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Complement activation in tumor
microenvironment after neoadjuvant
therapy and its impact on pancreatic
cancer outcomes
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Neoadjuvant therapy (NAT) is increasingly being used for pancreatic ductal adenocarcinoma (PDAC).
This study investigates how NAT differentially impacts PDAC’s carcinoma cells and the tumor
microenvironment (TME). Spatial transcriptomics was used to compare gene expression profiles in
carcinoma cells and the TME of 23NAT-treated versus 13NAT-naïve PDACs. Findingswere validated
by single-nucleus RNA sequencing (snRNA-seq) analysis. NAT induces apoptosis and inhibits
proliferation of carcinoma cells and coordinately upregulates multiple complement genes (C1R, C1S,
C3, C4B and C7) within the TME. Higher TME complement expression following NAT is associated
with increased immunomodulatory and neurotrophic cancer-associated fibroblasts (CAFs); more
CD4+ T cells; reduced immune exhaustion gene expression, and improved overall survival. snRNA-
seq analysis demonstrates C3 complement is mainly upregulated in CAFs. These findings suggest
that local complement dynamics could serve as a novel biomarker for prognosis, evaluating treatment
response, and guiding therapeutic strategies in NAT-treated PDAC patients.

Pancreatic ductal adenocarcinoma (PDAC) is a highly aggressive cancer
with a five-year survival rate of 11%1. It is projected to become the second
leading cause of cancer-related deaths in the United States by 20302. Only
15–20% of patients are eligible for surgery, as most patients present with
locally advanced unresectable disease or distant metastases3. Furthermore,
since most patients who undergo surgical resection ultimately succumb to
their disease, systemic chemotherapy is a necessary therapeutic component
for most patients4.

PDAC presents a significant therapeutic challenge due to its resistance
to various treatment modalities including immune checkpoint inhibitor
therapy5–7. It exhibits extensive genetic diversity, leading to the development
of subpopulations with diverse molecular alterations and resistance

mechanisms8. The tumor microenvironment (TME) in PDAC is highly
immunosuppressive, characterized by the presence of immunosuppressive
cells, cytokines, and chemokines that impede effective anti-tumor immune
responses despite the presence of large numbers of effector T cells9–11.
Additionally, the TME plays a pivotal role in influencing tumor growth and
metastasis through its impact on mitochondrial biogenesis, blood supply,
and nutrient availability12. These factors contribute to the high therapeutic
resistance observed in PDAC, highlighting the need for innovative combi-
national strategies to improve treatment outcomes.

Neoadjuvant therapy (NAT) has emerged as the preferred approach
for managing resectable and borderline resectable PDAC over adjuvant
therapy for several reasons. NAT offers better tolerability for patients by
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administering chemotherapy and/or radiation prior to surgery, taking
advantage of patients’ relatively better overall health status and minimizing
treatment-related complications13,14. NAT also effectively increases tumor
resectability and R0 resection rate by downstaging locally advanced disease
and facilitating complete tumor removal7,15. Moreover, NAT may target
early metastases, potentially improving treatment outcomes7,15. NAT also
provides an opportunity to observe an individual patient’s response to
therapy and to select suitable candidates for surgery7,15. Some studies sug-
gested that NAT may be associated with improved overall survival rates
compared to adjuvant therapy13,14. Furthermore, recent studies suggested
that NAT may have the potential to prime the stroma and enhance the
response to immunotherapy in various cancers16,17. By modulating TME,
NAT may render PDAC more susceptible to immunotherapeutic
interventions16,17.

Single-cell RNA sequencing (scRNA-seq) is a valuable tool for char-
acterizing TME as it provides insights into cellular heterogeneity and
molecular subtypes18,19. Several scRNA-seq studies have explored the PDAC
TME, offering valuable insights into this complex ecosystem20–36. However,
scRNA-seq techniques lack spatial context, and are susceptible to cell
dissociation-associated artifacts. Spatial transcriptomic analysis comple-
ments and extends the scope of single-cell studies37,38 by providing valuable
insights into the spatial distribution of gene expression and a holistic
characterization of the PDACTME. To obtain a comprehensive view of the
PDAC TME and its response to NAT, we performed a comparative spatial
transcriptomic study using formalin-fixed paraffin-embedded (FFPE)

specimens from PDAC patients who received NAT before surgery versus
those who underwent upfront surgery without NAT.

Results
Intra- and intertumoral heterogeneity of NAT response in PDAC
carcinoma and TME
The clinicopathologic characteristics of the 36 patients in our study cohort
are summarized in Fig. 1AandSupplementaryTable 1. This cohort includes
23 patients who had surgery after receiving neoadjuvant chemotherapy (the
NAT group) and 13 age-, gender-, and stage-matched patients who had
upfront surgery (the naïve group). The NAT consisted of either FOLFIR-
INOXor gemcitabine treatment,with orwithout radiation. TheNATgroup
was further categorized into responders and non-responders based on
histopathologic evaluation of tumor regression using the American Joint
Committee onCancer/College ofAmericanPathologists TumorRegression
Grading (AJCC/CAP-TRG) system. Only resected primary PDAC speci-
mens were used in this study except for 4 patients whose pre-NAT biopsies
were included in the naïve group and post-NAT resection specimens were
included in theNATgroup. A separate pairwise longitudinal comparison of
the pre-NAT biopsy versus the corresponding post-NAT resection speci-
men from the same patient was also done for these 4 patients (Fig. 1E and
Supplementary Tables 2).

To assess the relative extents of intra- vs. intertumoral heterogeneity, 2
to 5 ROIs (region of interest) were selected from each subject, amounting to
a total of 119 ROIs from the 36 patients in the entire cohort (Supplementary

Fig. 1 | Spatial transcriptomics reveals intra- and intertumoral heterogeneity of
neoadjuvant therapy (NAT) response in pancreatic ductal adenocarcinoma
(PDAC) cancer cells and the tumor microenvironment (TME). A Clinical and
pathologic characteristics of the 36 patients in our study cohort. For patients 14–17,
both the pre-NAT biopsies (included in the naïve group) and the corresponding
post-NAT resection specimen (included in the NAT group) were analyzed. For all
other patients, only the respected primary PDAC specimens were used.
B Immunofluorescence segmentation of each ROI into carcinoma AOI and TME
AOI (pan-CK in green, α-SMA in yellow, DAPI in blue). Total mRNA libraries were
prepared separately from each of these two AOIs for every ROI. CHeatmap of gene
expression profiles in all 223 carcinoma and TME AOIs. Unsupervised clustering
reveals a distinct separation between carcinoma AOIs and TME AOIs, with limited
overlap in the middle. There is no discernible separation between the naïve group
and theNAT groupwithin either the carcinomaAOI cluster or the TMEAOI cluster.
Similarly, among the NAT-treated patients, there was no discernible separation
between the responders and non-responders. D UMAP plot demonstrating near-

complete separation of carcinoma AOIs and TME AOIs. A total of 95.1% (137/144)
of the TME AOIs cluster above the dashed line, while 94.5% (103/109) of the
carcinoma AOIs cluster below the dashed line. Approximately 5% of the AOIs
overlap at the tails of these two clusters. There is no noticeable separation between
the NAT group and the naïve group within either cluster. Similarly, within the NAT
group, there is no noticeable separation between responders (dark brown) and non-
responders (light brown) in either the carcinoma AOI cluster or the TME AOI
cluster. E. UMAP plot of the four pairs of pre-NAT biopsy and corresponding post-
NAT resection from patients 14–17 (Δ=naïve carcinoma;▲=NAT-treated carci-
noma.○=naïve TME;●=NAT-treated TME. Datapoints from the same patient are
shown in the same color). For both carcinoma AOIs and TME AOIs, datapoints
from NAT group are separated from those from the naïve group. The dotted lines
connect each datapoint to its nearest neighbor. Most of the datapoints are closer to
datapoints from the same patient than to those of different patients, suggesting
datapoints from the same patient tend to cluster together.
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Fig. 1). Using immunofluorescence staining, each ROI was segmented into
two AOIs (Area of Illumination): the carcinoma AOI (pan-CK+, SMA-)
containing predominantly carcinoma cells, and the TME AOI (pan-CK-,
SMA+) which comprised of various types of stroma cells and immune cells
(Fig. 1B). RNA libraries were prepared from these 238 AOIs, of which 223
(93.7%) passed the quality control and were used for analysis, including 42
carcinomaAOIs and43TMEAOIs from thenaïve group, and72 carcinoma
AOIs and 66 TME AOIs from the NAT group.

