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ARTICLE OPEN

Genomic and expression profiling reveal molecular
heterogeneity of disseminated tumor cells in bone marrow of
early breast cancer
Mark Jesus M. Magbanua1, Hope S. Rugo1, Louai Hauranieh1, Ritu Roy2, Janet H. Scott1, Jen Chieh Lee1, Feng Hsiao1, Eduardo V. Sosa1,
Laura van’t Veer3, Laura J. Esserman4 and John W. Park1

Detection of disseminated tumor cells (DTCs) in bone marrow is an established negative prognostic factor. We isolated small pools
of (~20) EPCAM-positive DTCs from early breast cancer patients for genomic profiling. Genome-wide copy number profiles of DTC
pools (n= 45) appeared less aberrant than the corresponding primary tumors (PT, n= 16). PIK3CA mutations were detected in 26%
of DTC pools (n= 53), none of them were shared with matched PTs. Expression profiling of DTC pools (n= 30) confirmed the
upregulation of EPCAM expression and certain oncogenes (e.g., MYC and CCNE1), as well as the absence of hematopoietic features.
Two expression subtypes were observed: (1) luminal with dual epithelial–mesenchymal properties (high ESR1 and VIM/CAV1
expression), and (2) basal-like with proliferative/stem cell-like phenotype (low ESR1 and high MKI67/ALDH1A1 expression). We
observed high discordance between ESR1 (40%) and ERRB2 (43%) expression in DTC pools vs. the clinical ER and HER2 status of the
corresponding primary tumors, suggesting plasticity of biomarker status during dissemination to the bone marrow. Comparison of
expression profiles of DTC pools with available data from circulating tumor cells (CTCs) of metastatic breast cancer patients revealed
gene expression signatures in DTCs that were unique from those of CTCs. For example, ALDH1A1, CAV1, and VIM were upregulated
in DTC pools relative to CTCs. Taken together, analysis of pooled DTCs revealed molecular heterogeneity, possible genetic
divergence from corresponding primary tumor, and two distinct subpopulations. Validation in larger cohorts is needed to confirm
the presence of these molecular subtypes and to evaluate their biological and clinical significance.

npj Breast Cancer  (2018) 4:31 ; doi:10.1038/s41523-018-0083-5

INTRODUCTION
Efforts toward detection and characterization of disseminated
tumor cells (DTC) have been actively pursued to shed light on
their molecular nature and to evaluate their potential clinical
utility as biomarkers.1–3 While many studies have now shown that
the presence of DTCs is strongly associated with poor patient
outcomes,4–6 testing for DTCs has not been incorporated into
standard clinical practice due to a lack of consensus on methods
for detection of these cells.1,7 DTC assays have often relied on
immunocytochemistry or polymerase chain reaction-based meth-
ods to detect the presence of these cells in the bone marrow.1 Our
group has used EPCAM-based immunomagnetic enrichment and
fluorescence-activated cell sorting (IE/FACS) for detection and
isolation of circulating tumor cells (CTC) from blood of cancer
patients.8,9 This method involves an initial IE step using magnetic
beads coated with monoclonal antibody to EPCAM, followed by
FACS to detect and purify CTCs away from blood cells. Previous
studies have demonstrated the robustness of the IE/FACS method
for detection and isolation of highly pure CTCs (>90%),8,9 and
downstream molecular analyses have confirmed the malignant
nature of IE/FACS-isolated CTCs.8–10

In this study, we applied IE/FACS to detect and isolate pools of
EPCAM-expressing DTCs from bone marrow of early breast cancer

patients. Pooled cells, along with their matched primary tumors,
were subjected to genome-wide copy number analysis and PIK3CA
mutation screening. We also analyzed the expression of 64 cancer-
related genes in DTCs, and compared DTC expression profiles with
publicly available CTC gene expression data. Finally, we compared
ESR1 and ERBB2 expression in DTCs vs. the clinical ER and HER
status of corresponding primary tumors.

