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A B S T R A C T   

Pancreatic ductal adenocarcinoma (PDAC) is a lethal disease, notably resistant to existing therapies. Current 
research indicates that PDAC patients deficient in homologous recombination (HR) benefit from platinum-based 
treatments and poly-ADP-ribose polymerase inhibitors (PARPi). However, the effectiveness of PARPi in HR- 
deficient (HRD) PDAC is suboptimal, and significant challenges remain in fully understanding the distinct 
characteristics and implications of HRD-associated PDAC. We analyzed 16 PDAC patient-derived tissues, cate-
gorized by their homologous recombination deficiency (HRD) scores, and performed high-plex immunofluo-
rescence analysis to define 20 cell phenotypes, thereby generating an in-situ PDAC tumor-immune landscape. 
Spatial phenotypic-transcriptomic profiling guided by regions-of-interest (ROIs) identified a crucial regulatory 
mechanism through localized tumor-adjacent macrophages, potentially in an HRD-dependent manner. Cellular 
neighborhood (CN) analysis further demonstrated the existence of macrophage-associated high-ordered cellular 
functional units in spatial contexts. Using our multi-omics spatial profiling strategy, we uncovered a dynamic 
macrophage-mediated regulatory axis linking HRD status with SIGLEC10 and CD52. These findings demonstrate 
the potential of targeting CD52 in combination with PARPi as a therapeutic intervention for PDAC.   

Statement of Significance 

We characterized the spatial organization of the TME in PDAC by 
leveraging HRD levels as a key determinant, unveiling the intri-
cate TME characteristics orchestrated by the dynamic pattern of 
macrophages. We discovered the therapeutic potential of 
SIGLEC10-CD52 axis mediated via macrophages, suggesting that 
CD52 may become a novel target for combinational therapy.   

Introduction 

Pancreatic ductal adenocarcinoma (PDAC) is a deadly disease, 
recognized as one of the top causes of cancer-related mortality in many 
Western countries, with a 5-year survival rate seldom exceeding 12 % 
(Huang et al., 2021; Siegel et al., 2023). Despite advancements in 
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targeted and immunotherapies for other aggressive cancers, PDAC 
treatment is predominantly dependent on chemotherapy (Huang et al., 
2021). Approximately 77 % of PDAC patients have intrinsic resistance, 
and 23 % develop resistance after an initial partial response (Springfeld 
et al., 2019; Lin et al., 2024). Currently, poly (ADP-ribose) polymerase 
inhibitors (PARPi) as being an effective therapy, are used specifically in 
a small subset of metastatic patients with germline BRCA1 or BRCA2 
mutations (Golan et al., 2019). This approach, benefiting those with 
homologous recombination (HR) deficiencies,a key mechanism for 
repairing double-strand DNA breaks, marks a significant advancement 
by targeting the DNA damage response (DDR) pathway (Hong et al., 
2024; Guantay et al., 2023). Moreover, PDAC patients with high HRD 
levels (often referred to as having "HRDness"), have shown superior 
responses to platinum-based treatments and PARPi, highlighting the 
importance of HRD status as a vital biomarker for patient stratification 
(Casolino et al., 2021; Aguirre et al., 2018). Nevertheless, the response 
rates in patients with dysfunctional BRCA1/2 or dMMR are relatively 
low (22.1 % and 18.2 % respectively) (Marabelle et al., 2020). While the 
therapeutic benefit of HRD has been clinically observed in PDAC, the 
efficacy of PARPi in HRD-associated PDAC remains dismal, with chal-
lenges persisting in fully understanding its unique characteristics. 

Genetic aberrations in malignant cells often trigger reprogramming 
of the Tumor Microenvironment (TME) that plays a key role in driving 
tumorigenesis and therapeutic resistance (Li et al., 2017; Bianchi et al., 
2023; de Visser and Joyce, 2023). The low tumor cellularity and des-
moplastic nature of the PDAC microenvironment have complicated 
omic-driven profiling and limited the ability to translate studies of the 
TME into clinical utility (Cancer Genome Atlas Research Network, 2017; 
Capula et al., 2022). To fill this gap, single-cell RNA sequencing 
(scRNA-seq) has helped to deconvolute PDAC ecosystem both under the 
diseased settings and treatment-related conditions (Werba et al., 2023; 
Hwang et al., 2022; Elyada et al., 2019; Jia et al., 2022). Moreover, 
spatial transcriptomics (ST) has also helped in mapping gene expression 
patterns associated with disease phenotypes, enabling the discovery of 
distinct features and attributes of the TME in pancreatic cancer (Free-
d-Pastor et al., 2021; Han et al., 2022; Li et al., 2022a). Alongside its 
direct impact on tumor cells, HRD has the potential to induce genomic 
instability, leading to the accumulation of mutations and heightened 
exposure of neoantigens by PDAC cells. This phenomenon enhances the 
opportunity for the immune system to engage an immune response 
(Chabanon et al., 2021; Mouw et al., 2017). A comprehensive investi-
gation of the HRD-associated TME is crucial for uncovering the under-
lying mechanisms behind platinum/PARPi resistance and developing 
improved therapeutic strategies in PDAC. 

In this study, we presented high-dimensional multi-omic spatial 
profiling of 12 PDAC tumors with different HRD status. We pre-screened 
27 prospectively collected PDAC patients by measuring their HRD levels 
developed through a panel comprising HRD-related genes and other 
HRD genetic features, providing a quantitative score for each patient 
(here termed HRD-score) (Chen et al., 2023a; Zhu et al., 2022). We 
selected 12 patients to reflect three different HRD groups (HDR=0, 
0<HRD<15, HDR≥15) and conducted 15-plex based cyclic immuno-
fluorescence to characterize multiple immune cell types in situ. In par-
allel, we obtained deep spatial transcriptome data using digital spatial 
profiler (DSP) mapped to the same regions of interest (ROIs) and vali-
dated CD52 mediated pathway as a therapeutic potential in multiple 
model systems (Fig. 1A). Our findings not only offer a comprehensive 
spatial profiling of PDAC in relation to HRD levels but, more signifi-
cantly, reveal a dynamic regulatory pattern of macrophages within the 
tumor-asscoaited immune stroma that exhibits a strong correlation with 
HRD scores. This macrophage regulation may play a crucial role in 
shaping the composition and architecture of the PDAC TME. These 
findings hold the potential to facilitate the stratification of PDAC pa-
tients based on HRD levels and functional characteristics, leading to 
improved therapeutic outcomes. 

Results 

Defining PDAC patient’s HRD level using sequencing-based HDR scoring 
approach 

We classified patients into different groups based on their HRD 
levels, which were quantified using sequencing approaches. We pro-
spectively enrolled 27 PDAC patients who underwent surgical resection 
and collected tumor, adjacent normal tissue and paired peripheral blood 
to provide germline background controls. Pathological evaluation was 
used to ensure at least 20 % neoplastic cellular content within each 
sample to meet criteria required for deep sequencing (Fig. 1B and Sup-
plementary Fig. S1A). The genetic information generated a continuous 
integer for each patient namely HRDscore, a quantitative estimation of 
the tumor’s HRD level (Fig. 1C, left). In our PDAC cohort, HRDscore 
above 15 was rare and out of 27 patients being analyzed, only 4 (14.8 %) 
were characterized by high HRD level with the highest HRDscore 
reaching 31. To avoid sampling bias that may affect subsequent analysis, 
we included 12 PDAC patients assigned into three predefined HRD 
groups (4 cases in each group) according to their HRDscore (HRD = 0; 
HRD < 15; HRD ≥ 15) (Fig. 1C, right). Additionally, we randomly 
sampled adjacent normal tissues from 4 patients in follow-up spatial 
profiling. Germline mutations of BRCA1 were captured in 5/12 patients 
(Supplementary Fig. S1B). Somatically, the frequently mutated gene 
KRAS was found in all 12 patients regardless of their HRD status 
(Fig. 1D), TP53 mutations were detected in most of PDAC patients with 
an elevated HRDscore (7 out of 8, two-sided Fisher exact test p=0.01). 
Mutations of the cyclin dependent kinase inhibitor CDKN2A was present 
at a higher frequency in non-zero HDR patients (Fig. 1D). Of note, the 
TGFβ downstream target SMAD4 which has been shown to be altered in 
approximately 55 % of PDAC tumors in previous studies (Kadera et al., 
2014) was only mutated in 17 % of patients in our study cohort (Fig. 1D) 
possibly due to the small sample enrolled. 

