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Cellsin complex organisms function through extensive interactions, yet

mapping these interaction networks at scale remains challenging. Here we
present CCl-seq, a high-throughput method to unbiasedly capture cell-
cell interactions across a proximity continuum by combining cell clump
combinatorial indexing with single-cell sequencing. CCl-seq identified
knowninteractions and fine-grained cellular organizationin mouse

kidney and intestine, and uncovered aberrantinteractions and disrupted
spatial organization in adenomatous polyposis coli knockout (Apc-KO)
intestines. Applied to human colorectal cancer, it revealed subtype-specific
interactions linked to clinical classifications. By leveraging a single-cell
RNA sequencing backbone, CCl-seq achieves deep transcriptome
coverage, enabling analysis of molecular states arising frominteractions.
This functional resolution revealed that interacting cells associate with
distinct transcriptional programs—driving ion transport in kidney, antigen
presentationin Apc-KO villi and NF-kB inflammatory activation in colorectal
cancer. Thus, CCl-seq provides ascalable platform to unveil large-scale
cell-cellinteraction networks and dissect their molecular and functional
impacts, enhancing our understanding of complex multicellular systems.

Higher-order biological structures in complex organisms are com-
posed of diverse types of cells with distinct architectural and func-
tional organization'. Knowledge about the cell-cell interactions that
build these structuresis crucial for elucidating their functions. These
interactions encompass a continuum from direct physical contact
to short-range spatial neighbors?. While single-cell RNA sequencing
(scRNA-seq) reveals cell type composition, it lacks spatial informa-
tionabout cell organization®. In contrast, spatial transcriptomics (ST)

methods preserve this information and generate a spatially resolved
view of gene activity, which hasled to amarkedly improved understand-
ing of the functions of complex biological structures**. Nonetheless,
even the most advanced ST workflows have limitations (including
those achieving subcellular resolution)*°, such as a restricted num-
ber of detectable genes”, difficulties in accurately delineating cell
boundaries'> ™, and the need for special devices and high costs”, all of
whichimpede the broader application of these approaches.
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Fig. 1| CCI-seq achieves high-quality cell labeling and accurate identification
of cell-cellinteractions. a, Schematic of CCl-seq workflow. b-e, Boxplot
showing the following metrics within each droplet after filtering: the total
number of combinatorial indices (b), the number of top five indices (c), the ratio
of rank1torank2indices (d) and the ratio of top five indices (e). Valid droplets are
droplets with qualified RNAs, n = 4,042. Empty droplets indicate droplets without
qualified RNAs, n = 85,449. Boxes show interquartile range. Midline shows the
median. Whiskers show 1.5x interquartile range. Significance estimated using a
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one-sided Student’s t-test. f, Confusion matrix comparing cell counts between
RNA-based annotations (y axis, referred as the ground truth) and species-specific
Cell-ID annotations (x axis). g, Confusion matrix showing the composition of cell
types of 682 cell clumps, two of which contained both human and mouse cells.

h, Pie plot showing the relative abundance of cells assigned to cell clumps of
theindicated sizes (n = 4,042 cells with high-quality Cell-IDs). Panel a created in
BioRender; Tang, L. https://biorender.com/y6br4qw (2026).

Over the past decade, technologies that retain information about
interacting cells and/or spatial positions during single-cell analysis have
beendeveloped as alternatives to ST. For instance, proximity labeling
methods'®* label neighboring cells of ‘bait’ cells before scRNA-seq;
however, these methods require a pre-selection step that limits the
analysisto asingle bait cell type. Cell clump deconvolution methods* >
use partial dissociation of cells (which retains the tissue microenvi-
ronment) followed by scRNA-seq and computational deconvolution
to infer constituent cells within a clump; however, these methods
are subject to deconvolution inaccuracies. Spatial nuclei indexing
technologies® ' blur the distinction between ST and the aforemen-
tioned methods by tagging single nuclei within a tissue section using
spatial oligonucleotide barcoding. While the methods show great
promise, they also face the challenge of low nuclei recovery rates,
which hasled tosparse tissue sampling and a failure to capture data for
the large majority of cell-cell interactions in a tissue’. Further, these
methods are restricted to RNA molecules in the nucleus, yet a large
proportion of mRNAs are in the cytoplasm™.

Here, we introduce CCl-seq, a method that captures large-scale
cell-cellinteraction networks by integrating partial tissue dissociation
and combinatorial cell clump indexing with single-cell sequencing.

Akeyadvantage of CCl-seqisits ability to resolve the molecular states
associated with these interactions, moving beyond simple network
mapping. Todemonstrate its utility, we applied CCI-seq across healthy,
precancerous and cancerous tissues fromboth mice and humans. Inthe
mouse kidney, CCl-seq recapitulated knowninteractions within the col-
lecting ductand glomerulus and revealed that epithelial cells engaging
distinct partners were associated with specialized ion transport pro-
grams. Inthe intestine, the method revealed the spatial arrangement
of known enterocyte and goblet cell subtypes along the crypt-villus
axis. Comparing healthy and precancerous, adenomatous polyposis
coli knockout (Apc-KO) mouse intestines, our CCI-seq analyses dis-
covered disrupted cellular organization and abnormal interactions,
where villus-tip enterocytes engaging T cells were linked to heightened
antigen presentation. Finally, in human colorectal cancer (CRC) sam-
ples, CCl-seqidentified subtype-specific epithelial-immune networks,
such astumor-monocyte interactions characterized by anuclear factor
(NF)-kB inflammatory signature. Together, these findings establish
CCl-seqasascalable approach to simultaneously map cell-cell interac-
tion networks and characterize the molecular states coupled to them,
providing deep functionalinsightsinto diverse biological systems and
clinical applications.
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Results
Accurate identification of cell-cell interactions by CCI-seq
To perform CCl-seq, samples are partially dissociated into small
cell clumps (<20 cells) to preserve native cell-cell contacts. Micro-
scopic inspection was implemented as a key quality control step
to verify cell viability and clump size. Following this, a barcoding
cholesterol-modified oligonucleotide (CMO) is applied to anchor the
cellmembranes of all cells within the clumps®, followed by three rounds
of split-pool barcode ligation to generate aunique combinatorial index
tolabel each cell clump*. Finally, the clumps are fully dissociated into
single cells for droplet-based sequencing, which captures both the
transcriptome and the clump-derived index for each cell (Fig. 1a and
Methods). The most abundantindexrecovered fromeachcellis defined
asits ‘Cell-ID’; by design, all cells originating from the same clump share
the same Cell-ID and are thus identified as interacting with each other.

We assessed CCl-seq using three-dimensional spheroids of human
HEK293T and mouse NIH/3T3 cells (Extended Data Fig.1a,b and Meth-
ods). We first confirmed that the labeling process itself was efficient,
with fluorescein amidites-conjugated CMO barcodes evenly labeling
bothinterior and exterior cells of a spheroid (Extended Data Fig. 1c).
Wethenlabeled humanand mouse spheroids with species-specific bar-
codes, mixed them, performed combinatorial indexing, and conducted
complete dissociation and scRNA-seq. We obtained 3,826 human cells
and 3,643 mouse cells of high-quality transcriptomic data, a median
of over 11,000 RNA unique molecular identifiers (UMIs) and 3,400
genes per cell, comparable to standard scRNA-seq experiments® and
indicating that the CCl-seq protocol does not compromise sSCRNA-seq
dataacquisition (Extended Data Fig. 1d-f).

Next, we assessed the specificity of the indexing and the accuracy
of cellidentification. After data filtering (Methods), we obtained 2,203
human cells and 1,839 mouse cells with a high-quality Cell-ID, being on
average 86.3-fold more abundant than the next most common index
(Fig.1b-eand Extended DataFig.1g-1). Among these, 99.7% of human
cellsand 93.8% of mouse cells had the correct species-specific Cell-ID
label (Fig. 1f), reflecting a high labeling specificity of cells.

Finally, we confirmed that CCl-seq preserves the integrity of the
original cell clumps. Only about 0.3% (2 of 682) clumps contained both
human and mouse cells (Fig. 1g), reflecting low cross-contamination

among cell clumps. The vast majority of cells (-95% or 3,831/4,042) were
assigned to a clump of two or more cells, providing information for
cell-cell interactions (Fig. 1h). Together, these findings demonstrate
that CCl-seqachieves specific cell labeling and accurate identification
of cell-cellinteractions.

CClI-seqresolves the mouse kidney cell interactome with deep
transcriptome coverage

We applied CCl-seq to the mouse kidney, a complex organ with a
well-characterized anatomy?® (Fig. 2a and Methods). After stringent
quality control and filtering, we retained 11,519 high-quality single-cell
profiles from three biological replicates, detecting a median of 2,822
genes per cell (Fig. 2b and Extended Data Fig. 2a-i). This represents
asubstantial increase in transcriptomic depth over established spa-
tial technologies like Slide-seq-V2 (ref. 37) (436 genes, 6.5-fold) and
seqFISH’® (115 genes, 24.5-fold) (Extended Data Fig. 2j). From this
rich dataset, we performed unsupervised clustering and identified 17
distinct cell types encompassing all major renal lineages (Fig. 2b and
Extended Data Fig. 2k).

Nearly half of the cells were captured in small clumps of 2-5 cells,
indicating direct physical contacts and providing arobust foundation
for interaction analysis (Fig. 2c,d and Supplementary Fig. 1). We then
calculated a normalized ‘interaction frequency’ between cell types
and assessed its statistical significance to generate a comprehensive
interactionmap (Fig. 2e,f and Methods). This map proved highly robust
and accurate, as evidenced by three lines of observations: first, it was
highly reproducible across biological replicates (cosine similarity =
0.68-0.84; Extended Data Fig. 3a); second, it recapitulated known
anatomical structures, such asintra-glomerular (podocytes, endothe-
lial, and mesangial cells)* and collecting duct (CD-ICs, CD-PCs and
CD-Trans)*** associations (Fig. 2e,f and Extended Data Fig. 3b,c); and
third, it showed a high degree of concordance with a high-resolution
seqFISH dataset®® (cosine similarity = 0.86; Extended Data Fig. 3d,e),
demonstrating that CCl-seq captures cell-cell interactions without
apparent bias.