RESULTS
DTCs can be enumerated by IE/FACS
Bone marrow aspiration was performed in the operating room
immediately prior to breast surgery. Samples were then analyzed
via IE/FACS assay to detect and enumerate DTCs (Fig. 1a). A total
of 71 sequential patients who had detectable DTCs were included
in this study (Fig. 1b, Supplementary Table 1). The median age was
51 years old. 30% of patients were node-positive. 73% of patients
were ER-positive, and 21% were HER2-positive. 41% received
neoadjuvant chemotherapy prior to study entry.
We did not observe any significant correlation between the

concentration of DTCs in the bone marrow (DTC/mL) and standard
clinical and pathologic variables (Fig. 1c, d, Supplementary Fig. 1).
We did observe higher median DTC/mL in patients who received
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neoadjuvant chemotherapy compared to those who were
treatment naive at the time of surgery (Kruskal–Wallis p= 0.048)
(Fig. 1c). Node-positive patients showed a statistically insignificant
trend toward higher median DTC/mL compared to node-negative
patients (Kruskal–Wallis p= 0.177). The patient with the highest
concentration of DTCs (322.8 DTC/mL) also had largest number of
axillary lymph node metastases (21 positive nodes, Fig. 1d).

Molecular characterization of DTCs
After enumeration of DTCs in 4 mLs of bone marrow, the
remaining volume was subjected to IE/FACS to isolate pools of
DTCs. Downstream molecular analysis of pooled DTCs was

performed in overlapping subsets of the 71 patients from whom
DTCs were enumerated and isolated (Supplementary Fig. 2A). A
flow chart showing the number of patients and samples used for
analysis is presented in Supplementary Fig. 2B. DTCs were
subjected to genome-wide copy number analysis, PIK3CA muta-
tion screening, and gene expression analysis of 64 cancer-related
genes. The panel included epithelial and hematopoietic markers,
as well as genes involved in proliferation, tumorigenesis, cell
death, epithelial-to-mesenchymal transition (EMT), and stem cell-
ness (Supplementary Table 2). Results of molecular profiling are
described below.

Fig. 1 DTCs from bone marrow of early breast cancer patients were enumerated and isolated for downstream molecular profiling. a
Enumeration and isolation of DTCs using a two-step process involving immunomagnetic enrichment and flow cytometry or fluorescence-
activated cell sorting (IE/FACS). b Clinical characteristics of 71 patients from whom DTCs were enumerated. Each column represents a patient.
c–d Comparison of DTC/mL between groups based on patient treatment and nodal status (also see Supplementary Fig. 1 for extended
analysis)
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DTCs appear less genomically aberrant than corresponding
primary tumors
Pools of DTCs were isolated from 56 of 71 patients in study (79%).
Forty-five (80%) of these DTC samples were successfully analyzed
by array comparative genomic hybridization (aCGH) (Supplemen-
tary Table 3). Genome-wide copy number profiling of matched
primary tumors (and one lymph node metastasis) from 16 patients
revealed numerous aberrations, including those frequently found
in primary breast tumors (e.g., 1q gain, 8p loss, 8q gain, and 16q
loss)11 (Fig. 2a). DTCs, in general, displayed fewer copy number
alterations than the primary tumors (Fig. 2b). Overall, the fraction
of genome altered in DTCs was significantly lower compared to
that of primary tumors (linear regression (LR) p= 0.0019), and so

were the fractions of genome gained (LR p= 0.0032) and lost (LR
p= 0.0079). Representative DTC and primary tumor pairs are
shown in Supplementary Fig. 3A. Comparative analysis of genomic
aberrations between the two groups revealed a significantly
higher proportion of primary tumors with 14q12–q21 gain
(adjusted p= 0.007) and 16q12 loss (adjusted p= 0.007) (Supple-
mentary Fig. 3B). Unsupervised hierarchical clustering revealed
two major clusters and a singleton DTC sample (Fig. 2c). The left
cluster contained mostly DTCs, while the right cluster contained
DTC and primary tumor samples. Visual inspection of the heatmap
revealed that the loss of chromosome 19, which was observed
predominantly in the right cluster, appeared to drive cluster
separation. Interestingly, none of the 16 DTC and primary tumor