High-plexed in situ immunofluorescence delineates PDAC TME across 
HRD groups 

In order to obtain a comprehensive phenotypic coverage of the PDAC 
tumor microenvironment (TME), we developed and optimized a 15-plex 
based antibody panel consisting of canonical markers targeting epithe-
lial, fibroblast and innate and adaptive immune cell lineages, along with 
druggable checkpoint molecules PD-1/PD-L1 as well as Ki-67 as a key 
indicator of proliferating cells (Table S1). In sum, we defined 20 cell 
subtypes based on multiple marker combinations including T cell line-
ages (Fig. 2A and Supplementary Fig. S2). We selected 144 region-of- 
interests (ROIs) totaling 47,144 cells for downstream analysis and 
after removal of cells expressing more than three markers and data 
normalization, we generated a supervised cell lineage map using t- 
distributed stochastic neighbor embedding (t-SNE) (Fig. 2B and Sup-
plementary Fig. S3-S4) with 15 distinct immune cell populations along 
with fibroblasts and 3 tumor cell populations (marked by Ki67 or PD-L1 
positivity) (Supplementary Fig. S5). Consistent with previously reported 
work, the pancreatic ecosystem exhibited relatively low tumor purity 
across HRD groups (cancer tissues: 25.2–35.08 % and adjacent normal: 
33.56 %) and high-level of infiltrated fibroblasts (cancer tissues: 
45.22–55.25 % and adjacent normal: 23.91 %) (Fig. 2C left, Table S2) 
(Werba et al., 2023; Hwang et al., 2022). We found a biphasic pattern of 
proliferating tumor cells that increased dramatically from peritumor to 
HRD=0 tumors, but descended with increasing HRD levels, a finding 
supported by previous work (Fig. 2C, right) (Liu et al., 2018). Of the 
immune cell populations, B cells showed a marked decreasing trend with 
adjacent normal having the highest proportion that declined in parallel 
with increasing HRDscore (2.67 %, 1.19 %, 0.89 % respectively Fig. 2C 
and Table S2). T cells populations were frequent in the pancreatic im-
mune microenvironment highlighting the key role of T cells in PDAC 
pathophysiology (Fig. 2C) (Schalck et al., 2022). The PD-1/PD-L1 
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Fig. 1. Study design of the multi-modal spatial profiling and genomic profiles of PDAC patients using targeted HRD-NGS panel. A, Schematic illustration of 
the study. Patient’s samples (tissues/paired bloods) were profiled through a pre-designed HRD panel. Selected 12 patients and 4 peritumor samples were subject to 
spatial profiling using 15-plex cyclic fluorescence and digital spatial profiler (DSP). B, Representative hematoxylin-eosin staining of PDAC tumor and normal tissue. 
C, Individual HRDscore parameters including TAIscore, LSTscore and LOHscore are shown and with blue colors (left) indicating the intensity with increasing 
HRDscore. HRDscore of patients assigned into corresponding groups are shown (right panel HRD=0, HRD<15, HRD≥15). D, Oncoplot showing the somatic mu-
tations of 12 PDAC patients. Genetic alterations are color-annotated. 
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immune checkpoint levels were present at very low level independent of 
cell type (Supplementary Fig. S5). Macrophage states were presented at 
low levels in peritumor samples (adjacent) but increased in parallel with 
HDR levels (M1-like/M2-like: 7.17 %, 9.98 %, 13.14 % respectively 
Fig. 2C, Table S2). Subsequently, we categorized the region-of-interests 
(ROIs) into three distinct sub-locations, namely 
tumor/epithelium-enriched, peritumor immune-enriched, and 
fibroblast-enriched. This approach was undertaken to enhance the pre-
cision and accuracy of our assessment of the spatial organization within 
the tumor microenvironment. Pan-CK regions exhibited malignant 
epithelium with an increase in fibroblasts consistent with the high level 
of fibrosis in primary pancreatic cancer. While T cells were modestly 
increased in HRD 0 and HRD <15, they were markedly decreased in 
HRD>5 (Fig. 2D). In the immune-rich regions (CD45+), the HRD sub-
type exhibited a reduction in B cell populations and an augmentation of 
fibroblasts. Additionally, there was an increase in both M1-like and 
M2-like macrophage populations, with the most prominent increase 
observed in M1-like macrophages across the HRD subtypes (Fig. 2D, 
middle). We then profiled cell type co-presence across the HRD subtypes 
and found that the TME in high-HRD patients (HRD≥15) showed mac-
rophages were associated with multiple T-cell (cytotoxic T/helper T) 
subtypes and monocytes but diassociated with T regulatory cells, 
myeloid cells and fibroblasts confirming previous findings (Fig. 2E) 
(Jhunjhunwala et al., 2021). This was also consistent with the 
co-expression of macrophage markers with T cell subtype markers in 
immune-enriched ROIs (Supplementary Fig. S6B). Taken together, these 
data indicate that the immune-stromal microenvironment undergoes 
significant alterations during the transition from normal pancreatic 
tissue to PDAC. Moreover, the HRD status of tumor is closely linked to a 
distinct pattern of immune changes within this microenvironment. 
Remarkably, an HRD score of ≥15 exhibited a pronounced association 
with a substantial shift in macrophage abundance and differentiation. 

Establishing an in-depth spatial transcriptional (ST) profile in PDAC 
across HRD groups 

To elucidate mechanisms in the TME associated with different HRD 
levels, we performed spatial transcriptional profiling using Digital 
Spatial Profiler (DSP, nanoString, Seattle, whole transcriptome atlas, 
WTA) (Merritt et al., 2020) (Fig. 3A, Supplementary Fig. S7). To match 
the phenotype-transcriptome information described above, we matched 
ROIs between DSP profiling and high-plexed immunofluorescence. 
Although inter-patient heterogeneity existed, peritumor ROIs differed 
largely from neoplastic tissues indicating the robustness of the analysis 
(Fig. 3B). Tumor adjacent regions coalesce into a unified region, while 
tumor regions exhibit a singular axis and SMA+ regions demonstrate two 
diverging branches that evolve from the adjacent regions (Supplemen-
tary Fig. S8A). In contrast there was no clear trajectory in the CD45 rich 
regions with adjacent cells being distributed along branches. 

We then sought to apply SpatialDecon (a cell deconvolution algo-
rithm) to resolve cellular contents across multiple HRD groups (Danaher 
et al., 2022). We used both a default input matrix (safeTME) and a 
PDAC-derived single-cell matrix (GSE155698 (Halbrook et al., 2022)) to 
obtain cell fractions (Fig. 3C, Supplementary Fig. S8B). The 
landscape-wise deconvolution revealed a significantly altered TME be-
tween adjacent regions and PDAC that featured a sharp reduction of 
pancreatic acinar cells and up-regulation of fibroblasts possibly myofi-
broblasts in SMA-enriched regions (Fig. 3C). An increase of 
antigen-presenting cancer-associated fibroblasts (apCAF), previously 
identified via scRNA-seq in PDAC (Hu et al., 2022), was found to a lesser 
extent within the immune regions predominantly in high HRD groups 
(HRD>15) (Fig. 3D). We also applied a series of computational methods 
(MCP-counter, consensusTME and EPIC) to prove existence of CAFs and 
confirmed an increase in CAFs in the tumor location in HRD-high pa-
tients (p<0.05, Supplementary Fig. S9). The immune score was higher in 
tumor regions compared to adjacent normal but was not associated with 

HRD status (Supplementary Fig. S9). However, while immune score was 
not markedly altered across the HRD subtypes, the immune composition 
was altered with a significant increase in macrophage populations 
(p<0.05, Fig. 3D). M1/M2-like macrophage subtypes displayed a trend 
towards increases in tumors with elevated HRD levels, especially 
M2-like macrophages (Fig. 3E). T cells (mainly CD4+ T cell, CD8 naïve T 
cell and CD8 memory T cell) exhibited a biphasic pattern which peaked 
in HRD=0 patients and dropped in higher HRD subtypes (Fig. 3D). To 
gain further insights into the regional changes of multiple cell types, we 
applied cell2location-WTA, a robust method for cellular phenotype 
estimation based on DSP data, to detect alterations in cell ratios within 
each HRD group (Li et al., 2022b). In peritumor normal samples PanCK 
regions had elevated levels of pro-inflammatory cells (CD4+ T cell, CD8+

T cell, NKs, macrophages and granulocytes) and anti-inflammatory Treg 
cells together with dynamic upregulation of myofibroblasts, and smooth 
muscle cells compared to malignant epithelium (p<0.05 or trends), 
despite that many were present in low abundance (Fig. 3F and Supple-
mentary Fig. S10). Of note, DC cells and B cells exhibited increasing 
trends during oncogenic transformation though both were present in 
trace amount. Biphasic changes of intra-tumoral apCAF, granulocytes, 
macrophages were also observed again highlighting their potential 
pro-inflammatory roles relating to altered HRD status (Supplementary 
Fig. S10). Similarly, fibroblasts-enriched regions were also signified by 
concomitant increase of myofibroblasts and smooth muscle cells and 
sharp decrease of pericytes indicating their opposing regulatory roles 
within the TME. Consistent with the aforementioned findings, our study 
confirms that macrophages undergo the most significant alterations 
within the immune-stromal region (p<0.05 or trends), highlighting their 
pivotal role in governing the immune transition of HRD status (Sup-
plementary Fig. S10). 