First, we compared the gene expression profiles of carcinoma AOIs
versus TMEAOIs. CarcinomaAOIs showed significantly higher expression
of 302 and 321 genes than TME AOIs in the naïve group and the NAT
group, respectively, with an overlap of 261 genes which included KRT19,
KRT7, KRT18, MUC1, CDH1, EPCAM, JUP, ITGA3, ITGB4, ERRB2,
LAMB3, CAPN2, LGALS3, LCN2 etc. In contrast, TME AOIs showed sig-
nificantly higher expression of 286 and 294 genes than carcinoma AOIs in
the naïve group and the NAT group, respectively, with an overlap of 250
genes including PDGFRB, COL6A3, FCGR2A/B, IL1R1, etc. (Supplemen-
tary Fig. 2, Supplementary Data 1). Hierarchical clustering analysis suc-
cessfully grouped these 223 AOIs into the carcinoma cluster and the TME
cluster, with a limited number of datapoints overlapped in between these
two distinct clusters (Fig. 1C). There was no discernible differentiation
between the naïve andNATAOIswithin either the carcinoma cluster or the
TME cluster. For cases that received NAT, there was no discernible
separation between the responders and the non-responders.

Next, we used a dimension reduction technique to visualize the clus-
tering pattern of these 223 AOIs in twomajor UMAP dimensions based on
their transcriptomics profiles. Like the results from the hierarchical clus-
tering analysis, these 223 AOIs were largely separated into the carcinoma
cluster and theTMEcluster,withonly a small proportionofAOIs fromeach
category intermingling at the peripheries of these two clusters (Fig. 1D).
However, notable differentiation based on treatment status (i.e., naïve vs.
NAT) was once again not evident in both clusters, suggesting both carci-
noma cells and the TME responded to NAT heterogeneously at the tran-
scriptomics level. Similarly, for cases that received NAT, there was no
notable segregation between the responders and the non-responders in the
UMAP space.

To investigate the roles of intra- versus intertumoral heterogeneity in
NAT response, we also made a UMAP plot of the four pairs of samples in
which each pre-NAT biopsy was compared with its corresponding post-
NAT resection specimen from the same patient. In addition to the clear
separation of carcinoma from TME AOIs, a trend of separation was also
noted between the naïve group (i.e., pre-NAT biopsy) and the NAT group
(i.e., the post-NAT resection) in both the carcinoma cluster and the TME
cluster (Fig. 1E). In accordance with the anticipated relative magnitudes of
intra- versus intertumoral heterogeneity, the AOIs from the same patient
tended to aggregatemore closely together than those fromdifferent patients
(Fig. 1E).

To compare the cellular composition within carcinoma and TME
AOIs, we calculated the gene signature scores for different types of stromal
cells and immune cells using our transcriptomics data. As compared to
carcinoma AOIs, TME AOIs contained significantly more fibroblasts and
immune cells across the board (Supplementary Fig. 3).

Effects of NAT on the carcinoma cells of PDAC
We first studied the effect of NAT on the carcinoma cells of PDAC by
comparing the gene expression profiles in the carcinoma AOIs of the naïve
group versus the NAT group. After controlling age, gender and other
clinicopathological factors, we identified 44 NAT-induced differentially
expressed genes (DEGs), including 22 upregulated and 22 downregulated
(Fig. 2A, Supplementary Data 2) in the carcinoma AOIs of the NAT group.
Themost significantly upregulated genes includeDDB2 (p = 7.70e-4), FBP1
(p = 0.0016) and PRKACB (p = 0.0028). The most significantly down-
regulated genes include IL32 (p = 0.0039), ACTB (p = 0.0041) and TPM1
(p = 0.0059). DAVID enrichment analysis indicated that the DEGs upre-
gulated in the carcinoma cells by NAT were significantly enriched with

functional terms related to apoptosis (KW-0053~Apoptosis, FDR = 0.013)
and Ser/Thr-type protein kinases (SM00133:S_TK_X, FDR= 0.024, Fig.
2B). On the other hand, the downregulated DEGs were significantly enri-
ched with functional terms related to chromatin (GO:0000785~chromatin,
FDR = 0.0059), nucleoplasm (GO:0005654~nucleoplasm, FDR = 0.023),
GO:0032991~macromolecular complex (FDR = 0.023), and KW-
0488~Methylation (FDR= 0.024). These results are consistent with the
expected cytoreductive effect of NAT on carcinoma cells.

Next, we investigated the impact of NAT on carcinoma cells in more
detail by utilizing the recently defined gene signatures for the seven
malignant cell programs representing the lineages of carcinoma cells and the
seven malignant cell states25. Signature scores for each of these malignant
programs and cell stateswere calculated for all carcinomaAOIs basedon the
geometricmean of expression levels for their respective signature genes sets.
Their association with NAT was assessed after controlling age, gender,
cancer size and grade. We found that there was a significant increase of
acinar-like program (p = 0.011, Fig. 2C), a significant decrease of cycli-
ning_G2/M state (p = 0.001), and amarginally significant decrease of TNF-
NFκB signaling (p = 0.057) in the NAT group. These findings were also
supported by morphologic analysis, which showed increased apoptosis
along with decreased proliferation andmitosis in the carcinoma cells of the
NAT group compared to the naïve group (Fig. 2D).

We also compared the gene expression profiles in the carcinoma
AOIs of responders versus non-responders to NAT. After controlling for
age, gender and other clinicopathological factors, we identified 188 DEGs
in responders when comparing to non-responders, including 72 up- and
116 downregulated genes (Fig. 2E, ). The most significantly upregulated
genes include GPX4 (p = 2.70e-4), TWF1 (p = 3.90e-4) and FCGRT
(p = 4.50e-4). Themost significantly downregulated genes include CCL18
(p = 9.10e-4), RAD51C (p = 1.10e-3) and CD53 (p = 1.60e-3). DAVID
enrichment analysis of theseDEGs indicated that the upregulated genes in
the carcinoma cells of responders were significantly enriched with func-
tional terms related to apoptosis (FDR = 2.17e-6) and TNF signaling
pathway (FDR = 3.32e-5) (Fig. 2F).On the other hand, the downregulated
genes were significantly enriched with functional terms related to cell
adhesion molecules (FDR = 6.28e-5) and neutrophil chemotaxis (FDR =
1.04e-4) (Fig. 2F). In addition, compared to non-responders, the
responders showed an increased squamoid program (p = 1.22e-3) and
adhesive state (p = 1.26e-3), as well as a decreased cyclining_G2/M state
(p = 1.56e-3) (Fig. 2G). These findings were supported by histopathologic
observations, which showed more squamoid and less high grade dis-
cohesive morphology in responders than non-responders (Fig. 2H).

