incubation at room temperature), 0.1M Tris (pH7.5) 3 times (each with a brief wash), and
then water 3 times (each with a brief wash). This step eliminated all mMRNA from the HDMI-
array.

After the washing steps, the HDMI-array was treated with a secondary strand synthesis mix
(18 pl water, 3 ul NEBuffer-2, 3 ul 100 uM Truseq Read2-conjugated Random Primer with
TCA GAC GTG TGC TCT TCC GAT CTN NNN NNN NN sequence (IDT), 3 ul 10 mM
dNTP mix (N0477, NEB), and 3 pl Klenow Fragment (exonuclease-deficient; M0212,
NEB). The HDMI-array was incubated at 37 °C for 2 hr in a humidity-controlled chamber.

After secondary strand synthesis (Figure 1G), the HDMI-array was washed with water 3
times to remove all DNAs that were not bound to the HDMI-array, so that each HDMI
molecule corresponded to each single copy of the secondary strand. Then the HDMI-array
was treated with 30 ul 0.1 N NaOH for 5 min to elute the secondary strand. The elution step
was duplicated to collect 60 pl (in total) of the secondary strand product. The 60 pl
secondary strand product was neutralized by mixing with 30 pl 3 M potassium acetate,
pH5.5.

The volume of the neutralized secondary strand product was adjusted to 100 pl by adding
~10 ul water. The solution was then subjected to AMPure XP purification (A63881,
Beckman Coulter) using a 1.8X bead/sample ratio, according to the manufacturer’s
instruction. The final elution was performed using 40 ul water.

Library Construction and Sequencing (2"d-Seq)—First-round library PCR was
performed using Kapa HiFi Hotstart Readymix (KK2602, KAPA Biosystems) in a 100 pl
reaction volume with 40 pl secondary strand product as the template and forward (TCT TTC
CCT ACA CGA CGC*T*C) and reverse (TCA GAC GTG TGC TCT TCC*G*A) primers at
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2 UM. Stars (*) in the primer sequences denote the phosphorothioate bond modifications.
PCR condition: 95 °C 3 min, 13-15 cycles of (95 °C 30 sec, 60 °C 1 min, 72 °C 1 min), 72
°C 2 min and 4 °C infinite. PCR products were purified using AMPure XP in a 1.2X bead/
sample ratio.

Second-round library PCR (Figure 1H) was performed using Kapa HiFi Hotstart Readymix
(KK2602, KAPA Biosystems) in 100 ul reaction volume with 10 pl of 2 nM first-round PCR
product as a template and forward (AAT GAT ACG GCG ACC ACC GAG ATC TAC ACT
CTT TCC CTA CAC GAC GCT CT*T*C) and reverse (CAA GCA GAA GAC GGC ATA
CGA GAT [8-mer index sequence] GTG ACT GGA GTT CAG ACG TGT GCT CTT
CC*G*A) primers at 1 uM. PCR condition: 95 °C 3 min, 8-9 cycles of (95 °C 30 sec, 60 °C
30 sec, 72 °C 30 sec), 72 °C 2 min and 4 °C infinite. PCR products were purified using
agarose gel elution for all products between 400-850bp size, using the Zymoclean Gel DNA
Recovery Kit (D4001, Zymo Research) according to the manufacturer’s recommendation.
Then the elution products were further purified using AMPure XP in a 0.6X-0.7X bead/
sample ratio. The pooled libraries were subjected to paired-end (100-150bp) sequencing in
the Illumina and BGI platforms at AdmeraHealth Inc., Psomagen Inc., and Beijing Genome
Institute. The HDMI discovery plot assessments indicated that all sequencing platforms
worked well for analyzing Seg-Scope data.

cDNA Labeling Assay—To label cDNAs on the HDMI-array, all the steps were
identically performed as described above, except that, after mMRNA release, the HDMI array
was subjected to cDNA labeling assay (Salmen et al., 2018) instead of library generation
procedures. After mRNA release, the tissue-attached HDMI array was incubated in 40uL
fluorescent reverse transcription solution containing 13 pl water, 8 ul Maxima 5x RT Buffer
(EPQ751, Thermofisher), 8 pl 20% Ficoll PM-400 (F4375-10G, Sigma), 0.8 pl 100mM
dATP (from 0446S, NEB), 0.8 pl 200mM dTTP (from 0446S, NEB), 0.8 ul 1000mM dGTP
(from 0446S, NEB), 0.1 pul 200mM dCTP (from 0446S, NEB), 1.5 pl 6.45mM Cy3-dCTP
(B8159, APEXBIO), 1 pl RNase Inhibitor (30281, Lucigen), 4 pl Actinomycin D (500ng/pl,
A1410, Sigma-Aldrich) and 2 pl Maxima H- RTase (EP0751, Thermofisher). Reverse
transcription was performed at 42°C overnight.