Spatial gene expression patterns associated with HRDs 

Given the importance of the HRD-related spatial changes in cell 
composition in PDAC, we investigated potential mechanisms that could 
explain the changes using DSP-WTA data. First, we looked at the shared 
and unique transcripts by comparing individual HDR groups with 
adjacent normal tissues in three locational compartments (PanCK+ for 
tumor, CD45+ for immune and SMA+ for stroma). Within these, tumor 
epithelium displayed the highest number of differentially expressed 
genes (DEGs) (476/1833 with 476 shared genes in a total of 1833 
differentially expressed genes across groups, FDR p<0.05, log fold- 
change>1) compared to the immune-stroma and fibroblast-enriched 
areas (65/604 and 215/762 respectively) (Fig. 4A, Supplementary 
Fig. S11). We then evaluated key pathways involved in those key spatial 
transcriptional programs using GO/KEGG gene enrichment analysis. In 
association with HRD levels, PanCK-rich region exhibited signatures of 
altered focal adhesion, extracellular remodeling, wound healing and 
ionic response. There was a significant association of antigen processing 
and presentation pathways observed across HRD subtypes within both 
the immune and stromal compartments (Fig. 4B-C, Supplementary 
Fig. S12). Subsequently, we extracted co-regulated gene sets specifically 
linked to individual spatial compartments. Our analysis revealed a set of 
genes that exhibited down-regulation between normal and PDAC states 
(adjacent versus HRD-nil groups), yet displayed upregulation with 
increasing HRD status. This gene set included MUC16, SPARC, AEBP1, 
RARRES1, and SUPT7L, all of which have been associated with tumor-
igenesis in the PanCK+ region (Fig. 4D). In the CD45+ regions, DUSP1, 
KDM5D, TSPY1, IFI6 and RNASE1 demonstrated a similar pattern 
(Fig. 4D). Another group of genes was maximally expressed in HRD-nil 
tumors including MMP1, TFF1, CEACAM5, B3GNT6 and MUCL3 in 
PanCK regions and C3, C7, MGP, JCHAIN and IGHA1 in SMA-rich re-
gions (Fig. 4D, Supplementary Fig. S13). Together these spatial tran-
scriptional programs depicted a dynamic PDAC TME that altered during 
oncogenic transformation and HRD state. 

When utilizing cancer hallmark gene sets, we made a notable 
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Fig. 2. High-plex spatial single-cell immune profiling reveals phenotypic alterations associated with HRD status. A, Representative fluorescence images of 
15-plex panel in situ. Marker channels are shown separately. B, Unsupervised dimension reduction using t-SNE of all cells (47,144). Each cell in individual plots is 
assigned with their group annotations according to segment (location of ROI in tumor, immune-stroma or fibroblast regions respectively), patient ID, HRD status 
(grouped into adjacent, HRD=0, HRD<15, HRD≥15) and classification level 2 (marker-defined cell types excluding PD-L1 expression). Right figure: A patient with 
marker relative expression heatmap showing cell lineages based on classification level 2. C, (Left) Expression profiles (cell proportions) of individual cell types 
defined under classification level 2. Left panel shows cell profiles dissected into either three defined special locations (tumor, immune-stroma and fibroblast- 
enriched) or HRD status. Dots represent the averaged ratio of individual cell types across ROIs and for each ROI, cell types are summed to 100 %. (Right) Rib-
bon plot showing the cell type alterations between adjacent tissue and individual HRD groups. D, Ribbon plots showing the cell subtype alterations according to 
changing HRD status under spatial settings. Tumor (left), immune-stroma (middle) and fibroblasts (right) are shown separately. E, Inter-subtype correlations across 
ROIs within immune-enriched regions. Adjacent and HRD groups are shown in separate panels and Spearman correlation coefficients (R2) range from − 1 (blue) to 
1 (red). 
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observation that the transcriptional profiles associated with the ho-
mologous recombination (HR) pathway exhibited minimal correlation 
with the transition from adjacent normal tissue to tumor, as well as with 
HRD scores (Supplementary Fig. S14). This could potentially be due to 
the HR pathway transcriptomes being developed in different tumor 
lineages. The regulation of the extracellular matrix (ECM) exhibited 
substantial variations across the three spatial regions, characterized by 
dysregulated expression of LGALS4, FN1, COL5A1. COL1A2 and 
COL4A1 (p<0.05) (Supplementary Fig. S15). CAFs pathway-related 
genes exhibited inter-regional changes primarily at the tumor- 
fibroblast interface highlighted by altered COL6A3, LUM and FBLN1 
(p<0.05) (Supplementary Fig. S15). We also identified a significantly 
upregulated antigen presentation signature at the tumor-surrounding 
immune regions that was associated with marked changes in class II 
major histocompatibility complex (MHC) molecules (HLA-DQB1, HLA- 
DQA1 and HLA-DMB, p<0.05) (Fig. 4E-F). There was also marked in-
crease in tumor associated macrophages (TAMs) (CD68 and CD163, 
p<0.05) within this region (Fig. 4E-F). We also analyzed other MHC- 
class related genes and confirmed an increased expression of MHC II 
molecules present in HRD-high tumors (p<0.05, Fig. 4F). Similarly, M2- 
like macrophage markers including CXCL10, CCL18 and MRC1 were 
increased in HRD-high tumors (Fig. 4E). 

Multicellular spatial interactions reveal macrophages-mediated spatial 
cellular neighborhood 

Considering the dynamic reprogramming of the TME, using ligand- 
receptor pairs from CellPhoneDB database, we constructed a spatial 
ligand-receptor map to extrapolate the spatial interaction for each HRD 
score (Garcia-Alonso et al., 2021). As HRD scores increased, 
tumor-immune interactions also increased whereas tumor-fibroblast 
interactions peaked in HRD-nil PDAC patients and gradually declined 
with increasing HRDscore (Supplementary Fig. S16A). These findings 
strongly indicate that the HRD status has the potential to modulate the 
immune-tumor interactions. We next looked at potential interaction 
pairs comparing adjacent regions to tumor regions and identified a trend 
towards CEACAM1/5/8 interacting with CD1D (DC markers), SELE 
(immune adhesion molecule) and CD209 (DC/M2 markers) while 
epithelial-derived fibroblast growth factor and receptor (FGF-FGFR) 
signals were completed lost (p<0.05, Supplementary Fig. S17). Transi-
tion from adjacent to tumor was also associated with an increase in 
chemokine-driven interactions featured by CCL4L2-GPR101, 
CCL4L2-GPR152, CCL3-IDE, CCL3-CCR5, CCL3-CCR3, CCL3-CCR1 and 
CCL5-CCR1/3/4/5 (p<0.05, Supplementary Fig. S17). The MHC II- class 
molecule CD74 interacting with MIF, COPA and APP was significantly 
increased (p<0.05, Fig. 5B, Supplementary Fig. S15). Moreover, tumors 
with elevated HRDscore had elevated HLA interactions compared with 
HRD-nil patients, which was featured by MHC-I molecules HLA-E/C 
(p<0.05, Supplementary Fig. S17). Interestingly, a series of 
macrophage-related signal cross-talk processes were associated with an 
increase in HRD score including APOB-TREM2 and CD28-CD80 (Sup-
plementary Fig. S16B). Importantly, we noted two unique 
ligand-receptor pairs CD52-SIGLEC10 and CD44-SIGLEC15 present 
within the immune and epithelial regions respectively that were 
increased with transition from adjacent to tumor tissues and modestly 
increased with HRD status (p<0.01, Fig. 5B, Supplementary Fig. S17). 
To further investigate, we extracted WTA data and conducted a 
comprehensive ROI-wise analysis of the correlation between the 
ligand-receptor pairs and individual spatial regions in different HRD 
groups. We discovered a positive correlation between both 
ligand-receptor pairs (CD52-SIGLEC10 and CD44-SIGLEC15) that 
correlate with elevated HRD scores (R2=0.47 and 0.33, respectively) but 
not present in adjacent normal tissues (R2 = − 0.03 and − 0.34) (Fig. 5A). 
Direct measuring of CD52-SIGLEC10 expression also demonstrated an 
up-regulation of this ligan-receptor pair at the tumor-surrounding areas 
(Fig. 5B-C). 

We retrieved high-plexed immunofluorescence data and followed an 
existing approach to construct cellular neighborhoods (CNs) by first 
defining the ten nearest spatial neighbors for individual cells (Karimi 
et al., 2023). We then reclassified cells on the basis of their spatially 
annotated CNs across the entire tissue and from this, we repetitively 
captured 10 CNs within our PDAC tissue samples to define the TME, 
which we named: pan-immune (CN0), pan-immune tumor boundary 
(CN1), fibroblast-dominated (CN2), tumor-fibroblast interface (CN3), 
macrophage-involved tumor interface (CN4), pan-tumor-centric (CN5), 
fibroblast interacting immune (CN6), proliferating tumor (CN7), 
multi-marker cell hub (CN8), and other undefined cellular hub (CN9) 
(Fig. 5D). Due to the sample number limitations, we combined medi-
um/high HRD patients into the same group and compared these with the 
HRD-nil group. We then screened individual CN frequencies with the 
relation to HRD phenotypes and associations with CN2, CN3 and CN4 
and CD8 (Wilcoxon p-values range from 0.073 to 0.214 respectively) 
(Fig. 5E). CN8, characterized by undefined cells plus T helper, T reg and 
B cells tended to be associated with HRD-nil patients (p=0.109 as trend). 
CN2, a fibroblast-defined cluster, was enriched in PDAC TME in line 
with our data above (Werba et al., 2023). Besides, although present at 
low frequencies, the fibroblast-tumor interaction cluster (CN3) was 
shown be significantly associated with tumor cells. Of further interest, 
though less frequent, the macrophage-tumor interaction cluster (CN4) 
was found to be spatially associated with tumors (CN5) and distin-
guished HRD-nil and non-zero HRD PDAC patients (p=0.214 as trend), 
again highlighting the importance of macrophage-mediated regulation 
in HRD high PDAC tumors (Fig. 6F, left). To verify the existence of the 
defined CNs, we then mapped ROIs accordingly the CN4/CN5 annota-
tions in situ and profiled CD68/CD163 expression from the multiplex 
immunofluorescence. The resulting data confirmed elevated tumor 
sounding CD68+ cells in non-zero HRD patients matching with our 
previous assumption (Wilcoxon rank sum test p=0.024, Fig. 6F right). 
Lastly, we also explored the correlation of the spatial distribution of 
immune-enriched CD68+ (M1-like) and CD163+ (M2-like) macro-
phages, both of which were highly correlated with lymphatic invasion 
(p<0.05) (Supplementary Fig. S18). 