Beyond confirming known structures, the map revealed previ-
ously unrecognized interactions in the kidney. Notably, we identi-
fied enriched interactions between immune and nonimmune cells,

Fig. 2| CCI-seqreveals cell-cell interaction networks for the mouse kidney.

a, lllustration of the main cell types and their spatial arrangement in the mouse
kidney™. (i), Gross regional organization of the adult kidney. (ii), Anatomy of the
nephron. PCT, proximal convoluted tubule; RC, renal corpuscle; ALH, ascending
limb of loop of Henle; DLH, descending limb of loop of Henle; CD, collecting duct.
(iii), High-resolution overview of the renal corpuscle and associated structures
(region boxed in (ii)). b, Uniform Manifold Approximation and Projection
(UMAP) visualization of the CCl-seq’s scRNA data of the mouse kidney. Cells
(dots) are colored by cell type (left) and experiment (right). CD-PC, collecting
duct principal cell; CD-IC, collecting duct intercalated cell; CD-Trans, collecting
duct transitional cell; vSMC, vascular smooth muscle cell. Three collecting duct
celltypes: CD-ICs, CD-Trans and CD-PCs; four glomerular cell types: podocytes,
endothelial cells, pericytes and mesangial cells; five renal tubule cell types:
PSTs, PCTs, ALHs, DLHs and DCTs; three immune cell types: T cells, B cells and
monocytes. ¢, Pie plot showing the relative abundance of cells assigned to cell
clumps of the indicated sizes (n = 11,519 cells with high-quality Cell-IDs).d, The
cell-cellinteraction network of the mouse kidney. Cells (nodes) are colored by
celltype, and gray edges represent detected cell-cell interactions. Three dashed-
line boxes highlight the interactions within three specific cell types. e, Heatmap
plot showing the interaction frequencies between cell types, with a barplot (top)
showing the number of cells for each cell type. Red boxes highlight interactions
discussed in the manuscript. Interaction frequencies below 1.0 are not shown.

f, Heatmap plot showing the enrichment and depletion of interaction
frequencies between cell types, with abarplot (top) showing the number of

cells for each cell type. Statistical analysis was conducted using a one-sided
permutation test (n=1,000). The values have been log,-transformed. *P < 0.05,
**P < 0.01,**P < 0.001. Red boxes highlight interactions discussed in the

manuscript. “Indicates that interacted cell type pair was detected in fewer than
three cell clumps. g, AsmFISH image of the glomerulus with 4’,6-diamidino-2-
phenylindole (DAPI) counterstaining revealing cell-cell interactions between
podocytes and monocytes. Nphs2 (yellow), podocytes; Lyz2 (red), monocytes;
dashed linesindicate cellborders, and red arrows indicate interactions

between podocytes and monocytes. h, AsmFISH image of the kidney with DAPI
counterstaining revealing cell-cell interactions between PSTs and B cells. Atp1ia
(yellow), PSTs; Cd79a (red), B cells. The dashed lines indicate cell borders, and red
arrows indicate interactions between PSTs and B cells. i, Volcano plot showing the
DEGs between CD-IC-interacting and CD-IC-non-interacting DCT cells. Red and
blue dots represent genes up- and downregulated in CD-IC-interacting DCT cells,
respectively. The Pvalues were determined using a two-sided Student’s ¢-test
with Benjamini-Hochberg correction. The dashed lines indicate thresholds:
adjusted Pvalue < 0.05, |log,(fold change)|>0.5.j, Dotplot showing the top eight
significantly enriched GO terms for DEGs of CD-IC-interacting DCT cells. The
Pvalues were determined using a hypergeometric test with Benjamini-Hochberg
correction. Dot size represents gene counts, and dot color represents adjusted
Pvalue.k, Volcano plot showing the DEGs between CD-PC-interacting and
CD-PC-non-interacting DCT cells. Red and blue dots represent genes up-and
downregulated in CD-PC-interacting DCT cells. The Pvalues were determined
using a two-sided Student’s ¢-test with Benjamini-Hochberg correction. The
dashed lines indicate thresholds: adjusted P value < 0.05, |log,(fold change)|>0.5.
1, Dotplot showing the top eight significantly enriched GO terms for DEGs of CD-
PC-interacting DCT cells. The Pvalues were determined using a hypergeometric
test with Benjamini-Hochberg correction. Dot size represents gene counts, and
dot color represents adjusted Pvalue. Panel a created in BioRender; Tang, L.
https://biorender.com/oswzpcz (2026).
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including monocytes with podocytes and between B cells with proximal
straight tubule (PST) cells (Fig. 2e,f). We validated the direct physical
proximity of these new pairs in situ using immunofluorescence and
asmFISH* (Fig. 2g,h, Extended Data Fig. 3fand Supplementary Table1).
As monocytes and B cells have been implicated in kidney function
and immune diseases**, these interactions may contribute to local
immune surveillance and epithelial regulation.

The unique power of CClI-seq lies in linking these physical inter-
actions to molecular function. By performing differential gene
expression analysis, we uncovered notable interaction-dependent
cellular functional specialization (Methods). This was exemplified
by distal convoluted tubule (DCT) cells, which adopted divergent
transcriptional programs depending on their collecting duct partner
(Fig. 2i-1). Specifically, DCT cells interacting with CD-IC cells upregu-
lated calcium transport genes such as TrpvSand Calbl, indicating that
they adapt their calcium machinery in response to the local CD-IC
microenvironment*®*. In contrast, DCT cells interacting with CD-PC
cellsupregulated blood pressure regulation genes such as Scnnigand
Slc8al, highlighting how this interaction influences the DCT’s role in
sodiumand water balance***°. This principle of interaction-driven pro-
gramming was widespread. For instance, podocytes interacting with
DCT cells showed markedly altered transcriptional profiles enriched
in oxidative phosphorylation (Extended Data Fig. 4a-c).

Beyond transcriptional programming, CCl-seq uniquely grounds
predicted signaling eventsin verified physical proximity. By perform-
ing LIANA-based ligand-receptor analysis® on cells within the same
clumps (Methods), we uncovered highly specific local communica-
tion networks. For example, podocytes interacting with endothe-
lial cells uniquely engaged the Timp3-Kdr and Vegfa-Kdr axes
(Extended Data Fig. 4d), yielding pivotal mechanistic insights into
glomerular microvascular homeostasis. Furthermore, CD-Trans cells
exhibited elevated Spp1-Itgav/Itgblligand-receptor pairs when con-
tacting CD-ICs, while showed stronger Licam-Cd9 interactions when
engaging CD-PCs (Extended DataFig.4e,fand Methods), highlighting
context-dependent modulation of epithelial adhesion. Similarly, mono-
cytesinteracting with podocytes exhibited enhanced Thbs1-Sdc4 and
H2-K1-Aplp2signaling (Extended Data Fig.4g and Methods), indicating
directinvolvementinimmune regulation and celladhesion®***. Overall,
CCl-seq successfully captured known and new cell-cell interactions
within the mouse kidney, revealing their gene-levelimpacts on cellular
function and crosstalk.

CCl-seqreconstructs the crypt-villus architecture of the
mouse smallintestine

We next assessed the mouse small intestine, which features a
well-characterized crypt-villus structure composed of intestinal epi-
thelial cells (IECs)* (Fig. 3aand Methods). Briefly, the crypts house LgrS*
intestinal stem cells (ISCs), the transit amplifying (TA) progeny and
supportive Paneth cells. The villi are predominantly lined by absorptive

enterocytes, whereas secretory cell types (including goblet, enteroen-
docrine (EEC) and tuft cells) are distributed along the crypt-villus axis ™.

After data quality control and filtering, we obtained 6,412
high-quality single-cell profiles from three biological repli-
cates, with an average of 4,127 genes detected per cell (Fig. 3b and
Supplementary Fig. 2a-h). This substantially surpassed 10x Visium
HD (438 genes, 9.4-fold) in gene detection for the same tissue
(Supplementary Fig. 2i). We performed unsupervised clustering
and identified eight distinct cell types, including Lgr5* ISCs, TA cells,
enterocytes, B cellsand various secretory cells, with proportions highly
consistent with published scRNA-seq data’® (cosine similarity = 0.98;
Fig.3band Supplementary Fig.3a,b). To resolve spatial positions along
the villus, we calculated a ‘landmark score’ for enterocytes and gob-
let cells based on established spatially-varying ‘landmark genes?%~,
classifying them into spatially distinct subtypes (villus-bottom,
villus-middle, and villus-tip enterocytes, and crypt and villus goblets)
(Supplementary Fig.3c-h, Supplementary Table 2 and Methods).

Among the 6,412 cells, 56.6% (3,631 cells) were captured in
clumps, providing direct physical interaction data (Fig. 3c and
Supplementary Fig. 4). The resulting interaction map was highly
reproducible across biological replicates (cosine similarity scores =
0.68-0.78) and faithfully recapitulated the known tissue architecture
(Fig. 3d,e and Supplementary Fig. 5). We observed preferential inter-
actions between spatially adjacent enterocyte subtypes, correctly
ordered along the villus-bottom-to-tip axis. Likewise, villus goblet
cells preferentially interacted with villus enterocytes, whereas crypt
goblet cells preferentially interacted with crypt-resident TA cells. And
we also detected canonical niche interactions between Lgr5"1SCs and
Paneth cells®®,

We further leveraged cell clump data to explore higher-order
tissue architecture. Clustering clumps by their cellular compositions
revealed biologically meaningful groupings (Methods). A large clus-
ter was enriched for Lgr5" ISCs, Paneth cells, crypt goblet cells and TA
cells, supporting that these clumps were derived from the intestinal
crypt (Extended Data Fig. 5a,b). Building on this, we stratified clumps
alongahierarchical assembly trajectory using clump size as a proxy for
structural complexity, which effectively reconstructed the crypt-villus
axis (Extended DataFig. 5¢). Together, these analyses demonstrate that
clump composition profiles capture biologically meaningful, multicel-
lular structural motifs reflective of higher-order tissue organization.