Then, the cocktail was removed and the tissues were submerged in 1x tissue digestion buffer
(100 mM Tris pH 8.0, 100 mM NaCl, 2% SDS, 5 mM EDTA, 16 U/mL Proteinase K
(P8107S, NEB)). The tissues were incubated at 37 °C for 40 min. After washing the HDMI-
array surface with water 3 times, it was mounted in 80% glycerol and then observed under a
fluorescent microscope (Meiji).

Generation and Testing of UMI-encoded HDMI-array—UMI-encoded HDMI array
was generated using the HDMI-TruEcoRl library, which is similar to the other ssDNA
libraries described above, but it does not have an oligo-dT sequence (Figure S1F).

Backbone: (P5 sequence) (TR1: TruSeq Read 1) (HDMI) (HR1B: HDMI Read 1B)
(EcoRlI) (EcoRlI adapter) (P7 sequence)
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HDMI-TruEcoRI: CAAGCAGAAGACGGCATACGAGAT
TCTTTCCCTACACGACGCTCTTCCGATCT HNNBNBNBNBNBNBNBNNNN
CCCGTTCGCAACATGTCTGGCGTCATA GAATTC CGCAGTCCAG
GTGTAGATCTCGGTGGTCGCCGTATCATT

For MiSeq running, Read1-EcoRI was used as the read 1 primer.
Backbone: (EcoRI adapter) (EcoRI) (HR1B)

Readl-EcoRIl: CTGGACTGCG GAATTC TATGACGCCAGACATGTTGCGAACGGG

The library was sequenced using MiSeq v2 nano platform at 100pM concentration and
generated 1.4 million sequenced HDMI clusters per mm2. MiSeq was performed in manual
mode, 25bp single end reading, using the Read1-EcoRlI as the custom Read 1 primer. The
flow cell was retrieved right after the completion of the single end reading step. Then, the
MiSeq flow cell was processed to attach UMI and oligo-dT sequences to the HDMI clusters.
The flow cell was washed with water 3 times and then loaded with EcoRI-HF cocktail (1U
EcoRI-HF (R3101, NEB) in 1X CutSmart NEB buffer) to cut out the P5 sequence. After 37
°C overnight incubation, the flow cell was washed with water 3 times, 0.1N NaOH 3 times
(each with 5 min incubation at room temperature), 0.1M Tris (pH 7.5) 3 times, and then
water 3 times. The flow cell was then loaded with 1X Phusion Hot Start Il High-Fidelity
Mastermix (F565S) containing 5 uM of UMI-oligo (sequence provided below).

Backbone: (oligo-dA) (UMI) C (HR1B)

UMI-Oligo: AAAAAAAAAAAAAAAAAAAAAAAAAAAAAA NNNNNNNN C
TATGACGCCAGACATGTTGCGAACGGG

The flow cell was then incubated at 95 °C for 5 min, 60 °C for 1 min and 72 °C for 5 min.
Then, the flow cell was loaded with an exonuclease | cocktail (see above for composition)
and incubated for 45 min at 37 °C. The flow cell was then washed with water 3 times, 0.1N
NaOH 3 times (each with 5 min incubation at room temperature), 0.1M Tris (pH 7.5) 3
times, and then water 3 times. This completes the generation of the UMI-encoded HDMI-
array.

Performance of the UMI-encoded HDMI-array was tested using 2 ug total RNA purified
from mouse liver, using the same reverse transcription and library preparation method
described above (but without the tissue slice). The library was sequenced in Illumina
HiSeqgX and HiSeq4000 platforms.

Immunohistochemistry.—For immunohistochemistry, frozen liver sections were fixed
with 4% paraformaldehyde, blocked with 1% BSA, 0.01% Triton X-100 in DPBS, and
incubated with primary antibodies detecting indicated proteins, followed by staining with
Alexa fluorescence-conjugated secondary antibodies and DAPI. Immunofluorescence was
detected in Nikon A1l confocal microscope.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Input Data—There are three experimental outputs from Seq-Scope, which will serve as
input data for downstream computational analysis. (1) HDMI sequence, tile and spatial

coordinate information from 15t-Seq, (2) HDMI sequence, coupled with cDNA sequence
from 2Md-Seq, and (3) Histological image obtained from H&E staining of the tissue slice.

Tissue Boundary Estimation—To estimate the tissue boundary, the HiSeq data were
joined into MiSeq data according to their HDMI sequence. As a result, for each of the HiSeq
data whose HDMI was found from MiSeq, the tile number and XY coordinates were
assigned. Finally, using a custom python code, an HDMI discovery plot was generated to
visualize the density of HiSeq HDMI in a given XY space of each tile (Figure S1C). The
density plots were manually assigned to the corresponding H&E images (Figure 2C, S2D
and S2E).