Using paired transcriptomic and cell phenotypic data that allowed 
constructing a deconvolution method for pancreatic TME, we developed 
an R package (PDAC-Decon) that conducts deconvolution using our 
PDAC WTA spatial transcriptome data to identify across different tissue 
regions. Our internal validation yielded the best predicted average 
correlation of R2=0.45 with fibroblast having the highest predictive 
power (R2=0.74) (Supplementary Fig. S19, available on https://github. 
com/HongWF413/PDAC-Decon) for identification of different ROIs. 
This method will be optimized in future testing scenarios. 

Targting CD52 confers therapetutic potentials in PDAC 

We sought to further test our hypothesis of this macrophage medi-
ated tumor-immune response by conducting a series of experiments in 
model systems in vitro and in vivo. We began to induce THP-1 cells with 
PMA to generate macrophage-like cell phenotype. Then those cells were 
co-cultured with PANC-1 pancreatic cells prior to individual treatments 
(PARPi and anti-CD52) alone or in combinations and resulting cells were 
subject to flow cytometer analysis evaluating CD68 positivity. We 
noticed an induction of CD68+ macrophage expression in response to 
single drug administration for either PARPi or anti-CD52 (Fig. 6A). 
Combined treatment of PARPi and anti-CD52 antibody further enhanced 
the CD68+ macrophage expression, suggesting a probable mechanism 
that engages CD52 blockade to confer proliferation potentials of M1-like 
macrophages. We then went on to validate M1-like and M2-like markers 
in vitro and thus conducted ELISA based on PANC-1 co-cultured with 
induced THP-1 cells. We observed elevated IL6 and TNF (M1-like) levels 
when PARPi or anti-CD52 were treated together comparing with single 
agents alone (Fig. 6B-C) whereas M2-like markers IL10 and ARG1 were 
down-regulated (Fig. 6D-E). Next, immune competent C57BL/6 mice 
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were used wherein PAN02 cells were inoculated. Following PARPi and 
anti-CD52 single administration or combined, we quantified cells by 
flow cytometer. Similar to above findings, PARPi plus anti-CD52 was 
able to induce CD68+ macrophages expression (Fig. 6F) suggesting an 
existing tendency of the positive regulation. Of further interests, the 
combined treatment significantly induced tumor regression (Fig. 6G). 

We also attempted to explore the regulatory pathways mediated by 
macrophages after CD52 blockade. Using external scRNA-seq data, we 
discovered that the downstream effects might involvepathways such as 
“TGF-β signaling” and “epithelial-mesenchymal transition (EMT)” 
(Supplementary Fig. S20A). Hence, we co-cultured PANC-1 and THP-1 
cells and used western blotting to assess the impact of anti-CD52 
blockade on TGF-β1 signaling and EMT under different concentration 
gradients. We showed that increasing concentrations of anti-CD52 
significantly inhibited TGF-β1 signaling and EMT (Supplementary 
Fig. S20B-C). Additionally, we tested TGF-β1 stimulation in PANC-1 and 
BxPC-3 cells to establish an in vitro system of TGF-β1 signaling hyper-
activation (Zhao et al., 2024). Western blotting analysis revealed that 
TGF-β1 stimulation significantly increased the protein levels of p-TβR1, 
p-Smad2, and p-Smad3 in PANC-1 and BxPC-3 cells, while pre-treatment 
with anti-CD52 significantly reduced these protein levels (Supplemen-
tary Fig. S20D). Pre-treatment with anti-CD52 also significantly miti-
gated TGF-β1-induced EMT, as reflected in the inhibition of α-SMA 
protein levels and the increase in E-cadherin protein levels in PANC-1 
and BxPC-3 cells after TGF-β1 stimulation. This suggests that TGF-β1 
signaling plays a crucial role in the impact of upon macrophage regu-
lation in pancreatic cancer. 

In summary, these findings further consolidate our assumption of 
macrophage-mediated tumor microenvironment regulation to facilitate 
the cytotoxic killing of tumor cells predisposed to significant DNA 
damage. 

HRDscore mediated malignant program involves macrophage regulation 

Since PDAC patients with different HRD status exhibit distinct im-
mune pattern in the TME, we used WGCNA to identify transcriptional 
programs associated with HRD status and their relationship with various 
immune cells within the TME. First, we selected gene modules featuring 
key co-regulatory networks for each HRD group (most correlated gene 
sets/modules). We then correlated individual gene programs with HRD 
status and selected 8 top modules associated with each HRD group (top 
module-trait relationship R2 for tumor regions: Adjacent: 0.72, HRD=0: 
0.45, HRD<15: 0.48 and HRD≥15: 0.48 and top module-trait relation-
ship R2 for fibroblast regions: Adjacent: 0.65, HRD=0: 0.44, HRD<15: 
0.45 and HRD≥15: 0.32) (Supplementary Fig. S21). Individual program 
genes were then filtered out from WTA and ssGSEA scores were calcu-
lated respectively. We used unsupervised clustered ROI-wise correla-
tions between either individual ssGSEA scores or with a series of cell 
type abundance ratio calculated via the canonical deconvolution 
method (SpacialDecon). While immune cells co-clustered (Supplemen-
tary Fig. S22A), macrophage was associated with multiple cell types 
including fibroblasts (R2=0.72) and monocytes (R2=0.55) and to a 
lesser extent with endothelial cells (R2=0.44), myeloid DC (R2=0.32) 
and mast cells (R2=0.36). Besides, although most tumor/fibroblastic 
modules were grouped together, a malignant module from HRD≥15 

(module 4) had a distinct association with multiple cell types including 
endothelial cells, mast cells and fibroblasts (Supplementary Fig. S22A). 
Moreover, the highest association was found with macrophages 
(R2=0.48) again stressing a potentially important regulatory role of 
macrophages in HRD-high tumors (Supplementary Fig. S22A). 
Furthermore, we identified a tumorigenic expression module consisting 
of 284 genes and subsequently employed STRING and KEGG to construct 
functional sub-networks or interaction neighborhoods based on their 
functional annotations. These sub-networks revealed several crucial 
regulatory functions, such as RNA degradation, inflammation-associated 
NOD-like receptor signaling, autophagy, metabolic regulation, the 
Hippo signaling pathway, and proteoglycan regulation. Our analysis 
also revealed a significant association between the high-HRD malignant 
program and the PD-1/PD-L1 checkpoint highlighting a potential of 
synergistic effect of adding these ICI in high HRD patients (Supple-
mentary Fig. S22B). 

Discussion 

Currently, genetic aberrations of BRCA1/2 and microsatellite insta-
bility (MSI) induced by impaired DNA repair pathway serve as patient 
stratification markers for platinum/PARPi-mediated therapies in PDAC 
(Golan et al., 2019; Lai et al., 2021). Although previous studies have 
described effects of BRCA1/2 mutation and mismatch repair deficiency 
(MMR) on remodeling of TME and infiltration of CD8+ T cell (Samstein 
et al., 2021; Fraune et al., 2020), comprehensive spatially resolved 
molecular characterization has not been performed. A deeper under-
standing of the unique characteristics and implications of HR-deficient 
(HRD) PDAC is essential to better identify patients who may benefit 
from PARPi and platinum therapies and to understand the mechanisms 
underlying resistance to these treatments. 

Here, we provided a high-dimensional spatial map of the pancreatic 
cancer TME based on HRD status using high-plexed immunofluores-
cence together with deep spatial transcriptome profiling (DSP). Our 
ROI-based analysis strategy on matched samples provides a benchmark 
towards future TME-oriented mechanistic exploration and in situ 
biomarker profiling. This spatial phenotypic-transcriptomic profiling 
increased the understanding of the complex PDAC tissue milieu and 
highlighted importance of the adding spatial-omic information to 
scRNA-seq analysis. Several TME features, including low PD-L1 
expression, corroborate previous findings in the field (Nomi et al., 
2007; Liang et al., 2018). Our findings revealed the presence of abun-
dant cancer-associated fibroblasts (CAFs) in the TME of PDAC. Our data 
suggested that myofibroblast-derived CAFs (myCAFs) play a prominent 
role in fibroblast-enriched tissues surrounding the tumor. We observed a 
correlation between myCAFs and elevated HRD scores. This myCAFs 
population may contribute to tumor suppression and potentially interact 
with other cell lineages, such as macrophages, to create an inflamed 
TME in tumors with high HRD levels (Elyada et al., 2019; Ozdemir et al., 
2014; Biffi et al., 2019; Han et al., 2021; Qin et al., 2024). These spatial 
findings corroborated previous scRNA-seq data, demonstrating the 
presence of various T cell subtypes (T helper, T regulatory, and T 
cytotoxic) and B memory cells in the TME of PDAC, regardless of HRD 
status (Werba et al., 2023; Schalck et al., 2022; Nguyen et al., 2020). 
Additionally, our spatial analysis revealed that CD4+/CD8+/NK T cells, 

