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SUMMARY

Spatial omics has advanced our understanding of tissue-level biology, yet tools to systematically link gene 
functional perturbations to spatial phenotypes and signaling pathways remain limited. To address this, we 
developed spatial CRISPR screen sequencing (SPAC-seq), a high-throughput spatial CRISPR screen plat-
form, and TARDIS (target prioritization toolkit for perturbation data in spatial omics), a statistical spatial 
perturbation analysis toolkit. Using SPAC-seq and TARDIS, we linked gene perturbations to spatial pheno-
types and pathways, uncovering how Icam1 loss in tumor cells promotes metastasis via immune suppression 
and macrophage polarization. In CD8+ T cells, we revealed Cd44’s role in regulating spatial phenotypes by 
interacting with Spp1 on macrophages. We also demonstrated the model of the transcription factor-chemo-
kine receptor axis coupling cell states with chemotaxis. SPAC-seq and TARDIS provide an effective frame-
work to study spatially resolved functional genomics and pathways across diverse biological and disease 
contexts.

INTRODUCTION

Biological systems are inherently spatially organized, with 
cellular interactions and molecular processes occurring within 
specific spatial contexts.1 Among the advanced tools in the field 
of spatial biology, spatial transcriptomics has been proven to be 
a powerful methodology, enabling the study of tissue structure, 
spatially embedded gene-expression patterns, cellular commu-
nities, and cellular interactions.2–4 The recent advent of spatial 
transcriptomics, which now enables transcriptome-wide 
profiling at single-cell resolution, has provided unprecedented 
opportunities to investigate complex tissue ecosystems, such 

as the tumor microenvironment (TME).5 However, tools to estab-
lish causal links between gene expression and its functional ef-
fects on spatial phenotypes, as well as the regulatory pathways 
driving these processes, remain largely underdeveloped.

CRISPR-Cas9-based gene editing, which uses sgRNAs to 
direct the Cas9 protein for targeted genome editing, has revolu-
tionized functional genomics by directly linking gene perturba-
tions to specific phenotypes, such as cell growth, viability, and 
marker gene expression.6–8 This approach can be scaled to 
high-throughput levels using pooled CRISPR screens, enabling 
systematic investigation of gene functions.9–11 The advent of sin-
gle-cell RNA sequencing (scRNA-seq) has further extended 
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these capabilities by enabling transcriptome-wide gene-expres-
sion profiling in perturbed single cells, exemplified by platforms 
such as Perturb-seq and CROP-seq.12–15 Incorporating pooled 
CRISPR screens with spatial transcriptomics offers a unique op-
portunity to identify genes associated with spatial functional 
phenotypes and elucidate the underlying regulatory pathways. 
Efforts have utilized spatial proteomic imaging to characterize 
immune-infiltration phenotypes based on marker proteins within 
specific locally expanded perturbations.16,17 More recently, 
spatially resolved detection of sgRNA libraries has been 
explored using imaging-based methods,18–22 paving the way 
for future spatially resolved CRISPR screens that integrate 
sgRNA and transcriptome detection.23,24 Sequencing-based 
spatial CRISPR screens offer a high-throughput approach to 
connect gene function and regulatory pathways to spatial phe-
notypes, addressing the gap for transcriptome-wide analysis in 
spatial biology. In this study, we developed spatial CRISPR 
screen sequencing (SPAC-seq), coupled with a statistical spatial 
perturbation analysis toolkit, TARDIS, to leverage the single-cell- 
resolution spatial whole transcriptome to enable spatially 
resolved functional genomics.

RESULTS

SPAC-seq for spatial CRISPR screen and spatial 
transcriptomics sequencing
The SPAC-seq workflow begins with transducing a pooled 
sgRNA (single guide RNA) library into cell types of interest. After 
fluorescence-based sorting, the perturbed cells are injected into 
syngeneic mouse models at specific sites or organs. Following 
in vivo biological selection processes such as tumor metastasis 
or T cell infiltration, target tissues are harvested, sectioned into 
slides, and analyzed using single-cell-resolution spatial tran-
scriptomics platforms such as Visium HD or Stereo-seq.25,26

Both sgRNA library and mRNA are captured in situ, enabling 
next-generation sequencing (NGS) to map sgRNA and transcrip-
tome data to their spatial locations (Figure 1A). SPAC-seq utilizes 
a retrovirus-based plasmid system, named SPACseq, which in-
corporates two retrotransposon cassettes: a strong universal 
promoter and a transcription terminator (Figure 1B),27,28 de-
signed to ensure efficient transduction and expression in mouse 
primary cells.29–31 SPACseq plasmid includes a GFP fluores-
cence marker for cell sorting and a U6 promoter for sgRNA tran-
scription via RNA polymerase III (RNA Pol III). The sgRNA 
cassette was designed for high-throughput pooled-library clon-
ing and was embedded within the mRNA encoding GFP, tran-
scribed by the retroviral promoter via RNA polymerase II (RNA 
Pol II) (Figure 1B). This embedding approach, instead of using 
an extra barcoding library,12 eliminates the additional barcoding 
association steps and reduces recombination risk for sgRNA 
and barcode regions.32

We applied SPAC-seq to two single-cell-resolution spatial 
transcriptome sequencing platforms, Visium HD and Stereo- 
seq25,26 (Figures 1C and 1D). For 10× Visium HD,25 which uses 
RNA-specific probes to capture mRNA in situ,25 we designed 
direct-capture probes specific to the sgRNA spacer sequence 
and scaffold region, enabling direct capture of the sgRNA 
sequence in situ (Figure 1C). Notably, direct sgRNA capture 
can be compatible with standard CRISPR vectors. For Stereo- 
seq, which uses poly(dT) probes on DNA-nanoball chips,26 we 
captured mRNA-embedded sgRNAs alongside other transcripts 
(Figure 1D). This approach is analogous to sgRNA detection in 
CROP-seq.13 Together, SPAC-seq is scalable across different 
plasmids and spatial transcriptome platforms.

We conducted a series of evaluation assays to assess trans-
duction efficiency, gene-editing efficiency, sgRNA detection sig-
nals, and detection accuracy of SPACseq plasmid. First, we as-
sessed the transduction efficiency of the SPAC-seq plasmid 

Figure 1. SPAC-seq enables simultaneous CRISPR screening and gene expression profiling on sequencing-based spatial transcriptomic 
platforms 
(A) Schematic of the SPAC-seq workflow. 

(B) Plasmid design for SPACseq. 

(C) Direct capture of sgRNA used splint-ligated probes compatible with probe-capture-based platforms such as Visium HD. 

(D) Capture of sgRNA sequences embedded in mRNA, compatible with poly(dT)-based platforms such as Stereo-seq. 

(E) Correlation between genomic and mRNA-embedded sgRNA counts in a mini-pool of 6 sgRNAs targeting 3 genes in vitro. 

(F) Correlation between genomic and mRNA-embedded sgRNA counts in a large library of 9,040 sgRNAs in vitro. 

(G) Comparison of correlations between genomic and mRNA-embedded sgRNA counts and between genomic and direct-capture sgRNA counts in a 70-sgRNA 

library in vitro. 

(H) Schematic of an in vivo CRISPR screen with 1,520 sgRNAs using MC38-Cas9 cells. 

(I) Correlation between genomic and mRNA-embedded sgRNA counts for different mouse replicates in the in vivo CRISPR screen described in (H) (n = 5). 

(J) Correlation between genomic DNA- and mRNA-embedded sgRNA counts in 1,520 sgRNAs in vivo, pooled with all 5 mice described in (I). 

(K and L) Spatial visualization of gene expression (K) and sgRNA library distribution (L) from the CRISPR screen described in (H). 

(M) Distribution of spatially sequenced sgRNA counts across various resolutions of bins. 

(N) Number of input and recovered sgRNA types, comparing direct-capturing and poly(dT) capturing for embedded mRNA and strategies. 

(O) Number of shared sgRNAs captured by direct-capture SPAC-seq and mRNA-embedding SPAC-seq. 

(P) Illustration of the multiple sectioning strategy of the SPAC-seq dataset. 

(Q) Spearman’s correlation of different perturbations across multiple sections at the sgRNA level, with all p values < 1 × 10−10. 

(R) Distribution of cells containing different numbers of sgRNAs using the cell bin (8 μm) based approach for the first section (subQ-1) of SPAC-seq. 

(S) Spatial visualization of the top 50 perturbations’ count, labeled by different colors. 

(T) Single-cell segmentation-based visualization of a whole section H&E image (left) and of different ROIs with the top 50 perturbations’ count, labeled by different 

colors (right). 

Data are represented as mean ± SEM (G) or box (M, N, and R). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 by unpaired Student’s t test (G). ns, not 

significant. Data are representative of at least two independent experiments (E–G, I, and J). 

See also Figure S1 and Tables S1 and S2.
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system across multiple cell types, including primary T cells 
(Figures S1A–S1D). This system was benchmarked against the 
CROPseq plasmid, which is the most widely used sgRNA- 
embedding for coupling CRISPR perturbations to mRNA capture 
in single-cell CRISPR screens.13,18,19,21,33 Key differences be-
tween the SPACseq and CROPseq library systems include the 
use of a retroviral vector optimized for transduction of mouse im-
mune cells and cell lines instead of lentivirus, as well as 
enhanced transcriptional activity driven by the retroviral long ter-
minal repeat (LTR).27,28 Notably, the SPACseq plasmid system 
exhibited significantly higher transduction efficiency across all 
tested cell types, including the MC38 tumor cell line and primary 
mouse CD8+ T cells (Figures S1A–S1D). Next, we evaluated the 
gene knockout (KO) efficiency of SPAC-seq by targeting Cd8a in 
OT1-Cas9 T cells. The SPACseq plasmid achieved a mean KO 
efficiency of 75.19%, comparable to the efficiencies reported 
for plasmids used in traditional CRISPR screens,10,12,15,34

although slightly lower than that of CROP-seq (85.2%) 
(Figure S1E). This difference is consistent with the dual-sgRNA 
cassette design used by CROP-seq, which can increase KO ef-
ficiency.13 Additionally, SPACseq plasmid showed robust 
and consistent genomic perturbation in OT1-Cas9 T cells 
(Figure S1F).

Traditional CRISPR screens detect sgRNA libraries through 
genomic DNA sequencing, whereas spatial CRISPR screens 
rely on transcript detection through spatial transcriptomics, 
which is prone to substantial dropout.5 To assess mRNA- 
embedded sgRNA expression levels, we performed qPCR on 
mRNA-embedded sgRNA and found that the SPAC-seq system 
showed 9.08-fold higher expression of mRNA-embedded 
sgRNA than the CROP-seq system (Figure S1G). This was 
further supported by the higher median fluorescence intensity 
(MFI) of the GFP marker, encoded by the same mRNA-sgRNA 
transcript (Figure S1H). To evaluate the accuracy of sgRNA 
detection, we compared traditional genomic DNA sequencing 
with mRNA-based sgRNA capture in SPAC-seq. Using a mini- 
pool sgRNA library in mouse primary CD8+ T cells, we observed 
a near-perfect correlation between the two methods (Pearson’s 
correlation, ρ = 0.9970, p < 0.0001) (Figure 1E), significantly out-
performing the CROP-seq system (ρ = 0.8913, p = 0.0046) 
(Figure S1I). To further validate this, we analyzed a larger library 
containing 9,040 sgRNAs in primary CD8+ T cells (Table S1). 
Despite the increased complexity, SPAC-seq maintained a 
high correlation with genomic DNA sequencing (ρ = 0.9414, 
p < 1.0 × 10−32) (Figure 1F), demonstrating its scalability and 
reliability. Additionally, we compared probe-based direct-cap-
ture SPAC-seq with traditional genomic DNA sequencing using 
a mini-pool library of 70 sgRNAs (Table S1). Both mRNA-embed-
ding (ρ = 0.9796, p < 1.0 × 10−48) and probe-based direct-cap-
ture (ρ = 0.9596, p < 1.0 × 10−38) approaches showed strong 
concordance with genomic DNA sequencing (Figure 1G), con-
firming the robustness of SPAC-seq for spatial CRISPR screens.

To validate the SPAC-seq system in vivo, we performed a 
CRISPR screen in MC38-Cas9 subcutaneous (subQ) tumors, 
targeting 735 gene perturbations with 1,520 sgRNAs, including 
50 non-targeting control sgRNAs (Figure 1H). The targeted 
genes encompassed highly expressed tumor membrane pro-
teins, metabolic genes, and immune-related genes (Table S1). 