CCl-seq uncovers a spatial and differentiation continuumin
TAcells

Originating from Lgr5" ISCs, TA cells are crucial for ensuring the
uniquely continuous high turnover and regeneration of the intestinal
epithelium®® . It is well-established that TA cells are located throughout
the crypt, with extensions reaching into the villus® (Fig. 3a); however,
thelandmark scores from previous studies***” do not contain TA cells.
Whether TA cells have specific spatial subtypes with different functions

Fig. 3| CCI-seqreveals cell-cell interaction networks and TA spatial subtypes
for the mouse intestine. a, lllustration of the main cell types and their spatial
arrangement in the mouse intestine*. b, The cell-cell interaction network of

the mouse intestine. Cells (nodes) are colored by cell type (left) and experiment
(right), and gray edges represent detected cell-cell interactions. The dashed-line
box highlights the interactions within Lgr5*ISCs. ¢, Pie plot showing the relative
abundance of cells assigned to cell clumps of the indicated sizes (n = 6,412 cells
with high-quality Cell-IDs). d, Heatmap plot showing the interaction frequencies
between cell types, with a barplot (top) showing the number of cells for each cell
type. Red boxes highlight interactions discussed in the manuscript. Interaction
frequencies below 1.0 are not shown. e, Heatmap plot showing the enrichment
and depletion of interaction frequencies between cell types, with a barplot (top)
showing the number of cells for each cell type. Statistical analysis was conducted
using aone-sided permutation test (n =1,000). The values have been log,-
transformed. *P < 0.05, **P < 0.01, **P < 0.001. Red boxes highlight interactions

discussed in the manuscript. Hash symbolindicates that interacted cell type

pair was detected in fewer than three cell clumps. f,g, UMAP visualization of the
CCl-seq’s scRNA data of TA cells interacting with other cell types. Cells are colored
by interaction partner (f) and spatial subtype (g). h, Left: asmFISH image of the
intestinal crypt with DAPI counterstaining. LgrS5 (green), Lgr5* ISCs; Mki67 (yellow),
proliferation marker; Sorbs2 (magenta), crypt-bottom TA; Rbp7 (cyan), crypt-top
TA.The dashed lines indicate the crypt and cell borders. Right: line plot showing
the fluorescence signal strength from the crypt bottom to the crypt top region.

ij, UMAP visualization of the CCl-seq’s SCRNA data of TA cells interacting with other
celltypes. Cells are colored by the landmark score (i) and pseudotime (j). Ini, black
arrow indicates the inferred spatial distribution of TA cells from crypt bottom to
crypttop. k, Correlation analysis of pseudotime versus the landmark score of TA
cells (n=477). Statistical analysis was conducted using a two-sided Wald Test with
t-distribution. The dashed line represents the fitted linear regression curve.
Panelacreated in BioRender; Tang, L. https://biorender.com/ukxkwaé6 (2026).
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is therefore not known. Our CCl-seq interaction map revealed that TA
cells frequently interacted with both villus-bottom enterocytes and
crypt-resident cells (forexample, Lgr5"ISCs, Paneth cells and crypt gob-
let cells) (Fig. 3d and Supplementary Fig. 5b,c). We therefore assigned TA
cellsto two spatial subtypes: crypt-top TA and crypt-bottom TA, based
ondistinct interaction partners (Fig. 3f,g and Methods).

These two subtypes displayed distinct transcriptional profiles
that mirrored their location. Crypt-bottom TA expressed high levels of
Lgr5'1SCs marker genes, including Sorbs2 and Olfm4, while crypt-top

TAshowed elevated expression of genes linked to mature enterocytes,
such as Rbp7 and Smim24 (Extended Data Fig. 6a). We validated this
spatial segregation in situ using asmFISH, confirming that TA cells
expressing Sorbs2were confined to the crypt bottom, whereas TA cells
expressing Rbp7 were restricted to the crypt top (Fig. 3h).

To quantify this spatial axis, we defined landmark gene sets from
the top differentially expressed genes (DEGs) of each subtype and
calculated aspatial score for each TA cell, following the approach used
to discern enterocyte spatial subtypes®” (Supplementary Table 3 and
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Methods). This spatial score correlated well with the differentiation
pseudotime trajectory inferred from single-cell analysis (Pearson’s
correlation coefficient = 0.74; Fig. 3i-k and Methods), confirming
that a cell’s interaction-defined location reflects its developmen-
tal state. Finally, Gene Ontology (GO) analysis further illuminated
their distinct functions: crypt-bottom TA cells were enriched in
Wnt-signaling-related terms, consistent with their proximity to Wnt
ligands niche at the crypt base*’, whereas crypt-top TA cells exhibited
enrichment for metabolic and energy production pathways, reflect-
ing their similarity to mature enterocytes® (Extended Data Fig. 6b,c).
Collectively, these data show that CCl-seq resolves TA cells into spatial
subtypes that reflect adifferentiation continuum along the crypt-villus
axis, governed by distinct microenvironmental signals.

CCl-seqreveals pathological rewiring of the interactome inan
Apc-KO adenoma model

Toinvestigate how cell interactions are altered during tumorigenesis,
we applied CCl-seq to analyze small intestine samples from a mouse
model with conditional Apc knockout (Apc-KO), which drives adenoma
formation®** (Methods). We obtained 18,986 high-quality cells after
quality control, with 52.7% captured in interacting clumps (Fig. 4a,b
and Supplementary Figs. 6-8). We calculated the interaction fre-
quencies among distinct cell types in the Apc-KO samples (Fig. 4c and
Supplementary Fig. 9a).

We immediately noted dramatic changes in cell-cell interac-
tions for the Apc-KO versus wild-type (WT) data (Figs. 3d,e and 4c,d,
Supplementary Fig. 9b-d and Methods). Notably, in stark contrast
to WT intestines, crypt-resident cells (Lgr5" ISCs, Paneth cells and
TA cells) were no longer confined to the crypt and showed aberrant
interaction with villus-tip and -middle enterocytes (Fig. 4c,d versus
Fig.3d,e). We confirmed this ectopic localization of Paneth cells using
asmFISH, observing that they scattered throughout the villus and
directly contact villus-tip enterocytes in the Apc-KO samples (Fig. 4e
and Supplementary Fig. 9e). This pathological rewiring of the cellular
landscape highlights a profound loss of spatial organization at the
earliest stages of adenoma development®.

Within this disorganized environment, we identified new,
disease-associated cell states. A population of cells expressing canonical
TA markers (Stmnl and Tubb5) seemed transcriptionally distinct from
WT TA cells, which we termed ‘TA-like’ cells (Extended Data Fig. 7a and
Supplementary Fig. 7b). Further analysis of these cells uncovered two
unique subtypes characterized by strongexpression of either the Hippo-
YAP/TAZ gene Ly6a°>*” or the Wnt antagonist gene Notum®*®° (Fig. 4f
and Extended Data Fig. 7b—d). We designated these as TA-like_ Ly6a* and
TA-like_Notum’ cells. Targeted genotyping confirmed that the TA-like_Ly6a*
cells harbor the Apc exon 15 deletion, establishing them as bona fide
adenoma cells (Extended Data Fig. 7e,f). Functionally, TA-like Ly6a*
cells specifically highly expressed repair-related genes, whereas
TA-like_Notum’ cells specifically highly expressed Wnt-signaling-related

genes, suggesting they have distinct roles in adenoma progression®*7°

(Extended DataFig.7g,h and Supplementary Table 4).

Of note, CCl-seq revealed that these new precancerous cell
states establish an aberrant interaction network. Compared to WT
TA cells, both TA-like_Ly6a* and TA-like_Notum® subtypes lost their
interaction with Lgr5" ISCs and instead gained frequent interactions
with villus-tip enterocytes and, notably, with each other (Fig. 4g and
Extended Data Fig. 8a-c). This suggests that they form a new, ectopic
signaling hub inthe villus. We validated this finding in situ, confirming
that TA-like_Ly6a* and TA-like_Notum' tended to colocalize within the
villus region of Apc-KO samples (Fig. 4h,i and Extended Data Fig. 8d).
Concurrently, the tumor microenvironment showed increasedimmune
infiltration, with CCl-seq capturing a broad spectrum of
immune-epithelial and immune-immune interactions, such as direct
B-T cell contacts, which were more extensive than those detected
by other methods'® (Extended Data Fig. 8e-h). Villus-tip enterocytes
interacting with T cells displayed enhanced antigen-presentation
signatures, featuring stronger MHC-I-related ligand-receptor interac-
tions (for example, H2-K1-Cd3g; Extended Data Fig. 8i), consistent with
active immune surveillance” . Together, these results demonstrate
that CCl-seq can deconstruct the complex remodeling of a precancer-
ous niche, identifying new pathological cell states and the aberrant
interaction networks they form to drive disease.