Read Alignment and Generation of Digital Gene Expression Matrix—Read
alignment was performed using STAR/STARsolo 2.7.5¢ (Dobin et al., 2013), from which the
digital gene expression (DGE) matrix was generated. From MiSeq data, HDMI sequences of
clusters located on the bottom tile were extracted and used as a “whitelist” for the cell
(HDMI) barcode after reverse complement conversion. The first 20 (HDMI-Dral version) or
30 (HDMI32-Dral) basepairs of HiSeq data Read 1 were considered as the cell (HDMI)
barcode. HDMI assignments were performed using the default error correction method
implemented in STARsolo (LMM_multi). Details about the spatial barcode assignment and
error correction methods are described below in separate sections.

Due to the extensive washing steps after secondary strand synthesis, it was expected that
each single molecule of HDMI-cDNA hybrid would lead to one secondary strand in the
library. Therefore, the first 9-mer of Read 2 sequence, which is derived from the Randomer
sequence, could serve as a proxy of the unique molecular identifier (UMI). Accordingly, the
first 9 basepairs of HiSeq Read 2 data were copied to Read 1 and used as the unique
molecular identifier (UMI). Read 2 was trimmed at the 3’ end to remove polyA tails of
length 10 or greater and was then aligned to the mouse genome (mm210) using the Genefull
option with no length threshold and no cell filtering (Figure S1D). For the genes whose
expression couldn’t be monitored by the Genefull option, the Gene option was used to
generate the gene expression discovery plots. UMIs were deduplicated using the default
error correction method implemented in STARsolo (IMM_AII), in which all UMIs with 1
mismatch distance to each other are collapsed (i.e., counted once).

For saturation analysis, multiple read alignments were performed using 25%, 50% and 75%
subsets of the 219-Seq results. The alignment output values were plotted in a graph (Figure
S2l) to generate a saturation curve in Graphpad Prism 8 (Graphpad Software, Inc.).
Hyperbolic regression was used to estimate the total unique transcript number in the liver
(60,292,407 to 96,899,822; 95% confidence interval) and colon (308,586,493 to
510,224,639; 95% confidence interval) Seq-Scope libraries.

Error Correction Methods for Spatial Barcodes—Although the possibility of per-
base error is very low, Seq-Scope involves a multi-step processing of sequences and DNA
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samples, so we expect that a small but non-negligible fraction of HDMI barcodes will
contain errors. For example, the probability of “perfect barcode sequencing” without any
errors throughout the 15t-Seq and 2"9-Seq steps (see below for details) was estimated to be
~92.3%, with the remaining reads potentially leading to challenges in the correct barcode
assignment. However, under stochastic assumptions of sequencing errors, we estimate only
<1% will have multiple errors, and our error correction procedure is robust against
occasional errors occurring only once throughout the 15t- and 2"9-Seq steps. In the current
study, error correction and demultiplexing of HDMI barcodes were performed in STARsolo
using the 2Md-Seq result as a FASTQ input, and the 15t-Seq result as a barcode whitelist. We
used the STARsolo’s default option (IMM_multi), which implements a robust statistical
error correction method similar to 10X CellRanger 2.2.0. In this method, HDMIs are
allowed to have one mismatch, and the posterior probability calculation is used to choose the
barcode when multiple mismatched sequences are present.

In our empirical evaluation, when we did not apply any error correction method, we
observed that 13.3% (liver) and 5.1% (colon) of HDMI barcodes no longer matched between
18- and 2"9-Seq. These were comparable to our expected error rate of 7.7% and suggested
that the error correction method we employed substantially rescued potential false negatives.
On the other hand, our error correction introduced only negligible false positives. With error
correction, the total fraction of false positive HDMI matches between 15%- and 2"9-seq was
estimated to be 0.2% (liver data) and 0.7% (colon data). Therefore, our Seq-Scope
procedure, combined with a standard error correction method, is robust against producing
false-positive barcode assignments and also rescues a significant number of false-negative
barcodes from the dataset.

Potential Sources of PCR and Sequencing Errors in Seq-Scope Processes—In
the whole Seg-Scope procedure, there are three potential sources of errors: 15-Seq cluster
generation step, 15%-Seq sequencing step, and 2"9-Seq library prep and sequencing steps.