Next, we assessed the consistency between traditional 
genomic DNA sequencing and SPAC-seq’s mRNA-embedding 
sequencing. Across biological replicates, the correlation be-
tween these two readouts remained consistently high 
(ρ = 0.9464, p < 1.0 × 10−32) (Figures 1I and 1J), reinforcing 
the reliability of mRNA-based sgRNA detection. This high corre-
lation persisted when analyzing log2FC for perturbations’ growth 
advantage in vivo versus in vitro (ρ = 0.6393, p < 1.0 × 10−91) 
(Figure S1J). To further confirm the robustness of gene discov-
ery, we examined the top depleted hits from the in vivo tumor 
screen. The most significantly depleted genes were enriched 
for major histocompatibility complex (MHC) presentation path-
ways, which were reported by previous in vivo CRISPR screens 
for tumor cells,35,36 including H2-T23, B2m, H2-K1, Ifngr2, and 
H2-Q7 (Figure S1K; Table S2). Additionally, we identified 
B4galt1 as a top hit and validated its function in both in vitro 
killing assays and in vivo tumor growth models (Figure S1L and 
S1M), further demonstrating the reliability of SPAC-seq for iden-
tifying functionally relevant gene targets.

After validating SPAC-seq’s performance in sgRNA library 
construction, transduction, editing, expression, and sequencing 
fidelity, we applied it to in vivo CRISPR screens in MC38 tumor 
models. Using the 1,520-sgRNA library, we evaluated both direct 
capture and mRNA-embedding methods on two spatial tran-
scriptomics platforms, Visium HD25 and Stereo-seq,26 both of 
which were reported to achieve single-cell resolution. Spatial 
sequencing successfully captured both whole-transcriptome 
gene expression (Figure 1K) and the sgRNA library (Figure 1L) 
across both platforms. Comparison of unique molecular identi-
fiers (UMIs) per spatial bin revealed similar distributions between 
the mRNA-embedding and direct-capture methods, with both 
achieving approximately 0.8–1 UMI per 8 or 10 μm bin 
(Figure 1M), indicating comparable efficiency across platforms. 
Spatial sgRNA counts showed a significant correlation with tis-
sue-level NGS results for both direct-capture SPAC-seq 
(ρ = 0.28, p < 0.0471) and mRNA-embedding SPAC-seq 
(ρ = 0.47, p < 0.6090 × 10−3) (Figure S1N). SPAC-seq recovered 
1,393 (91.64%) and 1,161 (76.38%) out of 1,520 sgRNAs per tu-
mor section, using direct capture and mRNA embedding, 
respectively (Figure 1N). Among all captured sgRNAs, 1,068 
out of 1,520 (70.26%) sgRNAs were consistently detected by 
both methods and across tumors from different mice 
(Figure 1O), demonstrating the high-throughput capacity and 
efficient sgRNA capture of SPAC-seq.

To further evaluate the technical robustness of SPAC-seq, we 
performed SPAC-seq profiling on serial sections from the same 
tumor (Figure 1P) and systematically assessed sgRNA detection, 
assignment accuracy, and cellular resolution. First, an average of 
1,172 out of 1,520 sgRNAs were detected per section, with 934 
out of 1,520 (61.45%) sgRNAs consistently captured across all 
five sections (Figure S1O). Second, both sgRNA-level and 
gene-level counts were highly correlated across the five sections 
(p < 1.0 × 10−300), with all pairwise Spearman correlation coeffi-
cients exceeding 0.92 (Figures 1Q and S1P). Third, we evaluated 
the unambiguous assignment of sgRNAs at both the cell-bin 
(8 μm) and single-cell levels. An 8–10 μm bin size has been re-
ported as a suitable resolution for analyzing the cellular tran-
scriptome in spatial transcriptomics.37,38 At the cell-bin level, 
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221,766 out of 632,032 bins (35.09%) were assigned with a sin-
gle unambiguous sgRNA, corresponding to an average 
coverage of 145.9 cells per sgRNA across the 1,520 perturba-
tions (Figure 1R). Spatial visualization of sgRNA counts further 
confirmed the distinct spatial distributions of different perturba-
tions (Figure 1S). To assess the single-cell resolution, we applied 
StarDist39,40 to segment cell boundaries and assign RNA reads 
to individual cells (Figure 1T). Using this approach, 604,139 out 
of 632,355 sgRNA counts (95.54%) were successfully assigned 
to segmented single-cell boundaries (Figure S1Q), and 91,825 
out of 205,974 cells (44.58%) were detected with a single unam-
biguous sgRNA (Figure S1R). Among these unambiguous 
sgRNA cells, 1.51 sgRNA UMIs were detected per single cell 
(1.27 UMIs per cell bin) (Figure S1S), demonstrating robust sin-
gle-cell-level perturbation assignment. Together, these bench-
marking results demonstrate the potential of SPAC-seq to 
enable single-cell-resolved spatial CRISPR screens.

Last, we sought to assess the spatial stochasticity of sgRNAs. 
First, spatial tumor niches represent functionally distinct pheno-
types of spatially clustered cells.41–44 Using CellCharter,43 we 
identified six tumor niches (N1–N6) (Figure S1T). The median 
Pearson’s correlations for sgRNAs and perturbations’ niche pro-
portions across 5 sections were 0.5613 and 0.6635 (Figure S1U), 
indicating a conserved localization and related spatial functional 
phenotypes of sgRNAs and perturbations. Second, we found 
that 943 out of 1,520 sgRNAs (62.04%) and 632 out of 736 
gene perturbations (85.87%) were significantly spatially consis-
tent (false discovery rate [FDR] < 0.05) across sections (Figures 
S1V and S1W), with a median structural similarity index measure 
(SSIM) of 0.9995 for sgRNA level and 0.9809 for perturbation 
level (Figure S1V). These quantifications showed high consis-
tency of the majority of perturbations in the 3-dimensional space.

In summary, our systematic evaluations spanning plasmid 
design, sequencing performance, spatial reproducibility, and 
in vivo validation collectively demonstrate the robustness of 
SPAC-seq as a platform for high-throughput spatial CRISPR 
screening.

Spatial metastasis screen reveals the role of TCR co- 
stimulation in tumor surveillance
Pooled CRISPR screens have been widely used to identify genes 
involved in tumor metastasis.34,45,46 To further demonstrate the 
utility of SPAC-seq, we applied it to study early stages of tumor 
metastasis, focusing on tumor cell seeding and interactions with 
the local microenvironment. MC38-Cas9 cells were transduced 
with the same 1,520 sgRNA library used in the subcutaneous 
screen (Table S1), followed by intravenous injection into immu-
nocompetent mice, and lung metastases were harvested for 
analysis 14 days later (Figure 2A). In total, we recapitulated 952 
out of 1,520 sgRNAs (62.23%), with an average of 612.33 
sgRNAs per tumor section (Figures S2A and S2B). To analyze 
this high-dimensional data, we developed TARDIS (target prior-
itization toolkit for perturbation data in spatial omics), a statistical 
toolkit to analyze spatial transcriptomics with perturbations 
(Figure 2B). TARDIS enables spatial alignment of sgRNA reads 
with the transcriptome, preprocessing of spatial sgRNA libraries, 
statistical modeling to assess both global effects and local 
perturbation enrichments, and downstream spatial pathway 
analysis. Detailed modeling rationale, benchmarking experi-
ments, and validations are provided in the STAR Methods and 
Figures S11–S18.

As expected, sgRNA counts were predominantly localized 
within tumor lesions rather than the surrounding lung tissue 
(Figures 2C and S2C). Most metastases were associated 
with single perturbations, suggesting local expansion after 
seeding. The top sgRNAs enriched in lung metastasis relative 
to primary tumors were also among the top hits when 
compared with in vitro culture (Figure S2D), indicating strong 
selective pressures in the lung metastatic niche. GO (Gene 
Ontology) term enrichment analysis of top metastasis-en-
riched hits revealed significant enrichment of antigen process-
ing and presentation pathways (Figure S2E). Our analysis 
also demonstrated strong reproducibility, with sgRNAs 
targeting the same gene consistently recapitulated across tar-
gets (Figure S2F) and biological replicates (Figure S2G), 

Figure 2. Spatial metastasis screen reveals that loss of TCR co-stimulation promotes tumor colonization and immune exclusion 
(A) Schematic of the pooled spatial CRISPR screen to study lung metastasis at the spatial level. 

(B) Schematic of TARDIS. 

(C) The representative H&E image of tumor lesions (top) and the corresponding spatial CRISPR sgRNA library counts (bottom). 

(D) Labeling of perturbations formed the local expansion area (bottom) and their associated TME niches identified by spatial transcriptomics (topl). 

(E) Visualization of the top differentially expressed pathways in the immune exclusion niche N2. 

(F) Dot plot (upper) and density plot (lower) of enrichment and statistical test of all perturbations across immune-infiltrated and excluded niches. 

(G) Spatial visualization of immune cell composition in metastases of perturbations. 

(H) Proportions of infiltrated immune cell types in metastases comparing sgIcam1 perturbation and the sgNon-targeting control. 

(I) GSEA results for metastases derived from sgIcam1 compared with non-targeting control. 

(J) Levels of macrophage and T cell infiltration across different perturbed tumor metastases. 

(K) Spatial distribution of Icam1 and Lfa-1 gene expression and co-expression (binary). 

(L) Statistical analysis of Icam1 expression of all cells (left) and of Lfa-1 expression of only T cells infiltrated in metastases (right), comparing sgIcam1 and all other 

perturbations on the same section. 

(M) Expression of inflammatory and suppressive marker genes on macrophages in metastases of the top expanded perturbations. 

(N) Representative serial sections of H&E and mIF images of sgCtrl and sgIcam1 perturbation tumor metastases for validating lung metastasis and immune 

exclusion phenotypes, with lymphocytes indicated by arrows. 

(O) Statistical analysis of metastasis tumor area across different tumor lesions (upper) and of the proportion of CD3+ CD8+ T cells to all cells across different tumor 

lesions (lower). 

Data are represented as a box (H) or mean ± SEM (O and L). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 by chi-square test (F), unpaired Student’s t test (L 

and O), or Pearson’s chi-square test (H). ns, not significant. Data are representative of at least two independent experiments (O). 

See also Figures S2 and S3 and Tables S1 and S3.
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reinforcing the reliability of the screen in identifying metas-
tasis-related genes.

To explore tumor spatial clonality, phenotypes, and associ-
ated pathways for different perturbations, we first defined locally 
expanded metastatic regions using DBSCAN (see STAR 
Methods; Figure 2D, bottom).16,17,47 We identified 368 sgRNAs 
that formed 290 metastasis clones, corresponding to 221 gene 
perturbations (Figures 2D and S2C). We applied CellCharter to 
further categorize the tumor regions of these perturbation clones 
into immune-infiltrated (N1) and immune-excluded (N2) niches 
(Figure 2D, top). Gene set enrichment analysis (GSEA) results 
of the niches showed distinct immune signatures, including 
T cell receptor (TCR) signaling and interferon signaling pathways 
(Figure S2H). Spatial visualization of TCR signaling and inter-
feron-γ (IFN-γ) response pathways revealed that immune infiltra-
tion and exclusion phenotypes aligned with niche distribution 
and specific perturbations (Figure 2E), emphasizing the interplay 
between perturbations and microenvironmental adaptations. 
Note that sgNon-targeting replicates were enriched in the 
immune-infiltrated niche (p = 0.032), with an average proportion 
of 70.13% (Figure S2I). This non-random distribution 
marks sgNon-targeting as a reliable baseline for other gene 
perturbations.

