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C A N C E R

Multiplexed glycan immunofluorescence identification 
of pancreatic cancer cell subpopulations in both tumor 
and blood samples
Braelyn Binkowski1†, Zachary Klamer1†, ChongFeng Gao1, Ben Staal1, Anna Repesh1,  
Hoang-Le Tran1, David M. Brass1, Pamela Bartlett2, Steven Gallinger3, Maria Blomqvist4,5,  
J. Bradley Morrow2, Peter Allen6, Chanjuan Shi6, Aatur Singhi7, Randall Brand7, Ying Huang8, 
Galen Hostetter1, Brian B. Haab1*

Pancreatic ductal adenocarcinoma (PDAC) tumor heterogeneity impedes the development of biomarker assays 
for early disease detection. We hypothesized that PDAC cell subpopulations could be identified by aberrant gly-
can signatures in both tumor tissue and blood samples. We used multiplexed glycan immunofluorescence to dis-
tinguish between PDAC and noncancer cell subpopulations within tumor tissue, and we developed hybrid glycan 
sandwich assays to determine whether the aberrant glycan signatures could be detected in blood samples. We 
found that PDAC cells were identified by signatures of glycans detected by four glycan-binding proteins (VVL, 
CA19-9, sTRA, and GM2) and that there are three types of glycan-defined PDAC tumors: sTRA type, CA19-9 type, 
and intermixed. In patient-matched tumor and blood samples, the PDAC tumor type could be determined by the 
aberrant glycans in the blood. As a result, the combined assays of aberrant glycan signatures were more sensitive 
and specific than any individual assay. Our results demonstrate a methodology to detect and stratify PDAC.

INTRODUCTION
The early detection and treatment of pancreatic ductal adenocarci-
noma (PDAC) results in better patient outcomes for this extremely 
aggressive cancer, but only ~15% of patients are diagnosed at a resect-
able stage (IA, IB, or IIA) where the tumor has not yet spread to ma-
jor blood vessels, regional lymph nodes, or distant organs (1). There 
are currently no biomarker assays that will identify PDAC at an early, 
localized stage when curative resection is an option. A barrier to the 
development of these assays is the heterogeneity between PDAC tu-
mors in the subpopulations of cancer cells they contain. Previous 
studies revealed that PDAC tumors diverge widely in the intratumor 
makeup of the PDAC subpopulations and macromolecular composi-
tions. Two primary PDAC cancer cell subpopulations, termed classi-
cal and basal-like (or squamous), have been identified by gene 
expression profiling on whole-tumor mRNA (2–4), and other, less 
well-characterized PDAC subpopulations have been identified by 
single-cell and spatial transcriptomics analyses (5, 6). One study di-
vided the primary subtypes into five categories (5), while another 
categorized the cancer cells by their subclonal lineages and their 
states (cycling, adhesive, etc.) (6). Some tumors contain mostly basal-
like cancer cells or mostly classical cancer cells, while other tumors 
have a mix of the two (7, 8), together with varying numbers of cancer 
cells that have both classical and basal-like characteristics (7, 9, 10). 
Because of this heterogeneity, no single biomarker assay identifies 
PDACs across their range of subpopulation makeup.

A potential solution to this problem is to use assays that are more 
specific to each subpopulation in combination to complementarily 
detect the individual cancer cells subpopulations that make up 
PDAC tumors. Various approaches have been developed for detect-
ing different cancer cell subpopulations within PDAC tumors. These 
assays include a 16 gene signature (11), multi-protein immuno-
chemical assays (7, 12, 13), and individual immunochemical assays 
used to GATA-binding factor 6 (GATA6) (14) and keratin 17 
(KRT17) (15, 16). These assays could be useful in clinical applica-
tions to differentiate between cancer cell subpopulations and guide 
treatment, such as to predict differential drug responses between the 
classical and basal-like subtypes (17, 18). The assays, however, are 
not suitable for the diagnostic use of subpopulation-linked bio-
markers for the complementary detection of divergent tumors, as 
they are not readily detectable in an easily accessible specimen such 
as blood plasma. An additional challenge is the potential detection 
of noncancer cells and resulting false-positive identifications of the 
current protein biomarkers. The previous studies did not determine 
detection sensitivity relative to all cancer cells or the detection spec-
ificity relative to noncancer cells, although multiple types of non-
cancer cells can also express the transcription factor and keratin 
protein biomarkers that have been identified. Therefore, we sought 
to identify molecular patterns that could distinguish between PDAC 
subpopulations and noncancer cells and that could be detected in 
blood samples (serum or plasma).

All cells are decorated with complex carbohydrate structures 
known as glycans. The cell surface glycome, or the complete array of 
glycans on cell membranes, results through complex biosynthetic 
processes involving multiple enzymes, substrates, and metabolites. 
Hence, the cell surface glycome is not linked to the expression levels 
of any gene or protein but is instead regulated by multiple inputs that 
are specific to each cell type. This specificity is illustrated by glycans 
that are already widely used as cell-type markers, such as the glycans 
bound by CD15 antibodies for neutrophils, CD65s antibodies for 
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myeloid differentiation, and the TRA-1-60 antibody for induced plu-
ripotent stem cells, among others. As cells transform from normal 
cells to abnormal dysplastic cells and then to cancer cells, they acti-
vate biological programs of gene expression and metabolism that are 
not present in the originating cells and that affect the biosynthesis of 
glycans (19–21). PDAC cells have glycosylation distinct from non-
cancer cells and between subsets of PDAC cells, as shown by matrix-
assisted laser desorption/ionization (MALDI) glycan imaging (22). 
Furthermore, cancer-associated glycans can be detected using im-
munochemical assays on both cancer cell surfaces and on cellular 
secretions in the peripheral blood plasma (23), making them ideal 
for improved cancer identification in surveillance and monitoring 
applications. Therefore, identifying how the cancer glycome is com-
posed and develops could increase our ability to identify and stratify 
patients with early-stage PDAC by their unique glycan signatures.

The glycans detected by the CA19-9 antibody and the sialyl tumor-
related antigen (sTRA) assay are established PDAC biomarkers that 
provided impetus to define glycan biomarkers of PDAC subpopula-
tions. The CA19-9 plasma assay is used to confirm diagnoses and 
monitor the trajectory of PDAC (24), but at least half of PDAC cancer 
cell subpopulations in tumors do not produce CA19-9 (25). The glycan 
detected by the sTRA assay is structurally related to the CA19-9 
glycan but is produced by different subpopulations of PDAC 
cells, so that separate subpopulations of PDAC cells display one, 
both, or neither of these two glycans. The CA19-9 exclusive cells 
are epithelial and mostly classical, while the sTRA exclusive cells 
include both epithelial/classical and mesenchymal/basal-like (26), 
indicating a general but not exact correspondence between expression-
based and glycan-based classifications. Owing to the complemen-
tarity of the glycans, a subset of tumors may be detected with CA19-9, 
while another subset is better detected with sTRA. The plasma 
detection of CA19-9 in combination with sTRA identified signifi-
cantly more patients with PDAC than by either individual biomarker 
alone, while maintaining a matched low rate of false-positive iden-
tification (23, 25–28). Therefore, the cancer glycome and the sig-
natures of subpopulation-specific glycans may better identify 
diverse PDAC tumors than any other approach.