15t-Seq cluster generation (~2.3%): Even though the HDMI barcodes are randomly
generated in a single-stranded oligonucleotide library, they were amplified on the flow cell
surface so that every barcode in the cluster would have the same HDMI sequence. Based on
the high fidelity of DNA polymerase, errors introduced during cluster generation are
expected to be minimal. To estimate the extent of replication errors during cluster
generation, we used a PCR fidelity estimator (Sharifian, 2010). After 25 cycles of solid-
phase isothermal amplification by Bst DNA polymerase (error rate was set as 10~4), which
generates approximately 1,000 copies of HDMI (20-mer nucleotide)-containing molecules
per cluster (Bentley et al., 2008), it was estimated that 97.7% of molecules will have no
errors, and only 2.27% of molecules will have a single error. HDMI sequences with multiple
errors will be less than 0.03%. Therefore, most of the HDMI sequences in a single cluster
are expected to be error-free.

15t-Seq sequencing step (~3%): Errors can be also introduced during the sequencing step;
however, the Illumina SBS is well known to be one of the most reliable high-throughput
sequencing technologies. During 15%-Seq, clusters were robustly filtered through the
algorithms offered by the Real Time Analysis (RTA). Only the clusters passing filters (PF
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clusters) were used for the coordinate assignment. Randomly created HDMI sequences
produced high and well-balanced base diversity, which enabled high-quality sequencing at
high-density library-loading conditions. Consequently, the Q30 rate (having >99.9%
accuracy in base calling) was very high, at above 96% (96.89% for liver 15-Seq and 96.21%
for colon 15t-Seq). The Q20 rate (having >99% accuracy in base calling) was even higher
than 99% (99.4% for liver 15t-Seq and 99.2% for colon 15t-Seq). The base composition of
each sequencing position was perfectly consistent with the expected HDMI sequencing
pattern (NNNNNBNNBNNBNNBNNBNN) for more than 99% of all sequenced clusters
(Figure S2F; 99.08% for liver 15\-Seq and 99.09% for colon 15t-Seq). Based on the current
Q30 and Q20 rates, we estimate the total 15t-Seq sequencing error rates for 20-mer HDMI as
~3%.

2"d-Seq library preparation and sequencing steps (~2.4%): A small number of barcode errors
could be introduced during secondary strand synthesis, PCR-based library amplification, and
21d_Seq sequencing reads. Based on the nature of these procedures, we do not expect that
Seq-Scope will produce substantially more errors compared to the other available ST or
scRNA-seq methods. For instance, the exonuclease-deficient Klenow enzyme produces 1
error per 10,000 bases. So, the error rate of 20-base HDMI will be less than 0.2%. The
KAPA HIFI enzyme we used for library amplification has an extremely low error rate (1
error per 3.6 x 106 bases), so even after 21-25 total cycles of amplification, the error rate of
20-base HDMI will be again less than 0.2%. Finally, if we suppose that every HDMI was
sequenced in 2"9-Seq just at Q30 (>99.9% accuracy), there will be a 2% chance of
producing an error in the sequence. Therefore, the total errors produced in the 2"9-Seq steps
were estimated to be around 2.4%.

The total rate of errors (7.7%) was estimated by adding all the possible error rates of each
step: 15-Seq cluster generation (2.3%) + 15%-Seq sequencing (3%) + 2"9-Seq library prep and
sequencing (2.4%). Therefore, 92.3% of the final HDMI sequences were estimated to be
error-free. However, in real experiments, the actual rate of errors could vary at each step;
therefore, it is expected that there will be substantial variations from this value. Most
importantly, these barcode errors are unlikely to produce false positives because we use a
whitelist from 15t-Seq to assign the spatial barcode. The errors will mostly contribute to a
small fraction of false negatives, which are less problematic and can be recovered through
error correction (see below) and/or additional sequencing.

Estimation of False-negative and False-positive Spatial Assignments during
Error Correction—To estimate the rate of mismatch errors that were corrected by our
pipeline, we performed spatial HDMI assignment without an error correction method (w/o
Correction). Removal of error correction (w/o Correction) decreased the total number of
spatially assigned (whitelisted) unique transcripts by 13.3% (liver; L to L in Figure S2H)
and 5.1 % (colon; C to C in Figure S2H). These rates will be equal to the false-negative
barcode assignment rate that was rescued by the error correction. The rate of multiple errors,
which the current algorithm will not correct, can be estimated to be much lower than these
rates (0.3% to 3%).
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False-positive spatial assignment could be more problematic and should also be avoided as
much as possible. To understand the extent of potential false-positive spatial assignment, we
performed a reciprocal misassignment analysis — liver 2"d-Seq results were analyzed using
the colon 15t-Seq whitelist (L to C), which is not expected to have correctly matching
HDMI. Likewise, colon 2Md-Seq results were analyzed using the liver 15t-Seq whitelist (C to
L). For the misassignment analyses, liver and colon 2"9-Seq results that were obtained from
the separate lanes of the sequencer were selected and used to eliminate the potential
interference between the two datasets. Compared to the datasets with correct assignment (set
as 100%; L to L and C to C), the misassigned dataset exhibited spatial assignment rates of
0.2% (L to C) and 0.7% (C to L), both of which are almost negligible (Figure S2H).
Therefore, we can estimate that the rate of false-positive spatial assignment will be below
1%.