Fig. 2 DTCs appear to have less genomic aberrations vs. matched primary tumors. a Frequency plot of clone-wise comparisons of archival
tumors available from 16 patients (15 primary tumors and 1 lymph node) vs. DTCs (n= 45). Red and blue horizontal lines depict frequency of
gain and loss, respectively. b Comparison of the extent of genomic aberrations in DTCs vs. primary tumors (PT). The p-values shown were
calculated from fitting a linear model with the log-transformed fraction of genome gained (or lost or altered) as the response variable and
sample type as the predictor variable along with patient ID as a covariate. c Heatmap based on gain/loss status using Euclidean distance and
Ward agglomeration method. Columns represent samples. Chromosomes 1–22 are ordered from bottom to top (rows). Red, blue, and yellow
dots represent gain, loss, and amplification, respectively. The yellow box indicates loss of chromosome 19, which is observed predominantly in
the right cluster, and appears to drive cluster separation
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pairs clustered together. Taken together, these results indicate
significant divergence of copy number profiles in DTCs as
compared with those of the matched primary tumor, and suggest
that DTCs generally contain fewer genomic abnormalities than the
primary tumor.

DTCs show frequent PIK3CA mutation
Next, we screened for PIK3CA “hotspot” mutations in 55 of the 56
DTC samples previously analyzed by aCGH. Both Exons 9 and 20 of
PIK3CA, which includes the mutational hotspots E545 and H1047,
respectively, were sequenced (Supplementary Fig. 4). Testing in
cell lines with known mutation status revealed specificity of the
assay (Fig. 3a). Fifty-three patients had evaluable sequencing data

(Supplementary Table 4). Of those, 19 mutations (8 in exon 9 and
11 in exon 20) were detected in DTCs from 14 (26%) of the 53
patients with evaluable sequencing data (Fig. 3b, c). These
included 3 silent, 2 frameshift, 2 nonsense, and 12 missense
mutations. One of the silent mutations was considered germline,
while the rest were not observed in corresponding normal marrow
leukocytes. Eleven of the 19 (58%) have been previously reported
in the COSMIC and/or TCGA databases, and 15 (80%) were
predicted to be pathogenic or probably damaging. In matched
archival samples, three primary tumors and the lymph node
metastasis (29%) carried PIK3CA mutations. No PIK3CA mutations
were shared between DTCs and matched primary tumors.

Fig. 3 PIK3CA mutations can be detected in DTCs. a Sanger sequencing traces from cell lines used for assay optimization. Positive controls,
MCF7 and BT20 carry mutations E545K (Exon 9) and H1047R (Exon 20), respectively, but not the negative control BT474 cells. b Representative
Sanger sequencing traces depicting mutations detected in DTCs from five patients. c Summary of sequencing data from DTCs, primary
tumors, and a lymph node (LN) with at least one mutation detected. The complete list of patients screened for PIK3CA mutations and
corresponding sequencing results are found in Supplementary Table 4
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Expression profiling of IE/FACS-isolated DTCs indicate epithelial
and malignant origin
We isolated pools of DTCs from 35 of the 71 patients in the study
(49%), 30 (86%) of whom were successfully subjected to multi-
plexed Taqman Low-Density Array QPCR (aQPCR) analysis of 64
cancer-related genes (Supplementary Table 5). In parallel, marrow
leukocytes from 15 patients were isolated and profiled. Compar-
ison of DTC expression profiles with marrow leukocytes revealed
significant upregulation of EPCAM and MUC1, and downregulation
of hematopoietic cell markers, PTPRC/CD45 and CD68 (Fig. 4a).
These results are consistent with our epithelial-based approach for
isolation of DTCs. Moreover, oncogenes CCNE1 and MYC were also
upregulated in DTCs.
Of the 30 patients whose DTCs were successfully analyzed by

aQPCR, 14 had corresponding PIK3CA mutation data, 4 (29%) of
whom carried non-synonymous PIK3CAmutations (Supplementary

Fig. 2C). Taken together, the detection of PIK3CA mutations and
the upregulation of oncogenes CCNE1 and MYC in DTCs suggest
malignant phenotype.