CClI-seq dissects subtype-specific cell-cell interactions in
human CRC samples

Human CRC is one of the most prevalent cancers worldwide”™. CRC
tumorscanbecharacterized byintegrating epithelialintrinsic-consensus
molecular subtypes (iCMS2 and iCMS3)”. This classification provides
information about tumor biology, improves prognosticaccuracy, and
can be used to tailor therapeutic strategies. To map the cellular inter-
actomes that define these subtypes, we applied CCl-seq to five CRC
tumor samples (T1-T5) from five patients, with three adjacent normal
samples (N2, N4 and N5) from three of the patients (nos. 2, 4 and 5),
and obtained 37,897 high-quality cells (Fig. 5a, Extended Data Fig. 9a-d
and Methods). Among these, 71.9% (27,248 of 37,897) of the cells were
captured within clumps, providing cellinteractions information about
the tumor microenvironment (TME) (Fig. 5b). We transferred cell type
labels from an annotated reference CRC dataset’™ to our scRNA-seq
data obtained from CCl-seq using SCALEX (Methods), and identified
16 distinct cell types (Fig. 5a and Extended Data Fig. 9e,f).

We focused primarily on the 34,193 epithelial cells that underpin
CRC molecular classification. Consistent with previous work™, we
identified two subtypes of tumor cells, namely iCMS2 and iCMS3 with
distinct gene expression profiles and copy number profiles (Fig. 5c,
Extended Data Fig. 9g-i and Methods). Specifically, iCMS2 cells,
predominantly from T2, T4 and T5, were characterized by high expres-
sion of MYC pathway activation and frequent gains of chromosomal
arms including 7pq, 8q, 13q and 20pq, whereas iCMS3 cells, mainly

Fig. 4| CClI-seq reveals precancerous TA-like cell subtypes in the villus for

the Apc-KO mouse intestine. a, The cell-cell interaction network of the Apc-KO
mouse intestine. Cells (nodes) are colored by cell type, and gray edges represent
detected cell-cellinteractions. The dashed-line box highlights the interactions
within Lgr5*ISCs. b, Pie plot showing the relative abundance of cells assigned

to cell clumps of the indicated sizes (n = 18,986 cells with high-quality Cell-IDs).
¢, Heatmap plot showing the interaction frequencies between cell types, with a
barplot (top) showing the number of cells for each cell type. Red box highlights
interactions discussed in the manuscript. Interaction frequencies below 1.0 are
notshown. d, Heatmap plot showing the enrichment and depletion of interaction
frequencies for eachindicated pair of cell types between the WT and Apc-KO
samples. Statistical analysis was conducted using a one-sided permutation

test (n=1,000). The values have been log,-transformed. *P < 0.05, **P< 0.01,
***P < 0.001. Red box highlights interactions discussed in the manuscript.
“Indicates that interacted cell type pair was detected in fewer than three cell

clumpsin WT samples. e, AsmFISH image of the intestinal crypt-villus axis with
DAPI counterstaining. Lgr5 (green), Lgr5' ISCs; Lyz1 (magenta), Paneth cells; Ada
(yellow), villus-tip enterocytes. The dashed lines indicate the crypt-villus axis
borders (top) and cell borders (bottom), and red arrows indicate Paneth cells
located at the villus-tip region. f, UMAP visualization of the CCl-seq’s scRNA data
of the total TA/TA-like cells. Cells are colored by TA/TA-like subtype. g, Barplot
showing therelative interaction frequencies between each TA/TA-like subtype and
other cell types. h, Representative examples of the mouse intestinal crypt-villus
axis stained by immunofluorescence showing the spatial distribution of the TA-
like_Lyé6a*. DAPI (blue), SCA1 (yellow), K167 (red). Cells double-positive for SCA1
(encoded by Ly6a) and K167 represent the TA-like_Ly6a" population. i, Dotplot
showing the spatial locations of four selected genes, representing four cell types,
along the mouse intestinal crypt-villus axis. Corresponding asmFISH image
presented in Extended Data Fig. 8d.
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Fig. 5| CCI-seq detects consensus molecular subtypes and subtype-specific
interactions in human CRC clinical samples. a, The cell-cell interaction
network. Cells (nodes) are colored by cell type, and gray edges represent
detected cell-cellinteractions. The dashed-line box highlights the interactions
within plasma. b, Pie plot showing the relative abundance of cells assigned to cell
clumps of the indicated sizes (n = 37,897 cells with high-quality Cell-IDs).

¢, UMAP visualization of the CCl-seq’s scRNA data of epithelial cells in human
CRC. Cells are colored by epithelial subtype. d, Stacked barplot showing the

relative abundance of epithelial subtypes across different donors. e, UMAP
visualization of the CCI-seq’s scRNA data of epithelial cellsin human CRC. Colors
indicate the Leiden clusters, which were derived from unsupervised clustering
of single-cell gene expression data. f, Heatmap plot showing the interaction
frequencies between cell types. Red boxes highlight interactions discussed in
the manuscript. DC, dendritic cells; Endo, endothelial cells; Epi, epithelial cells;
Fibro, fibroblasts; Granulo, granulocytes; ILC, innate lymphoid cells; Macro,
macrophages; Mono, monocytes; NK, natural killer cells; Tgd, y§ T cells.

from T1and T3 (designated as iCMS3-1 and iCMS3-2), showed high
expression of the iCMS3 signatures including FUT8 and were either
diploid or showed infrequent and inconsistent copy number altera-
tions (Fig. 5d, Extended Data Fig. 9g-iand Supplementary Table 5).
With these subtypes defined, CCl-seq revealed a stark dichot-
omy in their immune interactions. The iCMS2 tumors were largely
‘immune deserts’, showing minimal interaction with immune cells. In
stark contrast, iCMS3 tumors exhibited extensive immuneinfiltration,
with tumor cells frequently engaging CD8" T cells, B cells and natural
killer cells (Fig. 5e,f and Extended Data Fig. 10a). This finding directly

visualizes the cellular basis for the ‘immune-hot’ signature previously
reported for the iCMS3 subtype”. Further, CCl-seq uncovered het-
erogeneity within theiCMS3 subtype, detectinginteractions between
myeloid cells (including mast cells, monocytes and dendritic cells) and
iCMS3-1tumor cells that were absent iniCMS3-2, underscoring distinct
immune milieus even within the same major subtype.

Tounderstand the functional consequences of these interactions,
we examined how direct contact with monocytes reshapes iCMS3-1
tumor cells. Monocyte-interacting iCMS3-1 tumor cells specifically
upregulated NF-kB target genes, including the proinflammatory
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cytokines CXCL8 and IL1B (Extended Data Fig. 10b-d). This suggests
that monocyte-derived signals activate NF-kB signaling in tumor cells,
hijacking inflammatory machinery to promote invasion and immune
evasion’’. This pro-tumorigenic reprogramming was further linked to
theinduction of stem-like traits, as ligand-receptor analysis revealed
stronger CD44-related signaling in these monocyte-interacting
tumor cells—a pathway critical for cancer stem cell maintenance’®”
(Extended DataFig.10e).

Overall, these findings demonstrate that CCl-seq effectively cap-
tures cellinteractomesin human CRC, linking clinically relevant tumor
subtypes to their distinct immune environments, and uncovers how
tumor-immune interactions canreprogram cancer cells to foster a pro-
tumorigenic, stem-like state, offering new insights into the molecular
logic governing tumor-immune ecosystems.

Discussion

We have developed CCl-seq, amethod to unbiasedly map large-scale
cell-cellinteraction networks for complex tissues by combining partial
tissue dissociation, combinatorial cell clump indexing and single-cell
sequencing.Asasingle-cell-based method, CCl-seqnaturally overcomes
inherent limitations of many ST technologies, including restricted gene
detection and difficulties in defining cellboundaries, while remaining
comparable in time and costs (Supplementary Table 6). CCl-seq also
addresses several critical limitations of other single-cell-based interac-
tion detection methods. First, unlike proximity labeling techniques,
CCl-seqpreservesallinteracting partners to generate unbiased interac-
tion networks. Second, in contrast to spatial nucleiindexing technolo-
gies, CCl-seq has a high cell recovery rate and provides high-quality
whole-cell transcriptome data. Third, CCl-seq circumvents the need
for probabilistic computational deconvolution and previous sur-
face markers-based cell sorting required by methods like paired-cell
sequencing®, establishingitas abroad discovery platform for the map-
ping of large-scale cellular association landscapes. Finally, CCI-seq sur-
passes the low-resolution analysis by methods such as fragment-seq®,
whichisrestricted to analyzing large tissue fragments (@ 200-450 pm)
and lacks the spatial resolution necessary for interaction studies.

Beyond constructing interaction maps, CCl-seq enables each
cell’s molecular state to be examined in relation to the identities of
its interaction partners. This partner-aware analysis provides oppor-
tunities to investigate how cellular neighborhoods are associated
with functional specialization and tissue organization, and how these
relationships are remodeled during disease. As demonstrated here, the
deep transcriptomic coverage of CCl-seq supports differential gene
expression, pathway enrichment and ligand-receptor analyses that
associate local cellularinteractions with inflammatory, metabolic and
stem-like programs, generating mechanistic hypotheses for further
investigation in cancer and other heterogeneous tissues.

CCl-seq showed robust performance across biological replicates
andtissue types, supported by a standardized protocolincorporating
gentle dissociation and multistage quality control (Methods). Concord-
ance with published scRNA-seq and single-nuclear RNA sequencing
datasets further confirmed the biological representativeness of the
captured cell populations. Moreover, the enrichment of highly adhe-
sive cell types in larger kidney clumps—contrasting with the stable
cell-type composition across clump sizes in the structurally uniform
intestine—suggests that clump composition reflects tissue-specific
adhesion and architecture rather than a uniform technical bias.