All these analyses indicate that over 99% of Seg-Scope data are accurate in the spatial
assignment.

Analysis of Spliced and Unspliced Gene Expression—To obtain separate read
counts for spliced and unspliced transcripts, we used the Velocyto (La Manno et al., 2018)
option in the STARsolo software (Figure S1E). All spliced or unspliced mRNA reads were
plotted onto the histological coordinate plane to identify nuclear-cytoplasmic structure (see
below in “Visualization of Spatial Gene Expression). To test the reproducibility of the image
analysis, all genes were randomly divided into three groups, and spliced and unspliced read
counts were obtained independently. Images were compared with each other to calculate
Pearson’s correlation coefficients in NIH ImageJ using Just Another Colocalization Plugin
(JACoP) (Bolte and Cordelieres, 2006). Nuclear-specific (Malat1, Neat1 and Mixip/) and
mitochondria-encoded (all genes whose name start with “mt-*“) transcripts were also plotted
and analyzed. The correlation coefficients were assembled and presented in a heat map
produced by Graphpad Prism 8 (Graphpad Software Inc.).

Subcellular Transcriptome Analysis—Transcriptomic nuclear centers were identified
from the unspliced RNA plot using watershed local maxima detection implemented in
ImageJ (Sage and Unser, 2003). HDMI transcriptome was partitioned into 14 bins according
to their pm distances from the nuclear center. Then, the genes that were most significantly
enriched in the nuclear area (with 5 pm from the nuclear center) were isolated.

Image Segmentation for Single Cell Analysis—To perform cell segmentation using
H&E histology images, the watershed algorithm implemented in ImageJ (Sage and Unser,
2003) was utilized. The cell segmentation results isolated the single hepatocyte areas, which
are consistent with the visual inspection of the H&E images (Figure 4A). Cell boundary
images and cell center coordinates were exported from ImageJ, and used to aggregate Seq-
Scope data so that the transcriptome information from all HDMI pixels within each
segmented area were collapsed into their corresponding cell center coordinate barcode,
generating a single cell-indexed DGE matrix. The DGE matrix was used for clustering
analysis as described below. Single cell segmentation data and the spatial single cell
annotation data were overlaid onto the histology images or unspliced RNA plot images using
Adobe Photoshop CC.
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Data Binning through Square Grids—Data binning was performed by dividing the
imaging space into 100 um? (10 pm-sided) square grids and collapsing all HDMI-UMI
information into one barcode per grid. Alternatively, data binning was also performed with
25 um? (5 um-sided) square grids. After data binning, gene types were filtered to only
contain protein-coding genes, INCRNA genes, and immunoglobulin/T cell receptor genes, to
contain only the first-appearing splicing isoforms, and to exclude any hypothetical gene
models (genes designated as Gm-number).

Cell Type Mapping (Clustering) Analysis—The binned and processed DGE matrix
was analyzed in the Seurat v4 package (Butler et al., 2018). Feature number threshold was
applied to remove the grids that corresponded to the area that was not overlaid by the tissue
or was extensively damaged through scratches. Data were normalized using regularized
negative binomial regression implemented in Seurat’s SCTransform function. Clustering
was performed using the shared nearest neighbor modularity optimization implemented in
Seurat’s FindClusters function. Clusters with mixed cell types were subjected to an
additional round of clustering to get separation between the different cell types, while
similar cell types were grouped together. UMAP (Becht et al., 2019) manifold, also built in
the Seurat package, was used to assess the clustering performance. Top markers from each
cluster, identified through the FindAllMarkers function, were used to infer and annotate cell
types. Then the clusters were visualized in the UMAP manifold or the histological space
using DimPlot and SpatialDimPlot functions, respectively. Raw and normalized transcript
abundance in each tile, cluster and spatial grid was visualized through the VInPlot, DotPlot,
FeaturePlot and SpatialFeaturePlot functions built in the Seurat package. Area-proportional
Venn diagrams were made using BioVenn (Hulsen et al., 2008).

Analysis of Transcripts Discovered Outside of Tissue-Overlaid Region—Some
RNAs were discovered in an area where the tissue was not overlaid. It is possible that a trace
of tissue fluid or debris, as well as ambient RNAs released from the tissues, may have
generated this pattern. Although the RNA discovery in these regions was scarce, the
compositions of RNA discovered in tissue-overlaid (nFeature > 250 in liver dataset) and
non-overlaid regions (nFeature < 250 in liver dataset) were very similar to each other (r =
0.9833 in Spearman coefficients). The minor differences between these two regions could be
obviously explained by the different rates of ambient RNA release/capture and the different
composition of cell types in the tissue debris. Therefore, it is plausible that ambient and
debris-derived RNAs generated the pattern of RNA discovery in the tissue non-overlaid
region.