Effects of NAT on the TME of PDAC
Wethenexamined the effect ofNATonPDACTMEbycomparing the gene
expression profiles in the TME AOIs of the NAT group versus the naive
group.After controlling age, gender, carcinomagrade and size, we identified
52NAT-inducedDEGs in the TMEAOIs, including 28 upregulated and 24
downregulated (Fig. 3A, Supplementary Data 2). The top significantly
upregulated genes include CDKN1A (p = 3.82e-4), MDM2 (p = 8.04e-4),
FAS (p = 2.72e-3) and IL6ST (p = 0.0055). The top significantly down-
regulated genes include HDAC2 (p = 2.85e-5), TPM1(p = 7.21e-4), ACTB
(p = 2.28e-3) and PKM (p = 0.0033). Remarkably, there were five comple-
ment genes (C1R,C1S,C3,C4B andC7) among the significantlyupregulated
genes, suggesting that NAT induced a coordinated upregulation of com-
plement pathway genes in the TME of PDAC.

DAVID enrichment analysis of these significantly upregulated DEGs
showed that NAT upregulated significantly more functional terms in the
TME than in the carcinoma cells of PDAC. Among those, there were three
highly enriched terms related to complement pathway (Fig. 3B), including
KW-0180~Complement pathway (FDR= 1.04e-5), GO:0006958~Com-
plement activation, classical pathway (FDR = 1.06e-2), and has04610~-
Complement andcoagulation cascades (FDR = 1.28e-3).Additionally, there
were functional terms related to immunity, including KW-0399 Innate
immunity (FDR = 9.61e-3); and multiple pathways related to cancer
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Fig. 3 | Impact of NAT on PDAC TME. A Volcano plot displaying differentially
expressed genes (DEGs) in the TME of PDAC induced by NAT. B Chord diagram
illustrating the relationship between individual DEGs and the enriched pathways.
The five NAT-upregulated complement genes are broadly associated with immu-
nomodulation pathways. C Volcano plot displaying DEGs in the TME when com-
paring responders versus non-responders of the NAT group. D Chord diagram
illustrating the relationship between individual DEGs and the enriched pathways
when comparing responders versus non-responders of the NAT group. E Venn

diagram showing the overlap of upregulated (red font) and downregulated (blue
font) genes in TME AOIs when comparing the entire NAT group (yellow), the
responder subgroup (red), and the non-responder subgroup (blue) against the naïve
group. Notably, the five complement genes were upregulated only in the responder
subgroup. F Dot plot showing the most significantly enriched pathways in com-
parisons between responders vs. the naïve group (left), non-responders vs. the naïve
group (middle), and responders vs. the non-responders (right).

Fig. 2 | Impact of NAT on carcinoma cells in PDAC. A Volcano-plot showing
differentially expressed genes (DEGs) in carcinoma cells induced by NAT. B Chord
diagram illustrating the relationship between individual DEGs and the enriched
pathways induced by NAT in carcinoma cells. C Impact of NAT on malignant cell
lineage programs (top) and malignant cell states (bottom). NAT significantly
upregulated the acinar program and downregulated the Cycling_G2/M state. TNF-
NFκB signaling showed a decrease with marginal statistical significance.
D Histologic evaluation showing that the NAT-treated carcinoma cells (bottom)
exhibit significantly increased apoptosis (solid arrowhead), decreased mitosis (open
arrowhead), and cytoplasmic vacuolization compared to naïve carcinoma cells (top),
consistent with transcriptomics findings. E Volcano-plot showing DEGs in the
carcinoma AOIs when comparing responders to the non-responders in the NAT
group. F Chord diagram illustrating the relationship between individual DEGs and

the enriched pathways when comparing responders versus non-responders.
G Differences in malignant cell lineage programs (top) and malignant cell states
(bottom) between responders versus non-responders in the NAT group. The
squamoid lineage program and adhesive malignant state were significantly upre-
gulated, whereas the cycling_G2/M state was significantly downregulated. H H&E
images of a carcinoma AOI in a non-responder (top, patient#33, Cycling-G2/M
score = 20.2, squamoid signature score = 25.7, adhesive state score = 19.5) versus a
carcinoma AOI in a responder (lower, patient #25, Cycling-G2/M
Score=14.2 squamoid signature Score=45.8, adhesive state Score=34.0). Overall, the
carcinoma AOIs in the non-responder show more discohesive and less squamoid
morphology with more mitoses, consistent with the transcriptomics findings.
(#p < 0.1; *p < 0.05; **p < 0.01).
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signaling such as hsa04115 p53 signaling pathway (FDR= 1.73e-4). To
illustrate the gene components for these enrichment terms, a chordmapwas
made for the most significantly enriched functional terms and their related
genes. The 5 complement genes (C1R, C1S, C3, C4B and C7) contribute to
not only complement-related pathways, but also other key functional terms
related to innate and adaptive immunity (Fig. 3B). Thesefindings imply that
NAT-induced upregulation of complement gene expression within TME
may serve as a local regulatory hub in the TME and contribute to the overall
immunomodulation in PDAC.

Next, we compared the gene expression profiles in the TME AOIs of
the responders versus the non-responders in the NAT group. After con-
trolling for age, gender and other clinicopathological factors, we identified
139 DEGs in responders when comparing to non-responders, including 62
up- and 77downregulated genes (Fig. 3C, SupplementaryData 2). Themost
significantly upregulated genes include HLA-DRB5 (p = 1.34e-4), ILF3
(p = 1.15e-3) and POLR2A (p = 1.40e-3). The most significantly down-
regulated genes include ITGB1 (p = 4.37e-4), NTSE (p = 8.40e-4) and SIX1
(p = 5.28e-3). DAVID enrichment analysis indicated that the DEGs upre-
gulated in the TME of the responders were significantly enriched with
functional terms related with MHC Class II protein complex binding
(enrichment fold = 58.60, FDR = 3.23e-4), Th1 and Th2 cell differentiation
(enrichment fold=12.01, FDR = 6.64e-4) and Th17 cell differentiation
(enrichment fold=13.15, FDR = 2.31e-5) (Fig. 3D). Interestingly, we found
that the NAT-induced TME complement upregulation was only seen in
responders but not in non-responders when compared to the naïve group
(Fig. 3E). Enrichment analysis showed that while some pathways were
enriched in both responders and non-responders (such as cellular senes-
cence, p53 signaling and FoxO signaling), pathways related with comple-
ment activation and immunomodulation (such as MHC Class II protein
complex binding, antigen processing and presentation, Th1/Th2

differentiation, and Th17 differentiation, etc.) were only enriched in
responders (Fig. 3F). These findings suggest that complement upregulation
may be associated with immunomodulation and treatment response.