We explored whether distinct PDAC subpopulations display dif-
ferent cancer-associated glycan signatures that enable their specific 
detection. We approached this question using multiplexed glycan 
immunofluorescence on primary human PDAC tumors. To our 
knowledge, this study is the first analysis of cancer-associated glycan 
signatures on specific cell populations in primary tumors. We found 
that PDAC cell subpopulations displayed aberrant signatures of gly-
cans that rarely occurred on noncancer cells and that PDAC tumors 
displayed distinct types of intratumoral heterogeneity in their glycan-
defined PDAC subpopulations. The glycan signatures were detectable 
both in the tumor tissue and in the peripheral blood, such that we 
could use blood-based assays to identify the distinct subpopulations 
of PDAC cells in the tumor. As a result, the combined assays for the 
aberrant glycan signatures improved the sensitivity and specificity of 
PDAC detection over any individual assay.

RESULTS
PDAC cells display aberrant glycan signatures
To begin to address the challenge presented by the heterogeneity of 
PDAC cancer cell subpopulations, we asked whether the glycans that 
decorate the cellular plasma membrane—the glycan signature of the 

cell—differ between PDAC cancer cells and noncancer cells (Fig. 
1A). To develop optimized assays for each of these glycan motifs, we 
analyzed glycan microarray data from the CarboGrove database (29) 
to select glycan-binding antibodies and lectins [glycan-binding pro-
teins (GBPs)] (Fig. 1B and table S1) that specifically bind to PDAC-
associated glycan motifs in addition to the glycans bound by the 
CA19-9 and sTRA assays. For example, the Tn antigen is overpro-
duced in many cancers including PDAC (30, 31); glycan motifs with 
a terminal N-acetylglucosamine (22, 32) have previously been linked 
to subsets of PDAC cells; the epitope of the TRA-1-60 antibody was 
found as a marker of chemoresistant, stem-like PDAC cells (33, 34), 
and the GM2 ganglioside—a glycolipid typically associated with 
neuroendocrine cells—has been identified on PDAC cells with neu-
roendocrine characteristics (35). The glycan array analysis of the 
GBPs (Supplementary Methods) showed that each GBP specifically 
binds glycan motifs that encompass the targeted cancer-associated 
glycan (fig. S1).

These glycans have been investigated individually in PDAC tis-
sues but never in combination. We therefore asked whether indi-
vidual cancer-associated glycan motifs considered together could 
better distinguish cancer from noncancer than any single biomarker 
alone. We used the GBPs that were selected using the CarboGrove 
data to localize their target glycans in whole block primary tissue 
specimens using multiplexed glycan immunofluorescence (Fig. 1C), 
and we used SignalFinder to automate the thresholding of primary 
image data (25, 36, 37). The SignalFinder algorithm is robust to 
variation in backgrounds and staining intensities, as is common in 
immunofluorescence datasets, which enabled robust comparisons 
of signals across tissue specimens. The output of SignalFinder—a 
binary map of pixels that are above the background (rather than a 
gradient of signal)—was aligned with the bright-field image of the 
hematoxylin and eosin (H&E)–stained tissue using the Warpy FiJI 
plugin (Fig. 1C) (38, 39). The use of dichotomized fluorescence data 
in the data transformations needed for alignment with the bright-
field H&E images reduces the pixel shearing artifacts for nonaffine 
transformations that can occur when using raw fluorescence data. 
We then quantified the percent of each cell within each region of 
interest (ROI) that was positive for each glycan.

We analyzed whole block sections from 34 PDAC tumors and 4 
noncancerous pancreas specimens (Table 1 and table S2). We used 
whole block sections to enable comparisons across the wide range of 
PDAC and noncancer cell subpopulations in PDAC tumors. In a 
training set of 15 PDAC tumors, we tested the associations between 
the glycan signatures and cell types annotated by the study patholo-
gist (G.H.) (Fig. 2A and fig. S2). The pathologist annotated 13 types 
of histological features (table S3 and fig. S2) within ROIs on the 
bright-field images of the H&E-stained tissue sections, which con-
tained 39 to 111 ROIs in each tumor for a total of 1149 ROIs and 
666,544 detected cells. We asked whether we could distinguish be-
tween cells in the cancer ROIs and cells in the noncancer ROIs based 
on the presence of any single glycan alone or the presence of an ab-
errant permutation, or signature, of glycans. Any given ROI in a 
complex tumor is not purely of one cell type, and methods are not 
available for definitively identifying every cancer cell. However, by 
comparing multiple ROIs that have no or minimal cancer cells to 
multiple ROIs that have many cancer cells, we could unambiguously 
test for features that are associated with cancer cells.

We used recursive partitioning to ask whether specific subpopu-
lations of cells in the cancer ROIs display certain glycan signatures 
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more frequently than the cells in the noncancer ROIs. We chose re-
cursive partitioning because it tests the interactions of all markers 
without requiring definitions of all interaction terms (63 one-to-
five-way terms) and enables straightforward interpretation of high 
and low production of each marker. We determined which of the six 
glycan motifs could contribute to distinguishing cancer from non-
cancer by calculating the importance scores using several classifica-
tion approaches (table S4). The combined analysis showed that four 
glycan motifs—those bound by the Vicia Villosa Lectin (VVL), 
CA19-9, sTRA, and GM2 GBPs—were mainly contributing to the 
classification of cancer cells (table S4). Because a reduced set 
of these four glycans performed nearly equivalently to the full set 
(table S4), we performed the subsequent analyses using the reduced 

set to limit the number of potential signatures and maximize the 
power of the analysis.

To enable delineation of the associations between specific glycan 
signatures and cancer cells, we specified the glycan signature of each 
cell by classifying each cell as positive or negative for each of the four 
glycans [using the cutoffs in the fraction-positive values derived from 
recursive partitioning (fig. S3)] and then using a four-digit binary 
code to represent the glycan signature. In this binary code system, the 
glycans retain the order of the GBPs VVL, CA19-9, sTRA, and GM2. 
Therefore, the code 0100 indicates that CA19-9–detected glycans 
alone are displayed by a cell. We used these analyses to quantify the 
percentages of cells in each ROI that are positive for each glycan sig-
nature as represented by the four-digit binary code (Fig. 2B).
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Fig. 1. Multiplexed IF glycan imaging enables identification and quantification of cellular glycan signatures. (A) Model of cell surface glycan signatures. (B) Glycan-
binding proteins (GBPs) and their targets. (C) Multiplexed immunofluorescence with automated signal thresholding by SignalFinder, followed by assignments of glycan 
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Using our four-digit binary code, we analyzed the signatures of 
the glycans displayed on the cells in the analyzed ROIs. We found 
that cells in the noncancer ROIs were predominantly positive for 
only one of the four glycans. For example, cells in acinar ROIs were 
predominantly VVL-bound glycans alone (code 1000) or GM2-
bound glycans alone (code 0001) (Fig. 2C). Islet cells and ductal 
cells also were predominantly positive for only one of the four gly-
cans (fig. S4). In contrast to the noncancer ROIs, the PDAC ROIs 
included a broader mix of glycan signatures, including cells that 
produced signatures of 2, 3, or 4 glycans (Fig. 2C). To identify glycan 
signatures that associate with the cancer cells, we used recursive 
partitioning to compare the dichotomized glycan values of the cells 
in the cancer ROIs to the cells in the noncancer ROIs. We found that 
eight different glycan signatures were more frequently on cancer 
cells that on noncancer cells (fig. S3). Seven were positive for two to 
four glycans, and one was positive for only 1 glycan (CA19-9–bound 
glycans, code 0100) (fig. S3).