Multiscale Sliding Windows Analysis—Multiscale analysis was employed to fine tune
the annotation using FindTransferAnchors and TransferData functions implemented in
Seurat. The anchors provided by the 10 um grid dataset were used to guide other datasets
produced from the same Seqg-Scope result. Compared to the 10 um grid dataset, the 5 pm
grid dataset was much noisier in UMAP (Figure S6L) and spatial (Figure S6N, center)
analyses even after multiscale fine tuning. To circumvent this problem, we employed the
sliding windows analysis; after the initial 10 um grid sampling, the grid was shifted both
horizontally and vertically with 5 um, 2 um or 1 um intervals, producing 4, 25 and 100 times
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more data, respectively (see Figure S60 for a schematic illustration). Then, the original 10
um grid dataset was used to guide these sliding windows datasets to perform high-resolution
cell type annotation. Sliding windows analysis with 5 um intervals (Figure S6N, right)
performed much better when compared to the 5 um grid datasets (Figure S6N, center), and
showed the UMAP pattern (Figure S6M) whose shape is more similar to the original 10 um
grid dataset (Figure S6E). Sliding windows analyses with 5 um intervals were used to
produce left panels in Figure 5D, 5H, 51, S51, 7A, 7B and 7C. Sliding windows analyses
with 2 um intervals were used to produce right panels in Figure 5D, 5H, 51 and S5I, and
middle panels in Figure 7A, 7B and 7C. Sliding windows analyses with 1 um intervals were
used to produce the right panels in Figure 7A, 7B and 7C.

Visualization of Spatial Gene Expression—Spatial gene expression was visualized
using a custom python code. Raw digital expression data of the queried gene (or gene list)
were plotted onto the coordinate plane according to their HDMI spatial index. Considering
the lateral RNA diffusion distance of 1.7 + 2 pm (mean £ SD) measured from the original
ST study (Stahl et al., 2016), gene expression densities were plotted as a ~3 um-radius circle
at a transparency alpha level between 0.005 and 0.5. In spatial gene expression images with
a white background, the intensity of the colored spot indicates the abundance of transcripts
around the spot location. Spatial gene expression images with a black background were
created for genes or gene lists of high expression values, to make it easy to adjust the linear
range of gene expression density and to overlay gene expression densities of different
queries with different pseudo-color encoding. The inverse image of the greyscale plot was
pseudo-colored with red, blue, green or grey, and the image contrast was linearly adjusted to
highlight the biologically relevant spatial features. Finally, different pseudo-colored images
were overlaid together to compare the gene expression patterns in the same histological
coordinate plane. Cell cycle-specific genes, such as S phase- and G2/M phase-specific gene
lists (Nestorowa et al., 2016), were retrieved from the Seurat package, and their mouse
homologs were identified using the biomaRt package (Durinck et al., 2009). The list of cell
type markers used in spatial plots can be found in Table S5.

Benchmark Analysis—The performance of Seg-Scope in liver and colon experiments
were benchmarked against publicly available datasets produced by 10X VISIUM (https://
support.10xgenomics.com/spatial-gene-expression/datasets/1.1.0/

V1 Human_Brain_Section_1), DBiT-Seq (GEO: GSM4096261 in GSE137986) (Liu et al.,
2020), Slide-Seq (Single Cell Portal: 180819 11 in SCP354) (Rodriques et al., 2019), Slide-
SeqV2 (Single Cell Portal: 190921 19 in SCP815) (Stickels et al., 2021), and HDST (GEO:
GSM4067523 in GSE130682) (Vickovic et al., 2019). Liver Seg-Scope dataset was
separately benchmarked against former liver datasets produced using original ST (Zenodo:
10.5281/zen0do.4399655) (Hildebrandt et al., 2021) and Slide-Seq (Single Cell Portal:
1808038_8 in SCP354) (Rodriques et al., 2019). The Seg-Scope dataset had a large area that
was not covered by tissues, so we isolated the tissue-overlaid HDMI pixels and used them
for the benchmark analysis. Tissue-overlaid HDMI pixels were isolated from the 10 um grid
areas that were used for the cell type mapping analysis described above. Center-to-center
resolution was calculated per each pixel as the distance from the closest pixel. For the
technologies that have a defined pixel area (VISIUM, DBIiT-Seq and HDST), pixel density
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was calculated as the inverse of the pixel area. For Slide-Seq, Slide-SeqV2 and Seq-Scope,
pixel density was calculated in 150 um grids (Slide-Seq and Slide-SeqV2) and 10 um grids
(Seq-Scope) of the final dataset. Grids that contained less than 10 pixels were excluded from
the analysis. nUMI corresponds to the number of unique transcripts mapped to the
transcriptome, and nGene corresponds to the number of gene features discovered per each
pixel. nUMI/pixel and nGene/pixel values were multiplied by the average pixel density
(pixel/um?) to obtain the area-normalized nUMI and nGene (nUMI/um? and nGene/um?,
respectively) for each pixel.