Expression profiling reveals two distinct groups of DTCs
Unsupervised hierarchical clustering analysis revealed two major
clusters: a cluster containing only DTCs (DTC cluster 1, n= 14), and
another cluster which contained both DTCs (DTC cluster 2, n= 16)
and marrow leukocytes (Fig. 4b). Differential expression analysis
revealed that DTCs in each cluster showed significant upregula-
tion of EPCAM and downregulation of PTPRC relative to marrow
leukocytes (Supplementary Fig. 5), confirming their epithelial and
non-hematopoietic nature.
Next, we compared the expression profiles of the two DTC

clusters. Upregulated genes in DTC cluster 1 relative to cluster 2
(Fig. 4c), included cell proliferation and cancer stem cell-associated

Fig. 4 Gene expression analysis reveals two groups of DTCs with distinct expression profiles. a Volcano plot showing differentially expressed
genes between DTCs and marrow leukocytes. Genes with an adjusted p-value < 0.05 (black dashed line) were considered statistically
significant. Relative quantification (RQ) is reported in the logarithmic scale (log10 RQ= log10^2-ΔΔCT). A Log10 RQ= 1 or −1 means a gene is
expressed 10 times or 1/10 as much, respectively, in DTCs relative to marrow leukocyte samples. b Unsupervised hierarchical clustering
analysis of DTCs (n= 30) and CD45-positive marrow leukocytes (n= 15) isolated by IE/FACS. c A rose plot showing genes upregulated in DTCs
in cluster 1 (yellow) and cluster 2 (blue). d Violin plot of the 21-gene recurrence scores derived from DTC gene expression data from aQPCR
analysis. The red line indicates the median. e Kaplan–Meier analysis for recurrence-free survival between patients whose DTCs belong to
cluster 1 vs. cluster 2
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genes. For example, upregulated genes included MKI67, a
proliferation marker; ALDH1A1, a cancer stem cell marker;12 and
TACC3, a gene associated with stemness and proliferation.13,14

Proliferation-related genes CCNB115 and MYBL216 were also
upregulated, as was TFRC, a gene known to be overexpressed in
proliferating malignant cells.17 MUC1, an epithelial and breast
cancer marker, was upregulated in this cluster.
Genes upregulated in DTC cluster 2 relative to cluster 1 included

ESR1, which encodes the estrogen receptor; CAV1, a regulator of
estrogen-dependent signaling;18 and BCL2, an anti-apoptotic gene
associated with estrogen receptor positivity.19 Interestingly, the
macrophage marker CD68 was also upregulated. CD24, a gene
that is usually downregulated in cancer stem cell marker was
upregulated.20 Other genes that were upregulated included
epithelial cytokeratins, KRT18, KRT19, KRT6A, and KRT6B, as well
as VIM1, a mesenchymal marker.21 Other upregulated genes
include SPARC (osteonectin), a gene associated with EMT,22 and
bone metastasis,23 and CAPG, a putative biomarker for bone
metastasis.24

The aQPCR assay included a 21-gene signature (Oncotype Dx),25

which allows for the calculation of recurrence scores (RS,
Supplementary Information). When RS was calculated in our DTC
samples (n= 30), all samples were classified in the high-risk group
(RS ≥ 31) (Fig. 4d). We observed a slight trend toward higher RSs
for samples in DTC cluster 1 compared to those in DTC cluster 2,
but this was not statistically significant (Mann–Whitney U p=
0.1285).
Clinical follow-up revealed that two patients in cluster 1

experienced recurrence (bone and lymph node metastasis,
respectively). In cluster 2, one patient developed liver metastasis.

With a median follow-up of 58 months, the difference in distant
recurrence-free survival between groups was not statistically
significant (log-rank p= 0.32) (Fig. 4e).

ESR1/ER and ERBB2/HER2 status in DTCs vs. matched primary
tumors show high discordance
We used gene expression data to assign ESR1 and ERBB2 status in
30 DTC samples (Supplementary Information). Detectable expres-
sion (Ct < 36) was considered positive. We also calculated relative
ESR1 and ERBB2 (LogRQ10) expression in a subset of DTC samples
with corresponding marrow leukocytes (n= 15). Using breast
cancer cell lines with known ER (Fig. 5a) and HER2 (Fig. 5b) status
as references, a Log10 RQ ≥ 1 was considered positive. Both
approaches (Ct < 36 or Log10 RQ ≥ 1) showed high agreement in
calls for ESR1 (93%) and ERBB2 (87%) expression status.
Based on detectable expression (Ct < 36), 53% (16 of 30) of the