In direct comparisons of the ROIs, the PDAC ROIs had signifi-
cantly higher percentages of cells with all eight of the identified sig-
natures relative to the normal ductal, acinar, or islet ROIs [P < 0.05, 
Wilcoxon test, false discovery rate (FDR) correction] (Fig. 2, D and 
E). In pooled comparisons of the cells, cells with the eight identified 
glycan signatures had a significantly higher probability (P < 0.05, 
log odds) of occurring in a cancer ROI than in a normal ductal, aci-
nar, or islet ROI (fig. S4). The PDAC ROIs were less distinct from the 
ductal proliferation ROIs (a category that broadly encompasses ab-
normal lesion types), but the pooled comparisons of the cells 
showed significant associations (P < 0.05, log odds) with PDAC of 
the eight identified glycan signatures (fig. S4). Representative imag-
es (Fig. 2F and fig. S5) indicated that normal ductal cells were main-
ly positive for CA19-9 alone and islet cells were positive mainly for 
GM2 alone and that the cancer cells were positive for two or three of 

the glycans. One of the noncancer-associated glycan signatures was 
higher in the PDAC ROIs relative to the acinar ROIs (code 0101, 
Fig. 2D), but this signature was higher in all normal-cell ROI rela-
tive to acinar ROIs (fig. S4) and therefore was indicative of low levels 
in acinar cells. The code 0000 signature (low in all four glycans) ap-
peared in all cell types and was not statistically associated with can-
cer ROIs (Fig. 2D), and a search among these cells using the initial set of 
six glycans did not reveal additional associations with cancer ROIs.

To determine whether we could use these two to four glycan sig-
natures to differentiate between cancer and noncancer in PDAC tis-
sues, we analyzed a test set of the remaining 19 PDAC specimens and 
4 noncancer specimens (Fig. 3A). We first identified regions in each 
tumor with spatially dense clusters of each of the glycan signatures 
based on the method described previously (27). This method calcu-
lates the spatial density of each glycan signal and converts the overlap 
of the spatially dense regions to distinct ROIs with the corresponding 
four-digit binary code. We randomly sampled the ROIs at an average 
of 112 ROIs per tissue (range 20 to 165), for a total of 2135 ROIs (aver-
age 308 cells/ROI) (table S5). Using annotations made on the images 
of the H&E-stained tumors by a pathologist (G.H.) who was blinded 
to the glycan data, we compared the prevalence of each glycan signa-
ture between the annotated cancer ROIs (combined well, moderate, 
and poor differentiation, 461 ROIs) and the noncancer ROIs (lym-
phoid, islet, acini, connective tissue, peripheral nerve, blood vessels, 
normal duct, and macrophages, 791 ROIs) (table S5 and complete list 
in table S6). We excluded ROIs with tissue-fold artifacts, high levels of 
debris, or non-pancreatic histology. Each cancer-associated glycan 
signature was represented in ROIs from multiple tumors, with varia-
tion between the tumors in types and variety of glycan signatures 
(Fig. 3B). Some of the CA19-9–negative cancer ROIs were positive for 
other cancer-associated glycan signatures (as in tumors 10-16673 and 
18137) (Fig. 3B). In addition, 3 of the 19 tumors were completely 

Table 1. Tumor specimens. N/A, not available; −, not applicable; *, two specimens obtained from one patient.

Duke UHN UPMC VAI Total

 Specimens ﻿ 21 4 9 4 38

 Sex Male 9 2 5 2* 16

Female 12 2 4 1 18

 Age at diagnosis Mean 66.48 57.75 71 – 66.65

SD 10.66 15.39 8.34 – 11.05

Median 68 55.5 73 – 68.5

Min 39 43 56 – 39

Max 80 77 83 – 83

 Specimen type PDAC 21 4 9 0 34

Normal 0 0 0 4 4

 Site Head 14 N/A 7 – ﻿

Tail 7 N/A 2 – ﻿

 Margins Positive 7 0 2 – 9

Negative 15 4 7 – 26

Lymph nodes Positive 13 1 2 – 16

Negative 8 3 7 – 18

Neoadjuvant treated Yes 0 0 9 – 9

No 21 4 0 – 29
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negative for CA19-9 (18-460, 33524, and 09-5741); all three had can-
cer ROIs that were positive for putative cancer-associated glycan sig-
natures (41 to 87% of the cancer ROIs) with 0% positivity in the 
noncancer ROIs (Fig. 3B).

Of the eight putative cancer-associated glycan signatures deter-
mined from the training set, the test set demonstrated that six were 

significantly associated with PDAC with odds ratios (ORs) from 
4.10 to 13.27 [P = 0.016 and P < 0.0001, respectively, inversion of 
bootstrap confidence interval (CI) of OR (40)] (Fig. 3C). Of the 
eight predicted noncancer glycan signatures, three were significant-
ly associated with noncancer with ORs of 0.19 or less (P < 0.0001, 
inversion of bootstrap CI of OR) (Fig. 3C and table S7). The ORs of 

A

B

C

D

E F

Fig. 2. A training set of PDAC tumor specimens shows cancer association glycan signatures. (A) training design. (B) Quantification of cells with each glycan signature in ROis. (C) 
distributions of cell surface glycan signatures among acinar and PdAc cells. (D) volcano plots of pairwise comparisons between cell types. (E) cancer-associated and 
noncancer-associated glycan signatures. (F) Representative images and quantifications of noncancer and cancer ROis. the asterisk marks normal islet cells and the arrowhead marks a 
normal duct.
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the two nonsignificant predicted cancer signatures (1.66 and 2.74) 
were higher than all ORs of the predicted noncancer signatures (Fig. 
3C), showing that the direction and magnitude of all eight of the 
predicted cancer-associated glycan signatures were aligned with the 
cancer ROIs.

To further test the associations with cancer of the eight identified sig-
natures, we asked whether cells in cancer precursor lesions [pancreatic 
intraductal neoplasia (PanIN)] show a mix of signatures intermediate 
between normal ductal cells—their closest normal counterpart—
and PDAC cells. A study pathologist who did not make the initial 
histology classifications (C.S.) reviewed the lesions classified as ductal 
proliferation and identified those that appeared to be PanINs (n = 25) 
across six tumors of the training set. The cells in the PanIN lesions 
produced glycan signatures typical of normal ducts (the single-glycan 
codes 1000, 0100, and 0001) and signatures associated with PDAC 
(1010 and 1011) (fig. S4). The code 1011 cells had a significantly high-
er probability of occurring in PanIN relative to the normal duct and in 
PDAC relative to PanIN ROIs (P < 0.05, log odds) (fig. S4). This result 
is consistent with PanINs producing glycan signatures that are inter-
mediate between normal ducts and PDAC.

We therefore investigated whether the use of the glycan signa-
tures could improve the identification of cancer cells over the use of 
the CA19-9 glycan alone. We determined the number of ROIs that 
were positive for any of the eight predicted cancer glycan signatures 
or for any of the eight predicted noncancer glycan signatures and 
compared these numbers to the pathologist-annotated histology of 
the ROIs. We also made the same comparison using the numbers of 
ROIs positive or negative for CA19-9 alone. A significantly higher 
percentage of cancer ROIs were positive for the predicted cancer 
glycan signatures (59.7%, CI 51.7 to 69.3) than for CA19-9 alone 
[46%, CI 32.2 to 52, P < 0.0001, inversion of bootstrap CI for differ-
ence in sensitivity (40)], and an equivalent percentage of noncancer 
ROIs were positive for the noncancer glycan signatures (89.9%, CI 
81.2 to 96.6) as were negative for CA19-9 alone (92.6%, CI 83.4 to 
99.4, P = 0.24, inversion of bootstrap CI for difference in specificity) 
(table S8). We made similar observations in comparisons with the 
other individual glycans (table S8). Thus, these analyses validated 
the associations with cancer of the eight glycan signatures identified 
in the training set.