UMI Efficiency Test—Efficiencies of UMI-encoding methods for collapsing duplicate
read counts were evaluated using the data produced from the “Generation and Testing of
UMI-encoded HDMI-array” section. UMI encoded by the HDMI-array (UMI_Array;
4957t positions of Read 1) and UMI encoded by the Random primed position
(UMI_Randomer; 15t-9t positions of Read 2) were identified from the 2Nd-Seq results.
Uncollapsed read count, read count collapsed with UMI_Array, and read count collapsed
with UMI_Randomer were calculated for all the HDMI sequences observed, and their
relative abundances were presented in a line graph (Figure S1G). The result indicates that
both UMI_Array and UMI_Randomer are efficient in collapsing duplicate read counts of
2nd_Seq results.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights:

Seg-Scope repurposes Illumina sequencing platform for spatial
transcriptomics

Seq-Scope achieves submicrometer resolution and efficient transcriptome
capture

Seq-Scope enabled spatial single cell and subcellular analysis of liver and
colon
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Figure 1. Seq-Scope Overview
(A) Schematic representation of the HDMI-oligo library structure for 15t-Seq. P5/P7, PCR

adapters; TR1, TruSeq Read 1; HR1, HDMI Read 1.

(B) Solid-phase amplification of different HDMI-oligo molecules on the flow cell surface.
(C and D) Illumina sequencing by synthesis (SBS) determines the HDMI sequence and XY
coordinates of each cluster (C). Then, HDMI oligonucleotide clusters are modified to expose
oligo-dT, the RNA-capture domain (D).

(E-1) HDMI-array captures RNA released from the overlying frozen section (E). Then,
cDNA footprint is generated by reverse transcription (F). After that, secondary strand is
synthesized using random priming method (G). Finally, adapter PCR (H) generates the
sequencing library for 2"9-Seq (1), where paired-end sequencing using TR1 and TR2 reveals
cDNA sequence and its matching HDMI barcode. TR2, TruSeq Read 2.

(9) HDMl-array contains up to 150 HDMI clusters in 100 pm? area.

See also Figure S1.
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Figure 2. Seq-Scope Has an Outstanding Transcriptome Capture Performance.
(A) Representative images of HDMI clusters visualizing “A” intensity at the 15t (upper) and

337 (lower) cycles of the 15.-Seq SBS, where 33% and >97% of clusters exhibit
fluorescence, respectively. Yellow squares in the left panels are magnified in the right panels.
(B) H&E staining and its corresponding Cy3-dUTP labeling fluorescence images from
fragmented liver section. Dotted lines mark tissue boundaries. Box insets highlight single
cell-like patterns.

(C) H&E staining and its corresponding HDMI discovery plot drawn from the analysis of
15t-Seq and 2"d-Seq outputs. Brighter color in the HDMI discovery plot indicates that more
HDMI was found from 279-Seq in the corresponding pixel area.

(D-I) Performance comparison of different ST solutions. The values were derived from each
pixel (D and F-I) or gridded area (E). nUMI, number of UMI; nGene, number of gene
features; SeqScope(L) and SeqScope(C), liver and colon Seqg-Scope data.

See also Figure S2.
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Figure 3. Seq-Scope Visualizes Subcellular Spatial Transcriptome.
(A) Schematic diagram depicting the distribution of different RNA species in subcellular

compartments.

Page 32

Genes Subset 2: Liver_tile2107

§1 82 83 U1 U2 U3

Distance from Nuclear Center (m)

(B-D) Spatial plot of all unspliced and spliced transcripts, as well as nuclear-targeted (B)
and mitochondria-encoded (C) transcripts. Pearson correlations (/) between these transcript

intensities were presented in a heat map (D).

(E) Images displaying unspliced RNA discovery, H&E histology and histology-based cell

segmentation boundaries. Inset in the first panel is magnified in right panels.

(F) Spatial plot of unspliced and spliced transcripts in three independent subsets of genes
(Gene Subset 1-3). Pearson correlations (7) were presented as a heat map. S1-3, Spliced 1-3;

U1-3, Unspliced 1-3.

(G) Identification of transcriptomic nuclear centers (yellow crosses) through local maxima

detection.