DTCs were ESR1-positive and 27% (8 of 30) were ERBB2-positive
(Supplementary Fig. 6A). Interestingly, aCGH analysis did not
detect gains or amplification of the ERBB2 locus in any of DTC
samples analyzed (data not shown). Cluster 2 contained a
significantly higher proportion of ER-positive DTCs compared to
cluster 1 (75 vs. 29%, Chi-squared p= 0.0132). In contrast, cluster 1
contained a higher proportion of HER2-positive DTCs compared to
cluster 2 (43 vs. 13%), but was not statistically significant (Chi-
squared p= 0.0695).
Of the 30 DTC samples profiled, matching primary tumor clinical

results for ER (n= 29) and HER2 (n= 28) were available. 86% of
the primary tumors were ER-positive, and 25% were HER2-positive.
Eleven of the 25 (44%) ER-positive primary tumor samples were

Fig. 5 ESR1/ER and ERBB2/HER2 status in DTCs and matched primary tumors show high discordance. a ESR1 and b ERBB2 expression in DTCs
and breast cancer cell lines with known ER and HER2 status, respectively. The red dashed lines indicate the selected cut-off for positivity
(Log10 RQ= 1); two-by-two contingency tables showing agreement in c ESR1 and ER status and d ERBB2 and HER2 status in DTCs vs. matched
primary tumors
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associated with ESR1-negative DTCs, while 2 of the 4 (50%) ER-
negative tumors had ER-positive DTCs (Fig. 5c). All 7 patients with
HER2-positive primary tumors had HER2-negative DTCs, while 5 of
the 21 (24%) HER2-negative patients had HER2-positive DTCs (Fig.
5d). Overall, the discordance in ER and HER2 status between DTCs
and their corresponding primary tumors was high (45%, κ= 0.031
and 43%, κ=−0.263, respectively).
The proportion of receptor subtypes was significantly different

between DTCs and primary tumors (Fisher’s exact p= 0.028)
(Supplementary Fig. 6B). ESR1−ERBB2+ and ESR1−ERBB2− sub-
types were more frequent in DTCs, while ER+HER2− and ER
−HER2+ subtypes were more frequent in primary tumors. The ER
−HER2+ subtype was not represented among the matched
primary tumors in this cohort.

DTC gene expression and neoadjuvant treatment
Fifteen of the 30 patients with DTC expression data had
completed neoadjuvant chemotherapy at the time of bone
marrow aspiration. Expression profiles of DTCs did not appear to
cluster based on whether neoadjuvant treatment was received
(Supplementary Fig. 6A). Differential expression analysis between
DTCs from treatment-naive vs. neoadjuvant-treated patients did
not show significant differentially expressed genes (Supplemen-
tary Fig. 6C).

DTC gene expression profiles appear different from those of CTCs
Next, we compared expression profiles of DTCs with CTC gene
expression data recently reported by our group.9 In a previous
study, CTCs were isolated from blood of metastatic breast cancer
patients using the same IE/FACS method, and profiled using the

same microfluidic aQPCR platform. The merged data was normal-
ized using the reference genes (RPS18 and ACTB).
Unsupervised hierarchical clustering of CTCs (n= 105), DTCs (n

= 30), blood (n= 76), and bone marrow leukocytes (n= 15)
revealed four major clusters (Fig. 6a). The first cluster, which
formed an entirely separate group, contained identical DTC
samples from previously identified cluster 1. The second cluster
contained samples that were predominantly CTCs. The third
cluster contained a combination of blood and marrow leukocytes.
The fourth cluster had seven subclusters, each with mostly the
same cell types. Subcluster 6, for example, contained all but one of
the DTC samples belonging to the previously identified cluster 2.
Two-dimensional t-SNE analysis to identify clusters revealed
similar results (Fig. 6b). In general, bone marrow and blood
leukocytes clustered together, while CTCs formed a separate
cluster. Moreover, DTC samples separated into two groups
corresponding to the clusters identified above.
Differential expression analysis revealed that, relative to DTCs,

CTCs exhibit upregulation of epithelial (KRT7, KRT19, MUC1) and
EMT (SNAI1) markers; upregulation of the androgen receptor (AR),
estrogen-related genes (ESR1, AGR2, SCUBE2, SCGB2A2, SCGB2A1,
TFF1, TFF3), as well as HER2-related genes (ERBB2, GRB7) (Fig. 6c).
DTCs, on the other hand, displayed upregulation of mesenchymal
(VIM) and epithelial markers (KRT6A, KRT6B, KRT18), and putative
stem cell marker ALDH1A1.