As a platform, CCl-seq captures cellular associations across a
proximity spectrum (from direct physical contact to short-range spa-
tial colocalization) which we view as a strength that gives the method
flexibility for diverse biological questions; however, the implemen-
tation in the present study was deliberately designed to enrich for
interactions of physical contact. Specifically, we applied stringent
clump-size filtering to retain only small clumps, after which over 50%
of captured clumps consist of just two cells. Notably, the interaction

patterns focusing exclusively on two-cell clumps show strong concord-
ance with our full dataset (cosine similarities: 0.95 for mouse kidney,
0.97 for WT mouse intestine, and 0.99 for Apc-KO mouse intestine). In
addition, the high concordance between CCl-seq interaction profiles
and these closest-neighbor seqFISH pairs (cosine similarity 0.86) pro-
vides orthogonal evidence that our filtered pipeline recovers physical
interactions rather thanincidental colocalization.

In summary, CCl-seq offers a versatile and scalable platform to
directly measure cell-cell interactions, while retaining complete
single-cell transcriptomic data. While this study establishes a robust
framework, the current cell throughput per experiment may limit the
resolution of rare or highly complex interaction states. This constraint
couldbealleviated through advanced scaling strategies, such as com-
binatorial indexing-based® or droplet overloading strategies®*, to
enable deeper coverage of cellular interactions at the tissue scale.
The present implementation does not yet incorporate additional
molecular layers, but the standard single-cell workflow of CCl-seq
makes it inherently compatible with multimodal extensions. Future
iterations could seamlessly integrate genomic (wellDR-seq®), epig-
enomic (Parallel-seq® and scEpi®-seq®), protein level measurements
(CITE-seq®) and immune repertoire sequencing (TCR/BCR-seq*"**) to
more comprehensively characterize the regulatory mechanisms under-
lying cellular crosstalk. Its potential can be further expanded by incor-
porating cell enrichment strategies such as fluorescence-activated cell
sorting or magnetic-activated cell sorting to target rare populations. By
simultaneously mapping cell-cellinteraction networks and resolving
their functional impacts, CCl-seq enables deeper investigations into
how cellular crosstalk shapes tissue homeostasis and disease, advanc-
ing efforts to uncover new therapeutic targets in complex diseases.
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Methods

Ethics statement

All research complies with all relevant ethical regulations. Animal
experiments were performed with the approval of the Institutional
Animal Care and Use Commiittee of Tsinghua University (17-ZQF1.G23-
1). Human CRC samples were collected and used with the approval of
the Medical Research Ethics Committee of Beijing Chao-Yang Hospital,
Capital Medical University, and written informed consent was obtained
fromall participants.

Cell culture

The human HEK293T (SCSP-502) and mouse NIH/3T3 (SCSP-515) cell
lines were newly purchased from the Cell Bank of the Chinese Academy
of Sciences. Theidentities of these cell lines were authenticated by the
vendor before purchase, and they were routinely tested negative for
Mycoplasma contamination. Neither line is listed in the International
Cell Line Authentication Committee database of misidentified cell
lines. HEK293T and NIH/3T3 cells were cultured in Dulbecco’s modified
Eagle’smedium (DMEM) (C11995500BT, Thermo Fisher) supplemented
with 10% fetal bovine serum (FBS) (P30-3302, PAN BIOTECH) at 37 °C
with 5% CO,. Cells were rinsed with PBS (C10010500BT, Thermo Fisher)
and detached by incubating for 3-5 min at 37 °C with 1 ml of 0.25%
Trypsin-EDTA (25200114, Thermo Fisher). Detached HEK293T and
NIH/3T3 cells suspensions were collected via centrifugation, washed
with PBS and counted using a C-Chip Disposable Hemocytometer
(DHC-NOIN, As One).

Three-dimensional spheroids culture

HEK293T and NIH/3T3 cells were cultured as mentioned above.
AggreWellTM400 six-well microwell plates (34421, StemCell) were
prepared following the manufacturer’s instructions. A total of 42,000
cellswere seeded per well (approximately six cells per microwell) and
cultured in the humidified incubator at 37 °C with 5% CO, for 24 h.
HEK293T and NIH/3T3 spheroids were carefully collected, and single
cells were separated by passing through a 10-um strainer. Approxi-
mately 20,000 spheroids per type were prepared and labeled with
human- or mouse-specific indexed CMOs, followed by three rounds
of split-pooling barcoding.

Mouse studies

Six WT C57BL/6) male mice (6-8 weeks) were purchased from the
Laboratory Animal Research Center at Tsinghua University. Mice were
housedinaspecific-pathogen-free facility under astandard 12-h light-
dark cycle. The ambient temperature was maintained at20-24 °C, and
the humidity was kept at 40-60%. Three Apc™"%; Villin-CreERT2 male
mice® (about 12 weeks old), kindly provided by Y.-G. Chen (Tsinghua
University), were intraperitoneally injected with 200 pl of tamoxifen
dissolved in sunflower oil at a concentration of 10 mg ml™, and the
smallintestine was isolated 7 days later for CCI-seq or tissue fixation.

Clump isolation from mouse kidney

Kidneys from WT C57BL/6) mice were collected and transferred to
a1.5-ml EP tube. We added 1 ml of dissociation solution (4.8 mg ml™
Dispase II, 3 mg ml™ Collagenase 1V, 0.1 mg ml™” DNase | and 10 mM
CaCl, in PBS) and used scissors to repeatedly mince the tissue on ice
forabout 2 min until most of the tissue fragments were approximately
1mminsize. Then, we added 4 mldissociation solution and incubated
at37 °Cfor20 min while shaking at 100 rpm. We transferred the minced
tissue toa70-um cell strainer and rinsed with PBS repeatedly to collect
the filtrate. We centrifuged the filtered cells at ~188g (1,000 rpm) for
3 minat4 °C, discarded the supernatant, and added 1 ml of red blood
cell lysis buffer (A1049201, Thermo Fisher). We let it sit at room tem-
perature for 5 min, then centrifuged and discarded the supernatant.
We resuspended the cell clumps in PBS, and they were then ready for
subsequent experiments.

Clump isolation from mouse intestine

We removed the small intestines of WT C57BL/6) and Apcfox¥/fox;
Villin-CreERT2 mice, and kept them onice in PBS. We washed the lumen
three times with PBS and removed any adipose tissue. We opened the
small intestine longitudinally and gently rubbed off any remaining
mucus. We washed the tissue once in PBS before cutting it into 4-mm
long fragments. We immersed the fragments in 10 mM EDTA-PBS and
incubated for 15 min on ice. We allowed the fragments to settle at the
bottom and discarded the supernatant. We then added cold PBS and
shook the sample vigorously. After allowing the fragments to settle at
the bottom, the supernatant was collected as fraction1inanew 15-ml
tube. We repeated this procedure once or twice to collect fraction
2 and fraction 3. The three fractions were strained through a 70-um
filter, respectively. Using light microscopy, we checked which frac-
tion enriched crypts, and centrifuged the fractions at 300g for 5 min.

CRC samples collection and ethics statement

Tumor samples were obtained from the resected specimens of five
patients (three males, two females; age range 40-70 years) who were
pathologically diagnosed with CRC and underwent surgery at the
Department of General Surgery, Beijing Chao-Yang Hospital, Capital
Medical University. Paired normal tissue samples were collected from
areasatleast5 cmaway fromthe tumor margin during the same surgical
procedure. Participants were not compensated for their participation
inthis study.

Clump isolation from human CRC samples

We collected CRC tumor samples and normal samples from more than
5 cmaway fromthe tumor. We quickly transferred theminto tissue stor-
age solution (130-100-008, Miltenyi Biotec), ensuring they were fully
submerged, and placed them onice. We transferred them promptly to
the laboratory for processing. Tissues were removed and then rinsed
three times with PBS to eliminate the preservation solution. We trans-
ferred thetissuestoal.5-mlEP tube,added 200 pl of PBS, and minced
them with scissors for approximately 2 min until the fragments were
approximately 1 mm? in size. We transferred the tissue fragments to
a 70-pm cell strainer, rinsed with PBS repeatedly, and collected the
filtrate. We centrifuged the collected cell clumps at 500g for 3 min at
4 °C, discarded the supernatant, and resuspended the cell pelletin
1ml of red blood cell lysis buffer using a wide-bore pipette tip. We let
the sample sit at room temperature for 5 min, then centrifuged and
discarded the supernatant. We resuspended the cell clumps with a
wide-bore pipette tip for subsequent experiments.

A standardized protocol with measures and controls of
CCl-seq

CCl-seqemploys multiple measures and controls to ensure the repro-
ducibility and robustness of the dissociation process. Specifically,
we applied gentle dissociation to preserve cell clumps in their native
conditions, using low trypsin activity, or mechanical partial dissocia-
tion. We also carefully handled clumps with wide-bore pipette tips to
minimize unwanted mechanical dissociation. After that, we used a
70-um cell strainer for standardized-size clump selection, removing
large cell clumps (>20 cells, this also to avoid potential artifacts from
indirect interactions in large clumps). Of note, we performed rigor-
ous microscopic inspection as key controls to ensure all samples met
predefined quality criteria (including cell viability, CMO labeling and
clump sizes). Using the mouse kidney as an example, we established
the following QC thresholds (1) >80% of cell viability post-dissociation;
(2) effective CMO labeling of >95% cells within each clump; and (3) a
clump size of <20 cells (Extended Data Fig. 2a).

CClI-seq protocol
Preparation of ligation plates. Oligonucleotides were ordered
from Sangon Biotech (Shanghai) Co. Odd and even ligation adaptor
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plates were prepared as per the SPRITE protocol and are listed in
Supplementary Table 7. We annealed the top and bottom strands of
the odd and even plates separately in 1x Annealing Buffer (100 mM
Tris-HCI, pH 7.5 and 1.5 mM EDTA) with 10 uM final concentration for
eachstrand. The annealing conditions were 95 °C for 2 min, followed by
aslow cooling toroom temperature atarate of 0.1°C s™. The terminal
ligation adaptor plate was dissolved in nuclease-free water to create a
100 puMsstock solution, whichwas then diluted to 10 pM. The odd, even
and terminal plates were distributed into 96-well plates, with each well
containing 10 pl of the adaptor.