Fig. 3. Whole transcriptomic-based cell deconvolution uncovers major spatial cell alterations in the PDAC TME with varying HRD status. A, Representative 
images from PDAC samples with fluorescent staining targeting epithelium (PanCK, green), immune (CD45, red) and fibroblasts (α-SMA, yellow) regions. ROIs 
matching high-plex cyclic immunofluorescence are illustrated. B, Unsupervised dimension reduction using t-SNE of all ROIs. C, (Left) UMAP of PDAC single-cell 
RNAseq data and major cell types are annotated. (Right) cell deconvolution of spatial transcription data (SpatialDecon) using PDAC single-cell expression matrix. 
ROI allocations are shown according to designated spatial regions and HRD status. D, Spatial cell abundance changes associated with HRD (epithelial, immune and 
fibroblast regions are shown respectively). Asterisks indicate statistical significance. Right panel shows cell abundance changes according to HRD status and cell 
deconvolution is based on the default safeTME matrix. E, Expression of macrophages or M1/M2-like macrophages estimated via different deconvolution methods: 
SpatialDecon, xCell, EPIC and consensusTME. F, Cell2location-WTA mapping of cell abundance using PDAC single-cell data as the input matrix. ROI regions and HRD 
groups are annotated. Dots represent normalized absolute cell counts within ROIs and are averaged within groups. * p<0.05, ** p<0.01, *** p<0.001, **** 
p<0.0001, ns: not significant. 
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Fig. 4. Spatial transcriptional profiles identify key regulatory patterns associated during oncogenesis and HRD elevation. A, Summary of differentially 
expressed genes across HRD groups in a spatial dissected manner. All HRD groups are compared with adjacent normal tissues. B-C, GO enriched in CD45 (B) and 
PanCK (C) regions up-/down- regulated processes are shown. D, Hierarchical clustering of differentially expressed genes shared between individual HRD groups. 
Patients and HRD groups are color-annotated. Top bars represent normalized expression of a few top genes. E, Semi-supervised hierarchical clustering of featured 
genes involved in macrophage regulation within the CD45-enriched regions exclusively. HRD groups are separately presented and M1/M2-like markers are color- 
annotated. Right panels show normalized geometric means of macrophage and TAMs related genes using WTA data (CD45 region ROIs only). Bars are separated 
by HRD groups. F, (Left) Hierarchical clustering the expression of MHC class II molecules across HRD groups. (Right) Bar chart showing normalized geometric means 
of MHC Class II related genes using WTA expression data (CD45 region ROIs only). * p<0.05, ** p<0.01, *** p<0.001. 
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granulocytes, and macrophages were infiltrating tumors while tran-
sitioning from nearby normal to malignant regions, but more critically, 
these cell types were notably more prevalent in tumors with high HRD 
levels. This was partly in line with previous studies using conventional 
IHC or computational tools (Ino et al., 2013; Carstens et al., 2017). CD8+

T cell infiltration was previously found to be associated with down-
regulated mismatch repair (MMR) proteins (MLH1, PMS2, MSH2 and 
MSH6) pointing at a DDR-mediated formation of a pro-inflammatory 
TME (Fraune et al., 2020). Tumor intrinsic mutational programs such 
as KRAS and TP53 are presumed contributors to the tumor-promoting 
TME in PDAC. However, in our cohort, KRAS mutations were unlikely 
to contribute to the effects of HRD-status since all patients carried 
mutant KRAS regardless of their HRD status (Hamarsheh et al., 2020; 
Chen et al., 2022). Dysfunctional TP53 present in 7 out of 8 in 
HRD-medium/high tumors in our cohort may contribute towards the 
TME remodeling associated with elevated HRD level. Additionally, our 
findings align with a general induction of reprogrammed tumor micro-
environment (TME) around the tumor-stroma interface, demonstrating 
enhanced antigenic processing and presentation in tumors with elevated 
HRD (Ozdemir et al., 2014; Ubertini et al., 2015; Cooks et al., 2018). Our 
data suggested that the existence of HRD-induced genomic instability 
and dysregulated DNA repair pathways contributes towards spatially 
altered molecular pathways and cellular phenotypes. 

Our identification of an increased in macrophages associated with 
elevated HRD levels was evident at both spatial phenotypic and spatial 
transcriptional levels. The spatial profiles revealed changes in both M1 
and M2-like phenotypes. A M1-like phenotype may be functionally 
predominant in HRD-high tumors since pro-inflammatory IL18/ 
CXCL10, T-cell mediating CD80/CD86 TNF-alpha exhibited a trend to-
wards association with elevated HRD whereas a decrease was observed 
for the tumor inhibitory M2-like/TAM-like cytokine IL10 (Chavez-Galan 
et al., 2015; Mantovani et al., 2022; Reschke and Gajewski, 2022; Chen 
et al., 2023b). It is intriguing to hypothesize that the M1-like/M2-like 
macrophage changes contribute to the inflamed environment in HRD 
high tumors and potentially to the improved outcomes for these pa-
tients, a finding previously proven in mouse models (Zhang et al., 
2021a). Our spatial transcriptional profiles uncovered evidences for 
antigen presentation via MHC II class molecules (a major anti-tumor 
mechanism of macrophage mediated activation) within the TME in as-
sociation with elevated HRD levels supporting the contention that 
enhanced antigen presentation mediated via M1-like macrophages 
could contribute to the inflamed TME. In addition, MHC II-high TAM 
may play a role in antitumor immunity (Movahedi et al., 2010). Other 
M1/M2 related markers were less evident in high HRD patients 
(HRD≥15) potentially attributed to the mixed cell population within 
each ROI particularly in CD45-enriched regions (Wang et al., 2021a). 
Indeed, our spatial cell-cell interaction analysis suggested that macro-
phages demonstrated high degrees of spatial interaction with other 
immune cells. Nevertheless, M2-like macrophages may contribute to the 
outcomes of high HRD tumors as concomitant wound healing and ECM 
tissue remodeling phenomenon was observed in our gene enrichment 
analysis which can be associated with M2-like macrophage function 
(Zhang et al., 2021b; Herold et al., 2011). The wound healing function of 

M2-like macrophages may contribute to eradication of unwanted cells 
post damaged tissue repair (Krzyszczyk et al., 2018). Our spatial tran-
scriptomic data stemming from peritumor stroma, together with anno-
tated biological functions supported an activated wound healing 
phenotype (M2a) since CD206 (MRC1), CD163 and MHC-II molecules 
were coordinately upregulated with elevated HRDscore (Ogle et al., 
2016). In addition, there could be a mixed population of M2b macro-
phages (an immune-suppressive M2 subtype) present within TME since 
CD86, CD68 and MHC II were co-expressed in our spatial profiling data 
(Krzyszczyk et al., 2018; Hesketh et al., 2017). More importantly, our 
spatial cellular neighborhood (CN)-based analysis extended our 
ROI-based spatial discovery and demonstrated a macrophage-mediated 
(mostly M1-like) high-ordered spatial structure that is potentially 
functionally important in HRD-driven PDAC. 

Through our investigation, we have observed an elevation in 
macrophage abundance associated with elevated HRD levels, as sup-
ported by both spatial phenotypic and spatial transcriptional analyses. 
This finding is particularly noteworthy considering the crucial functions 
fulfilled by macrophages in pancreatic cancer. It prompts further 
investigation into the mechanisms underlying the observed low 
response rate and drug resistance in HRD-associated PDAC cases, espe-
cially when PARPi are utilized. Nonetheless, additional experiments are 
required to provide insights into the underlying mechanisms driving 
these phenomena. 

Based on our spatial ligand-receptor analysis, crosstalk between 
immune-stroma and malignant tissue was increased whereas tumor- 
fibroblast crosstalk was attenuated with elevated HRD levels. This sug-
gests that HRD is associated with a dynamic interaction pattern. Our 
ligand-receptor spatial analysis suggested that some of these changes 
could be orchestrated by macrophages. For instance, co-regulation of 
interaction pairs such as immune-stroma APP-TREM2 and APOE-TREM2 
is consistent with a macrophage-mediated modulation. TREM2 can 
promote oncogenic transformation and facilitate immune escape 
(Hamerman et al., 2006; Qiu et al., 2021; Hao et al., 2022). Blocking 
TREM2 signaling in macrophages has been shown to synergize with T 
cell-mediated anti-tumor immune response in tumors expressing PD-L1 
(Hamerman et al., 2006; Deczkowska et al., 2020; Molgora et al., 2020). 
Additionally, TREM2-hi macrophages can lead to resistance to immune 
checkpoint therapy again highlighting an important role in regulation 
local immunogenicity (Xiong et al., 2020). Our focused analysis on 
macrophages as a strong indicator for lymphatic invasion and the pre-
sumable macrophage mediated CD52-SIGLEC10 communication in 
pancreatic cancer suffering excessive DNA damage may not only direct 
biomarker-oriented clinical intervention but may also elucidate addi-
tional therapeutic targets and this was strengthened by or in vitro and in 
vivo profiling (Werba et al., 2023; Wang et al., 2019; Liu et al., 2021; 
Bandala-Sanchez et al., 2013, 2018; Liu et al., 2023; Kung and Yu, 
2023). Unleashing this checkpoint pathway in patients with an elevated 
HRD score may cooperate with platinum/PARPi administration together 
with anti-CD52 antibody to enhance local cytotoxicity and improve 
therapeutic responses of. Since strategies to target these glycans have 
already been explored in clinical settings, our data, for the first time, 
open up a new avenue of exploration in PDAC patients with high HRD 