The glycan-defined subpopulations have segregated 
distributions in spatial clusters and tumors
Previous research showed that PDAC subpopulations tend to segre-
gate into spatially defined clusters within tumors and that PDAC 
tumors variously contain either a single dominant subpopulation 
of PDAC cells or a mixture of subpopulations (Fig. 4A) (7, 8). This 
spatial segregation is indicative of clonal outgrowths of cancer cells 
with diverging trajectories of DNA mutations (41, 42). The images 
of selected cancer ROIs suggested clonal outgrowth patterns with a 
general preponderance of one or two glycan-defined subpopula-
tions, rather than a random mix (Fig. 4B). We therefore asked 
whether the spatial clusters of cancer cells within tumors were rela-
tively homogeneously predominated by one or two cell subpopula-
tions or whether the cancer cell clusters contained random mixtures 
of cell subpopulations.

Using the whole set of 34 PDAC tumor samples, we identified re-
gions within each tumor harboring spatially clustered cancer-associated 
glycan signatures using the method described previously (27) and deter-
mined the glycan signatures of all cells within the clusters (average 

30,740 cells per tumor, total of 1,045,142 cells). First examining the intra-
tumoral distributions of the subpopulations without reference to spatial 
clusters, we observed that the tumors grouped into three distinct types of 
intratumoral distributions (Fig. 4C). One group contained mainly the 
PDAC cell subpopulations displaying sTRA in the absence of CA19-9 
(codes 1010 and 1011, sTRA exclusive cells), and another group of tu-
mors predominantly contained the subpopulations displaying CA19-9 
in the absence of sTRA (codes 1100, 1101, and 0100, CA19-9 exclusive 
cells). A third group of tumors featured a heterogenous mix of subpopu-
lations, including both the sTRA exclusive and the CA19-9 exclusive 
cells, as well as the dual expressing cells that display both CA19–9 and 
sTRA (codes 0110, 1110, and 1111). The Gini index of distribution in-
equality was different between the tumor groups, ranging from average 
0.86 in the sTRA-type tumors to 0.63 in the CA19-9–type tumors to 0.54 
in the mixed-type tumors (Fig. 4C) (where 1 is completely homoge-
neous). Such a range between homogeneous and heterogeneous intratu-
moral distributions in cancer cell subpopulations mirrors the range 
observed with expression-defined subpopulations (7).

We then examined the distribution of the PDAC cell subpopula-
tions within the spatial clusters of cancer cells. Using the pathologist-
annotated ROIs with PDAC histology (total of 2135 ROIs, average of 
122 per tumor), we found that the clusters, similar to the tumors, 
have distributions that range from relatively uniform (containing a 
single, predominant subpopulation) to mixed (fig. S6). We therefore 
asked whether only certain glycan-defined cell subpopulations com-
prise the uniform clusters. We used a mixed effects model to deter-
mine the probability of cells with each of the glycan signatures 
appearing within a relatively uniform spatial cluster (Gini index ≥ 0.8) 
versus within a mixed spatial cluster (Gini index < 0.8) (Fig. 4D). 
We found that cells belonging to the sTRA exclusive (codes 1010 
and 1011) and one of the CA19-9 exclusive (code 0100) subpopu-
lations were significantly more probable (P  <  0.05, log odds) to 
appear in uniform clusters, but that cells belonging to the dual 
expressing subpopulations were not associated with uniform clus-
ters (Fig. 4D).

Classical and basal-like PDAC subpopulations as defined by gene 
expression have patterns of homogeneity and heterogeneity within 
spatial clusters and tumors (7) that are similar to those observed 
here. These patterns suggested a lineage model of cancer progression 
from the classical to the mixed classical/basal-like to the basal-like 
subpopulations. We therefore asked whether our data are consis-
tent with a lineage model of progression among the glycan-defined 
PDAC cell subpopulations. We determined the apparent lineages 
of the glycan-defined PDAC subpopulations using a network graph 
of their co-occurrences within spatial clusters (Fig. 4E). The rela-
tionships indicated that the sTRA exclusive and CA19-9 exclusive 
glycan signatures (codes 0100 and 1010, respectively) are indepen-
dent of each other and rarely intermixed within clusters. The sig-
natures that are positive for the additional glycans were subsets of 
the CA19-9 exclusive and sTRA exclusive cell subpopulations and 
rarely intermixed within the same clusters (e.g., code 1101 with code 
1011). In addition, when we determined the apparent lineages at the 
tumor level using the percent of cells displaying each glycan signa-
ture within each tumor, we observed identical relationships (Fig. 
4E). Thus, within this sample set, PDAC tumors occur in defined 
types that are either predominant in a single glycan-defined cell sub-
population or that have several subpopulations evenly intermixed 
among them. The sTRA exclusive and CA19-9 exclusive cells segre-
gated into separate spatial clusters and tumors, consistent with a 
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lineage model of progression from the sTRA exclusive and CA19-9 
exclusive subpopulations to the dual expressing subpopulations.

If the glycan signatures identify subpopulations that align with 
clonal outgrowths of PDAC cells, then one also would expect consis-
tency with previous analyses, suggesting that heterogeneity in clonal 
outgrowths of cancer cells is associated with poor outcome (43). We 
accordingly asked whether any tumors contain different kinds 
of uniform PDAC cell clusters—postulated to be clonal outgrowths 
of different PDAC subpopulations—together in the same tumor, as 
modeled in Fig. 4A. With this model, there are four classes of tumors: 
homogenous-uniform, homogenous-mixed, heterogeneous-uniform, 
and heterogeneous-mixed. For each tumor, we calculated both the av-
erage within-cluster uniformity (Gini index) and the between-cluster 
variance (average distance to centroid; fig. S6). We found that a group 
of eight tumors had both higher than median differences between the 
PDAC cell clusters and higher than median average purity within the 
clusters (Fig. 4F). We saw no general relationship between within-
cluster homogeneity and between-cluster heterogeneity or with the 
tumor types defined in Fig. 4C, indicating a broad range of character-
istics among PDAC tumors. On the basis of the prediction that out-
growths of different clonal trajectories are predicted to be associated 
with poor outcomes (44), we compared survival probabilities between 
the patients with heterogenous-uniform tumors and the tumors in the 
other three groups (Fig. 4G). The time to 50% survival was shorter in 
the heterogeneous-uniform group (324 days versus 1991 days, respec-
tively), and the 2-year survival rate was lower (50% versus 95%, re-
spectively). In addition, survival after progression was significantly 
shorter in the heterogeneous-uniform group relative to the other three 
groups (average 197 days versus 470 days, respectively, P = 0.048, 
Wilcoxon-rank sum test). Overall survival was not significantly differ-
ent between the groups (log-rank test), potentially owing to a small 
sample size or not accounting for additional subpopulations not de-
tected by the current signatures, but the substantial difference in 50% 
and 2-year survival uniquely in the heterogeneous-uniform group 
suggests a link between clonal outgrowths of different PDAC subpop-
ulations and poor survival.