Using TARDIS, we identified 138 and 48 out of 221 
clonal perturbations as significantly enriched in immune-infil-
trated and immune-excluded niches, respectively (Figure 2F; 
Table S3). Notably, Icam1-perturbed tumor cells were both high-
ly expanded and significantly enriched in immune-excluded 
niches (Figures 2F and S2J). ICAM-1 is a key ligand that interacts 
with LFA-1 on T cells and enhances TCR stimulation by regu-
lating the tumor-T cell immune synapse.48–52 Similarly, perturba-
tions of genes involved in MHC signaling and TCR co-stimulation 
were significantly enriched in the immune-excluded niche, such 
as H2-Eb2, a gene well-characterized in the MHC class 2 com-
plex, and Cd276, which has been implicated as a ligand for 
TCR co-stimulation.53 These suggest a complex interplay be-
tween metastatic tumor regions and the local immune infiltration. 
We observed a mean similarity of 0.77 for the perturbations’ 
niche distributions, as measured by the cosine similarity 
(Figure S2K), confirming the reproducibility of biological and 
spatial enrichment across perturbations. Next, we examined 
the spatial localization and cell-type composition of the tumor re-
gion with different perturbations (Figures 2G and 2H). Notably, 
the sgIcam1 tumor region exhibited a significantly different im-
mune composition (p < 0.0001) (Figure 2H), including the exclu-
sion of T cells (Figure S2L). To further validate these findings, 
we performed multiplexed immunofluorescence (mIF) on an 
adjacent section and confirmed the differential distribution of 
T cells and macrophages in the sgIcam1 metastasis site 
(Figure S2M).

To further investigate the interaction between tumor perturba-
tions and their corresponding TME, we identified six distinct TME 
gene programs (Figure S3A; see STAR Methods). GSEA results 
revealed that program 2 was associated with cell cycle regula-
tion, TCR signaling, and immune cell differentiation, whereas 
programs 5 and 6 were linked to tumor cell growth and showed 
depletion of TCR signaling (Figure S3B). sgRNA enrichment anal-
ysis confirmed that programs 2, 5, and 6 were specific to tumor 

perturbations (Figure S3C). Spatial mapping showed that the 
sgIcam1 tumor region was significantly enriched in program 6 
(p < 0.0001) while being depleted in program 2 (p < 0.05) 
(Figures S3D–S3F), indicating a TME that suppresses immune 
activation while favoring tumor cell division (Figure S3G). These 
results suggest that the loss of Icam1, the key ligand involved 
in immune synapses,48–52 promotes an immune-suppressive 
microenvironment and enhances tumor proliferation. Further 
GSEA results comparing sgIcam1 perturbation to the sgNon-tar-
geting control revealed upregulation of pathways related to cell 
division and tumor growth and downregulation of IFN signaling 
pathways (Figure 2I). This pattern suggests that loss of IFN 
signaling in the sgIcam1 tumor region exacerbates T cell exclu-
sion and impairs TCR co-stimulation, thereby further suppress-
ing immune surveillance and promoting tumor progression.

The sgIcam1 tumor region exhibited a T cell-poor, macro-
phage-rich phenotype compared with sgNon-targeting 
(Figure 2J). The Icam1-Lfa-1 interaction is known to enhance 
T cell trafficking within tumor cells.54 We analyzed the spatial 
co-expression of Icam1-Lfa-1 and found a significant reduction 
in Icam1 expression (p < 0.0001) within the sgIcam1 tumor re-
gion, alongside decreased Lfa-1 expression (p < 0.01) in infil-
trated T cells in this region (Figures 2K and 2L), indicating 
impaired interactions between cancer cells and T cells. Also, 
this T cell-poor, macrophage-rich phenotype observed in the 
sgIcam1 tumor region is associated with immune suppression 
in lung metastasis, particularly mediated by reduced Il12 expres-
sion.55 Consistently, we observed reduced Il12a expression in 
the sgIcam1 tumor region (Figure S3H), supporting the presence 
of a macrophage-driven suppressive microenvironment. To 
investigate the perturbation’s impact on both T cells and macro-
phages, we analyzed the subtypes of infiltrated immune cells by 
comparing Icam1 perturbation to the sgNon-targeting controls 
(Figure S3I). Cytotoxic CD8+ T cells were notably excluded in 
the Icam1-perturbed tumor region (Figure S3I), while M2-like 
macrophages, known for suppressing cytotoxic CD8+ T cells,56

were increased in the Icam1-perturbed tumor region, suggesting 
an immune-suppressive polarization in macrophages that dis-
rupts CD8+ T cell immunity. Further analysis of macrophage po-
larization revealed that inflammatory markers such as Cxcl9 and 
Cxcl10 were enriched in the sgNon-targeting tumor regions, 
whereas suppressive markers such as Spp1 and Cd163 were 
elevated in the sgIcam1 tumor region (Figure 2M). To validate 
these findings, we intravenously injected MC38-Cas9 tumor 
cells perturbed at the Icam1 or intergenic control (sgCtrl) loci 
and performed hematoxylin and eosin (H&E) and mIF staining 
on serial sections for CD8+ T cells and F4/80+ macrophages 
in lung metastases. Consistently, we confirmed increased 
CD8+ T cell exclusion phenotypes observed in SPAC-seq 
(Figure 2N). By analyzing tumor areas in each single metastasis 
site confirmed by H&E, we found that the tumor area was signif-
icantly increased (p < 0.001) upon Icam1 perturbation compared 
with sgCtrl (Figures 2N and 2O). In addition, we validated that the 
proportion of T cell infiltration significantly decreased at the sin-
gle metastasis site level upon Icam1 perturbation compared with 
sgCtrl (Figure 2O). Moreover, analysis of the macrophage-to- 
CD8+ T cell ratio confirmed the T cell-poor, macrophage- 
rich phenotype in Icam1 perturbation compared with sgCtrl 
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(Figure S3J). Together, these results validated that perturbing 
Icam1 increased the advantage for tumor cells during metastasis 
seeding and immune surveillance escape.

Spatiotemporal T cell screen reveals the role of CD44 in 
regulating T cell localization
To understand how T cell-intrinsic states interact with environ-
mental stimuli to influence their spatial localization and function 
within tumors,57 we utilized SPAC-seq to identify functional genes 
that govern CD8+ T cell intratumor localization. We implemented a 
two-step screening strategy to compress the CRISPR library for 
CD8+ T cells. First, we conducted an unbiased bulk in vivo infiltra-
tion screen to identify gene targets whose loss-of-function would 
enhance T cell infiltration (Figure 3A). Next, we performed an in vivo 
spatiotemporal CRISPR screen using a mini-pool library of the top 
hits identified in the first step, thereby dissecting the temporal and 
spatial dynamics of T cell localization within the TME (Figure 3A).

To prepare gene targets for the first-step in vivo CD8+ T cell 
infiltration screen, we analyzed bulk RNA sequencing (RNA- 
seq) data and scRNA-seq data (see STAR Methods),58–63

prioritizing 2,135 genes with 9,040 sgRNAs (Table S1). Library- 
transduced OT1-Cas9 T cells were adoptively transferred into 
MC38-OVA tumor-bearing Rag1−/− C57BL/6 mice for a bulk 
in vivo screen (Figure 3A, step 1), which successfully recovered 
9,006 out of 9,040 sgRNAs (99.62%), with >600 cells per sgRNA, 
ensuring robust results. Using MAGeCK,64 we identified pertur-
bations enriched in tumor-infiltrating T cells (Figure 3B; 
Table S4), including positive controls such as Zc3h12a 
(Regnase-1),65 Gata3,66 Klrd1 (CD94),36 Ddit3,67 Nmb,68 and 
Piezo1,69 thereby validating the robustness of the screen. GO 
enrichment analysis of the top hits revealed pathways related 
to negative regulation of cytokine production, cell differentiation, 
signal transduction, cell-cell communication, and response to 
stimulus (Figure 3C), highlighting the role of environmental 
sensing in CD8+ T cell infiltration and survival.

Building on the first-step bulk in vivo screen, we nominated the 
top 33 hits for a spatiotemporal CRISPR screen, harvesting tu-
mors at days 4, 7, and 10 to capture distinct stages of infiltration 
(Figure 3A, step 2). SPAC-seq simultaneously sequenced the 
perturbation library and high-resolution transcriptome from six 
tumor sections (Figure 3D). Temporal changes in cell composi-

tion were assessed, and we found CD8+ T cells expanded be-
tween days 4 and 7, followed by a decline between days 7 and 
10, while malignant cells exhibited aggressive growth after day 
7 (Figure S4A), indicating a shift in the microenvironment from 
supporting to suppressing CD8+ T cell infiltration. Interestingly, 
macrophages showed patterns of expansion and contraction 
similar to those of T cells (Figure S4A), suggesting potential inter-
actions or regulatory relationships between the two cell types.

To investigate whether T cells perturbed with different genes 
exhibited spatial preferences for different niches in the TME, 
we defined and annotated 12 spatial tumor niches using 
CellCharter (Figure 3D). Despite originating from different 
mice, these niches exhibited similar evolutionary patterns 
(Figure 3D), with their proportions and positions dynamically ex-
panding or contracting over time. Time-resolved analysis re-
vealed dynamic shifts in niche proportions over the infiltration 
period (Figure S4B), and immune-activation spatial niches (N2, 
N4, and N11) decreased between day 7 and day 10, indicating 
a more suppressive microenvironment in the late stage. 
The enrichment for T cells was highly conserved over time 
(Figure S4C), indicating that as the TME evolved, T cells main-
tained a relatively stable niche preference. To map perturbations 
to their preferred tumor niches, we clustered sgRNAs by their 
enrichment across niches and identified three distinct modules 
with distinct spatial distributions (Figure 3E; see STAR 
Methods). This confirmed that CD8+ T cell localization is func-
tionally regulated and closely linked to the TME composition.

To further investigate how the local TME signals shape the 
spatial localizations of perturbed T cells, we identified six major 
gene programs that represent key biological pathways 
(Figure 3F; see STAR Methods). These TME programs aligned 
with previously defined spatial niches (Figure S4D), supporting 
their biological relevance. Temporal analysis revealed a signifi-
cant shift during tumor progression, with IFN response and anti-
gen presentation pathways declining while tumor core-associ-
ated pathways, including oxidative stress and ROS (reactive 
oxygen species) response, became increasingly dominant 
(Figure 3G). This transition suggests a time-dependent progres-
sion toward an immune-suppressive TME.

By linking sgRNA-based modules to TME gene programs, we 
explored spatial pathway-level mechanisms underlying the 

Figure 3. Spatiotemporal CD8+ T cell infiltration screen identifies CD44 as a key regulator of T cell spatial localization 
(A) Illustration of a two-step CRISPR screen: a bulk in vivo T cell infiltration CRISPR screen (step 1), followed by a mini-pool spatiotemporal T cell CRISPR screen 

(step 2). 

(B) Top hits identified from the in vivo CRISPR screen in (A, step 1). 

(C) GO enrichment analysis of the top hits described in (B). 

(D) Niche clustering across six sections collected at three time points, colored by different niches labeled shared with (E), with the density of captured sgRNAs 

shown in the upper right corner. 

(E) sgRNA enrichment scores across different tumor niches compared with non-targeting control. 

(F) NMF analysis of spatial gene expression to identify gene programs within the TME (left) and corresponding GSEA results (right). 

(G) Temporal changes in the composition of gene programs identified across different time points. 

(H) Network visualization connecting sgRNA perturbation modules described in (E) to the gene programs identified in (F). 

(I) Ranking plot showing the effects of each perturbation relative to the non-targeting control, based on niche enrichment scores (left) and distance metrics (right). 

(J) Spatial localization of sgCd44 OT1 T cells compared with the sgNon-targeting control, along with the spatial distribution of the IFN signaling program (program 

1). 

(K) mIF imaging of T cells transferred into Rag1−/− mice, comparing the spatial localization of CD44+ OT1 T cells and CD44− OT1 T cells, quantified by CD44 and 

CD3. 