DISCUSSION
Improvements in technologies for rare-cell detection and analysis
of limited amount of nucleic acids in the past two decades have
facilitated efforts toward isolation and molecular characterization

Fig. 6 DTCs and CTCs exhibit expression profiles that are unique from each other. a Unsupervised hierarchical clustering analysis of CTCs (n=
105) and DTCs (n= 30) along with matched blood leukocytes (n= 76) and marrow leukocytes (n= 15). b t-SNE analysis to determine clusters
based on similarities in gene expression. c A rose plot showing genes upregulated in DTCs and CTCs. Genes with an adjusted p-value < 0.05
were considered statistically significant. Relative quantification (RQ) is reported in the logarithmic scale (log10 RQ= log10^2-ΔΔCT). A Log10
RQ= 1 or −1 means a gene is expressed 10 times or 1/10 as much, respectively
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of DTCs.26–44 Evidence from early genomic studies of DTCs have
provided insights into mechanisms of cancer dissemination and
evolution1 (also see Supplementary Table 6). We built upon these
previous studies by performing copy number, gene expression,
and mutation screening in EPCAM-positive DTCs detected in bone
marrow of early breast cancer patients. Our results revealed
genomic heterogeneity and malignant characteristics in these
cells. We also detected two subpopulations of DTCs with differing
phenotypic properties.
Approaches for detection of DTCs have frequently relied on

immunophenotyping to identify epithelial cells in the bone
marrow. Borgen and colleagues45 previously outlined a standar-
dized immunocytochemical (ICC) method for detection of micro-
metastatic cells using pan-cytokeratin (CK) monoclonal antibodies
along with morphological criteria to classify cells positive for
cytokeratin staining.
In this study, we demonstrated the feasibility of an EPCAM-

based approach for detection and isolation of DTCs.9 We utilized
the cell surface marker EPCAM because it obviated the need for
harsh permeabilization (required to access cytoplasmic CK
antigens), a procedure that could potentially affect nucleic acid
stability.46 In addition, EPCAM-based cell capture has been used
extensively for CTCs,47 and so by isolating DTCs with a parallel
approach we could directly compare cancer cells from these two
compartments. Similar to CK-based detection, positive EPCAM
expression is not a sufficient criterion to consider a cell a cancer
cell. Here, we provide molecular evidence that EPCAM-positive
cells isolated via IE/FACS from the bone marrow display molecular
features that are consistent with a tumor phenotype.
The IE/FACS approach used here was able to recover relatively

high numbers of DTCs for analysis. What appears to be a high
number of DTCs isolated by IE/FACS in comparison to standard
ICC reflects the number of cells analyzed in each assay. The
standard ICC assay for DTC detection typically evaluates 4–8
million mononuclear cells per sample. For example, Fehm and
colleagues outlined a standardized ICC protocol involving
cytospins of Ficoll-separated mononuclear cells onto 2–4 slides
(each containing 2 million mononuclear cells).48 In contrast, the IE/
FACS assay, which routinely utilizes 4 mL of bone marrow,
analyzes ~176 million mononuclear cells per sample, a 20-fold
or more larger number of cells. On the other hand, the higher
sensitivity of IE/FACS is accompanied by lower specificity than
standard ICC. In separate larger scale studies, we observed that
68% of bone marrow samples from 584 early breast cancer
patients were considered positive for DTCs (Magbanua, in
preparation). This is clearly higher than the positivity rate of
30.6% reported in a large pooled analysis of ICC-based studies.5

Our genome-wide copy number analysis revealed that DTCs, in
general, carried fewer aberrations than the matched primary
tumors. These results are consistent with previous studies
indicating lesser genomic changes in DTCs vs. primary
tumor.26,29,31,34,37,41,49 For example, Klein and colleagues isolated
DTCs based on CK26,27 and EPCAM28 expression, and developed a
method for genomic profiling of single cells using chromosome
comparative genomic hybridization (cCGH) analysis. Single cell
studies by Klein et al.26 revealed fewer copy number aberrations in
DTCs from non-metastatic patients compared to those from
patients with metastatic disease. Using the same cCGH method,
Schumacher and colleagues35 recently reported on copy number
analysis in single CK-positive DTCs from patients with non-
metastatic esophageal cancer. These investigators also observed
that DTCs had fewer aberrations compared to corresponding
primary tumors. Detection of genomic aberrancy in DTCs in these
studies may have been limited by the low resolution of the cCGH
method, which makes it less sensitive in detecting small copy
number aberrations.50 However, Holcomb and colleagues49 used
high-resolution array-based CGH analysis in small pools of EPCAM-
positive DTCs; they reported that cells isolated from patients with

localized prostate cancer had significantly fewer aberrations vs.
their corresponding primary tumors.49