(H) Identification of nuclear-enriched RNA species. Top 10 nuclear-enriched RNAs are

shown.
See also Figure S3.
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Figure 4. Seg-Scope Performs Spatial Single Cell Analysis in Normal Mouse Liver
(A-D) Spatial single cell analysis of Seq-Scope data through histology-guided hepatocyte

segmentation.

(A) Single hepatocyte segmentation based on H&E staining.

(B) Comparison of Seg-Scope single cell output with those obtained from MARS-Seq and
Drop-Seq.

(C) Cell type clustering revealed multiple layers of hepatocellular zonation (Hep_PC1-3 and
Hep_PP1-3), as well as a small number of non-parenchymal (NPC) and injured
(Hep_injured) transcriptome phenotypes. PC, pericentral; PP, periportal. UMAP (upper) and
heat map (lower) analyses are shown.

(D) Spatial map of different hepatocellular clusters (left) was overlaid with H&E staining
and cell segmentation images (right). PV, portal vein; CV, central vein.
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(E) Spectrum of genes exhibiting different zone-specific expression patterns were examined
by spatial plot analysis. PC-specific genes are depicted in warm (red-orange-yellow) colors,
while PP-specific genes are depicted in cold (blue-purple) colors.

(F-1) Detection of NPC transcriptome through histology-agnostic segmentation with 10 um
grids.

(F) Schematic diagram depicting cellular components of normal liver and their
representation in a tissue section.

(G and H) UMAP (G) and spatial plots (H) visualizing clusters of 10 um grids representing
indicated cell types.

(1) 10 pm grid-based M¢ and ENDO mapping data (first and second panel) are compared
with spatial plot data of cluster-specific markers (third panel), H&E (fourth) and segmented
H&E (fifth) data.

See also Figure S4, Table S1 and S2.
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Figure 5. Seq-Scope Examines Liver Histopathology at Microscopic and Transcriptomic Scales
Liver from a 7sc147e0/Depdc5AeP ( TD) mouse, which suffers severe liver injury and

inflammation (Cho et al., 2019), was examined through Seg-Scope.
(A-C) UMAP (A) and spatial plots (C, left) visualize cell type clusters of 10 pm grids. NPCs
and injury-responding populations are highlighted in darker colors, and their representative
cell type specific marker genes are summarized in (B). H&E images (C, right) correspond to
the boxed regions in (C, left). Yellow asterisk marks the injury area.

(D-0O) Transcriptomic structure of liver histopathology around dead hepatocytes (D-G) and
fibrotic lesions (H-O).

(D, H and M) Cell type mapping analysis using sliding windows with 5 um (left) and 2 pm
(right) intervals.

(E, I and N) Spatial plotting of indicated cell type-specific genes in histological coordinate
plane.
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(F) Schematic arrangement of M¢-Inflamed (green), Mé¢-Kupffer (blue), Hep_Injured (red)
and other cells (grey) around dead hepatocytes (black skull with yellow asterisk).

(G, K, L and O) Confocal examination of liver sections stained with antibodies detecting cell
type marker proteins. DAPI-absent areas with high auto-fluorescence (yellow asterisks)
mark dead hepatocytes.

(J) Schematic arrangement of M¢-Inflamed (green), M¢-Kupffer (blue), HSC-A (red) and
other cells (grey) around fibrotic lesion.

See also Figure S5 and Table S3.
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Figure 6. Seq-Scope Identifies Various Cell Types from Colonic Wall Histology.
Spatial transcriptome of colonic wall was analyzed using Seq-Scope. 10 um grid dataset was

analyzed.

(A-1) Seg-Scope reveals major histological layers (A-C), epithelial cell diversity (D-F) and
non-epithelial cell diversity (G-I) through transcriptome clustering. (A, D and G) Schematic
representation of colonic wall structure. Clusters corresponding to the indicated cell types
were visualized in UMAP manifold (B, E and H) and histological space (C, F and I).

(J) Cluster-specific markers were examined in dot plot analysis. DCSC, deep crypt secretory
cells; EEC, enteroendocrine cells; SOM Neuronal, somatostatin-expressing neuronal cells.
See also Figure S6 and Table S4.
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Figure 7. Seq-Scope Enables Microscopic Analysis of Colon Spatial Transcriptome.
(A-C) Spatial cell type mapping shown in Figure 6 was refined using multiscale sliding

windows analysis with 5 um (left), 2 um (center) or 1 um (right) intervals.

(D-H) Original Seqg-Scope dataset was analyzed by spatial gene expression plotting, using
indicated layer-specific (D), cell type-specific (E and F) or cell cycle-specific (H) marker
genes. These spatial transcriptome features were consistent with underlying H&E histology
(G).

See also Figure S7 and Table S5.
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