See also Figure S4 and Tables S1, S4, and S5.
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functional enrichment of specific perturbations (Figure 3H). Cd44 
perturbation, part of module 1, was strongly associated with IFN 
response (program 1) and antigen presentation (program 3) and 
negatively correlated with tumor core pathways such as ROS 
and oxidative stress responses. This pattern suggests that 
Cd44-perturbed OT1 T cells either modulate or selectively 
localize to microenvironments that enhance IFN signaling while 
reducing ROS (Figure 3H). Using the TARDIS, we ranked gene 
perturbations based on their impact on OT1 T cell spatial locali-
zation, revealing that Cd44 perturbation induced the most signif-
icant changes in both global localization and local niche prefer-
ence (Figures 3I and 3J; Table S5). By contrast, perturbation of 
Zc3h12a, a gene reported to regulate T cell-intrinsic pathways,65

had minimal impact on spatial localization (Figure 3I). This was 
supported by spatial distributions of sgZc3h12a and sgCd44 
relative to non-targeting controls across all tumor sections, con-
firming consistent localization patterns at both the gene 
(Figure S4E) and sgRNA levels (Figure S4F). Also, spatial visual-
ization of Cd44 perturbation confirmed its preference for the IFN 
signaling pathway compared with the non-targeting control 
(Figure 3J), indicating increased IFN production in Cd44-per-
turbed OT1 T cells. To validate the spatial localization of Cd44 
perturbation in vivo, we co-transferred CD44 KO and CD44+ 

Ctrl OT1 T cells together into MC38-OVA tumor-bearing 
Rag1−/− mice. Immunofluorescence staining confirmed the 
altered localization of CD44-deficient OT1 T cells compared 
with Ctrl OT1 T cells (Figure 3K). Finally, we analyzed the cell- 
state phenotypes of sgCd44 OT1 T cells and found that they 
were predominantly maintained in an effector state over time 
(Figure S4G). Comparing CD8+ T cell stage proportions between 
sgCd44 and sgNon-targeting controls revealed that Cd44 
perturbation significantly reduced CD8+ T cell exhaustion (p = 
0.032) (Figure S4H), suggesting a functional link between 

Cd44-mediated spatial localization and T cell persistence in 
the TME.

CD44 restrains CD8+ T cells’ anti-tumor immunity by 
regulating mitochondrial ROS
Given that Cd44 perturbation promoted CD8+ T cell infiltration 
into tumors and niches linked to IFN signaling, we hypothesized 
that Cd44 restricts CD8+ T cell function, particularly their ability 
to produce IFN-γ. To test this, we sorted CD44 KO OT1 T cells 
from all Cd44-perturbed OT1 T cells using fluorescence-acti-
vated cell sorting (FACS), along with Ctrl OT1 T cells perturbed 
with sgCtrl (Figure S5A). Upon SIINFEKL (the peptide 
recognized by OT1) restimulation, CD44 KO OT1 T cells showed 
a 2-fold increased IFN-γ gMFI (geometric molecular fluores-
cence intensity) versus controls (Figure 4A). A similar pattern 
was observed for TNF-α expression (Figure S5B). Additionally, 
CD44 KO human CD8+ T cells also showed higher IFN-γ under 
low-dose PMA-ionomycin stimulation (Figure S5C), consistent 
with mouse OT1 T cells. We next examined CD44 roles in 
T cell activation and proliferation. Using a CellTrace Violet 
(CTV) labeled proliferation assay, we found CD44 KO OT1 
T cells showed comparable proliferation, as indicated by similar 
CTV signal decay (Figure S5D). To assess cytotoxicity, we co- 
cultured CD44 KO or Ctrl OT1 T cells with MC38-OVA tumor cells 
for 24 h. CD44 KO OT1 T cells exhibited superior killing 
compared with Ctrl OT1 T cells (Figure 4B). For human CD8+ 

T cells, anti-CD44 antibody enhanced killing by 1G4 TCR-trans-
duced human CD8+ T cells against NY-ESO-1+ SW480 cells, 
without affecting SW480 growth alone (Figure 4C).

To investigate the molecular basis of CD44 KO effects, we per-
formed RNA-seq on CD44 KO and Ctrl OT1 T cells co-cultured 
with MC38-OVA tumor cells and identified differentially ex-
pressed genes (DEGs) (Figure 4D; Table S6). Among the top 

Figure 4. CD44 restricts T cell anti-tumor immunity by regulating mitochondrial ROS 
(A) IFN-γ expression in CD44 KO OT1 T cells compared with control OT1 T cells, measured by gMFI. 

(B) Cytotoxicity of CD44 KO and control OT1 T cells co-cultured with MC38-OVA cells. 

(C) Cytotoxicity of human CD8+ T cells with 1G4 co-cultured with SW480-NY-ESO-1 cells upon anti-CD44 or anti-IgG treatment (left) and tumor cell count treated 

with the antibodies only (right). 

(D and E) RNA-seq analysis comparing CD44 KO and control OT1 T cells, shown as a volcano plot (D) and as GSEA results for transcriptional signatures of 

interferon signaling, memory CD8+ T cells, and oxidative stress (E). 

(F) Mitochondrial morphology staining in CD44 KO versus control OT1 T cells assessed in vitro using MitoTracker and Hoechst. 

(G) Temporal killing assay evaluating the long-term killing potential of CD44 KO versus control OT1 T cells. 

(H and I) FC analysis (left) with statistical analysis (right) of CD45RO and CD45RA expression (H) and of CD62L (I) for CD44 KO and Ctrl human CD8+ T cells gated 

on live cells (H) and CD45RA− CD45RO+ cells (I). 

(J and K) FC analysis of mitochondrial ROS levels (left), with a comparison of the frequency of ROS++ level (right) in CD44 KO or control OT1 T cells (J) and in 

human CD8+ T cells (K). 

(L) FC analysis of mitochondrial ROS levels and TIM-3 exhaustion marker expression in CD44 KO versus control OT1 T cells (left), comparing TIM-3 between 

ROS− and ROS++ groups. 

(M) FC analysis of IFN-γ expression levels upon restimulation in CD44 KO versus control OT1 T cells. 

(N and O) In vivo tumor growth curves in C57BL/6 mice after transferring PBS, control OT1, or CD44 KO OT1 T cells (N) and count of transferred OT1 cells per 0.1 g 

of MC38-OVA tumors. 

(P and Q) In vivo tumor growth curves in Rag1−/− C57BL/6 mice after transferring CD44 KO OT1 or control OT1 T cells (P) and frequencies of transferred OT1 

T cells to all live cells (upper) and exhausted OT1 T cell frequency to all OT1 T cells (lower) (Q). 

(R) Competitive infiltration of CD44 KO (marked with GFP) versus control OT1 T cells (marked with tdTomato) assayed by fold-change of the GFP/tfTomato, 

normalized to the input. 

(S) In vivo tumor growth curves in C57BL/6 mice treated with anti-PD1 or anti-IgG and transferred with PBS, Ctrl, or CD44 KO OT1 T cells. 

Data are represented as mean ± SEM (A–C and G–S). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 by unpaired Student’s t test (B, C, I, K, Q, and R), or two- 

way ANOVA (A, G, H, J, and L–O). ns, not significant. Data are representative of at least two independent experiments (A–C and F–S). 

See also Figure S5 and Table S6.
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upregulated genes were Cd62l (Sell) and Ccr7, markers of mem-
ory T cells, suggesting that CD44 KO T cells acquire a memory- 
like phenotype. Oas3, a key IFN signaling regulator of anti-tumor 
immunity,70 was the top upregulated gene. GSEA results 
confirmed an increase in the IFN-mediated signaling pathway 
and an enhancement of the memory T cell phenotype in CD44 
KO cells (Figure 4E). In addition, RNA-seq of static CD44 KO 
and Ctrl OT1 T cells, without co-culturing with MC38-OVA tumor 
cells, revealed significant upregulation of genes linked to T cell 
stemness and tissue residency, including Cd103 (Itgae), Tcf7, 
Cd73 (Nt5e), Cd7, and Ltb (Figure S5E; Table S6).71–73 Notably, 
Tim3 (Havcr2), a marker of T cell exhaustion, was downregulated 
in CD44 KO cells. GO analysis revealed positive regulation of 
IFN-mediated signaling and immunity (Figure S5F). GSEA results 
verified that gene pathways related to the T cell stem-like stage 
were upregulated upon CD44 KO (Figure S5G), indicating a 
benefit of CD44 KO for anti-tumor immunity in adoptive cell 
transfer (ACT).74 To validate these findings, we performed flow 
cytometry (FC) analysis to assess CD62L expression in CD44 
KO versus Ctrl OT1 T cells, observing a significant increase in 
CD62L expression (Figure S5H). To further assess the mem-
ory-like phenotype, we stained mitochondria and found that 
CD44 KO OT1 T cells exhibited a fusion-like mitochondrial distri-
bution, associated with memory-like CD8+ T cells,75 whereas 
Ctrl OT1 T cells displayed a fission-like pattern (Figures 4F and 
S5I). Moreover, time-resolved killing assays showed CD44 KO 
T cells maintained higher cytotoxicity over 36 h, whereas Ctrl 
OT1 T cells exhibited a decline in cytotoxicity between 12 and 
24 h (Figure 4G), further corroborating the enhanced stemness 
phenotype and sustained effector function in CD44 KO human 
CD8+ T cells. The expression of CD45RO, CD45RA, and 
CD62L, as well-defined markers of memory subtypes,76 was as-
sessed in CD44 KO versus Ctrl human CD8+ T cells (Figure 4H). 
We found CD44 KO significantly changed human CD8+ T cells’ 
phenotype from a dominantly CD45RA+ CD45RO+ subset, as in-
termediate T cells to exhaustion (Tint), to a dominantly CD45RA−

CD45RO+ subset, as either T effector memory (Tem) or central 
memory (Tcm) subtypes (Figure 4H), suggesting CD44 KO drives 
T cells to form a stronger memory phenotype. Next, the expres-
sion of CD62L was evaluated for CD45RA− CD45RO+ memory 
T cells (Figure 4I). Although CD44 KO significantly increased 
the CD62L+ Tcm subtype, consistent with findings in mouse 
OT1 T cells (Figure S5H), the majority of memory T cells were en-
riched in the Tem (effector memory T cell) subtype with low CD62 
expression. Together, these results identify Tem as the dominant 
divergent subset, explaining the memory-like mitochondria and 
sustained cytotoxicity.

In the RNA-seq data analysis, we also observed a significant 
downregulation of oxidative stress in CD44 KO T cells 
(Figures 4D and 4E). Mitochondrial ROS, but not total intracel-
lular ROS, are a well-established indicator of oxidative stress in 
CD8+ T cells.77 Elevated mitochondrial ROS level was reported 
to promote CD8+ T cell death, reflecting accumulated mitochon-
drial dysfunction and impaired mitophagy.77 To validate this, we 
measured mitochondrial ROS levels in OT1 T cells using 
MitoSOX as a mitochondrial ROS probe. When stratified into 
low (ROS−), medium (ROS+), and high (ROS++) mitochondrial 
ROS groups, CD44 KO OT1 T cells exhibited a significantly 

reduced proportion of ROS++ cells compared with Ctrl T cells, 
particularly following antigen restimulation (Figure 4J). CD44 
KO similarly reduced mitochondrial ROS in human primary 
CD8+ T cells (Figure 4K). Together, these results suggest that 
Cd44 plays a critical role in maintaining elevated mitochondrial 
ROS levels in T cells. Next, we examined the relationship be-
tween ROS levels, T cell exhaustion, and cytokine production. 
We observed a co-occurrence between expression of exhaus-
tion marker TIM-3 and mitochondrial ROS levels (Figure 4L). 
This co-occurrence was mitigated in CD44 KO OT1 T cells 
(Figure 4L). We sorted OT1 T cells by ROS levels and restimu-
lated them to assess IFN-γ production. While IFN-γ levels re-
mained comparable between low- and medium-ROS CD44 KO 
and Ctrl T cells, they were significantly reduced in the high- 
ROS group, independent of CD44 status (Figure 4M). These re-
sults suggest that the increased IFN-γ production observed in 
CD44 KO T cells is linked to reduced mitochondrial ROS levels, 
which may otherwise limit CD8+ T cells’ survival after infiltration.

We further evaluated the impact of CD44 KO through in vivo 
ACT assays. First, we transferred CD44 KO or Ctrl OT1 T cells 
into MC38-OVA tumor-bearing mice. CD44 KO OT1 T cells 
significantly inhibited tumor growth compared with both PBS 
control and Ctrl OT1 transfers (Figures 4N and S5J). FC revealed 
more infiltrated CD44 KO OT1 T cells per 0.1 g tumor (Figure 4O), 
indicating improved infiltration and intra-tumoral survival. Sec-
ond, in Rag1−/− mice bearing MC38-OVA tumors, CD44 KO 
OT1 T cells exhibited superior tumor control (Figure 4P), and 
FC analysis showed reduced exhaustion of CD44 KO OT1 
T cells (Figure 4Q). Third, in a competitive infiltration assay, co- 
transferred GFP-labeled CD44 KO OT1 T cells consistently out-
performed tdTomato-labeled Ctrl OT1 T cells across tumors 
analyzed (Figure 4R). To further assess therapeutic potential, 
we combined anti-PD-1 immune checkpoint blockade (ICB) 
with CD44 KO or Ctrl OT1 ACT. While anti-PD-1 alone initially 
reduced tumor volume, its efficacy diminished within 7– 
10 days when combined with Ctrl OT1 ACT (Figures 4S and 
S5K), aligning with prior observations in the spatiotemporal 
assay (Figure S4A). By contrast, CD44 KO T cells sustained ther-
apeutic effects throughout the treatment period (Figure 4S). 
Collectively, these findings demonstrate that CD44 KO en-
hances CD8+ T cell infiltration, persistence, and tumor control 
in vivo.