Anchor and co-anchor labeling. CCI-seq labeled DNA barcodes to
plasma membranes by hybridization to an ‘anchor’ CMO. The anchor
and co-anchor CMOs designs were adapted from Multi-seq® and
ordered from Sangon Biotech (Shanghai) Co. We conjugated a cho-
lesterol via a triethylene glycol (TEG) linker to the 3’ end of co-anchor
CMO or 5’ end of anchor CMO, respectively. The up/down oligonucleo-
tide duplex was prepared by annealing 10 uMup and 10 pM down DNA
oligonucleotides (Supplementary Table 7). The oligonucleotides were
heated to 95 °C for 2 min, then gradually cooled to 20 °C at 0.1°Cs™,
yielding a 10 pM duplex solution. For the 10x Anchor solution, 2.2 pl
ofthe annealed 10 uM up/down duplex was mixed with 2.2 pl of 10 uM
anchor CMO and 17.6 pl of PBS. This solution (20 pl) was then diluted
with 180 pl of PBS and used to resuspend cell clumps, followed by
incubation onice for 5 min. Next, 20 pl of 2 uM co-anchor was added,
mixed thoroughly and incubated onice for another 5 min. Finally, 1 ml
of ice-cold 1% BSA in PBS was added, and the sample was centrifuged
at-~188g (1,000 rpm) for 3 min using a vertical rotor. The supernatant
was carefully removed.

Combinatorial index ligation. The ligation reaction was carried out
using amodified SPLiT-seq protocol. We prepared 2 ml of 1x NEBuffer
3.1and 2 ml of ligation solution, which contained 500 pl of 10x T4
DNA ligation buffer, 100 pl of T4 DNA ligase, 50 pl of 20% BSA and
1,350 pl of UltraPure DNase/RNase-free distilled water. The pooled
cell clumps were resuspended in the 1x NEBuffer 3.1 and thoroughly
mixed with the ligation solution using wide-bore pipette tips. Next,
40 plofthe cell-ligation mixture was added to each well of the prepared
odd-numbered ligation plate and incubated at room temperature with
rotation at 15 rpm for 5 min. Following ligation, 2 pl of 500 uM EDTA
was added to each well, and the cell clumps were mixed. Then, 50 pl
of 20% BSA was added, and the mixture was centrifuged at 500 g for
5minat4 °C.The supernatant was removed, and the cell clumps were
washed with 950 pl of PBS containing 1% BSA. The cell clumps were
thenresuspendedin2 ml of 1x NEBuffer 3.1and mixed with 2 ml of liga-
tion solution using wide-bore pipette tips. Subsequently, 40 pl of the
cell-ligation mixture was distributed into the even ligation plate, and
theligation and wash steps were repeated. This process was repeated
with the terminal plates. Finally, the cell clumps were pooled and
washed with 950 pl of PBS containing 1% BSA.

Clump dissociation. About 10,000 clumps were counted and dissoci-
ated with TrypLE Express Enzyme (1x), no phenol red (12604039) at the
37 °C for 5 min with shaking at 800 rpm. During enzymatic dissocia-
tion, light microscopy was used to monitor the process and obtain an
appropriate number of single cells and multiplets. Cells were filtered
through 35-pm strainer.

Sequencing library generation. All thefiltered single cells wereloaded
into 10x Genomics 3’ V3.1 kit. mRNA library and Cell-ID library were
prepared as 10x Genomics protocol described.

Libraries sequencing. Libraries of mRNA and Cell-ID were sequenced
t0400 million and 200 million reads, respectively, withNovaSeq 6000
System S4 kit and PE150 sequencing mode.

scRNA-seq data analysis

After sequencing, CellRanger software (v.7.1.0, 10x Genomics) was
used to prepare fastqfiles, align reads to the mm10 genome for mouse
samples and hg38 genome for human samples, and ultimately gener-
ate gene-by-cell matrices. The Python package scanpy (v.1.9.1) was
used to filter cells and genes. We excluded cells with fewer than 200
detected genes or had more than 20% mitochondrially mappedreads,
and excluded genes with fewer than three detected cells. The Python
package scalex (v.1.0.2) was used to batch-correct and integrate data
fromdifferent experiments. The Leiden algorithm® was performed for
clustering, and UMAP was used for two-dimensional visualization. Cell
types were manually annotated based on the expression of canonical
marker genes from previous literature.

Combinatorial index data analysis

After sequencing, combinatorial index reads were first deduplicated
using seqkit® (v.2.5.1). Next, umi_tools® (v.1.1.4) was used to extract
cellbarcodes based on the patternof theindex library. Then cutadapt®
(v.4.4) tool was used to identify and remove adaptor sequences, output-
ting standardized index reads for each cell.

Theoretically, the most abundantindex (Cell-ID) is considered as
the cell identifier and is used to infer whether cells are from the same
clump. To reduce noise, we performed quality control and filtering
for the Cell-IDs. Specifically, we defined droplets with qualified gene
expression data as ‘Valid droplets’ and those without as ‘Empty drop-
lets’. Cells were considered to have a qualified Cell-ID if they met all
three of the following criteria:

L. Myaigdropter > 10.75 quantile of Neqpy droplecd, Where Nrepresents the
number of combinatorial indices.

2. R 1yaiddropter > £0.75 quantile of R 1y dropierd, Where R 1represents
theratio oftheranklindex.

3. N_1yaiiq droplet/ N_2vaiid dropler > 2, Where N 1and N_2 represent the
number of theranklindex and the rank 2 index.

Finally, we retained the cells assigned to clumps with no more
than 20 cells.

Clustering analysis of clump compositions

We collected all cell clumps (=2 cells) and generated a fixed-length
vector representing the cell composition for each clump, followed by
Leiden clustering and UMAP visualization.

Quantification of interaction strength
We introduce two metrics to quantify theinteraction strength for any
pairs of cell types.

Frequency. For any two cell types, the interaction frequency is calcu-
lated as the ratio of multiplied cell numbers (for different cell types)
or pairwise combinations (for the same cell type) to the total pairwise
combinations within each clump, thensummarizing these ratios across
allclumps and normalizing by their total cellnumbers. This metric cap-
tures the relative abundance of co-occurring cells across clumps and
serves as areference for identifying functional cell-cell interactions.

100 x (N4 x Np) ™ x

@

Frequency,, =

100 x (Ny x Ng) >° x 3

Where N, and N, represent the total number of cells of cell type A and
Bacrossall clumps, while n,, and n;z represent the total number of cells
of celltypeA and Bin clumpi. n;represents the total number of cellsin
clump i, and Krepresents the total number of clumps.
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Clump. It is calculated as the co-occurrence of two cell types across
all cell clumps.

K

Clump,; = > I(clumps with both A and B) 2
i=o

where Krepresents the number of clumps.

Significance analysis of cell-cell interactions

To test the statistical significance for interactions across each cell type
pairs, we conducted a permutation-based test. In brief, we scrambled
cell type labels while preserving the distribution of clump sizes and
re-computed the interaction frequency across cell type pairs in each
permutation (defaultn=1,000). The enrichment score was calculated
as the true interaction frequency divided by the mean of the permu-
tated interaction frequency, and the P value was calculated based on
the proportion of the permutated interaction frequency higher than
the trueinteraction frequency across 1,000 permutations.

Orthogonal validation using seqFISH spatial transcriptomics
data

Orthogonal validation of CCl-seq-identified networks was performed
using a high-resolution mouse kidney seqFISH dataset. To minimize the
inclusion of nondirect-contacting, colocalized cells, werestricted the
spatial interaction matrix to include only the single nearest neighbor
for each cell. Utilizing the squidpy package, we defined spatial neigh-
bors via gr.spatial_neighbors with parameter n_neighs =1and com-
puted the interaction matrix using gr.interaction_matrix. Interaction
frequencies were calculated by dividing raw interaction counts by the
totalnumber of cells per cell type, enabling acomparison between the
seqFISH-derived frequencies and our CCl-seq results.

AsmFISH and immunofluorescence staining

AsmFISH was performed following the manual* provided by Suzhou
DynamicBiosystems Co. In brief, tissues were fixed in 10 ml ISH Fixative
Solution (animal) (G1113-500ML, Servicebio) for 24 hat room tempera-
ture and thenembedded into paraffin. Tissues were sectioned at 5 um
and permeabilized for probe hybridization. The fluorescent signals
were amplified by probe ligation, circularization and rolling circle
amplification. The slides were mounted with an antifade mounting
medium containing DAPI.

Multipleximmunofluorescence utilized tyramide signal amplifica-
tion (TSA; Servicebio)®. Formalin-fixed paraffin-embedded sections
underwent dewaxing, dehydration and antigen retrieval. Following
endogenous peroxidase inactivation (3% H,0,, 25 min, dark) and
blocking (3% BSA, 30 min), sections were incubated with the first pri-
mary antibody (anti-MS4Al, Servicebio, GB155721, 1:4,000 dilution;
or anti-SCA1, Abcam, ab109211, 1:1,000 dilution; overnight, 4 °C), an
HRP-conjugated secondary antibody (50 min, room temperature)
and a TSA fluorophore (10 min, dark). After microwave-mediated anti-
body stripping, this cycle was repeated for the second target using
appropriate primary/secondary antibodies (anti-SLC13A3, Service-
bio, GB115110, 1:5,000 dilution; or anti-Ki67, Servicebio, GB111141,
1:3,000 dilution) and a distinct TSA fluorophore. Finally, slides were
DAPI-counterstained (10 min), quenched for autofluorescence (5 min)
and mounted with an antifade medium.