In vitro assays for cancer-associated glycan signatures 
enable plasma-based identification of different PDAC 
tumor types
We next asked whether the aberrant glycan signatures used in tu-
mor tissue to distinguish between cancer cell subpopulations and 
tumor types could also be used in plasma samples in an analogous 
way. Different glycans displayed on the same cells can be released 
together on proteins or cell fragments such as extracellular vesicles 
(Fig. 5A) (45). A standard sandwich immunoassay captures and de-
tects the same antigen, as in the CA19-9 assay. In contrast, a hybrid 
sandwich immunoassay uses different lectins or antibodies for cap-
ture and detection to bind and quantify the glycans present in a 
sample (Fig. 5B) (28, 46, 47). These assays could provide improved 
cancer specificity by detecting glycans that typically are not copro-
duced by noncancer cells, such as by capturing the CA19-9 antigen 
and detecting the sTRA antigen (referred to as the CA19-9.sTRA 
assay) (Fig. 5B).

We first tested whether PDAC cancer cell lines release glycan-
containing moieties that are detectable by in vitro assays using con-
ditioned media (fig. S7). We used 24 different cell lines with a variety 
of classical or basal-like gene expression traits and a variety of glycan 
production traits (26). We cultured the cell lines on 12-well glass 

microscope slides and processed these slides through our multi-
plexed glycan immunofluorescence and analysis pipeline. We con-
firmed the accuracy of the immunofluorescent glycan detection 
by comparisons with Western blots for the glycans (fig. S7). At the 
cellular level, some cell lines were predominant in cells displaying 
the sTRA exclusive glycan signatures, others were predominant in 
cell displaying the CA19-9 exclusive glycan signatures, and others 
included cells displaying the dual expressing glycan signatures (fig. 
S7). We tested the hybrid glycan assays of all combinations of capture 
and detection antibodies and lectins (16 assays total, substituting 
anti-Tn antibody for VVL as capture antibody). The hybrid glycan 
assays that capture and detect sTRA, CA19-9, or both showed varia-
tion between the cell lines that aligned with the cell-surface classifi-
cations, consistent with the predominant production of these 
glycans by specific cell lines. Additional hybrid-glycan assays gen-
erally showed lower variation between the cell lines but were higher 
in individual cell lines that were weaker in one or both CA19-9 and 
sTRA, such as capture with anti-Tn and detection with VVL or cap-
ture with anti-GM2 and detection with CA19-9 (fig. S7). Thus, these 
data confirmed that the in vitro assays accurately capture and detect 
the released glycans with levels that potentially reflect the cellular 
levels of the corresponding glycan-defined subpopulations.

We then asked whether these hybrid glycan sandwich assays could 
detect glycans in PDAC patient-derived blood samples that would 
correctly identify glycan-defined PDAC cell subpopulations within 
their matched tumor samples. We analyzed 13 blood samples (plasma 
and serum) that had a patient-matched tumor specimen in the above 
analysis. As with the cell lines, the patients with CA19-9–type tumors 
had the highest RFU values of secreted CA19–9 (determined using 
the CA19–9.CA19–9 assay), the patients with sTRA type tumors had 
the highest relative fluorescence units (RFU) values of secreted sTRA 
(determined using the TR4.sTRA assay), and the patients with mixed 
type tumors had low RFU values levels across the four combinations 
of CA19-9 and sTRA (including CA19-9.sTRA and TR4.sTRA) (Fig. 
5C). Using the measurements from these four assays, a decision tree 
with subtyping thresholds for each assay (table S9) correctly classified 
each blood sample by the type of the matched tumor in all but one 
case (Fig. 5C). Thus, using the combined measurements from the four 
assays, the blood sample measurements provided an indirect identifi-
cation of the different types of PDAC tumors.

To determine whether our hybrid glycan sandwich assays could 
distinguish between plasma from patients with PDAC and plasma 
from control subjects, we analyzed plasma samples from 85 patients 
with PDAC and 60 control subjects (table S10). The PDAC subjects 
had resectable cancer (stage I/II) in 59 of 85 (69%) cases and stage 
III/IV cancer in 18 of 85 (21%) cases [8 of 85 (9.4%) not available], 
and the control subjects included healthy individuals and patients 
with benign conditions requiring differential diagnosis, such as 
chronic pancreatitis and benign biliary obstruction. We observed 
that the measurements from each of the four assays were signifi-
cantly higher in the cancer cases than in the controls (P < 0.05, 
Wilcoxon-rank sum test) (Fig. 5D). No significant associations were 
detected between any of the assays and sex, age, or type of sample 
(serum versus plasma) (Fisher exact test).

Therefore, for detection, we combined the assays to produce a 
single test, in which a sample was classified as a case if above the high-
specificity cutoff in any assay (Fig. 5E), as demonstrated previously 
(23, 48). To estimate the sensitivity (true-positive detection) of the 
combined assays and CA19-9 by itself, we performed 1000-fold 
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resampling of the data with threshold selection in each sample based 
on achieving 95% specificity (true-negative detection) in the con-
trols. The estimated sensitivity was significantly greater for the 
combined assays (62%, 53 of 85 PDACs) relative to CA19-9 by itself 
(29%, 25 of 85 PDACs) (P = 0.042, inversion of bootstrap CI of the 
difference), with equivalent specificity for the combined assays 
(95%, 57 of 60 controls) and CA19-9 by itself (100%, 60 of 60 con-
trols) (P = 0.380, inversion of bootstrap CI of the difference). Each of 
the additional assays other than CA19-9 showed unique elevations 
among the patients with PDAC, indicating complementary contri-
butions to the improved detection performance (Fig. 5E). This signifi-
cant improvement in sensitivity over CA19-9 is consistent with the 
ability to detect both the tumors predominant in the CA19-9 exclusive 
subpopulations and the tumors predominant in the sTRA exclusive sub-
populations.

The ability to detect PDACs with different predominant subpopu-
lations has value not only for earlier detection but also for the stratifi-
cation of patients based on their tumor characteristics. We therefore 
simulated a two-stage process of detection followed by stratification, 
in which we used the blood measurements first to detect PDAC and 
then to predict the type of PDAC tumor (Fig. 5E). Among the patients 
that were classified as PDAC by the combined blood assays, we pre-
dicted the PDAC tumor type using the cutoffs and decision tree devel-
oped above (Fig. 5E). Of the 55 subjects classified as PDAC, 30 subjects 
were predicted to have the CA19-9 type tumor and 25 were predicted 
to have the sTRA-type tumor. This algorithm did not detect or predict 
tumors of the mixed type due to the generally low RFU values of the 
four assays for that tumor type. However, a lower CA19-9 cutoff in 
combination with elevation in or both of two additional assays, 
Tn.GM2 and Tn.VVL, identified seven PDAC samples and zero con-
trol samples with predicted mixed-type tumors (fig. S8). This result 
points to weaker production of CA19-9 by the mixed type tumors and 
concurrent production of additional cancer-associated glycans. Thus, 
these results indicate that the combined hybrid-glycan assays provide 
a means to improve PDAC detection and stratification using a blood 
test to identify PDACs across the spectrum of tumor types.