To investigate how NAT influences the tumor immune micro-
environment (TIME) in PDAC, signature scores for all major immune cell
types were calculated for each TME AOI and tested for association with
NAT while controlling age, gender, carcinoma grade and stage. There was
no statistically significant change of signature scores for most types of
immune cells in the TIME of the NAT group compared to the naïve group,
except for mast cells which were increased with a marginal statistical sig-
nificance (p = 0.09) (Fig. 4A). Next, we studied the effect of NAT on the
cancer-associated fibroblasts (CAFs) using the expandedCAF classification
system recently defined by Hwang et al. in 202225, in which CAFs are
categorized into four specific programs based their gene expression profiles,
including myofibroblastic, adhesive, immunomodulatory, and neuro-
trophic CAFs.We computed signature scores for all four programs of CAFs
within each TME AOI and analyzed the association with NAT while con-
trolling for age, gender, carcinoma grade and size. We found that immu-
nomodulatory CAFs (p = 0.023) and neurotropic CAFs (p = 0.002) were
significantly increased in the NAT group compared to the naïve group (Fig.
4B). To test what types of cells in the TME are responsible for the NAT-
induced complement upregulation within TME, we studied the correlation
between the expression level of C3, the most abundant complement com-
ponent, and the signature scores for all major types of CAFs and immune
cells. We found that the C3 expression level is most significantly correlated
with the signature scoreof immunomodulatoryCAFs (R = 0.65,p = 1.80e-5,
Fig. 4C), suggesting that immunomodulatory CAFs are likely the major
source of NAT-induced complement upregulation within TME.

To validate these findings of our spatial transcriptomics study, we
analyzed a single-nucleus RNA (snRNA-seq) sequencing dataset from

Fig. 4 | Impact of NAT on CAFs and immune cells in the TME of PDAC.
A Quantitative analysis of signature scores for all major types of immune cell in the
tumor immune microenvironment (TIME) in the naïve and NAT groups. No sta-
tistically significant changes were observed, except for a marginal increase in mast
cell numbers. B NAT significantly increased immunomodulatory CAFs and the
neurotrophic CAFs, with no significant changes observed in other CAF subtypes.

CComplementC3 expression levels withinTMEare significantly correlatedwith the
signature score of immunomodulatory CAFs (R = 0.65, p = 1.8e-5). D snRNA-seq
analysis demonstrating a significant increase in the number of complement C3
expressing CAFs following NAT. The percentages of C3 expressing CAFs in each
subtype and corresponding p-values are indicated in the upper right corner.
(#p < 0.1; *p < 0.05; **p < 0.01).
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Hwang et al. 25, which was archived in the single cell portal. This dataset
encompassed the gene expression profiles of 22,164 genes across 88031 cells
from 15NAT-naïve patients and 50516 cells from 11NAT-treated patients.
Our analysis revealed a significant increase of C3 expression in CAFs of the
NAT-treated patients compared to NAT-naïve patients (p = 0.044). Based
on generalized linear mixed model analysis, the proportion of C3 high
expression CAFs was found to be significantly higher in NAT-treated
patients than NAT-naïve patients, (10.66% vs. 5.03%, p = 0.012). (Fig. 4D).
In contrast, no notable changes in C3 expression level were observed in
other types of cells including carcinoma cells, immune cells and endothelial
cells. Amore detailed analysis on subtypes of CAFs showed that all subtypes
ofCAFs exhibited increased complementC3 gene expression, with themost
pronounced increases observed in immunomodulatory andmyofibroblastic
CAFs. These results not only validated our spatial transcriptomics findings
on NAT-induced C3 upregulation in a different cohort of patients, but also
provided direct evidence that the CAFs represent the primary contributing
cells of the complement gene expression upregulation in post-NAT TME.

NAT-induced upregulation of complement expression within
TME is associated with immunomodulation and improved
survival
To assess the clinical and prognostic significance of NAT-induced com-
plement upregulation within TME, we stratified the NAT group into the
high and low complement subgroups based on clustering analysis of the
mean expression levels of the five complement genes upregulated in the
post-NAT TME (C1R, C1S, C3, C4B, C7). Out of the 23 NAT-treated
patients in our cohort, 9 were clustered into the high complement subgroup
and 14 into the low complement subgroup (Fig. 5A). To elucidate how the
upregulated complement expression regulates the tumor immune micro-
environment, we compared the signature scores for all immune cells and
CAF subtypes between the high and low complement subgroups of NAT-

treated patients. Our results showed that the high complement subgroup
exhibited significantly higher signature scores for mast cell (p = 0.037) and
CD4+ T cells (p = 0.039), as well as significantly higher signature scores for
immunomodulatory (p = 2.80e-3) and neurotrophic subtypes of CAFs
(p = 3.6e-2) compared to the low complement subgroup (Fig. 5B and C). In
addition, thehigh complement subgroup also showed anotable reductionof
expression for immune exhaustion gene signature (p = 0.038) while main-
taining stable expression of immune cell cytotoxicity gene signature com-
pared to the low complement subgroup (Fig. 5C). Further analysis using
snRNA-seq data from Hwang et al.25. revealed reduced expression of
immune checkpoint gene CD274 (p = 0.019) and immune exhaustion gene
TIGIT (p = 0.034) in NAT-treated patients compared to naïve patients.
These results suggest that NAT-induced upregulation of complement gene
expression within TME may lead to reduced immune exhaustion and
immunosuppression in PDAC.

Next, we examined if treatment response is associated with NAT-
induced upregulation of complement expression within TME. We found
that NAT-induced upregulation of TME complement expression was only
significant in the responders but not in the non-responders when compared
to the naïve group (Fig. 5D). In addition to the 5 complement components
(C1R, C1S, C3, C4B and C7) that were significantly upregulated when
comparing the entire NAT group to the naïve group, C1QA, another
component in the classical complement activation pathway, also showed
significant upregulation when comparing only the responders to the naïve
group (Fig. 5D).We then compared the signature scores for all major types
of immune cells in the TME between responders and non-responders. In
addition to significantly increased CD4+ T cells (p = 0.0021), the respon-
ders also exhibited significantly increased macrophages (p = 0.037) and
monocytes (p = 0.0003), along with a significant decrease in Treg cells
(p = 0.043) (Fig. 5E). Similarly, the responders showed significantly
increased immunomodulatoryCAFs, decreased immune exhaustion scores,

Fig. 5 | NAT-induced upregulation of complement expression in TME is asso-
ciated with immunomodulation and reduced immune exhaustion. A Heatmap
displaying the expression levels of the five key complement genes (C1R, C1S, C3,
C4B, C7) that are upregulated by NAT in the TME of the NAT group. Unsupervised
clustering segregates patients in NAT-group into high and low TME complement
groups. B Box plot showing that the high TME complement subgroup has sig-
nificantly increased numbers of mast cells, CD4+ T cells and monocytes compared
to the low TME complement subgroup. C The high TME complement group
exhibits significantly increased immunomodulatory CAFs compared to the low
TME complement group. Additionally, the high TME complement subgroup shows
significantly decreased immune exhaustion signature score and no significant

change in immune cytotoxicity signature score.DBar plot illustrating the expression
levels of 5 complements (C1R, C1S, C3, C4B, C7) in the TME AOIs across the naïve
group, the responder subgroup, and non-responder subgroup. E Box plot demon-
strating that compared to the non-responder subgroup, the responder subgroup has
significantly increased numbers of CD4+ T cells, monocytes andmacrophages; and
significantly decreased number of regulatory T (Treg) cells. F Responders show a
significant increase in immunomodulatory CAFs compared to non-responders.
Additionally, responders exhibit significantly decreased immune exhaustion sig-
nature scores and no significant change in immune cytotoxicity signature scores
when compared to non-responders. (ns, not significant; *p < 0.05;
**p < 0.01; ***p < 0.001).
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and similar immune cytotoxicity scores when compared to the non-
responders (Fig. 5F).