Fig. 5. Spatial ligand-receptor interaction and cellular neighborhoods analysis implies potential macrophage-involved functional units linking with HRD 
status. A, Spatial correlations of ligand-receptor pairs across HRD groups in immune compartments. Spearman rank correlation coefficients (ROI level) from in-
dividual HRD groups are used for inter HRD-group comparison. All ROIs from the CD45+ regions are used and all HRD groups are compared to adjacent normal 
(annotated on vertical and horizontal axis). B, Violin plots showing CD52-SIGLEC10 ligand-receptor pairs in CD45+ and PanCK+ areas respectively. Normalized WTA 
data are used for comparison between different HRD groups. Statistical significance is shown. C, In-situ overlays of SIGLEC10 and CD52 gene expression from 
representative ROIs in different HRD groups. Scale bars show normalized expression counts from WTA. Matched fluorescence images showing PanCK, CD68 and 
CD163 protein expression are shown on the right of each panel. D, Heat map of cell types present within 10 CNs identified across all samples with their functional 
annotations (CN0-CN9). E, Comparison of CN distribution frequencies averaged across samples in HRD=0 (4 cases) and HRD>0 (8 cases including HRD<15 and 
HRD≥15). P-values are indicated on top. F, Schematic spatial cellular neighborhoods (CNs) in adjacent and different HRD tissue samples (HRD=0, 12 or 31). In-
dividual CNs are color-annotated. CN4 (macrophage-involved tumor interface) is marked purple and CN5 (pan-tumor) is marked in brown. In situ fluorescence 
images of representative ROIs (CN4/CN5 containing) are shown below (PanCK+/CD68+/CD163+). Right panel: distribution of CD68+ cells from ROIs obtained from 
high-plexed in situ immunofluorescence. ROIs were selected based on CN4 (macrophage involved) projected regions. * p<0.05, ** p<0.01, ns: not significant. 
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Fig. 6. Anti-CD52 in conjunction with PARPi to suppress PDAC progression. A, In vitro flow cytometry analysis of FITC+CD68+ macrophage proportions across 
various groups. B-C, ELISA detection of IL-6 and TNF-α expression in PANC-1 and THP-1 co-cultures under diverse conditions. D-E, ELISA detection of IL-10 and 
ARG1 expression in PANC-1 and THP-1 co-cultures under varying conditions. F, In vivo flow cytometry analysis of FITC+CD68+ macrophage proportions in tumor 
tissues under differing conditions. G, Comparative assessment of tumor size, weight, and volume among the NC group, PARPi group, anti-CD52 group, and combined 
group of mice. H, Illustrative diagram delineating the mechanism of the macrophage-mediated regulatory network in PDAC TME during oncogenesis and trans-
formation of HRD status. * p<0.05, ** p<0.01, *** p<0.001, ns: not significant. 
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based on their HRD status (Smith and Bertozzi, 2021). However, due to 
the limited sample size, further validations at spatial single-cell level in 
larger clinical cohorts and mechanistic elucidation are needed to facil-
itate translation into clinical application. 

In conclusion, our study utilized highly resolved spatial 
transcriptomic-phenotypic profiles and conducted comprehensive bio-
informatic analysis, revealing a potential macrophage-driven immune 
reprogramming within the PDAC TME (Fig. 6H). This immune modu-
lation has the potential to establish a connection between aberrant DNA 
repair pathways in PDAC and the presence of an inflamed TME. Un-
derstanding this link is crucial for investigating the underlying factors 
contributing to the observed low response rate and drug resistance in 
HRD-associated PDAC cases. By expanding the sample size, this research 
could lead to the identification of biomarkers that are prognostic for 
lymphatic-mediated metastasis, enhancing the stratification of patients 
who are likely to benefit from platinum/PARPi treatments. Importantly, 
the SIGLEC10-CD52 checkpoints may emerge as novel, actionable 
therapeutic targets in PDAC patients with elevated HRD levels. The 
combination of CD52 blockade and PARP inhibitors could potentially 
become the new care for patients with HR-deficient pancreatic cancer. 

Methods 

Clinical sample procurement 

This study was ethically approved by the Institutional Review Board 
of Guangdong Provincial People’s Hospital (KY2023-161–01). We pro-
spectively collected samples from 27 patients with pancreatic ductal 
adenocarcinoma (PDAC) who underwent routine surgical resection. All 
patients were treatment naïve prior to surgery. Pathological assessment 
of PDAC samples was confirmed by two senior pathologists indepen-
dently. Samples containing tumor contents of more than 20 % were 
considered as inclusion criteria. All paired tumor tissues, adjacent non- 
tumor pancreatic tissue, and peripheral blood were collected and subject 
to downstream analysis. 

Tissue evaluation, processing and genomic DNA extraction 

Formalin-fixed paraffin-embedded (FFPE) tissue sections were eval-
uated for tumor cellular contents using hematoxylin and eosin (H&E) 
staining. Samples were deparaffinized with mineral oil and then incu-
bated with lysis buffer and proteinase K at 56 ◦ C overnight until the 
tissues were completely digested. The lysates were subsequently incu-
bated at 80 ◦C for 4 hours to reverse crosslinking. Genomic DNA was 
isolated from tissue samples using the ReliaPrep™ FFPE gDNA Miniprep 
System (Promega) and quantified using the Qubit™ dsDNA HS Assay Kit 
(Thermo Fisher Scientific) following the manufacturer’s instructions. 

Library construction and tissue-based targeted capture using HRD 
sequencing panel 

DNA extracts (30–200 ng) were sheared to 250 bp fragments using 
an S220 focused-ultrasonicator (Covaris). Libraries were prepared using 
the KAPA Hyper Prep Kit (KAPA Biosystems) following the manufac-
turer’s protocol. The concentration and size distribution of each library 
were determined using a Qubit 3.0 fluorometer (Thermo Fisher Scien-
tific) and a LabChip GX Touch HT Analyzer (PerkinElmer) respectively. 
For targeted capture, indexed libraries were subjected to probe-based 
hybridization with a customized NGS panel targeting 139 HRD and 
key oncogenic driver genes, wherein the probe baits were designed as 5′ 
biotinylated 120 bp DNA oligonucleotides individually. Repetitive ele-
ments were filtered out from intronic baits according to the annotation 
by UCSC Genome RepeatMasker (Karolchik et al., 2004). The xGen® 
Hybridization and Wash Kit were employed for hybridization enrich-
ment. Briefly, 500 ng indexed DNA libraries were pooled to obtain a 
total amount of 2 μg of DNA. The pooled DNA samples were then mixed 

with human cot DNA and xGen Universal Blockers-TS Mix and dried 
down in a SpeedVac system. The Hybridization Master Mix was added to 
the samples and incubated in a thermal cycler at 95℃ for 10 mins, 
before being mixed and incubated with 4 μl of probes at 65℃ overnight. 
The target regions were captured following the manufacturer’s in-
structions. The concentration and fragment size distribution of the final 
library were determined using a Qubit 3.0 fluorometer (Thermo Fisher 
Scientific) and a LabChip GX Touch HT Analyzer (PerkinElmer) 
respectively. 

DNA sequencing, data processing, and variant calling for tissue-based 
testing 

The captured libraries were processed with a NovaSeq 6000 NGS 
platform (Illumina) for paired-end sequencing (100 cycles) with at least 
a sequencing depth of 500X. Raw data of paired samples (an FFPE 
sample and its normal tissue control) were mapped to the reference 
human genome hg19 using the Burrows-Wheeler Aligner (v0.7.12) (Li 
and Durbin, 2009). PCR duplicate reads were removed and sequence 
metrics were collected using Picard (v1.130) and SAMtools (v1.1.19), 
respectively. Variant calling was performed only in the targeted regions. 
Somatic single nucleotide variants (SNVs) were detected using an 
in-house developed R package to execute a variant detection model 
based on binomial test. Local realignment was performed to detect 
indels. Variants were then filtered by their unique supporting read 
depth, strand bias, base quality as previously described (Su et al., 2017). 
All variants were then filtered using an automated false positive filtering 
pipeline to ensure sensitivity and specificity at an allele frequency (AF) 
of ≥ 5 %. Single-nucleotide polymorphism (SNPs) and indels were an-
notated by ANNOVAR against the following databases: dbSNP (v138), 
1000 Genome and ESP6500 (population frequency > 0.015). Only 
missense, stopgain, frameshift and non-frameshift indel mutations were 
kept. Copy number variations (CNVs) and gene rearrangements were 
detected as described previously (Su et al., 2017). 

Homologous recombination deficiency analysis for tissues 

To estimate genomic scar, we developed the 3DMed-HRD algorithm 
based on over 10,000 single-nucleotide polymorphisms (SNP) distrib-
uted across the human genome. Those SNPs were also included in 139- 
gene NGS assay. HRD was evaluated by the sum of the loss of hetero-
zygosity (LOH), telomeric allelic imbalance (TAI), and large-scale state 
transition (LST). 