DISCUSSION
In the present report, we demonstrate a method to detect distinct 
PDAC cell subpopulation and tumor types. We used blood assays 
for the tumor-released glycans to indirectly determine the predomi-
nant PDAC subpopulations in the tumors, and by combining assays 
that complementarily detect tumors with different predominant 
subpopulations, we could improve both the detection and stratifica-
tion of PDAC using blood assays. These developments were based 
on made three observations. First, PDAC cancer cell subpopulations 
display two to four glycan signatures of cancer that are rarely found 
on noncancer cells and that may be detected using our multiplexed 
glycan immunofluorescence pipeline. Second, using our pipeline, 
we have identified three broad PDAC cancer cell subpopulations: 
those defined by CA19-9 alone in the absence of sTRA (CA19-9 ex-
clusive), those defined by sTRA alone in the absence of CA19-9 
(sTRA exclusive), or those defined by both CA19-9 and sTRA to-
gether (dual expressing). Similarly, at the tumor level, we observed 
three tumor types that are defined broadly by the presence of pre-
dominantly CA19-9 exclusive cells (CA19-9 type), the presence of 
predominantly sTRA exclusive cells (sTRA type), or the presence of 
both subpopulations (mixed type). Third, using our hybrid glycan 

immunoassays to detect pairs of membrane-associated glycans, we 
found in patient-matched tumor tissue and blood samples that the 
relative abundances of the detected serum glycans were consistent 
with the same glycans at the tumor tissue levels, enabling the detec-
tion of both the CA19-9–type and sTRA-type tumors. In conse-
quence, the detection of both the CA19-9–type and the sTRA-type 
tumors showed improved sensitivity and specificity when compared 
with CA19-9 alone. Because of these technical and conceptual de-
velopments, this methodology could enable the clinical develop-
ment of a simple blood test that would improve early detection of 
patients with early PDAC.

Previous approaches to differentiating between PDAC cancer 
cell subpopulations have been based on multigene and multiprotein 
expression profiles in tumor tissue (2–4, 7). This approach has been 
foundational for defining the classical, basal-like, and additional 
PDAC subpopulations, but it also is clinically limited because previ-
ously investigated RNA and protein biomarkers, such as GATA6 to 
identify classical PDAC or KRT17 to identify basal-like PDAC, are 
not detectable in the peripheral blood. Glycans have the advantage 
of being detectable, in many cases, on both the cell surfaces and in 
the blood circulation. Previous studies examined glycans in either 
PDAC tumor tissue or PDAC blood samples, but none has estab-
lished the correspondence of the two sample types, as demon-
strated here.

The glycan-defined PDAC subpopulations that we identified seg-
regated in a similar way to the canonical, expression-based classical 
and basal-like PDAC subpopulations. For example, the cells with 
CA19-9 exclusive signatures aligned with well differentiated PDAC 
(fig. S3) and, in a previous study of cell lines (26), with epithelial mor-
phology and the classical gene-expression signature, which is consis-
tent with the canonical classical subpopulation. Similarly, the cells 
with sTRA exclusive signatures aligned with poorly differentiated 
PDAC (fig. S3) and previously with mixed epithelial/mesenchymal 
morphology and the basal-like gene expression signature (26), which 
is consistent with the canonical basal-like subpopulation. Further, the 
dual-expressing cells that express both CA19-9 and sTRA may cor-
respond to the dual classical-basal cell subpopulation as they both 
theoretically derive from the same canonical subpopulations. These 
associations support a model in the differences in glycan production 
result from biological differences between the expression-based sub-
types. Glycans are regulated by the expression of glycan processing 
genes, the metabolism of monosaccharides (49), and the routing of 
substrates (19–21). The distinct PDAC cancer cell subpopulations 
likely have differences in each of these processes, owing to distinct 
lineage outgrowths from progenitor populations (43), changes in the 
microenvironment (50), or alterations in epigenetic drivers (51), re-
sulting in a remodeling of the cell-surface and cell-secreted glycans. 
Multiplexed glycan immunofluorescence that also incorporates pro-
tein detection could further delineate the link between glycan and 
protein or gene expression classification. The methodology estab-
lished here readily enables such costains, which could be integrated 
with glycan data to further improve cancer specificity.

Our two to four glycan signatures determined from tumors were 
translatable to a blood test using a set of hybrid glycan assays. Because 
of this, we successfully identified from the blood assays the type of 
PDAC subpopulations that were predominant in the corresponding 
tumors. This was done by a straightforward assessment of positivity 
or negativity in four hybrid-glycan assays—one detecting only CA19-
9, one detecting only sTRA, and two detecting linked CA19-9 and 
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sTRA. This test has the advantages of requiring only four standard 
immunoassays, minimal sample volume, and a straightforward 
decision algorithm. The ability to detect the glycans released from 
the different PDAC tumor types led to the detection of 62% of the 
PDACs, relative to 33% by CA19-9 alone using cutoffs that gave low 
false-positive detection (5 and 3%, respectively). Using two addi-
tional hybrid glycan assays in combination with CA19-9 at a 
lower cutoff increased detection sensitivity to 71% (60 of 85) with 
no loss in specificity. These substantial improvements upon CA19-9 
using a practical test could be immediately valuable, given that 
CA19-9 already is being evaluated as part of algorithms to enhance 
PDAC surveillance among elevated-prevalence populations (52). 
The performance of the combined assays for the discrimination of 
early PDAC from controls will need to be determined in larger case/
control studies and eventually in prospective studies to fully evaluate 
applicability to PDAC surveillance. In the current study, the sen-
sitivity and specificity of CA19-9 and sTRA used in combination 
were consistent with previous observations (23, 25, 26, 48), support-
ing the accuracy of the findings. Thus, with the development of clin-
ical immunoassays for each hybrid glycan pair, this methodology 
could be an efficient and economical approach to improving early 
PDAC detection.

In addition to early detection, blood assays to determine the 
PDAC cell subpopulations within a tumor also could have value in 
patient stratification. In cell-culture (2), organoid (53), and retro-
spective patient studies (2–4), tumors that are predominant in the 
classical and basal-like subpopulations show differential responses to 
treatments, but, owing to the lack of blood biomarkers, these find-
ings are not tested in human studies to track responses in drug trials. 
Glycan signatures that correspond to the gene expression–defined 
subpopulations would therefore provide a means to translate those 
cell line and organoid findings to human studies. Glycan signatures 
could also provide functional information about cancer progression. 
The cell-surface glycome maintains the integrity of multicellular or-
ganization, potentially enables migration and extravasation, medi-
ates metastatic colonization, modulates immune recognition, and 
regulates the promotion and suppression of inflammation (54–57). 
CA19-9 and related Lewis family glycans could promote metastatic 
cell seeding through interactions with selectin family receptors (58), 
and sialylated glycans such as sTRA interact with siglec receptors 
that lead to immunosuppression (59). Therefore, the distinct glycan-
defined PDAC subpopulations could have differing propensities to 
metastasize or differing responses to immunotherapies and other 
treatments. Consequently, the ability to detect and distinguish the 
PDAC subpopulations by glycan signatures may enable improved 
patient stratification and targeted therapy.