To investigate the clinical and prognostic significance of complement-
mediated immunomodulation, we conducted a multivariate Cox propor-
tional hazard ratio analysis. This analysis identified a high TME comple-
ment level as an independent favorable prognostic factor for NAT-treated
patients (hazard ratio = 0.21; 95% Confidence Interval (CI): 0.06 to 0.81,
p = 0.023) (Fig. 6A). In contrast, a positive surgical resection margin (R1)

was recognized as an independent adverse prognostic factor (HR = 5.45,
95% CI = 1.28-23.27) (Fig. 6A). Kaplan-Meier analysis indicated that the
high complement subgroup demonstrated a significantly better overall
survival compared to the lowcomplement subgroup (p = 0.023) and showed
amarginally better survival trend compared to thenaïve group (p < 0.1).The
survival rates of the low complement subgroup rates were not significantly
different from those of the naïve group (Fig. 6B). Additionally, while the
responders to NAT exhibited significantly better overall survival than the

Fig. 6 | The prognostic relevance of NAT-induced upregulation of TME com-
plement. A Forest plot of multivariate Cox proportional hazards analysis showing
high TME complement level is an independent favorable prognostic factor forNAT-
treated patients (HR = 0.21; 95%CI: 0.06-0.51; p = 0.023). Positive surgical resection
margin (R1) is an independent poor prognostic factor for NAT-treated patients
(HR = 5.46; 95% CI: 1.28-23.27, p = 0.022). B Kaplan-Meier survival curves com-
paring overall survival rates among the high TME complement subgroup (red line),
the lowTME complement subgroup (blue line) and the naïve group (green line). The
high TME complement subgroup exhibits significantly improved overall survival
compared to the low TME complement subgroup and marginally improved overall
survival compared to the naïve group. No statistically significant difference was

observed between the low TME complement subgroup and the naïve group.
CKaplan-Meier survival curves comparing the overall survival among the responder
group (dark brown), the non-responder group (light brown) and the naïve group
(black). The responders showed significantly improved overall survival compared to
the non-responders. No statistically significant difference was observed in overall
survival between the responders and the naïve group. D Schematic representation
summarizing how NAT differentially remodels carcinoma cells and the TME of
PDAC. While NAT increases apoptosis and decreases the proliferation and G2/M
phase cycling in carcinoma cells, it has broad immunomodulatory effects on the
TME through upregulating local complement expression and signaling. (ns, not
significant; #p < 0.1; *p < 0.05; **p < 0.01; ***p < 0.001).
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non-responders (p = 0.0006), its overall survival was not significantly dif-
ferent from that of the naïve group. In contrast, the non-responders
exhibited significantly worse overall survival than both the responders and
the naïve group (p = 0.0016) (Fig. 6C).

To further clarify the link between the elevated complement expression
in TME and survival benefits in post-NAT patients, we also conducted a
longitudinal paired analysis of complement C3 level in the TME of the four
patients for whom we had both pre-NAT biopsy and post-NAT resection
samples. We examined the changes in TME C3 expression levels and their
correlation with clinical outcomes. Among these 4 patients, two of them
displayed a significantly increased TMEC3 expression level following NAT
and showed improved overall survival compared to the rest two patients
who did not show an increase in TME C3 level post-NAT (Supplementary
Fig. 4). These results imply that patients with a significant upregulation of
TME complement level in response to NAT could be indicative of an
improved overall survival.

Discussion
Our results revealed that NAT differentially remodels the carcinoma cells
and the TME of PDAC through distinct mechanisms. By comprehensively
comparing the spatial transcriptomic profiles of more than 1800 genes
related to cancer biology, TME and immune responses between a sizable
cohort of patients treated with NAT versus those who were NAT-naïve, we
demonstrated that NAT induced 44 DEGs in carcinoma cells and 52 DEGs
in the TME. Gene set enrichment (GSE) analysis revealed nine significantly
up- or downregulated gene sets and functional terms in NAT-treated car-
cinoma cells, compared to 61 in NAT-treated TME. These results indicate
that NAT may exert a more extensive and profound remodeling effect on
the TME than on the carcinoma cells per se. In NAT-treated carcinoma
cells, most DEGs are associated with apoptosis regulation, cell cycle control,
andDNArepair. Among them, themost significantly upregulatedDEGwas
DDB2 (p = 0.00077), which encodes DNA damage-binding protein 2, a
nuclear protein crucial for DNA repair and genomic stability. Additionally,
DDB2 has been shown to suppress epithelial-to-mesenchymal transition
(EMT) and enhance sensitivity to chemotherapy in PDAC39. Conversely, in
the TME of NAT-treated PDAC, most DEGs are associated with comple-
ment signaling and regulation of innate and adaptive immune function.
Among them, the most significantly downregulated DEG was HDAC2,
which encodes histone deacetylase 2, a transcription factor capable of
inducing inflammatory gene expression inCAFs and supporting carcinoma
growth in PDAC. Recent studies have demonstrated the role of HDAC2 in
facilitating pancreatic cancer metastasis40.

Notably, we observed a coordinated upregulation of five key comple-
ment genes (C3, C4B, C7, C1R, C1S) in the TME of NAT-treated PDAC as
compared to those not treated byNAT.Due to the collective upregulation of
thesefive complement genes, the complement pathway emergedas themost
significantly enriched pathway (FDR = 1.04 × 10−5) among the NAT
upregulated gene sets. It is worth emphasizing that this NAT-induced
upregulation of complement expression was spatially confined to TME.
Traditionally, complement proteins were primarily considered to be pro-
duced in the liver and circulating in the bloodstream to aid the immune
function by opsonization41. However, our results suggest that the comple-
mentsmay also be produced locally within TMEand play an important role
in regulating immune response. Analysis of snRNA-seq data validated our
spatial transcriptomics findings, and pinpointed CAFs as the primary
mediators of this NAT-induced upregulation of complement within TME,
while complement gene expression in carcinoma cells and immune cellswas
not notably changed.Asfibroblasts are themost abundant cell type inTME,
our results suggest that CAFs are likely the main factor contributing to the
local production of complement proteins within the TME of PDAC.

Our findings align with several recent single-cell or single-nucleus
RNA-sequencing (sc/snRNA-Seq) studies. In 2021, Chen et al. identified a
distinctive subtype of CAF, which they named “complement-secreting
CAFs” (cs-CAFs), characterized by their enrichment with complement
system genes. They found that cs-CAFs were predominantly located near

malignant glands, andmainly existed in early-stage and diminished in late-
stage PDAC42. Recently, Croft et al. demonstrated that some CAFs located
moredistant frommalignant glands can alsoproduce complement proteins,
and their increase was associated with improved patient survival43. In 2022,
Hwang et al.25 expanded the CAF classification system to include four
subtypes: myofibroblastic, adhesive, immunomodulatory, and neuro-
trophic. They noted an overlap between the latter three subtypes and the
previously defined inflammatory type CAFs. They also showed that
immunomodulatory CAFs are enriched with complement genes25. Simi-
larly, Werba et al. also observed complement gene enrichment in inflam-
matory CAFs34. However, none of these sc/snRNA-Seq studies specifically
investigated the impact of NAT on complement gene expression within
TME. Our research, for the first time, demonstrated a NAT-induced
upregulation of complement expression in CAFs. Further studies, especially
those using single-cell spatial transcriptomics, are warranted to characterize
how NAT influences the spatial distribution and adaptability of different
subtypes of CAFs. A recent study by Shiau et al. using single-cell spatial
transcriptomics revealed that NAT induced significant changes in the
interaction strength between malignant cells and inflammatory CAFs
mediated by enriched IL-6ST31. Correspondingly, our study also showed a
significant upregulation of IL-6ST expression in post-NAT TME, con-
tributing to the regulation of immune function (Figs. 3A, C, D). Taken
together, these results suggest that NAT can substantially remodel the TME
and influence the interplay between carcinoma cells and CAFs.