Alternatively, our results showing relatively lower copy number
variations in DTCs may be at least in part attributable to the
presence of non-DTCs within the pools analyzed by aCGH. Indeed,
one of the major limitations of this study is that cells were
analyzed as pools and not as individual cells, thus preventing the
examination of copy number profiles at the single cell level. Single
cell genomic analysis of CK-positive cells in the bone marrow by
Demeulemeester and colleagues32 revealed that 53% (10 of 19) of
these cells were in fact DTCs, with tumor-specific genomic
aberrations consistent with those found in the corresponding
primary tumors.32 The remaining cells initially classified as tumor
cells were found to be “normal” cells (30%) or “aberrant cells of
unknown origin” (16%). The authors hypothesized that these non-
DTC cells were nonmalignant epithelial cells, hematopoietic
lineage cells, or actual tumor cells from an unrelated cancer.
Sequence analysis of PIK3CA revealed that about quarter of

DTCs carry genetic alterations in this gene. These included novel
mutations and those that have been previously documented in
breast and other cancers.11,51 Some DTCs carried mutations in the
PIK3CA hot spots, e.g., E545D/G on Exon 9 and H1047R on Exon
20.11 Interestingly, the mutations detected in DTCs were not
present in the corresponding primary tumors. Other studies have
also detected PIK3CA mutations in CTCs and DTCs that were not
found in their corresponding primary tumors.52–54

Consistent with our epithelial-based isolation strategy, we
observed upregulation of EPCAM and downregulation of PTPRC
in DTCs. Unsupervised clustering analysis revealed two groups of
DTCs with distinct expression profiles. Furthermore, comparisons
of expression profiles of DTCs in each cluster with those of marrow
leukocytes confirmed upregulation of EPCAM and downregulation
of PTPRC. While CD68, a macrophage-specific marker, was overall
downregulated in DTCs relative to marrow leukocytes, differential
expression analysis between the two DTC clusters showed that
DTCs in cluster 2 displayed significantly higher expression levels of
CD68 compared to those in cluster 1. It is possible that DTC
samples in cluster 2 had macrophage contamination. However,
evidence showing that PTPRC—a pan-leukocyte marker also
expressed in macrophages—was not differentially expressed
between the two groups does not support this assumption.
Lustberg and colleagues55 observed atypical CK-positive CTCs in
blood of metastatic breast cancer patients that also expressed
CD68. DTCs in cluster 2 may be enriched for these atypical double
positive cells. Furthermore, Adam and colleagues56 observed that
circulating-associated macrophage-like cells (CAML) physically
interact with CTCs in circulation to facilitate tumor dissemination.
It is tempting to speculate that CD68 signals observed in DTC
cluster 2 may be coming from CAML cells co-isolated with DTCs.
Nonetheless, the upregulation of CD68 in this DTC cluster warrants
further investigation.
Analysis using the 21-gene signature revealed that DTCs in

cluster 1 have a numerically higher median RS than those in
cluster 2. These results are consistent with gene expression data
showing that DTCs in the cluster 1 may have a more aggressive
phenotype as they exhibited basal-like (low ESR1), proliferative
(high MKI67), and stem cell-like (high ALDH1A1) characteristics.
DTCs in cluster 2, in contrast, displayed luminal phenotype (high
ESR1), low proliferative potential (low MKI67), and dual
epithelial–mesenchymal characteristics (high EPCAM and VIM
expression), and may represent a less aggressive subtype of DTCs.
Sosa and colleagues have proposed that early during the

disease process DTCs transit to niches that either promote tumor
dormancy (Ki67-negative DTCs) or proliferative growth (Ki67-
positive DTCs).57 It is possible that the DTC subtypes observed in
this study represent these two different subpopulations of DTCs.
For example, the upregulation of SPARC (osteonectin), which has
been implicated in metastatic dormancy in bone58 and
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downregulation of MKI67 in DTCs in cluster 2 suggest that these
cells may be dormant,57 whereas the upregulation of MKI67 and
CCNB1 in DTCs in cluster 1 suggests a proliferative phenotype.
It has been hypothesized that subpopulations of DTCs possess