Antibody Optimization for high-plexed immunofluoresnce 

Prior to experiments, antibody staining specificity and sensitivity 
were assessed using a multi-organ array that contained 9 cancer tissue 
types (Outdo Biotech, Shanghai). Slides were cleared and processed for 
antigen retrieval, and all antibodies were used at the manufacturer’s 
recommended concentrations with a 1-hour room temperature (RT) 
incubation. Staining patterns were evaluated by experienced patholo-
gists and compared with patterns reported in literature and/or the 
Human Protein Atlas (http://www.proteinatlas.org/). The strongest 
staining and most specific antibodies were further tested to ensure that 
the antigen was not lost by the dye inactivation process during the cyclic 
process. This was accomplished by comparing staining on samples that 
were untreated or treated 1 or 6 times with the dye quenching process 
mimicking cyclic steps. Fifteen markers were included in the validation 
process: Pan-CK, Ki-67, CD3, CD4, CD8, FoxP3, CD20, CD68, CD11b, 
CD14, CD33, CD163, PD-1, PD-L1 and SMA. After the screening, optimal 
antibodies were chosen and non-labeled antibodies against underwent 
conjugation with either Cy3 or Cy5 bis-NHS-ester dyes according to 
manufacturer’s protocols (Thermo Fisher A20186/A20187). All anti-
bodies used in downstream high-plexed immunofluoresnce are listed in 
Table S1. 
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High-plexed cyclic fluorescence imaging 

The high-plexed imaging of each slide was performed using 
sequential multiplexing of 2–4 markers along with DAPI counterstain. 
The cell DIVE-based imaging process employed a patented stain-bleach 
cycling method (Gerdes et al., 2013). The supporting information pro-
vides a detailed cycling workflow based on our experimental setup 
(Table S1). As above, FFPE slides were dewaxed, rehydrated and stained 
with iterative cycles of antibodies. After each staining and imaging 
round (20X magnification), fluorescence was quenched and slides were 
re-imaged to obtain residual background for autofluorescence correc-
tion. All samples were stained and imaged using the same antibody 
batch and DAPI at a time. 

Multiplexed image processing, spatial single cell data acquisition and 
processing 

Upon collection of automated fluorescence image (AFI) files, data 
were processed using HALO software (Indica Labs). All images were 
registered and stacked based on DAPI alignment (Woolfe et al., 2011). 
For each channel, pathologically evaluation derived algorithm was used 
for foreground/background adjustment and selection. Those mainly 
considered mean intensity, maximum intensity, cell doublets and loca-
tional expression distribution (membrane, cytoplasm, and nucleus). 
Resultant spatial single cell quantitative expression profiles (ROI level) 
in every Field of View (FOV) were generated (Pan-CK, Ki-67, CD3, CD4, 
CD8, FoxP3, CD20, CD68, CD11b, CD14, CD33, CD163, PD-1, PD-L1 and 
SMA). Quality control measures were also implemented to ensure usable 
cell-level intensities, and manual scoring of tissue quality and segmen-
tation was performed for every sample. The continuous expression 
matrix was used to construct t-SNE plots and maker-based pair-wise 
expression correlation plots. 

DSP whole transcriptome profiling of PDAC-HRD samples 

The DSP experiment workflow was detailed previously (Merritt 
et al., 2020). Briefly, paired FFPE sections (5 µm thickness) were 
deparaffinized with CitriSolv (DECON), rehydrated and subjected to 
antigen retrieval in 1x Tris-EDTA/pH 9 at 100 ◦C for 15 min in dep-
ressurized condition. For RNA target exposure, proteinase K (Thermo 
Scentific) digestion was performed at 1 ng/ml concentration for 15 min 
at 37 ◦C. Samples were then fixed in neutral-buffered formalin and hy-
bridized with target-specific photocleavable barcoded DNA probes 
(WTA with 18,269 genes, nanoString) in a hybridization chamber 
overnight at 37 ◦C. Extra probes were washed away and co-stained with 
morphology markers: SYTO13 (Thermo Fisher Scientific, cat. no. 
57575), panCK (Novus Biologicals, NBP2-33200, AF532, 1:400), CD45 
(Cell Signaling Technology, 13917, AF594, 1:100), and α-SMA (Abcam, 
ab267537, AF647, 1:200) for 1 hour at RT prior to loading onto the 
GeoMx DSP (nanoString). n=12 ROIs were collected per patient tissue 
and probes were constructed into sequencing libraries and QC checked 
prior to sequencing on a NovaSeq 6000 sequencing platform with a 
PE150 kit (illumina). 

DSP data preprocessing and analysis 

FASTQ files for all ROIs were processed as previously described 
(Merritt et al., 2020). In brief, files were demultiplexed based on unique 
molecular identifiers (UMIs), mapped back with spatial barcode se-
quencies and aggregated into a single count file using the GeoMx NGS 
pipeline and GeoMx Tool R package. The limit of quantitation (LOQ) 
was estimated by calculating the geometric mean of the negative control 
probes plus two geometric standard deviations of the negative control 
probes. Targets over the limit of quantitation in less than 1 % of ROIs 
were removed, and the filtered dataset was normalized using upper 
quartile (Q3) normalization (Hwang et al., 2022). Since our normalized 

data was robust and rigorous to perfectly depict biological difference 
between ROI groups (adjacent, tumor, immune-stroma and fibroblast) 
without added inter-patient effects (Fig. 3B), we used these data for 
downstream analysis. 

Cell lines and mice 

The human pancreatic cancer cell lines (PANC-1 and BxPC-3), the 
mice PAN02 pancreatic cancer cell lines and human THP-1 monocytes 
were purchased from ATCC. Cells were cultured in DMEM (Invitrogen, 
Carlsbad, CA, USA) or RPMI-1640 medium (Invitrogen, Carlsbad, CA, 
USA) supplemented with 10 % fetal bovine serum (FBS, Gibco, Carlsbad, 
CA, USA) and 1 % penicillin/streptomycin (Invitrogen) and cultured at 
37◦C in humidified air with 5 % CO2. Regular testing for mycoplasma 
contamination was conducted on all cell lines. 

All animal studies were approved by the Institutional Animal Care 
and Use Committee of Southern Medical University. The C57BL/6 mice 
were adaptively housed in facilities for 7 days, subjected to daily 
observation. The PAN02 cells（1×10^6 cells/150 μL per mouse）were 
subcutaneously injected into the right axilla. Tumor growth was moni-
tored by measuring the tumors along the perpendicular long and short 
axes (length and width, respectively). Tumor volumes were calculated 
using the formula for the volume of a modified ellipsoid (volume = 1/ 
2×length×width2). Upon reaching an average tumor volume of 
approximately 200 mm3 in tumor-bearing mice, the mice were 
randomly divided into control group, Olaparib (PARPi) single-drug 
group, Alemtuzumab (anti-CD52) single-drug group, PARPi combined 
with anti-CD52 group. Mice were euthanized after 3 weeks of drug 
treatment (three times a week), and the transplanted tumor mass was 
collected for flow cytometry assay. Drug preparation and dosages were 
as follows: the dosage of PARPi and anti-CD52 were prepared according 
to the ratio provided by Selleck. 

Cell co-culture assay and flow cytometry 

THP-1 cells were re-suspended in 1640 medium and seeded into 6- 
well plates. Phorbol 12-myristate 13-acetate (PMA) was added to the 
medium. After 48 hours of induction of THP-1 cells, differentiated 
macrophages adhered to the wall were observed. After scraping and re- 
suspending the cells, cell counting was performed, and macrophages 
were seeded at a density of 150,000 cells per well in a 12-well plate. 
PANC-1 cells were incubated with PKH67. After incubation, PANC-1 
cells were washed with PBS once, and each group of cells was trypsi-
nized for cell counting. PANC-1 cells were then seeded at a density of 
150,000 cells per well into the macrophage culture medium, with three 
replicate wells per group. 

The cells were washed with PBS containing the fluorochrome- 
coupled antibodies against the indicated antigens. The cells were incu-
bated at 4 ◦C in the dark, and washed twice with PBS and resuspended in 
fresh PBS for flow cytometry. Flow cytometry data were collected using 
BD FACSDiva Software 8.0.1, and subsequently analyzed with FlowJo 
software 10.8.1. 

Western blotting 

Western blotting was performed following a previously described 
standard protocol, using anti-N-Cadherin (Cell Signaling Technology, 
13116), anti-α-SMA (Abcam, ab5694), anti-Snail (Cell Signaling Tech-
nology, 3879), anti-Twist (Abcam, ab50887), anti-E-Cadherin (Cell 
Signaling Technology, 3195), anti-TGF-beta 1 (Abcam, ab314095), anti- 
phospho-TβR1 (Invitrogen, PA5-40298), anti-TβR1(Invitrogen, PA5- 
98192), anti-Phospho-Smad2 (MCE, HY-P80853), anti-Smad2 (MCE, 
HY-P80324), anti-Phospho-Smad3 (MCE, HY-P80854), anti-Smad3 
(MCE, HY-P80325) and anti-β-actin (Servicebio, GB15001). 
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Cell lineage assignment and quantification using multi-plexed fluorescence 
imaging data 

For selected region-of-interests (ROIs), we pre-defined three levels of 
cell classification based on selected marker combinations (Table S2). 
Each level of classification was independent. We began to assign cells 
into major lineages based on one or two canonical markers for each cell 
lineage: T cells (CD3+), B cells (CD20+), macrophage (CD68+), myeloid 
cells (CD11b+/CD33+), monocytes (CD14+/CD11b+), fibroblasts 
(SMA+) and tumor cells (PanCK+) for classification 1, besides those also 
included cells with multiple positive markers or totally negative stain 
(only nuclei staining). We then used other known canonical markers to 
annotate sub-lineages within each cell class (classification 2). Lastly, we 
added PD-1 or PD-L1 checkpoints to annotate some cell subtypes of in-
terests (classification 3). All three classifications were mutually exclu-
sive. To avoid the inter-slide experimental bias, we normalized our data 
per ROI and obtained each cell subtype ratio based on total cell counts 
within individual ROI and these data were merged for inter-ROI and 
inter-sample data comparison. 