Another interesting finding of our study is that NAT-induced upre-
gulation of complement expression within TME is associated with mod-
ulation of the TIME and decreased expression of immune exhaustion
markers, as demonstrated in our spatial transcriptomics analysis (Fig. 5C)
and validated by the snRNA-seq data. Importantly, the NAT-treated
patients with higher complement expression within TME demonstrated
improved overall survival (Fig. 6B). The detailed cellular and molecular
mechanisms underlying these observations remain to be further elucidated.
It is known that some cleaved complement proteins (such as C3a, C5a, etc.)
are potent chemoattractant and can recruit immune cells into TIME44–46.
Recent evidence also indicated that a tonic level of complements in the
microenvironment is required for maintaining immune cell homeostasis
and function via the non-canonical intracellular complement (i.e., com-
plosome) signaling47,48. For example, studies by Arbore et al., have
demonstrated an essential role of CD46-mediated intracellular complement
signaling in regulating Th1 cell life cycle49 and CD8+T cell effector
function50. In our study, we also found that the interaction strength between
CD46 and complement C3 was significantly increased in the high com-
plement subgroup as compared to the low complement subgroup (p = 2e-8)
and the naïve groups (p = 4e-6). Furthermore, the high complement sub-
group showed significant enrichment of the Th1/Th2 cell differentiation
pathway, as compared to the naïve group (enrichment fold =13.7, p = 4e-4,
FDR=2e-3). This enrichment was not observed when comparing the low
complement subgroup to the naïve group. These results suggest that a
similar complosome signaling mechanism, as demonstrated by Arbore
et al.49 may be involved in regulating the life cycle of Th1 cells in the TME of
NAT-treated PDAC. These findings suggest that TME complement may
serve as a regulatory hub for innate and adaptive immune functions via
canonical and non-canonical signaling mechanisms. Future studies using
single-cell spatial RNA sequencing to more accurately quantify Th1 cells
within TME would greatly enhance our understanding of how local com-
plement influences the dynamics of CD4+ T cell differentiation
within TME.

Our study is the first spatial transcriptomics study specifically aimed at
comparing the differential remodeling effect ofNATon carcinoma cells and
the TME using FFPE tissue of primary PDAC. The cohort size is relatively
limited, yet comparable tomultiple scRNA-seq studies recently published in
the field 23,25,34,42,43,51. The main limitation of our approach is that the spatial
transcriptomicsmethodusedhere cannot achieve single-cell resolution.The
digital micromirror device (DMD) used by the Nanostring GeoMx DSP
system for segmentation provides an optical spatial resolution of 10
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microns. While this resolution is typically sufficient for separating most
carcinoma and TME AOIs defined in our study (all of which contained at
least 100 cells), the heterogeneity of PDACcan sometimesmake an accurate
segmentation challenging21. For example, PDAC can exhibit areas with
highly convoluted tumor-stroma interface; sometimes even single or small
clusters of PDAC cancer cells buried in abundant dense desmoplastic
stroma52.On the other hand, carcinomaAOIsmaybe infiltrated by immune
cells, such as tumor-infiltrating lymphocytes (TILs), tumor-associated
macrophages (TAMs), or neutrophil extracellular traps (NETs), further
complicating precise segmentation. These features can result in mixed sig-
nals from both carcinoma and TME AOIs, leading to the formation of an
intermingled cluster. Additionally, although not common, PDAC cells may
undergo epithelial-mesenchymal transition andexhibit characteristicsmore
closely resembling those of the TME53. This could also potentially cause
them to cluster more closely with TME AOIs in the UMAP space. These
technical and biological factorsmay contribute to the suboptimal separation
of a minority of carcinoma and TME AOIs in our study, shown as a partial
overlap at the tails of the carcinoma and TME AOI clusters in the UMAP
space (Fig. 1D). This is a typical example that calls for the high dimensional
multiplex immunohistochemistry and single-cell spatial RNA sequencing
for more definitive and accurate characterization of PDAC in its intact
microenvironment.

On the other hand, since there is no cell isolation and processing
needed as in single-cell or single-nucleus RNA-seq, the method used in our
study reduces technical variability and batch effect and is not impacted by
the artifactual transcriptomics changes due to the procedure-induced cell
stress. This is especially important for PDAC in which all cellular compo-
nents are buried in excessive dense extracellular matrix which makes cell
isolationparticularly challenging. In addition, bypoolingmRNAs fromeach
AOI, thismethod can achieve highermRNAconcentrationper sample, thus
facilitating deeper sequencing and reduced dropouts, thereby enhancing the
signal-to-noise ratio. Consequently, it enables more robust detection of
weakly expressed genes. Recently, the scRNA-seq study by Werba et al.
observed generally decreased cell-cell interaction and high volume of
putative interactions between CAFs and tumor-associated macrophages
(TAMs) in the TME of NAT-treated PDAC34. No difference was noted in
CAF subpopulation distributions between NAT-treated vs. naive groups34.
Hwang et al. discovered that NAT could increase the adhesive CAFs and
decrease the myofibroblast CAFs. They also found that the number of
immunomodulatory CAFs was higher in patients treated with regular NAT
than those with NAT plus losartan25. In the most recent study using single-
cell spatial transcriptomics, Shiau et al. showed a marked increased ligand-
receptor interaction between CAFs and malignant cells in NAT-treated
PDAC31. Therefore, our data have not only confirmed previous sc/snRNA-
seq studies but also provided additional valuable insights thanks to the
preserved spatial context.

The interesting findings from our study call for further investigations
on the molecular mechanisms by which local complement signaling mod-
ulates immune cells functions within TME.The complement systemplays a
pivotal role in regulating both innate and adaptive immune functions in
inflammatory and neoplastic conditions through both canonical and non-
canonical pathways. For instance, Kumar S. et al. demonstrated that
adventitial fibroblasts activated by pulmonary hypertension could release
complement proteins through paracrine secretion of extracellular vesicles,
subsequently reprogramming macrophage metabolism54. In addition,
Arbore G et al., demonstrated that intracellular complement signaling was
crucial for regulating both the Th1 cell life cycle and CD8+T cell effector
function49,50. Under neoplastic condition, studies have shown that che-
motherapy can enhance extracellular vesicle release of complement proteins
in breast cancer models and paradoxically increase the risk of lung
metastasis55,56. On the other hand, other studies demonstrated that com-
plement was a central mediator of radiotherapy-induced anti-tumor
immunity57. These studies highlight the dual functionality of complement
signaling as a double-edge sword. Further research is needed to gain deeper
understanding of the context-dependent effect of complement signaling on

tumor and immune cells within TME. Such knowledge could pave the way
for new therapeutic strategies that target the dynamics of local complement.