Whole-slide images were acquired using a VS200 slide scanner
(Olympus), and high-resolution fluorescence images were captured
using a STELLARIS 8 Falcon confocal microscope (Leica Microsystems).
Following image acquisition, all fluorescence images were visualized
and processed using Imaris software (v.10.1, Oxford Instruments).

Single-cell genotyping
Individual SCAI'EPCAM" cells were sorted from the intestines
of tamoxifen-treated or untreated Apc™/°; Villin-CreERT2 mice.

To genotype the Apclocus, single cells were subjected to a nested
three-primer PCR assay (Supplementary Table 7). In the second
round of amplification, primers 1 and 2 were used to flank the first
loxP site, generating a ~380-bp product for the WT allele. Simultane-
ously, primers 1and 3 were designed to span the deletion junction,
generating a ~240-bp product for the recombined allele (Apc-KO).
PCR products were resolved by gel electrophoresis and validated by
Sanger sequencing.

Differential gene and Gene Ontology term enrichment
analysis

The ranking for the highly differential genes in each cluster was com-
puted by rank_genes_groups function with method = ‘t-test’ in the
scanpy package. Genes with log,(fold change) > 0.5 and Benjamini-
Hochbergadjusted Pvalue < 0.05were defined as DEGs. We performed
gene set enrichment analysis for the top 200 DEGs sorted by gene
scores (implemented in scanpy) using the enrichGO function with
pAdjustMethod = BH in the clusterProfiler package’™ (v.4.10.1).

Landmark score
Inspired by Moor et al.”’, the landmark (LM) score for each cell i is
calculated as:

detLM Eg,i

-8
ZgebLM Eg;i + detLM Eg»i +1e

LM _score; =

Where E,;represents the expression of gene gincelli, tLMisaset of top
landmark genes, and bLM is a set of bottom landmark genes.

Definition of spatial subtypes of enterocytes and goblets

The annotations of villus-tip, villus-middle and villus-bottom entero-
cytes relied exclusively on spatially relevant landmark genes (a set of
genes specifically expressed at different villus region) identified in a
published study”’, and independently of any clump information from
ourdata. Asaproofof concept, these three enterocyte spatial subtypes,
withtheir well-established spatial organization, serve as aground truth
to validate the accuracy of the ‘interacting cells’ inferred by CCl-seq
based on cell clump information. Spatial subtypes of goblets were
delineated using the same approach.

Definition of TA spatial subtypes

We extracted double-cell clumps composed of one TA celland one cell
of a different type. Crypt-top TA cells were defined as TA cells inter-
acting with villus-located cells, including villus-bottom enterocytes,
villus-middle enterocytes, villus-tip enterocytes and villus goblet cells,
whereas crypt-bottom TA cells were defined as TA cells interacting
with crypt-located cells, including crypt goblet cells, Paneth cells and
Lgr5'1SCs.

Pseudotime analysis

We performed pseudotime inference using the partition-based graph
abstractionalgorithmimplementedinthe scanpy package, which was
also used for all major preprocessing steps. To root the trajectory, we
selected a villus-bottom enterocyte based on known spatial organiza-
tionand differentiation patternsin the smallintestine epithelium. This
cellwas chosenrandomly fromthe villus-bottomregionto serve as the
starting point for the pseudotime computation.

Comparative analysis of CCl-seq and uLIPSTIC

A key advantage of CCl-seq is its ability to identify the full cell-cell
interaction networks withinatissuein an unbiased manner, which sets
itapartfrom proximity labeling methods. To demonstrate this, we com-
pared CCl-seq and uLIPSTIC—an advanced proximity labeling-based
method for detecting cell-cell interactions using mouse small intestine

Nature Methods


http://www.nature.com/naturemethods

Article

https://doi.org/10.1038/s41592-026-03237-0

samples. For quantitative comparison, we normalized the interac-
tionsignals detected by uLIPSTIC by constructing a virtual cell clump
consisting of one IEC and one immune cell, and then calculated the
interaction frequency metric.

CRC annotation by label transfer

Python package scalex (v.1.0.2) was used to annotate cell types for
human CRC data. Specifically, we first integrated a publicly available
CRC scRNA-seq dataset”with our CRC dataand projected all cellsintoa
common cellembedding space. Next, we used the KNeighborsClassifier
function from the scikit-learn package to train a prediction model by
the cellembedding representations of the public dataset with known
celltypelabels. The trained model was then applied to predict cell types
for the unlabeled cells in our CRC dataset based on their embeddings.

Infer CNVs from CRC dataset

We used the Python package infercnvpy (v.0.4.2) toinfer copy-number
variations (CNVs) by averaging gene expression over genomicregions
for our CRC dataset. All cell types except for epithelial cells were anno-
tated as normal cells. The window_size parameter in the cnv.tl.infercnv
functionwas set to 250. All other parameters were default. The per-gene
copy number scores calculated for each cell of each cohort were visual-
ized using the cnv.pl.chromosome_heatmap function.

Ligand-receptor analysis by LIANA+

We used the Python package liana (v.1.5.0) to infer ligand-recep-
tor interactions from scRNA-seq data. Following the recommended
pipeline, we first conducted an anndata object containing processed
single-cell transcriptomics datawith pre-annotated cell types. We then
computed the consensus ligand-receptor scores using therank_aggre-
gate function, aggregating predictions from multiple methods. The
parameter expr_prop wasset to 0.1, while all other settings were default.

Statistics and reproducibility

No statistical methods were used to predetermine sample size. The
experiments were not randomized, and the investigators were not
blinded to allocation during experiments and outcome assessment.
For all quantitative experiments (for example, sequencing and data
analysis), the findings were consistent across at least threeindepend-
entbiological replicates. For all representative micrographs shownin
the Figures, Extended Data Figures and Supplementary Figures, the
experiments were repeated independently twice (biological replicates)
with similar results obtained.

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

Data availability

Rawsequencereadsand count matrices generated in this study are avail-
able inthe Genome Sequence Archive at the National Genomics Data
Center under accession number PRJCA034558. All processed datasup-
porting thekey findings of this study are available in the Zenodo reposi-
tory athttps://doi.org/10.5281/zenodo.19544434 (ref. 95) and the OMIX
database at the NGDC under accessionnumber OMIX016046. Addition-
ally, the processed data specifically for the human CRC samples are also
available in the Gene Expression Omnibus under accession number
GSE327054. All processed data are publicly available as described
above; however, to comply with the Regulations of the People’s Repub-
lic of China on the Administration of Human Genetic Resources and
to protect patient privacy, access to the raw sequence reads of human
patientsis available uponrequest for scientific research. The publicly
available mouse smallintestine Visium HD dataset can be accessed from
the 10x Genomics (https://www.10xgenomics.com/datasets/visium-
hd-cytassist-gene-expression-libraries-of-mouse-intestine). Mouse

kidney Slide-seq-V2 and seqFISH data are available at GSE190094 and
https://doi.org/10.5061/dryad.bnzs7h4hj (ref. 96), respectively. Source
dataare provided with this paper.

Code availability

The source code for the analysis is available on GitHub (https://github.
com/zhangqf-lab/CCl-seq) and at the Zenodo repository (https://doi.
org/10.5281/zen0d0.19544434)% with an MIT License. For reproduc-
ibility, the Jupyter notebooks for data analyses are also available in
the above repository.
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Extended Data Fig. 1| The human-mouse mixing experiment design and CCI-
seq data quality control. a, Overview of the human-mouse mixing experiment
design. The human HEK293T and mouse NIH/3T3 three-dimensional spheroids
were cultured to approximately 20 cells in size. The first round of barcoding
labeled them with human- and mouse-specific CMO barcodes. Then, these

cell clumps were mixed together and uniquely labeled through three rounds

of split-pool barcoding, followed by complete dissociation and single-cell
sequencing. Three possible results: 1. Accurate labeling and no random adhesion.
2. The human-specific combinatorial index drop off from human cells and
re-anchor to mouse cells or vice versa. 3. Random adhesion of different human
and mouse cell clumps during split-pool barcoding. b, Microscopic images of
human HEK293T (left) and mouse NIH/3T3 (right) spheroids before labeling. c,
Confocal image of the FAM-conjugated barcodes (green) labeled on cells within
HEK293T spheroids. FAM, Fluorescein amidites; Blue, Hoechst-stained nuclei;
Magenta, 7-AAD stained dead cells. d, The UMI counts mapped to humanand
mouse genomes. Define the 10th percentile of barcodes where (mouse > human
UMI counts) as the threshold for calling mouse cells, and the 10th percentile of

barcodes where (human >mouse UMI counts) as the threshold for calling human
cells. Barcodes exceeding both thresholds were classified as multiplets. Cells
with UMI counts less than1,000 were designated as low quality and filtered out. e,
f, Violin plots showing the UMI counts and gene counts for human HEK293T cells
(e) and mouse NIH/3T3 cells (f). g-j, Boxplot showing the following metrics within
each droplet before filtering: the total number of combinatorial indices (g), the
number of top 5indices (h), the ratio of top 5 indices (i), and the ratio of rank 1to
rank 2 indices (j). Valid droplets, droplets with qualified RNAs, n = 9,080. Empty
droplets, droplets without qualified RNAs, n = 85,449. Boxes, interquartile range.
Midline, median. Whiskers, 1.5x interquartile range. Significance estimated using
aone-sided Student’s t-test. k,I, Boxplot showing the ratio of rank 1 combinatorial
indices for cellsin clumps with varying sizes before (k) and after (1) filtering.
Detailed information for nis provided in the Source Data. Boxes, interquartile
range. Midline, median. Whiskers, 1.5x interquartile range. Dashed line indicates
the size threshold for cell clumps filtering. Panel a created in BioRender; Tang, L.
https://biorender.com/2tqsuuv (2026).
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Extended Data Fig. 2| CClI-seq data quality control for the mouse kidney.
a, Confocalimages of the FAM-conjugated barcodes (green) labeled on cells
within clumps of the mouse kidney after CMO labeling. FAM, Fluorescein
amidites; Blue, Hoechst-stained nuclei; Magenta, 7-AAD stained dead cells.