SPP1-CD44 axis suppression for CD8+ T cells is 
abrogated by targeting CD44
To investigate how CD44 KO T cells interact with the local TME, 
we compared the microenvironment of Cd44-perturbed OT1 
T cells with Ctrl OT1 T cells using SPAC-seq. DEG analysis re-
vealed significant downregulation of key genes in the TME with 
CD44 KO T cells compared with sgNon-targeting control, 
including Lsr, Cxcl14, and Spp1 (Figure 5A; Table S7). Lsr en-
codes a lipoprotein receptor reported to interact with and sup-
press T cells.78 Cxcl14, primarily expressed by fibroblasts,79

spatially co-localizes with macrophages. Spp1 is a hallmark of 
immunosuppressive tumor-associated macrophages that inhibit 
IFN-γ production in CD8+ T cells.80–87 Notably, SPP1, as a ligand 
protein, is well documented to interact with the CD44 recep-
tor.80,81,88–91 Using the SPAC-seq data, we further identified 
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ligands from other cell types that interact with Cd44 on T cells, 
with Spp1 emerging as the top candidate (Figure 5B). To validate 
this interaction, we analyzed our Visium HD dataset (Figure 1K) 
and found that Spp1-high regions significantly upregulated 
T cell marker genes and also genes that were downregulated 
from CD44 KO OT1 T cells (Figures S6A–S6E; Table S7), sug-
gesting that Spp1 and Cd44 co-regulate a shared transcriptional 
program and that Spp1-rich regions are enriched for Cd44-ex-
pressing T cells. Immunofluorescence staining further confirmed 
the spatial co-localization of CD44+ T cells with SPP1-express-
ing cells, which was further enhanced by anti-PD-1 and OT1 
T cell transfer treatments (Figures 5C and 5D), indicating the 
functional relevance of this interaction. Public scRNA-seq data-
sets revealed high expression of SPP1 by monocytes/macro-
phages, particularly post-ICB (Figure S6F).9 Additional staining 
confirmed SPP1-co-localizing CD3+ T cells also co-localized 
with F4/80+ macrophages, indicating that SPP1 interacting 
with CD44 is related to tumor-associated macrophages rather 
than tumor cells (Figure S6G).

Next, we analyzed the spatial co-localization of perturbed 
T cells with other major cell types in the TME. Most perturbed 
T cells showed strong co-localization with macrophages, while 
Cd44- and Kcna3-perturbed OT1 T cells exhibited a unique 
and significant reduction in co-localization with macrophages 
(Figure 5E). Notably, Cd44-perturbed OT1 T cells were localized 
significantly farther from Spp1+ macrophages compared with 
sgNon-targeting OT1 T cells (Figures 5F and S7A), suggesting 
a reduced interaction between these Cd44-perturbed T cells 
and Spp1+ macrophages. We also validated this interaction us-
ing a public spatial transcriptomics dataset of human colon can-

cer profiled by the CosMx 6K panel (Figures 5G and S7B).5

Consistent with our mouse data, CD44-high human CD8+ 

T cells were localized closer to SPP1+ macrophages.5 Further 
SPAC-seq analysis revealed that T cells co-localized with 
Spp1+ macrophages were more likely to exhibit an exhausted 
phenotype (Figure 5H). To validate the SPP1-CD44 axis in vivo, 
we transferred CD44 KO or Ctrl OT1 T cells into Rag1−/− mice 
bearing MC38-OVA tumors. Immunofluorescence staining for 
CD3, SPP1, F4/80, and hypoxia probe (pimonidazole HCl) was 
performed to analyze cell-cell interactions (Figures 5I, 5J, S7C, 
and S7D). CD44 KO in CD8+ T cells significantly reduced their 
co-localization with SPP1+ cells, particularly SPP1+ F4/80+ 
macrophages (Figures 5I, 5J, S7C, and S7D). These findings 
suggest that the loss of CD44 on T cells disrupts their interaction 
with immune-suppressive SPP1+ macrophages in the TME. To 
further validate this interaction at the spatial ligand-receptor 
level, we applied the proximity ligation assay (PLA) for SPP1 
and CD44, combined with mIF on an adjacent section to identify 
T cells and macrophages (Figures S7E and S7F). We found that 
regions enriched for CD3+ T cells and F4/80+ macrophages ex-
hibited strong PLA signals for SPP1-CD44 interaction 
(Figure S7F), confirming macrophage-T cell interactions through 
SPP1-CD44 at the spatial level.

To investigate the functional role of the SPP1-CD44 axis, we co- 
cultured CD44 KO and control OT1 T cells with Spp1-perturbed or 
Ctrl BMDMs (bone-marrow-derived macrophages) pulsed with 
SIINFEKL. FC analysis showed that CD44 KO OT1 T cells ex-
hibited significantly higher IFN-γ production than Ctrl OT1 
T cells (Figures 5K, S8A, and S8B). However, this difference dimin-
ished when the T cells were co-cultured with Spp1-perturbed 

Figure 5. Targeting the SPP1-CD44 axis abrogates CD8+ T cell suppression 
(A) DEGs between sgCD44 and sgNon-targeting control OT1 T cells that were identified in SPAC-seq. 

(B) Ligand-receptor interaction enrichment analysis using the spatial transcriptomics dataset of SPAC-seq. Top ligand-receptors were shown ranked by the 

corrected area under the precision-recall curve (AUPR) related to T cell activity. 

(C) Representative images for mIF of CD3, CD44, and SPP1 staining in MC38-OVA tumors treated with anti-IgG control, anti-PD-1, or anti-PD-1 & transfer OT1 

T cells. 

(D) Proportion of SPP1 co-localized CD44+ CD3+ cells relative to all CD3+ cells across three treatment groups. 

(E) Heatmap showing spatial co-localization of perturbed OT1 T cells (sgRNAs) with other cell types. 

(F) Spatial Delaunay triangulation analysis depicting co-localization between perturbed sgCd44 or sgNon-targeting OT1 T cells and Spp1+ or Spp1− macro-

phages (upper) and comparison of spatial distances between Spp1+ macrophages and sgCd44 versus sgNon-targeting OT1 T cells (lower). 

(G) Spatial visualization of co-localization between SPP1+ macrophages and CD44-high or CD44-low CD8+ T cells, using the CosMx 6K human COAD cancer 

dataset (see Figure S7B). 

(H) Nested bar plot of mean exhaustion scores of OT1 T cells co-localized with Spp1− or Spp1+ of tumor-associated macrophages. 

(I and J) Representative mIF images comparing transferred CD44 KO and control OT1 T cells (I) and quantification of SPP1-co-localized and SPP1+ macrophage- 

co-localized T cells (J) in MC38-OVA tumors from Rag1−/− C57BL/6 mice. 

(K and L) FC analysis of IFN-γ expression in CD44 KO versus control OT1 T cells: co-cultured with Spp1-perturbed or control BMDMs (K), SPP1 OE, or mock 

plasmid-expressing BMDMs (L). 

(M) Anti-tumor killing assay of CD44 KO versus control OT1 T cells co-cultured with MC38-OVA cells with SPP1 OE or mock plasmid. 

(N and O) In vivo tumor growth curves of MC38-OVA tumors with SPP1 OE or mock plasmid, with adoptive transfer of CD44 KO or control OT1 T cells (N), and FC 

analysis of OT1 T cell counts per 0.1 g of tumor in each condition (O). 

(P) FC analysis of mitochondrial ROS levels in CD44 KO versus control OT1 T cells co-cultured with SPP1-OE or mock plasmid BMDMs. 

(Q–S) Effects of anti-SPP1 or anti-IgG treatment on MC38-OVA tumors with adoptive transfer of CD44 KO or control OT1 T cells: tumor growth curves (Q), FC 

analysis of mitochondrial ROS and exhaustion levels in all CD3+ CD8+ T cells (R), and mitochondrial ROS level and exhaustion levels in transferred OT1 T cells (S). 

(T) Illustration of the Spp1 cKO experiment. 

(U) Tumor growth curves showing effects of cKO of Spp1 on macrophage for MC38-OVA tumors with adoptive transfer of CD44 KO or control OT1 T cells. 

(V) Tumor growth curves showing effects of anti-CSF1R or anti-IgG treatment on MC38-OVA tumors with adoptive transfer of CD44 KO or control OT1 T cells. 

Data are represented as a box (G) or mean ± SEM (D, H, J–S, U, and V). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 by unpaired Student’s t test with 

Welch’s correction (F), unpaired Student’s t test (G, H, J, and R), one-way ANOVA (D), or two-way ANOVA (K–R, U, and V). ns, not significant. Data are repre-

sentative of at least two independent experiments (K–S and V), except for (U). 

See also Figures S6–S9 and Table S7.
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BMDMs (Figures 5K, S8A, and S8B). Moreover, Ctrl OT1 T cells 
treated with mouse SPP1 protein (mSPP1) exhibited reduced 
IFN-γ production with mSPP1, whereas CD44 KO OT1 T cells re-
mained unaffected (Figures S8C and S8D). Similarly, co-culture 
with SPP1-overexpressing (OE) BMDMs mimicked this suppres-
sion in Ctrl but not in CD44 KO OT1 T cells (Figures 5L, S8E, 
and S8F). To test the potential interaction with tumor cells, we 
co-cultured CD44 KO and Ctrl OT1 T cells with MC38-OVA cells, 
either SPP1 OE or with Spp1 perturbed (Figures S8G and S8H). 
SPP1 OE suppressed Ctrl OT1 but not CD44 KO OT1 T cells’ 
killing (Figure 5M). This phenotype was further validated by tumor 
growth curves in vivo (Figures 5N and 5O). Interestingly, Spp1- 
perturbed MC38-OVA cells conferred growth advantages regard-
less of CD44 KO (Figures S8I and S8J), suggesting additional 
SPP1-mediated pathways in tumor cells. Together, these data re-
inforced the role of SPP1 in modulating T cell function depending 
on CD44.

Building on CD44-ROS findings, we co-cultured CD44 KO and 
control OT1 T cells with SPP1-OE BMDMs or treated them with 
mSPP1. SPP1-OE BMDMs and mSPP1 both elevated ROS in 
Ctrl but not in CD44 KO OT1 T cells (Figures 5P and S8K). These 
results were confirmed by spatial ROS staining in tumors 
(Figure S7D), supporting SPP1-CD44 regulation of mitochondrial 
ROS. CD44 has been reported to regulate the uptake of Cu (cop-
per) and Fe (iron) ions, influencing oxidative respiration.92 Also, 
high CD44 marks iron-triggered ferroptosis in tumor cells.93 These 
reports align well with our RNA-seq findings, which showed signif-
icant changes in Fe-related pathways between CD44 KO and Ctrl 
OT1 T cells (Figure S8L). Using inductively coupled plasma mass 
spectrometry (ICP-MS),92 we quantified cellular ion levels 
(Figures S8M–S8O) and observed that SPP1 treatment signifi-
cantly increased Fe ions in Ctrl but not in CD44 KO OT1 T cells 
(Figure S8M). Notably, CD44 KO specifically affected Fe, with 
no changes in Ca, Mg, Zn, Mn, or Cu (Figure S8N). Prussian 
blue staining confirmed Fe uptake (as Fe3+) patterns in tumors 
transferred with CD44 KO or Ctrl OT1 T cells (Figure S7D).94

Increased Fe and ROS are associated with T cell dysfunction 
and death,95–97 supporting a model in which SPP1 suppresses 
CD8+ T cells through CD44. Notably, Ca influx remained un-
changed upon CD44 KO (Figure S8O), suggesting the unaffected 
TCR signaling mediated by antigen stimulation. As Fe and ROS 
are ferroptosis markers,98,99 we investigated SPP1 effects on fer-
roptosis-regulating proteins NRF2 and GPX4 by western blot 
(Figure S8P). SPP1 treatment significantly decreased both pro-
teins (normalized to α-tubulin) in controls but not in CD44 KO 
OT1 T cells, indicating CD44-dependent ferroptosis in CD8+ 

T cells. As high ROS or low NRF2 inhibits glycolysis,99 we assayed 
OT1 T cells’ metabolic states with total ATP and lactate produc-
tion (Figures S8Q and S8R). CD44 KO OT1 T cells showed 
increased ATP production compared with Ctrl OT1 T cells 
(Figure S8Q), abrogated by glycolysis inhibitor 2-DG, indicating 
enhanced glycolysis, as validated by lactate production 
(Figure S8R). Upon OXPHOS (oxidative phosphorylation) inhibi-
tion by oligomycin, glycolysis mildly increased in CD44 KO but 
decreased in Ctrl OT1 T cells (Figure S8R), indicating that CD44 
KO reprogrammed T cells to aerobic glycolysis with reduced 
OXPHOS dependency.99–102 Importantly, SPP1 decreased glyco-
lytic capacity in control (p < 0.01) but not CD44 KO OT1 T cells. 