In conclusion, by using spatially resolved transcriptomics, we
demonstrated that NAT remodels the carcinoma cells and the TME of
PDACs through different mechanisms. NAT can significantly upregulate
complement gene expression within TME, which is associated with
immunomodulation and improved survival. These results suggest thatNAT
may potentially attenuate immune cell exhaustion and enhance immune
surveillance in some PDAC patients by upregulating local complement
production and signaling. Those patients who did not respond toNATwith
a significant upregulation of TME complement may have more immune
exhaustion and thus benefit from combinational immune checkpoint
blockade therapy. Therefore, assessment of the local complement dynamics
in the TME may provide more accurate prognostic guidance for NAT-
treated patients, which may help to stratify them for more tailored down-
stream interventions. Further analyses, especially single-cell spatial tran-
scriptomics within intact spatial context, are warranted to further elucidate
the detailed cellular and molecular mechanisms of complement-mediated
immunomodulation and its potential therapeutic implications.

Methods
Patient cohort and data collection
This study was performed in accordance with the Declaration of Helsinki.
The study protocols were approved by the Institutional Review Boards at
University of Wisconsin—Madison (IRB#2018-1510, Protocol UW18144)
and New York University Grossman Long Island School of Medicine (i23-
00536). As this is a purely retrospective and observational study and only
used tissue sections cut from archived formalin-fixed, paraffin-embedded
(FFPE) tissue block without utilizing any fresh tissue from any human
research participants, the requirement for informed consent was waived by
the institutional ethics committees. All slides were de-identified before
whole slide scanning. We retrospectively reviewed PDAC patients who
underwent surgical resection at UW-Madison between 2015 to 2020. To
protect patient privacy and confidentiality, all clinical data collection pro-
tocols were reviewed and approved by Institutional Review Boards (see
protocol numbers above). The inclusion criteria were PDAC patients aged
18–80 years from both genders. Patients with incomplete clinicopathologic
information or those with incomplete archived slides or blocks were
excluded. From this review, 36 patients were identified asmeeting the study
criteria, including 23 patients who hadNAT (either chemotherapy alone or
in combination with radiation) before surgery, and 13 patients who
underwent upfront surgical resection without any forms of NAT who were
selected using case-control matching to ensure statistical control over any
potentially confounding clinicopathologic variables, such as age, gender,
tumor size, grading etc. Chi-squared test showed no statistically significant
differences in any of these factors between the NAT and the naïve groups
(Supplementary Table 1). The response to NAT treatment was graded by
histopathologic evaluation based on the American Joint Committee on
Cancer/College of American Pathologists Tumor Regression Grading sys-
tem (AJCC/CAP-TRG). The pertinent clinicopathological information was
retrospectively collected by reviewing electronic medical records under the
IRB-approved protocols. These data were de-identified prior to analysis.
Among the 23 patients in the NAT group, 17 patients received multiple
cycles of FOLFORINOX, and 6 patients received multiple cycles of gem-
citabine andAbraxane.Ninepatients received concurrent radiation therapy.
For all patients, only resection specimenswereused, except for 4patients, for
whom the pre-NAT biopsies were also included for a paired comparison
with their corresponding post-NAT resection specimen.

Sample preparation for NanoString GeoMx DSP
Serial sections (4-μm in thickness) were cut from the selected formalin-
fixed, paraffin-embedded (FFPE) tissue block for the consecutive H&E
staining and immunofluorescence staining forDSP (Digital Spatial Profiler)
experiment. ForDSP experiment, sections were baked at 60 °C for 1.5 h and
deparaffinized in CitriSolv. fter rehydration, sections were incubated in
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100 °C 1xTris-EDTA/pH9 buffer for 15min for antigen retrieval. After
digestion and post-fixation, all sections were hybridized to UV-
photocleavable barcode-conjugated RNA in situ hybridization probe set
(Nanostring CTA, 1812 gene targets) overnight at 37 °C. Then, all slides
were washed to remove off-target probes. Next, slides were used for
immunofluorescence staining with morphology markers set, which con-
tains 1:10 SYTO13 (Thermo Fisher Scientific, cat. no. 57575), 1:20 anti-
panCK-Alexa Fluor 532 (clone AE-1/AE-3; Novus Biologicals, cat. no.
NBP2-33200AF532), and 1:100 anti-αSMA-Alexa Fluor 647 (clone 1A4;
Novus Biologicals, cat. no. IC1420R) in blocking buffer (NanoString). For
each slide, 2–5 ROIs (Regions of Interest) with the most representative
morphology were selected. Each ROI was segmented into carcinoma AOI
(area of illumination, panCK+, SMA-) and TME AOI (panCK-, SMA+)
using the scanned immunofluorescence image. Photocleavage of spatially
indexed barcode and sample collection were done on GeoMx DSP equip-
ment (NanoString). Samples obtained fromeachAOIwere collected in a 96-
well plate. RNA Libraries were prepared according to the manufacturer’s
instructions. Then, Next Generation Sequencing (NGS) read-out was done
using an Illumina NextSeq 550AR sequencer. The data was exported as
digital count conversion (DCC) files which were used for analysis using R
and Bioconductor packages.

Data pre-processing and normalization
We followed a published online R and Bioconductor GeoMx-NGS work-
flow (NanoString Technologies, Inc) for QC (quality control), pre-
processing and normalization of raw GeoMx DSP count files and meta-
data. The website of the workflow is https://bioconductor.org/packages/
devel/workflows/vignettes/GeoMxWorkflows/inst/doc/GeomxTools_
RNA-NGS_Analysis.html. In brief, the workflow included data loading
(DCC, PKC and annotation files) and illustration of study design using
Sankeydiagram(Supplementary Figure 1). The loadeddata thenunderwent
QCandpre-processing steps, including segmentQC for everyAOI segment
(e.g., removing segmentswith >1000 raw reads and thosewith less than 80%
rate for aligned percentage, trimmed percentage or stitched percentage),
probe QC to remove low-performing probes, creation of gene-level count
data by combining counts across multiple probes of a gene via geometric
mean, and determination of limit of quantification (LOQ) of each segment
based on the distribution of negative control probes. Based on the calculated
LOQ, thenumber of detected geneswasdecided for each segment. Segment-
wise gene detection rate was inferred, and those segments with less than 1%
of gene detection rate were removed. Similarly, the detection rate for each
gene across the studywas determined and those genes detected in <5%of all
segments were removed. Based on the filtered gene expression matrix, the
GeoMx data were normalized using Q3 (3rd quartile) normalization. The
Q3 normalized data were then used for downstream data analyses.

Unsupervised analysis
The UMAP method was used to visualize the segment-level data in two
major dimensions (UMAP1 and UMAP2) by using the UMAP R package.
Unsupervised hierarchical clustering of all genes was performed using
pheatmap package by first conducting log2 transformation of the data,
followed by selecting highly variable genes (i.e., those of top 20 percentile of
coefficient of variation of gene expression) to be included in the cluster
heatmap. Similarly, unsupervised hierarchical clustering of 5 complement
genes (C3, C1S, C1R, C4B and C7) was performed with the pheatmap
package using subject-wise average of gene expression values of these 5
complement genes in the TME.

Differential expression analysis
Linear modeling analysis implemented in R was conducted to detect the
effect of NAT on gene expression profiles in either the carcinoma cells
AOIs or the TME AOIs. Specifically, the log2 transformed subject-wise
average of gene expression of carcinoma AOIs or the TME AOIs was
modeled as the dependent variable, with independent variables including
treatment status (i.e., NAT vs. naïve), age, gender, pathology grade and

size of the tumor. The estimate and the p value for the regression coeffi-
cient for treatment status (NAT-treated vs. naïve) were used to represent
the effect of differential expression induced by NAT. To illustrate the
differential expression, volcano plots were made with EnhancedVolcano
package (version 1.13.2).