Cellular fraction-based analysis 

To analyze inter-HRD group alterations, all ROIs were assigned into 
different HRD groups for downstream analysis. Cell-cell pairwise cor-
relation was performed across all cell type ratio at ROI level. Significant 
association or avoidance patterns between cell types were defined as 
having a p-value of less than 0.05. For analysis of expression or program 
scores, a linear hybrid effect model was used to control for multiple 
sampling in the slide. Satterthwaite’s approximate degree of freedom 
was employed to calculate the p value. The related coefficients were 
calculated using Spearman ratings. 

PDAC cellular neighborhood (CN) identification 

To generate spatial cellular neighborhoods, we defined a "capture 
window" being the number (N) of nearest cells to a given cell, as pre-
viously described (Schurch et al., 2020). Each window was represented 
as a frequency vector containing the types of cells closest to a given cell 
(as indicated). We used classification 2 for CN analysis since PD-1/PD-L1 
were not prevalent in our data (classification 3). We obtained all win-
dows for each cell and generated collection of a vector (length of N) 
consisting of all cell types around a given cell. The resulting neighbor-
hoods were clustered using Scikit-learn, a Python machine-learning li-
brary, and the MiniBatchKMeans clustering algorithm version 0.24.2 
with default batch size = 100 and random_state = 0 (Karimi et al., 
2023). We performed subsequent CN analysis using the Mini-
BatchKMeans clustering algorithm version 1.1.2 with default batch size 
= 1024 and random_state = 0. Every cell was subsequently allocated 
into a CN based on their defining window. To normalize the prevalence 
of each neighborhood across samples, we ensured that the neighborhood 
prevalence (frequency) for each sample was summed to 100 %. CN 
frequencies were compared between HRD-nil and non-zero PDAC 
groups for CN identification. 

Spatial deconvolution and spatial mapping using DSP data 

We used a default deconvolution method for DSP (SpatialDecon, R 
package) to infer a series of cell types within each ROI (Danaher et al., 
2022). We used a default cell-to-gene matrix (safeTME) as well as a 
PDAC single-cell RNA-seq (GSE155698) derived matrix to deduce cell 
types for inter-HRD group comparison. We also employed other pub-
lished computational tools compatible with DSP data to generate mul-
tiple cell fractions in all ROIs across HRD groups. Methods used included 
MCP-counter, consensusTME, EPIC, QuanTIseq and xCell (Sturm et al., 
2019). To evaluate cross-region cell type alteration dynamics, 
cell2location-WTA (a robust spatial cell distribution interring method 

optimized using DSP-WTA data) was used (Li et al., 2022b; Roberts 
et al., 2021). For this, public sc-RNAseq data for PDAC (GSE155698) was 
used and each HRD groups were analyzed separately across tumor, 
immune-stroma and fibroblast regions. 

Pathway enrichment analysis and spatial transcription programs 
identification using WGCNA 

To leverage between the background noise and potential genes of 
interest, we first filtered genes based on p-values (FDR<0.05) and used 
those spatial differentially expressed gene sets. To derive core spatial 
transcriptional programs, we used unbiased expression network analysis 
method WGCNA (weighted gene co-expression network analysis) to 
identify transcription programs associated with different HRD pheno-
types within tumor and fibroblast regions. For unbiased discovery, we 
used all genes (18,269) as input in WTA profiling and used the default 
scale-free topology fitting index (R2=0.85) and mean connectivity to 
obtain the best soft threshold. Transcriptional programs were identified 
under the dynamic cut with a minimal gene number set to 30 for each 
module. Most significant transcription programs (genes in each module) 
associated with HRD phenotypes at spatial levels were used in down-
stream spatial correlation analysis. 

DSP ROI-based spatial correlation and receptor–ligand correlation 
analysis 

To investigate the interplay between the transcription programs 
embedded in epithelial/ fibroblast regions and various cell types within 
the immune-stroma, genes associated with WGCNA-derived modules 
relating to the HRD phenotypes were extracted and corresponding WTA 
gene expression profiles were used to compute the single sample GSEA 
score (ssGSEA score). The ssGSEA scores were plotted against individual 
cell abundance (derived from SpatialDecon) per individual ROIs for each 
group (Hwang et al., 2022). The correlation plot was then constructed 
and hierarchically clustered based on their Pearson correlation R2 

(-1− 1) (Hwang et al., 2022). For ligand-receptor interaction analysis, 
known pairs were obtained from CellPhoneDB v2.0 (Efremova et al., 
2020). To quantify potential ligand-receptor co-expression, all ROIs 
were assigned into three groups according to their spatial classes 
(PanCK, CD45 or SMA) and were compared inter- and intra-groups. The 
Spearman rank correlation was used to assess ROI-wise ligand-receptor 
expression for all paired segments representing non-self (juxtacrine) and 
self (autocrine) occurrences. To determine the ligand-receptor pair 
correlation between HRD groups, receptor-ligand co-expression corre-
lations were calculated for each HRD groups and plotted group-wise. All 
statistical analyses were two-sided and used a significance level of P 
value ≤ 0.05. When appropriate, adjustments for multiple testing were 
made using the false discovery rate (FDR) (Korthauer et al., 2019). To 
calculate pathway scores for each ROI, the geometric means of 
normalized expression for each gene were used: 

Pathway score = N
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
gene1.gene2.gene3……..geneN

√

PDAC single-cell RNA-seq data acquisition and cell annotation 

The datasets GSE155698 was processed using Seurat v4. Cells with a 
gene expression range of 300–10,000 genes and 500–100,000 UMIs 
were screened based on the mitochondrial gene fraction of less than 
10 %. After filtering, both datasets were re-normalized using Seurat’s 
SCTransform, and the top 3000 highly variable genes (HVG) were 
selected and used to stabilize UMI count variance. The principal 
component analysis (PCA) was performed using highly variable genes 
(HVGs), and the shared nearest neighbor (SNN) graph and unified 
manifold approximation and projection (UMAP) were constructed by 
using Louvain algorithm and the first 30 principal components and 
clustering units. The major cell types were identified based on cross- 
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cohort typical cell type-labeled scores: Epithelial were labeled with 
EPCAM, KRT18, SOX4, MDK; acinar cells were labeled with REG1A, 
CTRB2, PRSS1; pericytes were labeled with RGS5, PDGFRB; B cells were 
labeled with CD79A, CD19, and MS4A1; CD4, CD3D, CD3E, and TRAC 
were used to identify CD4+ T cells; and CD8A, CD8B, and GZMK were 
used to identify CD8+ T cells; Natural killer cells (NKs) were labeled with 
KLRD1, GNLY and NKG7; regulatory T cells were labeled with FOXP3, 
IL2RA, TNFRSF4; dendritic cells were labeled with TOP2A, HLA-DMB, 
CD1C, and LAMP3; macrophages were labeled with CD68, FCGR1A, 
and ITGAX; mast cells were labeled with KIT, MS4A2, and RGS13; 
endothelial cells were labeled with CLDN5, CDH5, and RAMP2; and fi-
broblasts were labeled with C1R, COL1A2, and DCN; Granulocytes were 
labeled with CD300E, EREG, and S100A12. Finally, referring the clus-
tree package (Zappia et al., 2018) and previous study (Wang et al., 
2021b), fibroblasts were annotated as fibroblast-like cells, myofibro-
blasts, smooth muscle cells, and apCAFs. The resulting cell-gene matrix 
was used for DSP data deconvolution. 

Developing R-based method for PDAC TME 

To construct a cell deconvolution method at refined sub-histological 
level for PDAC, we started by extracting genes in DSP-WTA corre-
sponding to 15 markers used in high-plexed immunofluorescence. We 
backwardly selected most relevant genes under the gene-gene correla-
tion cutoff (R2 =0.4) across ROIs for each cell type (annotated according 
to classification 2 in high-plex immunofluorescence) which then resul-
ted in a minimal cell-gene input matrix for cell type deconvolution to 
function. The deconvoluted cell fractions were then plotted against the 
cellular fraction calculated by high-plex immunofluorescence and 
Spearman correlation was used to assess the prediction accuracy. To 
increase the predictive power, we performed this TME-based deconvo-
lution comparison for three independent ROI groups (tumor, immune- 
stroma and fibroblast-enriched) respectively. This process was iterated 
with step-wise increasing gene number until a correlation R2 to fall 
under 0.4 (with a sum of 2604 genes). The WTA deconvoluted dataset 
was ranked and optimal gene sets for three independent TME regions 
were selected and collapsed into a R package for TME cell type decon-
volution (PDAC-Decon: https://github.com/HongWF413/P 
DAC-Decon). 

Statistical analysis and workflow 

All image analysis steps were performed in Python (version 3.7.12). 
Statistical analyses were conducted using R software (version 4.2.0). t- 
SNE and UMAP were used for dimensionality reduction analysis. Wil-
coxon test was used to compare differences between two groups, while 
Kruskal-Wallis’s test was used to compare differences among multiple 
groups. Data were presented as mean ± S.E.M or mean ± standard de-
viation. All statistical tests were indicated in the legends. Spearman 
analysis was used for correlation analysis. Unless otherwise indicated, 
P<0.05 was considered to indicate statistically significant differences. 

Software 

All software is freely or commercially available and is listed in the 
Methods description. 
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