Together, CD44 KO rescues T cells from SPP1-induced inhibition 
of glycolysis.

Finally, we translated SPP1-CD44 findings into antibody 
blockade and ACT. We evaluated two clinically relevant 
antibodies: anti-SPP187 and anti-CSF1R,103 targeting tumor- 
associated macrophages. Remarkably, anti-SPP1 treatment 
significantly improved tumor control, reduced CD8+ T cell 
exhaustion, and lowered mitochondrial ROS levels (Figures 5Q 
and 5R). Combined with OT1 ACT, anti-SPP1 treatment pre-
vented OT1 T cell exhaustion and significantly decreased mito-
chondrial ROS levels in the Ctrl OT1 transfer group (Figure 5S). 
However, these benefits were not significant in the CD44 KO 
OT1 group (Figure 5S), indicating that the anti-SPP1 treatment 
effect depends on CD44, further substantiating the role of the 
SPP1-CD44 axis. To prove that macrophages are indeed a crit-
ical source of SPP1, we performed a conditional KO (cKO) in vivo 
assay combined with OT1 ACT for MC38-OVA tumor inoculation 
(Figure 5T).104 We found tumor volumes were significantly 
reduced in comparing Spp1 cKO and Ctrl mice with Ctrl OT1 
T cells transferred but not with CD44 KO OT1 T cells transferred 
(Figure 5U). Moreover, the Spp1 cKO abrogated the significant 
difference of mitochondrial ROS levels between Ctrl and CD44 
KO OT1 T cells (Figure S8S), indicating a macrophage-ex-
pressed SPP1-dependent effect for OT1 expressing CD44. 
Additionally, anti-CSF1R treatment attenuated the tumor growth 
advantage of CD44 KO OT1 T cells while decreasing mitochon-
drial ROS levels of Ctrl OT1 T cells (Figures 5V and S8T), sug-
gesting that the therapeutic benefits of CD44 KO OT1 T cells 
are largely dependent on macrophage-mediated suppression. 
Together, these results demonstrate the potential of treatment 
targeting the SPP1-CD44 axis to enhance T cell anti-tumor 
functions.

To assess the human relevance of these findings, we analyzed 
TCGA-COAD (Colon Adenocarcinoma) data and found that 
SPP1 expression strongly correlated with higher ROS levels 
(ρ = 0.56, p = 8.6 × 10−25) (see STAR Methods), increased M2- 
like macrophage infiltration (ρ = 0.42, p = 9.0 × 10−14), and 
reduced T cell infiltration (ρ = −0.21, p = 2.7 × 10−4) 
(Figure S9A). Importantly, SPP1 expression was also signifi-
cantly higher in non-responders receiving ICB treatment 
(Figure S9B), suggesting a worse treatment response related 
to SPP1. Furthermore, elevated SPP1 expression combined 
with macrophage infiltration was associated with worse survival 
outcomes in COAD patients (Figure S9C). Moreover, co-expres-
sion of CD44 and SPP1 was associated with poorer survival than 
CD44 co-expression with C1QC (a marker for less suppressive 
macrophages) (Figure S9D), highlighting the tumor-promoting 
role of the SPP1-CD44 axis in human COAD patients. Overall, 
our findings highlight the spatially resolved SPP1-CD44 axis as 
a key suppressor of CD8+ T cell function within the TME.

Spatially exclusive gene screen reveals CD8+ T cell 
transcriptional control of chemotaxis
Our findings suggest that CD8+ T cell localization is modulated 
by environmental cues that alter intrinsic cell states, highlighting 
a potential interplay between intrinsic cell states and 
environmental sensing, mediated by exclusively expressed reg-
ulators. To explore this, we implemented a two-step screening 
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strategy: an in silico screen (Figure 6A, step 1) followed by SPAC- 
seq analysis (Figure 6A, step 2).

In the in silico screen (Figure 6A, step 1), we analyzed over 
320,000 human and mouse pan-cancer tumor-infiltrating 
lymphocyte (TIL)-CD8+ T cells to identify gene pairs with mutu-
ally exclusive expression at the single-cell level (see STAR 
Methods).105,106 Unbiased single-cell level exclusive gene- 
expression analysis revealed top exclusive/co-expressed pairs 
enriched for chemokine receptors and transcription factors 
(TFs) (Figure S10A; Table S8). Notably, exclusive gene pairs 
identified in both human and mouse datasets showed a signifi-
cant correlation (Pearson’s r = 0.36, p < 2.2 × 10−21) 
(Figure S10B), indicating the robustness of the screen. For 
example, Cxcr6, a marker for effector CD8+ T cells, was ex-
pressed exclusively with Tcf7, a marker for the progenitor-ex-
hausted (Tpex) stage, consistent with previous reports.107 Hier-
archical clustering analysis identified three distinct gene hubs 
conserved across species (Figure S10C), each closely associ-
ated with different CD8+ T cell states (Figures 6B, S10D, and 
S10E). Among these, a subset of TFs exhibited cell-state-spe-
cific expression (Figure S10F), suggesting potential roles in 
regulating intrinsic cell states and shaping cell-level exclusive 
gene-expression patterns in CD8+ T cells. SCENIC-based108

regulatory analysis of these TFs with exclusive gene hubs indi-
cated cell-state-dependent control of gene expression 
(Figure S10G), reinforcing their roles in shaping state-specific 
exclusive expression dynamics. We next assessed the spatial 
exclusivity of genes that passed the single-cell exclusivity test 
(n = 477). Using the pan-cancer spatial transcriptomics datasets 
(Stereo-seq, n = 44), we identified both spatially exclusive gene 
pairs (n = 104) and spatially co-localized gene pairs (n = 425) with 
statistical tests (FDR < 0.05) (Figure 6C). The spatially exclusive 
genes were enriched in chemotaxis-related genes, such as 
CCR7 and CXCR6, TFs, such as TCF7 and BHLHE40, and 
CD8+ T cell-state markers, such as SELL (Figures 6C and 
S10H; Table S8). Visualization of the spatial distribution of 

top exclusive and co-localized gene pairs (exclusive: JUN 
∼ PTPRCAP; co-localized: PTPRCAP ∼ IL7R) validated the re-
sults from the in silico screens (Figure 6D). These findings indi-
cate that specific TFs and chemokine receptors may regulate 
both the intrinsic states and spatial positioning of CD8+ T cells, 
thereby shaping their functional roles and interactions with the 
environment.

From the in silico screens, we nominated the top spatially 
exclusive TFs, together with CD8+ T cell-expressed chemokine 
receptors. In total, 70 sgRNAs targeting 32 exclusive TFs and 
chemokine receptors were pooled together for both the in vivo 
Perturb-seq and SPAC-seq (Figure 6A, step 2; Table S1).

Perturb-seq data, with 6,935 perturbed CD8+ T cells, recapit-
ulated all 70 sgRNAs. Nonnegative matrix factorization (NMF) 
analysis followed by consensus clustering identified six distinct 
gene programs annotated with GSEA results (Figure 6E). Among 
them, programs 1 and 6 were enriched for cytokine-receptor 
pathways (Figure 6E), suggesting key roles in cell-cell communi-
cation via cytokine or chemokine signaling. To link perturbations 
to gene programs, TF perturbations were clustered into three 
distinct TF modules based on the transcriptomic change 
(Figure 6F). Among them, module 1 was positively correlated 
with cytokine-receptor pathways enriched in programs 1 and 6 
(Figure 6F). Expanding on this, we examined how TF perturba-
tions influenced chemokine-receptor expression and found 
that TF modules exhibited distinct regulatory effects 
(Figure S10I). Through these perturbation modules, we found 
sgBhlhe40 notably increased Cxcr4 expression, and sgCxcr4 
perturbation also increased Bhlhe40 expression (Figures 6G 
and S10J), suggesting a negative regulatory axis between 
Bhlhe40 and Cxcr4. Given that BHLHE40 is required for CD8+ 

T cell tissue infiltration and has been linked to increased exhaus-
tion,109,110 while CXCR4 promotes CD8+ T cell egress from the 
tumor parenchyma via its ligand CXCL12,111 these findings sug-
gest that loss of Bhlhe40 disrupts intratumoral infiltration by 
enhancing CXCR4-mediated migration out of the tumor.

Figure 6. Spatially exclusive TF Bhlhe40 regulates CD8+ T cell localization by linking cell state to chemotaxis 
(A) Schematic workflow to identify regulators of exclusive programs in CD8+ T cells: step 1, in silico screen for spatially exclusive gene pairs; step 2: Perturb-seq 

and SPAC-seq for top gene pairs. 

(B) UMAP plot of different single-cell exclusive gene hubs (right) with different clusters in the mouse CD8+ T cell scRNA-seq atlas (left). 

(C) Ranking plot of spatially co-localized and exclusive gene pairs in CD8+ T cells. 

(D) Spatial plots of the representative top-excluded gene pair (JUN ∼ PTPRCAP) and the co-localized gene pair (PTPRCAP ∼ IL7R). 

(E) Heatmap of NMF analysis results from single-cell Perturb-seq data (left) and associated GSEA results of top pathways (right). 

(F) Network diagram showing how perturbation modules connect to gene programs. 

(G) Perturbation effects of different TFs (indicated in different colors by modules) on chemokine-receptor expression changes compared with the sgNon-targeting 

control. 

(H) UMAP plot showing cell clusters from the Perturb-seq dataset, highlighting cell stage enrichment of sgBHLHE40 and the sgNon-targeting control. 

(I) Spatial plot of the density of captured sgRNAs (right) and spatial niches (left) for the spatial CRISPR screen described in (A, step 2). 

(J) TARDIS analysis ranking perturbations that most significantly altered CD8+ T cell location compared with sgNon-targeting controls. 

(K) Heatmap of NMF analysis for SPAC-seq dataset (left), corresponding spatial distributions of identified programs (middle), and GSEA results of top pathways 

associated with each program (right). 

(L) Spatial distribution of CD8+ T cells in different cell states (left). Regions defined by H&E annotation (upper right) and box plot comparing Bhlhe40-perturbed 

subtype proportions to sgNon-targeting control (lower right). 

(M) Perturbation effects of different TFs on chemokine receptor-ligand pairs, relative to non-targeting. 

(N) Spatial distance between sgBhlhe40-perturbed CD8+ T cells and Cxcl12, compared with non-targeting T cells (left). 

(O and P) H&E images and FISH-IF images of adjacent sections detected with CD3+ sgBhlhe40+ OT1 or CD3+ Ctrl+ OT1 T cells in Rag1−/− mice (O) and adjacent 

sections for mIF staining showing the spatial distribution of CXCL12+ cells (black) and CD3+ T cells (P). 

Data are represented as trend lines (N). *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 by unpaired t test with Welch’s correction (N). 

See also Figure S10 and Tables S1, S8, and S9.
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We next categorized perturbed CD8+ T cells into the following 
cell states: Tem, Tpex, exhausted (Tex), effector (Teff), and tis-
sue-resident memory (Trm) cells (Figures 6H and S10K). Pertur-
bation effects varied across these states (Figure S10L). Further 
analysis confirmed that Bhlhe40 perturbation promoted Teff 
and Tem states while reducing exhaustion (Figure 6H), indicating 
its role in balancing effector function and persistence in the TME.