This study highlights the power of multiplexed immunofluores-
cence technology for characterizing molecular signatures in specific 
cell in primary tissue samples. The current study builds on previous 
work and adds approaches. Multiplexed immunofluorescence is in-
creasingly used to classify cell types and identify disease-associated 
cellular patterns, especially in immunological studies (60, 61) . Pre-
vious studies mainly quantified the average intensity of each marker 
in each cell and applied pattern discovery algorithms to identify 
groups of cells. Our work, in contrast, used automated thresholding 
of the raw images and calculation of the fraction positive signal per 
cell rather than the average intensity per cell, which enabled consis-
tent, unbiased statistical comparisons across tissue samples. This 
capability, in turn, enabled a training set/test set design to reliably 

find and validate cancer-associated signatures. Previous work 
using multiplexed signatures fitted the classifications to the data, 
preventing the unbiased application of signatures to new data to 
make blinded classifications of cell types. Our platform provides 
the framework for broader, rigorous validation of candidate bio-
marker signatures.

A limitation of the current study is that the matched set of tumor 
and blood samples (13 samples each) may not be fully representa-
tive of the broader PDAC population. The study also used one 
tumor block per case, which in some samples represent a minority 
fraction of the tumor and therefore may not provide an accurate 
representation of the whole tumor. Larger patient-matched sets will 
be required to establish the accuracy of the blood assays for tumor-
type prediction. Larger cohorts also will be needed to determine 
the associations between intratumoral heterogeneity in PDAC sub-
populations and outcomes. The current study also revealed that the 
current set of hybrid glycan assays detect mainly the CA19-9–type 
and sTRA-type tumors but not the heterogeneous tumors. How-
ever, the present work indicates that we can develop hybrid-glycan 
biomarker assays for the mixed-type tumors through additional 
glycans that potentially improve the detection of mixed-type tu-
mors. Further studies will be required to characterize the cells 
that were low in all four of the glycans studied here (code 0000). 
The lack of detection of these cells limited the sensitivity of the 
detection of PDAC and introduced uncertainty into the calcula-
tions of subpopulation heterogeneity. The current study focused 
on a manageable set of cancer-associated glycans to enable previ-
ously unidentified methods development, but a broader search for 
aberrant glycans using the methodology established here could 
include additional glycans previously associated with PDAC, such 
as sialic acids (59), O-linked glycans (62, 63), N-linked glycans 
examined by MALDI imaging (64), sialyl Lewis X (46, 65), and 
others (66).

Furthermore, blood biomarkers could be developed that incor-
porate the protein carriers of the glycans. We (47) and others (67) 
have used sandwich immunoassays that capture a protein and detect 
the glycans on the captured proteins, which can provide higher (23, 
25, 26, 48) accuracy for cancer detection than capturing and detect-
ing only the protein. The hybrid-glycan assay format would not de-
tect glycans that are not coreleased on the same protein or cell 
fragment. Thus, assays that capture a protein and detect a glycan 
could have additive value if targeting proteins that are specifically 
secreted by PDAC cells.

Here, we show the ability to identify the presence of specific 
PDAC cancer cell subpopulations in tumors using a simple blood 
test and the resulting improvement in the overall identification of 
resectable PDAC cases in distinction from controls. We achieved 
this goal through the application of multiplexed glycan immuno-
fluorescence to primary PDAC tumors and the detection of the 
tumor-released pairs of glycans in the blood plasma with a hybrid 
glycan sandwich assay. A blood test to detect tumors with divergent 
levels of distinct PDAC subpopulations could enhance PDAC 
identification in surveillance for PDAC. In addition, a blood test to 
identify tumor PDAC subpopulations could be used to translate 
cell line, organoid, and model-system studies of metastatic poten-
tial and therapeutic or radiation susceptibility to human studies of 
subpopulation-specific responses to treatment regimens. This in 
turn could inform how PDAC is identified, stratified, and treated in 
the clinic.
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MATERIALS AND METHODS
Human specimens
The tissue samples were collected from surgical resections of pa-
tients with PDAC at Duke University Medical Center, University of 
Pittsburgh Medical Center, Trinity Health Grand Rapids, or the 
University Health Network, Toronto. All samples were formalin-
fixed and paraffin-embedded. The tissue sections used for this study 
were from tissue blocks not needed for patient evaluation.

Human blood plasma or serum specimens were assembled 
through the clinical centers at Duke University Medical Center, Uni-
versity of Pittsburgh Medical Center, Trinity Health Grand Rapids, 
or MD Anderson Cancer Center. The samples were collected before 
any cancer treatment and were processed under a standard operating 
procedure approved by the Early Detection Research Network (68). 
All plasma samples used EDTA anticoagulant and were frozen at 
−80°C within 3 hours of collection. The aliquots used in the study 
underwent no more than three freeze/thaw cycles before use.

Multiplexed immunofluorescence
We performed immunofluorescence on 5-μm-thick sections cut 
from formalin-fixed, paraffin-embedded (FFPE) blocks. The FFPE 
blocks were deparaffinized using CitriSolv Hybrid (Decon Labs, 
King of Prussia, PA) that contained d-limonene and isopropyl 
cumene and rehydrated through an ethanol gradient of 100, 95, and 
70% followed by washing with phosphate-buffered saline (PBS). 
Following rehydration, antigen retrieval was achieved through incu-
bating slides in citrate buffer at 100°C for 20  min. Slides were 
blocked with PBS with 0.05% Tween 20 (PBST, 0.05) and 3% bovine 
plasma albumin (BSA) for 1 hour at room temperature (RT). Tissue 
staining was manual and performed in multiple rounds. The pri-
mary antibodies and lectins (table S1) were labeled for immunofluo-
rescence with sulfo-cyanine-5 (Cy5) N-hydroxysuccinimide (NHS) 
ester or Cy3 NHS ester (Lumiprobe, MD), according to the instruc-
tions from the provider. After dialysis to remove unreacted conju-
gate, a Cy5-labeled antibody or lectin and a Cy3-labeled antibody or 
lectin were mixed into the same solution of PBST (0.05) with 3% 
BSA to a final concentration of 10 μg/ml. Slides were incubated 
overnight with this solution at 4°C in a humidified chamber.

The following day, the solutions were decanted, and the slides 
were washed twice in PBST (0.05) and once in 1X PBS, each time for 
3  min. The slides were dried via blotting and incubated with 
4′,6-diamidino-2-phenylindole (DAPI) (AnaSpec, Fremont, CA) at 
10 μg/ml in 1X PBS for 15 min at RT. Two 5-min washes were per-
formed in 1X PBS, and then slides were cover-slipped and scanned 
using a fluorescent microscope (AxioScan.Z1, Zeiss, Oberkochen, 
Germany). We next quenched the fluorescence using 6% H2O2 in 
250 mM sodium bicarbonate (pH 9.5 to 10) and performed another 
round of immunofluorescence using two different antibodies or lec-
tins using the order of VVL and GM2 in round 1, CA19-9 and TRA-
1-60 in round 2, and TRA-1-60 and GSL-II in round 3. Before the 
second round of detection with the TRA-1-60 antibody, we treated 
the slides with sialidase to remove terminal sialic acids. For this step, 
the slides were incubated with a 1:200 dilution (from a 50,000 U/ml 
stock) of α2-3,6,8 neuraminidase in 5 mM CaCl2 and 50  mM 
(pH 5.5) sodium acetate overnight at 37°C.

In each round of fluorescence imaging, the microscope collected 
three images at each field of view, each image corresponding to the 
emission maxima of DAPI, Cy3, and Cy5. The three images were 
saved as independent, stacked layers in a single file. Following all 

fluorescence imaging, the slides were stained with hematoxylin and 
eosin (H&E) using a standard protocol and digitally imaged using 
the Aperio ScanScope (Leica).