b-e, Boxplot showing the following metrics within each droplet after filtering:

the total number of combinatorial indices (b), the number of top 5 indices (c),
theratio of top Sindices (d), and the ratio of rank 1 to rank 2 indices (e). Valid
droplets, droplets with qualified RNAs, n =11,519. Empty droplets, droplets
without qualified RNAs, n =213,286. Boxes, interquartile range. Midline,
median. Whiskers, 1.5x interquartile range. Significance estimated using a
one-sided Student’s t-test. f-i, The same plots as in b-e when applied to three

independent experiments. expl, Valid droplets, n = 1,496, Empty droplets,
n=89,596;exp2, Valid droplets, n = 6,452, Empty droplets, n = 52,594; exp3,
Valid droplets, n = 3,571, Empty droplets, n = 71,096. j, Boxplot showing the
number of genes detected by CCl-seq (n =11,519), Slide-seq-V2 (n=372,732),

and seqFISH (n = 55,856) in mouse kidney samples. Boxes, interquartile range.
Midline, median. Whiskers, 1.5x interquartile range. Significance estimated using
aone-sided Student’s t-test. CCl-seq vs. Slide-seq-V2, p-value < 0.001; CCl-seq
vs. seqFISH, p-value < 0.001. k, Dotplot showing the expression of marker genes
for different cell types. Each dot represents the mean expression within each cell
type (visualized by color) and the fraction of cells expressing the marker gene in
each cell type (visualized by the size of the dot).
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Extended DataFig. 3 | Cell-cell interaction analysis for the mouse kidney.

a, Heatmaps showing the cosine similarity of interaction frequencies between
different biological replicates for the mouse kidney. b, Heatmap plot showing
the cell-cellinteractions quantified by clump (Methods) between cell types.
Values below 3 are not shown. Red boxes highlight interactions discussed in
the manuscript. ¢, Heatmaps showing the interaction frequencies between cell
types within 2-cell clumps for the mouse kidney. d,e, Heatmaps showing the
interaction frequencies between cell types in the mouse kidney data identified
by CCl-seq (d) and seqFISH (e). Red boxes highlight consistent interactions

within the collecting duct and glomerular regions identified by both techniques,
as well as consistent interactions between cell types, such as CD-IC with DCT
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gr.interaction_matrix function from squidpy package to compute interaction
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Extended Data Fig. 4 | Characterization of gene level impact of cell-cell
interactions in the mouse kidney. a, UMAP visualization of podocytes from the
mouse kidney dataset. Cells (dots) of podocytes are colored by their interaction
partners (single-type, multi-type, and no interactions). b, Volcano plot showing
the DEGs between DCT-interacting and DCT-non-interacting podocytes. Red and
blue dots represent genes up-and down-regulated in DCT-interacting podocytes,
respectively. The p-values were determined using a two-sided Student’s ¢-test
with Benjamini-Hochberg correction. Dashed lines indicate thresholds: adjusted
p-value <0.05, |log,(fold change)|>0.5. ¢, Dotplot showing the top 8 significantly
enriched GO terms for DEGs of DCT-interacting podocytes. The p-values were
determined using a hypergeometric test with Benjamini-Hochberg correction.
Dot size represents gene counts, and dot color represents adjusted p-value.

d, Dotplot showing the aggregate rank of ligand-receptor scores between
podocytes and endothelial cells, derived using multiple computational methods
implemented by the LIANA tool. Each row represents a ligand-receptor pair.
Podocyte_Endothelial represents endothelial cell-interacting podocytes. Red
boxes highlight interactions discussed in the manuscript. e, Dotplot comparing
the aggregate rank of ligand-receptor scores in CD-Trans cells interacting with
CD-ICs versus those interacting with other cell types (others). The analysis was
derived using the LIANA tool. CD-Trans_CD-IC represents CD-IC-interacting CD-
Trans. Red box highlights interactions discussed in the manuscript. f, The same
plotasinewhenapplied to CD-Trans and CD-PC. g, The same plot asin e when
applied to monocytes and podocytes.
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Extended Data Fig. 5| Clump analysis for the mouse intestine. a,b, UMAP
visualization of clump compositions from the mouse intestine dataset. Clumps
(dots) are colored by Leiden clusters (a), and by the number of cells from selected
cell types they contain (b). The red dashed-circle indicates the clumps discussed
inthe manuscript. ¢, The pie charts and connecting lines illustrating the clumps
inthe mouse intestine dataset and their hierarchical relationships. Each pie
represents a group of clumps with the same cell compositions, with the pie’s area
indicating the number of clumps, and the size and color of each sector denoting

the proportionand identity of cell types, respectively. Clumps are classified

into five levels based on the number of constituent cells. Lines connecting pies
across adjacent levels indicate inclusion relationships between clumps, defined
by cell type compositions (forexample, aclump composed of a-b-cincludes one
composed of a-b). The schematic at the bottom highlights one example of the
hierarchical organization of clumps corresponding the crypt structure of the
intestine.
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Extended Data Fig. 7| Gene expression characteristics of Apc-KO mouse
intestinal TA/TA-like cells. a-d, UMAP visualization of the CCI-seq’s sScRNA data
of TA/TA-like cells. Cells are colored by cell density of the WT (left) and Apc-KO
(right) samples (a), the expression of Ly6a (left) and Anxal (right) (b), the gene
scores of two sets of fetal-like intestinal gene signatures (c), and the expression
of Notum (d). e, Overview of the experiments design for single-cell genotyping.
Anested three-primer PCR assay was used to genotype the Apc locus. Inboth
rounds, primers1and 2 flank the first loxP site and amplify the wild-type allele,
while primers1and 3 span the deletion junction and amplify the recombined
allele. Nested three-primer PCR of the Apclocus yields -380 bp (WT) and ~240 bp
(recombined) products in the second round. f, Nested PCR showing the size of
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PCRproducts. Lane 4 and 11, 2,000 bp marker; lane 1, a mixture of Apc*/*° (Apc™™
flox: Villin-CreERT2 mouse with tamoxifen treatment) cells and Apc™" (4pc™/
flox- Viillin-CreERT2 mouse with no tamoxifen treatment) cells; lane 2, Apc°/¥©
cells; lane 3, Apc™™* cells; lane 5-10, six SCA1+EPCAM+ single cells sorted from
the intestine of tamoxifen-treated Apc™/"*; Villin-CreERT2 mouse; lane 12, no
template. The expected sizes of PCR products are 240 bp and ~380 bp for Apc*/
X0 and Apc™°x cell, respectively. All fragments were validated by sequencing.
g,h, Dotplot showing the top 8 significant enriched GO terms for DEGs of TA-
like_Ly6a’ (g) and TA-like_Notum® (h). The p-values were determined using a
hypergeometric test with Benjamini-Hochberg correction. Dot size represents
gene counts, and dot color represents adjusted p-value.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Identification of cell-cell interactions between TA/TA-
like subtypes and other cell types in the Apc-KO mouse intestine. a, Heatmap
plot showing the cell-cell interactions quantified by clump (Methods) between
celltypes. Values below 3 are not shown. Red boxes highlight interactions
discussed in the manuscript. b, Heatmap plot showing the interaction
frequencies between cell types. Red boxes highlight interactions discussed

in the manuscript. ¢, Heatmap plot showing the enrichment and depletion of
interaction frequencies between cell types. Statistical analysis was conducted
using aone-sided permutation test (n =1,000). The values have been log2-
transformed. *p < 0.05, **p < 0.01, ***p < 0.001. Red boxes highlight interactions
discussed in the manuscript. # indicates that interacted cell type pair was
detected in fewer than 3 cell clumps. d, AsmFISH image of the intestinal crypt-
villus axis with DAPI counterstaining. Ly6a (magenta), TA-like_Ly6a*; Ada (yellow),
villus-tip enterocyte; Notum (cyan), TA-like_Notum®; Lgr5 (green), Lgr5"1SC.

Dashed lines indicate cell borders, and red arrow indicates interactions between
TA-like_Ly6a* and TA-like_Notum’. e, The cell-cell interaction network of immune
cells from uLIPSTIC mouse intestine samples. An intestinal epithelial cell (IEC)
was artificially introduced as a bait cell. Cells (nodes) are colored by cell type, and
gray edges represent detected cell-cell interactions. f, The cell-cell interaction
network of immune cells from CCl-seq Apc-KO mouse intestine samples. Cells
(nodes) are colored by cell type, and gray edges represent detected cell-cell
interactions. g,h, Heatmap plots showing the interaction frequencies between
cell typesin mouse intestine samples detected by uLIPSTIC (g) and CCl-seq (h).

i, Dotplot showing the aggregate rank of ligand-receptor scores between T

cells and villus-tip enterocytes, derived using multiple computational methods
implemented by the LIANA tool. Each row represents a ligand-receptor pair.
T_villus-tip enterocytes represent villus-tip enterocyte-interacting T cells. Red
box highlights interactions discussed in the manuscript.
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Extended Data Fig. 9| Gene expression characteristics and CCI-seq data
quality control for human CRC. a-d, Boxplot showing the following metrics
within each droplet after filtering: the total number of combinatorial indices

(a), the number of top 5 indices (b), the ratio of top 5 indices (c), and the ratio
ofrank1torank2indices (d). Valid droplets, droplets with qualified RNAs,
n=37,897.Empty droplets, droplets without qualified RNAs, n = 664,197.

Boxes, interquartile range. Midline, median. Whiskers, 1.5x interquartile range.
Significance estimated using a one-sided Student’s t-test. e,f, UMAP visualization
of the CCl-seq’s scRNA data of our human CRC dataset integrated with a public
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