In the SPAC-seq analysis, we identified 5 spatial niches, and a 
co-localization pattern of sgRNAs was observed within these 
niches (Figure 6I). A global spatial perturbation effect analysis us-
ing TARDIS identified sgCxcr3 and sgBhlhe40 as the top pertur-
bations influencing CD8+ T cell spatial localization compared 
with the sgNon-tarting control (Figure 6J; Table S9), indicating 
their significant roles in regulating CD8+ T cell distribution. 
Notably, most of the top perturbations were chemokine recep-
tors, suggesting CD8+ T cells’ spatial localization is regulated 
by chemotaxis sensing. Next, NMF analysis followed by 
consensus clustering revealed gene programs associated with 
fibrosis and tumor parenchyma (Figures 6K and S10M). Spatial 
mapping of CD8+ T cell subsets (Tpex, Trm, and Tex) revealed 
distinct spatial localization (Figure 6L). Notably, sgBhlhe40 
perturbation increased the representation of the Tem and Tpex 
subsets while reducing the Tex subset (Figure 6L), consistent 
with the Perturb-seq dataset (Figure 6H). In addition, CD8+ 

T cells with sgBhlhe40 perturbation compared with the sgNon- 
targeting control were enriched in the fibrosis region rather 
than the parenchyma regions (Figure S10N). We next analyzed 
the spatial co-localization between TF perturbations and chemo-
kine-receptor loci (Figure 6M). Importantly, sgBhlhe40 perturba-
tion exhibited significantly higher co-localization with the Cxcl12- 
Cxcr4 axis compared with control perturbations (Figure 6M). This 
finding was further supported by the spatial distance between 
Cxcl12 and sgBhlhe40, where sgBhlhe40 T cells were more 
frequently located in close proximity to Cxcl12 (Figure 6N), 
suggesting that Bhlhe40 perturbation enhances chemotaxis 
sensing and alters the spatial localization of CD8+ T cells within 
the TME.

To validate these findings, co-transferred sgBhlhe40-perturbed 
and Ctrl OT1-Cas9 T cells were captured through sgRNA-FISH 
(fluorescence in situ hybridization) (Figure 6O). Consistently, 
sgBhlhe40-perturbed OT1 T cells were enriched at the tumor’s 
fibrotic margins, as confirmed by histological imaging of adjacent 
sections (Figure 6O). Moreover, CXCL12+ cells were also predom-
inantly found at tumor margins, where they co-localized with 
sgBhlhe40-perturbed OT1 T cells (Figure 6P). These support the 
role of Bhlhe40 in regulating Cxcr4 expression, thereby guiding 
T cell localization through CXCL12 sensing. Additionally, CD31+ 

cells surrounded both CXCL12+ cells and sgBhlhe40-perturbed 
OT1 T cells (Figure 6P), suggesting that CXCR4-CXCL12 signaling 
may facilitate T cell egress via lymphatic vessels.111 Last, we vali-
dated the functional consequences of the change in spatial local-
ization of Bhlhe40-perturbed OT1 T cells. In the ACT model, 
sgBhlhe40 OT1 T cells showed significantly poorer tumor volume 
control (Figure S10O) yet exhibited a reduced exhaustion pheno-
type (Figure S10P), consistent with findings from the Perturb-seq 
and SPAC-seq datasets, suggesting increased intratumor persis-
tence for T cells enriched in tumor margins. Together, these results 
reveal a previously unrecognized TF-chemokine receptor axis that 

links intrinsic transcriptional regulation to spatial localization by 
coupling cell-intrinsic states with environmental chemotaxis cues.

DISCUSSION

The rapid advancement of single-cell spatial transcriptomics 
platforms has transformed the study of spatially resolved biolog-
ical processes within the context of tissue organization. In this 
study, we developed SPAC-seq, a versatile spatial CRISPR 
screening technology compatible with various high-throughput, 
high-resolution sequencing-based spatial transcriptomics plat-
forms, including Visium HD25 and Stereo-seq.26 The main bar-
riers to integrating spatial transcriptomics sequencing with 
CRISPR screens include limited sgRNA capture efficiency, 
high dropout of low-abundance transcripts,5 and the risk of 
sgRNA-barcode mismatches due to recombination.32 To over-
come these limitations, we designed SPACseq, a retroviral 
plasmid that permits high transduction and detection efficiency. 
SPACseq encodes a single identical sgRNA sequence for both 
CRISPR/Cas9-mediated perturbation and mRNA-based detec-
tion in each cell. Importantly, reliance on mRNA embedding con-
strains experimental design.18–22 This limitation is overcome by 
the direct-capture SPAC-seq strategy, which enables sgRNA 
detection independently of mRNA embedding. This approach 
removes a key plasmid design constraint in spatial CRISPR 
screening, analogous to direct-capture Perturb-seq in single- 
cell CRISPR screens.14 Together, these innovations establish 
SPAC-seq as a scalable framework for spatial CRISPR 
screening (Table S10).

To provide a tool for analyzing high-dimensional, phenotype- 
rich spatial perturbation data, we developed TARDIS (https:// 
github.com/zenglab-pku/TARDIS), a comprehensive toolkit de-
signed to analyze spatial CRISPR screen data in conjunction 
with spatial transcriptomics profiles, including SPAC-seq data. 
TARDIS is accessible in Python and R, with an easy-to-follow 
tutorial (https://TARDIS-tutorial.readthedocs.io/en/latest/Tutorial. 
html) for streamlined implementation. Using SPAC-seq and 
TARDIS, we conducted multiple functional spatial CRISPR 
screens with spatially resolved whole-transcriptome readouts. 
As a proof of concept, we explored diverse biological phenomena, 
including the local expansion of perturbation formation, T cell infil-
tration and localization, and tumor cell metastasis, uncovering crit-
ical gene pathways, such as ligand-receptor interactions and 
chemotaxis sensing, that govern these processes.

We applied SPAC-seq and TARDIS to study tumor metastasis 
and identified Icam1 as a key regulator of immune surveillance 
following tumor seeding. Similarly, we previously reported a bi- 
specific antibody drug that engages ICAM1 and LFA-1 to stimu-
late T cell immunity,52 highlighting ICAM1 as a promising target. 
Meanwhile, this study demonstrates SPAC-seq’s power to 
simultaneously uncover tumor targets, map their interactions 
with immune cells, and reconstruct pathways governing the 
TME, providing a scalable framework for identifying new immu-
notherapeutic strategies.

By extending SPAC-seq to mouse primary CD8+ T cells, we 
performed the first spatiotemporal CRISPR screen and lever-
aged TARDIS to identify regulators of infiltration across spatial 
niches and time points. We defined the dynamics of both 
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time-resolved functional niches and their related gene programs 
in the TME. In this T cell transfer model, we found that T cells’ 
preference for different tumor niches was relatively conserved 
over time, rather than changing with the TME. We reasoned 
that this is because T cells’ spatial localization is driven by pas-
sive adaptation to environmental cues rather than by active re-
modeling of the environment. Such a hypothesis could change 
the perspective on how to remodel the TME more effectively, 
such as targeting environmental cues themselves, rather than 
relying solely on T cells for treatment.

With the unique advantage of SPAC-seq to identify perturba-
tion-related environmental cues and the cell-cell interaction axis, 
we identified SPP1 as one such factor for CD44-expressing 
T cells. SPP1+ macrophage was well known to suppress CD8+ 

T cells’ anti-tumor immunity.85 Also, the importance of the CD44- 
SPP1 interaction was known for tumor cell macrophages,88 fibro-
blast macrophages,81,112 and tumor cell fibroblasts.113 However, 
the effects of this interaction for macrophage-T cells remain largely 
unknown.114 Meanwhile, although CD44 on CD8+ T cells is well 
known as a marker with high expression after stimulation, its regu-
lation for effector CD8+ T cells is not well established. Now, this 
CD44-SPP1 axis provides an alternative explanation for how 
SPP1+ macrophages suppress T cell immunity.80,84,85

Single-cell exclusive genes remain valuable markers of cell 
states, while spatially exclusive or co-localized genes provide in-
sights into cell positioning and cell-cell communication. We pro-
pose a model for T cell localization regulation in which intrinsic 
cell states are tightly coupled with chemotaxis sensing. This 
model corroborates prior observations that T cell spatial distribu-
tions correlate with their differentiation stages.107,115 To explore 
the regulation of CD8+ T cell localization, we integrated an in sil-
ico screen, a single-cell CRISPR screen (Perturb-seq), and a 
spatial CRISPR screen (SPAC-seq). We found that Bhlhe40 
perturbation reduced T cell infiltration in the tumor parenchyma 
and decreased anti-tumor immunity, which contrasts with previ-
ous findings linking Bhlhe40 loss to improved anti-tumor immu-
nity from bulk CRISPR screens.116,117 This discrepancy sug-
gests that conventional CRISPR screens may overlook the 
impact of T cell localization. Our results highlight the power of 
spatially resolved CRISPR screens to uncover regulators of 
T cell function and positioning. By capturing spatial dynamics, 
this approach provides deeper insights into T cell-mediated im-
munity and offers a framework for improving ACT and CAR-T 
therapies. This approach extends to other immune cells, such 
as macrophages, and can be applied to study spatially resolved 
functional genomics in diverse tissues and diseases.

With SPAC-seq and TARDIS, we introduce a robust platform for 
uncovering gene functions at single-cell spatial resolution, estab-
lishing a new framework for spatially resolved functional genomics 
and perturbation analysis. This approach extends beyond T cells, 
enabling the study of diverse cell types and their spatial behaviors 
across various biological and pathological contexts. The direct- 
capture strategy implemented in SPAC-seq would support diverse 
sgRNA scaffold designs, making it compatible with CRISPRa/i, 
ORF screens, and other spatially barcoded perturbation strate-
gies. This flexibility expands its applications in functional genomics 
within complex tissue environments. By integrating spatially 
resolved gene functions, cell-cell interactions, and dynamic cell 

states, SPAC-seq and TARDIS provide new opportunities to 
dissect tissue microenvironments and advance our understanding 
of spatially regulated biological processes.

Limitations of the study
A limitation of this study is that the KO efficiency of the SPAC-seq 
plasmid, although comparable to that of plasmids used in tradi-
tional CRISPR screens, is lower than that of the dual-sgRNA 
design in CROP-seq. Therefore, further studies could be con-
ducted to increase the KO efficiency of the SPAC-seq plasmid 
by inserting a dual-sgRNA cassette that transcribes two sgRNA 
replicates targeting a single gene. Another limitation of this study 
is the sequencing depth for both sgRNAs and the transcriptome, 
constraining deeper single-cell-level analysis of the spatial 
CRISPR screen. We addressed this problem by assigning per-
turbations to each cell bin or single cell detected with sgRNAs 
and analyzing spatial phenotypes using the assigned cells as 
statistical units rather than sgRNA counts. Also, we developed 
TARDIS to identify local expanded tumor clones and rescue 
many undetected cells within their regions. However, despite 
these efforts, we acknowledge that low sequencing depth 
remains a limitation. Further development of the spatial 
sequencing technology would address this limitation by 
increasing the sequencing coverage.

RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Zexian Zeng (zexianzeng@pku.edu.cn).

Materials availability
Plasmids generated in this study, including SPACseq, are available from the 

lead contact upon request.

Data and code availability
Spatial transcriptomics datasets, bulk RNA-seq datasets, and Perturb-seq da-

tasets reported in this paper are in GSA (Genome Sequence Archive) under the 

accession number GSA: CRA023189. The public datasets can be found in the 

referenced articles. All Jupyter Notebooks or pipeline scripts used to analyze 

SPAC-seq, Stereo-seq, Visium HD data, and TARDIS benchmark codes are 

deposited in the repository at https://github.com/zenglab-pku/SPAC-seq. Up-

dated links to the TARDIS packages and tutorials are available at https:// 

TARDIS-tutorial.readthedocs.io/en/latest/Tutorial.html. Processed datasets 

are also available for viewing, analyzing, and downloading on the SPAC-seq 

website: https://spac.pku-genomics.org.

ACKNOWLEDGMENTS

This work was supported by the National Natural Science Foundation of China 

(92374116, 92574301, 32470664, and 82341026), the Beijing Natural Science 

Foundation (L248043), the Noncommunicable Chronic Diseases-National Sci-

ence and Technology Major Project (2024ZD0520600), the Innovative Drug 

Research and Development — National Science and Technology Major 

Project (2025ZD1800400), the Sichuan Science and Technology Program 

(2024YFFK0064), the Beijing Advanced Center of Cellular Homeostasis and 

Aging-Related Diseases, and the Peking-Tsinghua Center for Life Sciences. 