Signature scores for immune and fibroblast cell types
Signature scores for immune cell types of eachAOIwere computed from the
gene expression matrix with SpatialDecon package (version 1.4.3). Scores
for other signature scores, includingMalignant State Programs (i.e., cycling
(S), cycling (G2/M), MYC signaling, adhesive, ribosomal, interferon sig-
naling and TNF-NFkB signaling), Malignant Lineage Program (i.e., acinar-
like, classical-like, basaloid, squamoid, mesenchymal, neuroendocrine-like,
neural-like progenitor) and Fibroblast Programs (i.e., adhesive, immuno-
modulatory, myofibroblastic and neurotropic) were inferred based on
geometric average of signature genes as described byHwang et al. in 202225.
The signature score for ImmuneExhaustionwas inferred from the signature
genes as provided in Werba et al., in 202334 (Supplementary Note 1). The
SpatialDecon R package58 was used to compute the signature score of
immune cells (i.e., mast cells, CD4+ cells, CD8+ cells etc.) using the
quantile normalized gene expression matrix. The same linear modeling
analysis was used to test the effect of NAT on the above-inferred signature
scores.

Gene set enrichment analysis
The differentially expressed genes with p value < 0.05 were submitted to
DAVID enrichment analysis portal (https://david.ncifcrf.gov/home.jsp) for
gene set enrichment analysis59,60. To infer up- or downregulated gene sets,
the up- or downregulated genes were submitted for analysis separately. To
visualize the enriched gene sets, dot plotsweremadewith ggplot2R package
(v3.4.2) and chord maps were plotted with GOplot package (v1.0.2).

Survival analysis
R packages, survival (v3.5.5) and survminer (v0.4.9), were used to make
KaplanMeier (KM) survival curve and compare and test significance for the
difference of survival between different groups of patients. The Cox Pro-
portional Hazards Model was used to test the significance of survival dif-
ferences in groups of patients while controlling for age, gender, tumor size,
and cancer grading.

Single-cell nucleus RNA-seq data analyses
Single-nucleus RNA-seq (snRNA-seq) data of Hwang et al.25. was down-
loaded fromSingleCell Portal at https://singlecell.broadinstitute.org/single_
cell/study/SCP1089 (for 88031 naïve cells from 15 NAT-naïve PDAC
patients) and https://singlecell.broadinstitute.org/single_cell/study/
SCP1096 (for 50,516 treated cells in 11 NAT-treated patients). For the
purpose of this study, we only downloaded the snRNA-seq data of the
already annotated fibroblasts, carcinoma cells, and immune cells.

WeusedSeurat pipeline61,62 for the initial processing andanalyses of the
downloaded data. Themajor analyses involved data merging of treated and
naïve dataset, datanormalization, identificationof 2000most variable genes,
dimensionality reduction and visualization of gene expression in UMAP
plots and highlighting and comparing between treated and naïve groups for
expressionof important genes, such asC3, in specific cell populationswithin
UMAP plots.

To annotate and define subtypes of CAFs, signature genes of each
specific groups asdescribed inHwanget al.25were used. Specifically, if a cell’s
signature gene score for a subtype is higher than the cell’s background gene
score, the cell will be assigned to this subtype. For a given cell, the signature
or background gene score was calculated via the mean of log2 transformed
gene expression values of all genes in different gene signatures. The back-
ground gene set was determined by selecting those genes thatmatchedwith
individual signature genes in terms of ranks of the across-cell mean
expression (i.e., the mean log2 expression) among all expressed genes
in CAFs.
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A linear mixed model was used to compare a gene’s expression in
NAT-treated vs. naïve patients via lme4 package in R. The model was
constructed as: [log2(GE) ~ treatment+ (1|subject)], which accounted for
subject-level random effects. Similarly, using MASS library in R, a gen-
eralized linearmixedmodelwas used to compare theproportionofC3high-
expression cells in NAT-treated vs. NAT-naïve patients. The model was
constructed as: [C3 high-expression cells ~ Treatment, random = ~1|sub-
ject, family = binomial]. Here, a C3 high-expression cell was defined as a cell
with a C3 expression level above the median of all non-zero cells. A similar
approachwith generalized linearmixedmodel was taken to compareNAT-
treated vs. NAT-naïve patients for the proportion of immune cells with a
high expression of immune exhaustion genes (CD274, CTLA4, HAVCR2,
LAG3 and TIGIT), with the median of non-zero cells as the cutoff to define
the cells of high expression for the above genes. For the above analyses, one-
tailed p values were used since the analyses were based on the hypotheses
that there is increased complement gene expression in fibroblasts and
increased fibroblasts with a high expression of complement genes in NAT-
treated patients than naïve-treated patients. Within immune cells, our
hypothesis is that there is a decreased expression of immune exhaustion
genes in NAT-treated patients than naïve patients.

Other analyses
Linear mixed modeling using lme4 package in R was performed to model
the immune cell signature score in anAOI as the dependent variable andC3
expression in the same AOI as the independent variable, and the model’s
regression coefficient (estimated as the fixed effects) may represent the
spatial correlation between the two variables. Additionally, the variation of
the regression line’s intercept across different patients was modeled as
random effects. Specifically, the model was constructed as: [immune cell
signature score in an AOI ~ C3 level in the same AOI+ (1|subject)], which
accounted for subject-level random effects.

Ligand-receptor interaction analysis (C3 × CD46) was performed
following the method as described by Lin et al. in 2021 (Lin et al. Journal of
Translational Medicine (2021) 19:497)63. Specifically, the product of mean
TME expression levels of C3 and CD46 was calculated. The significance of
the product was assessed through a permutation process, where a pair of
genes was randomly selected with the product of their expression values
calculated and such procedure was repeated for 2000 times, with all the
computed products of gene expression values (n = 2000) compiled into a
null distribution. The significance of the product of gene expression values
of C3 andCd46was assessed against the null distribution,with the statistical
significance (the empirical p value) computed as the upper percentile
achieved.

To test for interaction strength of C3 andCD46, the product of C3 and
CD46 expression values was calculated for each subject and linearmodeling
analysis was performed to compare that product values (log2 transformed)
in different groups, controlling for key clinical covariates (age, gender,
cancer grading and tumor size).

We calculated the coefficient of variation (CoV) of expression
levels for each gene across different AOIs from the same subject. The
assessment was performed separately for carcinoma and TME AOIs
in both naïve and treated groups. To describe the central tendency as
well as the dispersion of CoVs for each gene in each of the four
subgroups (i.e., naïve carcinoma AOIs, treated carcinoma
AOIs, naïve TME AOIs, treated TME AOIs), we computed the
median, 1st and 3rd quartile of CoV values for each gene across that
subgroup. These results are presented in Supplementary Figs. 5. The
(subject-wise) medians of CoVs for most genes (93.7–97.4%) are less
than 0.3. Furthermore, for 72.73% to 86.36% of genes, the (subject-
wise) 3rd quartile of CoVs was under 0.3. These results indicate that
the CoVs were generally quite low for most genes across all these four
sub-groups. Importantly, the variation was similar in scale between
naïve and treatment groups, as well as between carcinoma and
TMI AOIs.

Data availability
The spatial transcriptomics data used here along with the metadata were
submitted to NCBI GEO (Gene Expression Omnibus) with an accession
number of GSE240078.

Code availability
All code used for data processing and analysis in this study is provided as
Supplementary Data 3. R version 4.1.2 was used for all data analyses.
Detailed information regarding all software versions and specific analysis
parameters is provided in the Supplementary Information.
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