Image analysis
All fluorescence images were initially processed using SignalFinder, 
which automatically creates a map of the locations of pixels contain-
ing signal in each layer of the multiplexed immunofluorescence as 
an ome.tiff. This SignalFinder algorithm is robust to variation in 
backgrounds and staining intensities, as is common in data collec-
tion that spans over much time and different operators. The robust-
ness of SignalFinder to variation is essential for accurate comparisons 
of signals across samples. Furthermore, dichotomized data reduce 
the variability associated with the data transformations (non-affine 
transformations) required for the alignment of the fluorescence im-
ages with the bright-field H&E image, while continuous data show 
pixel shearing artifacts that affect cell signal distribution. The map 
created by SignalFinder was aligned to the H&E image based on the 
signals from cell nuclei using the Warpy extension in ImageJ (38, 
39). We used automated cell nuclei detection followed by a 10-μm 
expansion to estimate cell borders and then quantified the fractional 
area of each cell that was positive for each image layer. Each image 
layer corresponded to a single glycan, yielding a set of six fractional-
positive values (each on a 0 to 1 scale) for each cell.

Bioinformatics methods
We trained a classification tree to distinguish the cancer from the 
noncancer cells using the six fractional-positive values (CA19-9, 
TRA, GM2, VVL, sTRA, and GSL-II) for each cell. The values from 
TRA and GSL-II had the lowest importance scores and did not affect 
classification accuracy when removed and were therefore not used 
in subsequent analyses (table S4). A classification tree created from 
the remaining four glycans was used to select thresholds in each 
fractional-positive value to dichotomize each cell as positive or neg-
ative for each glycan. The thresholds were selected from the first 
split in the tree for each glycan using trees from multiple initial se-
lections of the training and validation sets in cross validation. We 
then used the dichotomized glycan data in a classification tree to 
identify signatures of glycans associated with cancer or noncancer. 
Each terminal branch of the resulting tree was assigned a four-digit 
binary code based on the sequence of positive or negative splits for 
each glycan and assigned a cancer or noncancer classification based 
on the majority of cells in the branch.

The analysis of apparent tumor lineage was done through net-
work graphs of glycan signature occurrence and co-occurrence, 
where occurrence was defined as a minimum of 5% of cells positive 
for the glycan signature within the cluster or tumor. Percent co-
occurrence is the fraction of observations in the child node, which 
also occur in the parent node. The network graph only considers 
stepwise accumulation of glycans.

Immunoassays
The immunoassays were based on the method presented earlier (28, 
46). Capture antibodies were deposited in arrays on microscope 
slides that were functionalized to enable covalent attachment (Z Bio-
tech, 10401-2) using a microarray printer (Dispendix I.DOT-One). 
The capture antibodies anti–CA19-9, anti-TR4, anti-GM2, and anti-
Tn (table S1) were printed in sodium borate printing buffer (pH 8.5) 
with 7.5% glycerol at 50 μg/ml. Individual arrays were separated with 
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a 64-well gasket system (248865, Grace Bio-Labs, Bend, OR). We di-
luted the samples of human plasma or serum (eightfold) and cell line 
conditioned media (twofold) into a buffer (1X PBS with 0.1% Tween 
20, 0.1% Brij-35, species-specific blocking antibodies, and protease 
inhibitor) and incubated each sample on an antibody array (preblocked 
with 1% BSA) overnight. For sTRA detection arrays, incubation with 
the unlabeled TRA-1-60 antibody (to block native epitopes) was 
performed before sialidase treatment to expose the sialylated epitopes 
(28). We prepared α2-3 neuraminidase (P0728L, New England Biolabs, 
Ipswich, MA) at 250 U/ml in GlycoBuffer1 (50 mM sodium acetate 
and 5 mM CaCl2) and incubated the solution on the arrays for 1 hour 
or overnight at 37°C. Next, we incubated all arrays with a biotinylated 
detection antibody or lectin (3 μg/ml in 1X PBS with 0.1% Tween 20 
and 0.1% BSA) and subsequently with Cy5-conjugated streptavidin 
(43-4316, Invitrogen, Carlsbad, CA) (2 μg/ml in the same buffer as 
the primary antibody). The slides were scanned for fluorescence at 
635 nm using a microarray scanner (Innopsys InnoScan 1100 AL). 
The quantification of fluorescence was performed using SignalFinder-
Microarray (37).

Serum data were collected in three independent replicates with 
additional replicates of assays for matched tissue samples to confirm 
reproducibility, and conditioned media data were collected in one to 
three independent replicates across the cell lines. To normalize and 
link the datasets that comprised the final, combined dataset, we set 
the minimum assay value in each dataset to a common value and 
multiplied each dataset by a normalization factor that gave a com-
mon median across datasets. For the conditioned media data, we 
normalized the separate assay data (to enable visualization on a 
common scale) by subtracting the baseline value across each assay 
and normalized the median of the logged data to a common value.

Study approval
The tissue samples were collected under protocols approved by the 
Institutional Review Boards at Duke University Medical Center 
(protocol Pro00100930), University of Pittsburgh Medical Center 
(protocol CR19070256-035), Trinity Health Grand Rapids (protocol 
19-1127-9), or the University Health Network, Toronto (protocol 
18-5116.4). The human blood plasma or serum specimens were col-
lected by each site under the approval of the institutional review 
boards at Duke University Medical Center (protocol Pro00100930), 
University of Pittsburgh Medical Center (protocol CR19070256-
035), Trinity Health Grand Rapids (protocol 19-1127-9), or MD 
Anderson Cancer Center (protocols PA11-0670_MODCR001 and 
LAB00-396_CR001). All subjects provided written, informed con-
sent, and in accordance with an assurance filed with and approved 
by the US Department of Health and Human Services.

Statistical analysis
The analysis of glycan signature differences between cell types was 
performed using the Wilcoxon-rank sum test with stratification of 
ROIs by specimen identifier to correct for repeated measures. This 
was done using the “clusRank” R package (69). The P values for this 
test were corrected using the FDR correction procedure as imple-
mented in the “p.adjust” R function.

For estimation of biomarker performance, such as sensitivity, 
specificity, difference in sensitivity or specificity, and OR with cancer/
noncancer using ROIs from PDAC specimens, the 95% percentile 
bootstrap confidence intervals were estimated by 1000 bootstrap 
sampling of the PDAC specimens with replacement, and the P values 

were calculated by inversion of the percentile bootstrap CI using the 
“boot.pval” R package.

The analysis of odds of a signature belonging to different histol-
ogy types or clusters of different uniformity was calculated using a 
binomial mixed effects regression model with the logit (log odds) 
link function as defined in the “glmer” function of the “lme4” pack-
age (70). We used the 0000 glycan code as the reference group. This 
allows for estimation of signature association with one histology or 
ROI type with respect to another while adjusting for tissue differ-
ences. The variance between clusters within a tumor was calculated 
as the average distance of cancer associated glycan signatures 
distributions of each cluster for a given tumor to the centroid 
(multivariate median). This was calculated using the “betadisper” 
function of the “vegan” R package.

Software
We developed the SignalFinder software using MATLAB and C++. 
Cellular and spatial signal analysis was done in MATLAB and Qu-
Path. We used Microsoft Excel and R for analyzing numerical out-
put and the preparation of graphs, BioRender for the preparation of 
graphical cartoons, and Canvas XIV for the preparation of the com-
posite figures.
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