We thank the Laboratory Animal Center and the National Center for Protein 

Sciences at Peking University, and we are especially grateful to Dr. Yonglu, 

Dr. Hongxia Lv, Dr. Chunyan Shan, and Dr. Guilan Li for their technical 

assistance.

ll
OPEN ACCESS 

Cell 189, 1–25, July 23, 2026 19 

Please cite this article in press as: Zhang et al., Uncovering spatially resolved functional genomics with CRISPR screen sequencing, Cell 
(2026), https://doi.org/10.1016/j.cell.2026.04.049

Article 

mailto:zexianzeng@pku.edu.cn
https://github.com/zenglab-pku/SPAC-seq
https://TARDIS-tutorial.readthedocs.io/en/latest/Tutorial.html
https://TARDIS-tutorial.readthedocs.io/en/latest/Tutorial.html
https://spac.pku-genomics.org


AUTHOR CONTRIBUTIONS

Conceptualization, H. Zhang, Z. Zhang, Y.F., D.P., and Z. Zeng; methodology, 

H. Zhang, Z. Zhang, P.W., Y.F., D.P., and Z. Zeng; software, Z. Zhang, P.W., 

and H. Zhang; investigation, H. Zhang, Z. Zhang, P.W., T.X., X.C., Yanping 

Zhao, S.L., W.C., P.R., P.Z., C.L., and Yahai Zhao; visualization, H. Zhang, 

Z. Zhang, P.W., T.X., S.L., Yanping Zhao, Y.W., and C.L.; funding acquisition, 

D.P. and Z. Zeng; project administration, Y.F., D.P., and Z. Zeng; supervision, 

S.H., Yahai Zhao, H. Zeng, Z.L., C.W., Z.G., Y.F., D.P., and Z. Zeng; resources, 

Z.L. and C.W.; writing – original draft, H. Zhang, Z. Zhang, P.W., Yanping Zhao, 

and Z. Zeng; writing – review & editing, H. Zhang, Z. Zhang, P.W., H. Zeng, Y. 

F., D.P., and Z. Zeng.

DECLARATION OF INTERESTS

Z. Zeng, H. Zhang, and Z. Zhang are inventors on a patent application filed by 

Peking University and Peking University Chengdu Academy for Advanced 

Interdisciplinary Biotechnologies related to SPAC-seq, as reported in this 

work. D.P. received sponsored research funding from Bayer AG and Boeh-

ringer Ingelheim. These grants were not related to the research reported in 

this study.

STAR★METHODS

Detailed methods are provided in the online version of this paper and include 

the following:

• KEY RESOURCES TABLE

• EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
○ Animal studies
○ Cell lines

• METHOD DETAILS
○ Mouse and human primary CD8+ T cell culture
○ Mouse bone marrow-derived macrophage cell culture
○ Genetic modification of cell lines and primary immune cells
○ Analysis for cytokine expression, mitochondrial ROS level, and 

cellular metal ion level
○ CD8+ T cells cytotoxicity assay
○ Tumor cell sensitivity to the CD8+ T cell killing assay
○ Mouse tumor inoculation experiments
○ Tumor-infiltrating lymphocytes (TILs) FC analysis
○ Mitochondrial visualization using Mitotracker Red
○ Multiplexed immunofluorescence (mIF)
○ In situ ligand-receptor interaction using Proximity Ligation Assay 

(PLA)
○ In situ FISH for sgRNA combined with IF
○ Analysis for mIF and FISH staining positive cell types
○ RT-qPCR for mRNA embedding of sgRNA levels
○ Western blot analysis
○ Metabolism analysis for the total ATP level and the lactate produc-

tion level
○ Spp1 conditional knockout (cKO) on macrophages with hematopoi-

etic stem cell (HSC) transplantation
○ RNA-seq library preparation
○ Direct-capture Perturb-seq library preparation
○ SPAC-seq library construction for pooled sgRNA
○ Bulk in vivo CRISPR screen
○ mRNA embedding SPAC-seq with BGI Stereo-seq
○ Direct capture SPAC-seq with 10x Visium HD
○ Statistical analysis

• QUANTIFICATION AND STATISTICAL ANALYSIS
○ Reads alignment of SPAC-seq data
○ Preprocessing of SPAC-seq data
○ Transcriptomics clustering
○ Statistical framework assessing spatially stochastic localization of 

perturbations observed
○ In vivo CRISPR screen target prioritization

○ Cell type annotation and annotation transfer for spatial transcrip-

tomics data
○ Over-represent enrichment analysis
○ Gene set enrichment analysis
○ Niche assignment
○ Identification of perturbation modules
○ Identification of co-expressed gene programs
○ Cell type colocalization analysis
○ Integrative ligand-receptor interaction analysis
○ Spatially resolved cell type colocalization and ligand-receptor inter-

action analysis
○ Identification of locally expanded perturbations
○ Tumor perturbations’ microenvironment analysis
○ TARDIS: Target pRioritization toolkit for perturbation Data In Spatial 

omics
○ Target prioritization performed by TARDIS

• BULK RNA-SEQ DATA ANALYSIS

• DESIGN OF SGRNA LIBRARIES OF CRISPR SCREEN

• SYSTEMATIC IN SILICO SCREENING FOR CD8+ T CELL- 

EXCLUSIVELY EXPRESSED GENES

• SCENIC REGULON IDENTIFICATION AND HUB COMPARISON

• PERTURB-SEQ DATA ANALYSIS

• SURVIVAL AND EXPRESSION CORRELATION ANALYSIS

• PUBLIC SPATIAL TRANSCRIPTOMICS DATA ANALYSIS

• PUBLIC IMMUNOTHERAPY COHORT ANALYSIS

• ADDITIONAL RESOURCES

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.cell. 

2026.04.049.

Received: April 18, 2025

Revised: January 22, 2026

Accepted: April 30, 2026

REFERENCES

1. Liu, L., Chen, A., Li, Y., Mulder, J., Heyn, H., and Xu, X. (2024). Spatiotem-

poral omics for biology and medicine. Cell 187, 4488–4519. https://doi. 

org/10.1016/j.cell.2024.07.040.

2. Tian, L., Chen, F., and Macosko, E.Z. (2023). The expanding vistas of 

spatial transcriptomics. Nat. Biotechnol. 41, 773–782. https://doi.org/ 

10.1038/s41587-022-01448-2.

3. Seferbekova, Z., Lomakin, A., Yates, L.R., and Gerstung, M. (2023). 

Spatial biology of cancer evolution. Nat. Rev. Genet. 24, 295–313. 

https://doi.org/10.1038/s41576-022-00553-x.

4. Bressan, D., Battistoni, G., and Hannon, G.J. (2023). The dawn of spatial 

omics. Science 381, eabq4964. https://doi.org/10.1126/science.abq4964.

5. Ren, P., Zhang, R., Wang, Y., Zhang, P., Luo, C., Wang, S., Li, X., Zhang, 

Z., Zhao, Y., He, Y., et al. (2025). Systematic benchmarking of high- 

throughput subcellular spatial transcriptomics platforms across human 

tumors. Nat. Commun. 16, 9232. https://doi.org/10.1038/s41467-025- 

64292-3.

6. Wu, L., Jin, Y., Zhao, X., Tang, K., Zhao, Y., Tong, L., Yu, X., Xiong, K., 

Luo, C., Zhu, J., et al. (2023). Tumor aerobic glycolysis confers immune 

evasion through modulating sensitivity to T cell-mediated bystander 

killing via TNF-α. Cell Metab. 35, 1580–1596.e9. https://doi.org/10. 

1016/j.cmet.2023.07.001.

7. Mali, P., Yang, L., Esvelt, K.M., Aach, J., Guell, M., DiCarlo, J.E., Norville, 

J.E., and Church, G.M. (2013). RNA-guided human genome engineering 

via Cas9. Science 339, 823–826. https://doi.org/10.1126/science. 

1232033.

ll
OPEN ACCESS 

20 Cell 189, 1–25, July 23, 2026 

Please cite this article in press as: Zhang et al., Uncovering spatially resolved functional genomics with CRISPR screen sequencing, Cell 
(2026), https://doi.org/10.1016/j.cell.2026.04.049

Article 

https://doi.org/10.1016/j.cell.2026.04.049
https://doi.org/10.1016/j.cell.2026.04.049
https://doi.org/10.1016/j.cell.2024.07.040
https://doi.org/10.1016/j.cell.2024.07.040
https://doi.org/10.1038/s41587-022-01448-2
https://doi.org/10.1038/s41587-022-01448-2
https://doi.org/10.1038/s41576-022-00553-x
https://doi.org/10.1126/science.abq4964
https://doi.org/10.1038/s41467-025-64292-3
https://doi.org/10.1038/s41467-025-64292-3
https://doi.org/10.1016/j.cmet.2023.07.001
https://doi.org/10.1016/j.cmet.2023.07.001
https://doi.org/10.1126/science.1232033
https://doi.org/10.1126/science.1232033


8. Cong, L., Ran, F.A., Cox, D., Lin, S., Barretto, R., Habib, N., Hsu, P.D., 

Wu, X., Jiang, W., Marraffini, L.A., and Zhang, F. (2013). Multiplex 

genome engineering using CRISPR/Cas systems. Science 339, 

819–823. https://doi.org/10.1126/science.1231143.

9. Luo, C., Zhang, R., Guo, R., Wu, L., Xue, T., He, Y., Jin, Y., Zhao, Y., 

Zhang, Z., Zhang, P., et al. (2025). Integrated computational analysis 

identifies therapeutic targets with dual action in cancer cells and 

T cells. Immunity 58, 745–765.e9. https://doi.org/10.1016/j.immuni. 

2025.02.007.

10. Shalem, O., Sanjana, N.E., Hartenian, E., Shi, X., Scott, D.A., Mikkelson, 

T., Heckl, D., Ebert, B.L., Root, D.E., Doench, J.G., and Zhang, F. (2014). 

Genome-scale CRISPR-Cas9 knockout screening in human cells. Sci-

ence 343, 84–87. https://doi.org/10.1126/science.1247005.

11. Shi, H., Doench, J.G., and Chi, H. (2023). CRISPR screens for functional 

interrogation of immunity. Nat. Rev. Immunol. 23, 363–380. https://doi. 

org/10.1038/s41577-022-00802-4.

12. Dixit, A., Parnas, O., Li, B., Chen, J., Fulco, C.P., Jerby-Arnon, L., Marja-

novic, N.D., Dionne, D., Burks, T., Raychowdhury, R., et al. (2016). Per-

turb-seq: Dissecting molecular circuits with scalable single-cell RNA 

profiling of pooled genetic screens. Cell 167, 1853–1866.e17. https:// 

doi.org/10.1016/j.cell.2016.11.038.

13. Datlinger, P., Rendeiro, A.F., Schmidl, C., Krausgruber, T., Traxler, P., 

Klughammer, J., Schuster, L.C., Kuchler, A., Alpar, D., and Bock, C. 

(2017). Pooled CRISPR screening with single-cell transcriptome readout. 

Nat. Methods 14, 297–301. https://doi.org/10.1038/nmeth.4177.

14. Replogle, J.M., Norman, T.M., Xu, A., Hussmann, J.A., Chen, J., Cogan, 

J.Z., Meer, E.J., Terry, J.M., Riordan, D.P., Srinivas, N., et al. (2020). 

Combinatorial single-cell CRISPR screens by direct guide RNA capture 

and targeted sequencing. Nat. Biotechnol. 38, 954–961. https://doi. 

org/10.1038/s41587-020-0470-y.

15. Zhou, P., Shi, H., Huang, H., Sun, X., Yuan, S., Chapman, N.M., Connelly, 

J.P., Lim, S.A., Saravia, J., Kc, A., et al. (2023). Single-cell CRISPR 

screens in vivo map T cell fate regulomes in cancer. Nature 624, 

154–163. https://doi.org/10.1038/s41586-023-06733-x.

16. Dhainaut, M., Rose, S.A., Akturk, G., Wroblewska, A., Nielsen, S.R., Park, 

E.S., Buckup, M., Roudko, V., Pia, L., Sweeney, R., et al. (2022). Spatial 

CRISPR genomics identifies regulators of the tumor microenvironment. 

Cell 185, 1223–1239.e20. https://doi.org/10.1016/j.cell.2022.02.015.
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