stem cell-like properties.59,60 In this study, we observed that DTCs
in cluster 1 not only displayed high expression of the stem cell
marker, ALDH1A1,20 but also of the proliferation marker, MKI67,
and TACC3, a gene that is involved in promoting stemness and cell
proliferation.13,14 However, functional studies are needed to fully
demonstrate stem cell properties in this subset of DTCs.
We compared the expression status of ESR1 and ERBB2 in DTCs

with the clinical ER and HER2 status of the corresponding primary
tumor. We observed high discordance between ESR1 (40%) and
ERRB2 (43%) status in DTCs vs. the clinical ER and HER2 status of
the corresponding primary tumors, suggesting plasticity of
biomarker status over the course of the disease.61 Previous
studies have also shown discordance in ER (28%62; 53%63) and
HER2 (29–42%64,65) status between DTCs and matched primary
tumors. In contrast, a study using fluorescence in situ hybridiza-
tion analysis showed that HER2 status in DTCs is highly
concordant with that of the corresponding primary tumors.66

Comparison of DTC gene expression with previous CTC results
showed distinct clustering of DTCs vs. CTCs, and both were clearly
distinguishable from normal blood and bone marrow leukocytes.
Further analysis indicated upregulation of stem cell marker
(ALDH1A1) and epithelial–mesenchymal genes (VIM, KRT6A, KRT6B,
KRT18) in DTCs as compared to CTCs. The observed bi-phenotypic
(epithelial and mesenchymal) nature of EPCAM-positive DTCs
isolated by IE/FACS may also be due presence of normal bone
marrow cells (e.g., mesenchymal stromal cells) in the pools of cells
analyzed. Single-cell expression analysis can confirm whether
individual cells express both mesenchymal and epithelial markers.
Limitations of the study include the small sample size, and that

CTCs were not collected from the same patients, as were the DTCs
and primary tumors. Also, we pursued an EPCAM-based isolation
strategy to parallel the approach used in many CTC studies47;
however, we will not capture DTCs lacking EPCAM expression,
such as those undergoing EMT.67

Previously, we studied the feasibility of IE/FACS for isolation of
highly pure CTCs with minimal contaminating hematopoietic cell
content8,9 to facilitate detailed molecular profiling. In this study,
we have extended the use of IE/FACS for direct isolation and in-
depth analysis of DTCs. The ability to isolate CTCs and DTCs using
this approach provides new opportunities to study these two
aspects of cancer metastasis.

CONCLUSIONS
We demonstrate the feasibility of direct isolation and character-
ization of EPCAM-positive DTCs from early breast cancer patients.
Our data revealed molecular heterogeneity among DTCs and
suggested possible genetic divergence of these cells from
corresponding primary tumor. We also detected two subpopula-
tions of DTCs with distinct expression profiles.

METHODS
Patient population and samples
Bone marrow samples were collected from newly diagnosed early breast
cancer patients (clinical stages I–III) who were recruited to participate in a
local study (TIPPING) at the University of California San Francisco (UCSF).
The goal of the TIPPING study, which involved 584 early breast cancer
patients, was to enumerate DTCs and to evaluate their prognostic value.
The results of the TIPPING study will be reported elsewhere. For this
present study, we isolated and profiled small pools of DTCs from 71
TIPPING patients with detectable DTCs. Written informed consent was
obtained from all participants. The study was conducted under a protocol
approved by the UCSF Institutional Review Board.

Bone marrow was collected via a unilateral bone marrow aspiration from
the posterior superior iliac crest while patient was under anesthesia
immediately prior to surgery. Samples were collected in EDTA-containing
tubes and processed within 24 h after bone marrow aspiration (Supple-
mentary Information). Clinical samples were obtained from December
2007 to May 2012. The flow of sample processing is diagrammed in
Supplementary Fig. 2.

DTC enumeration and isolation by IE/FACS
DTCs were enumerated in 4mL of bone marrow and the remaining volume
(median: 7 mLs; range: 2–17mLs) was used for DTC isolation (Fig. 1a). Iron
beads coated with EPCAM monoclonal antibodies were added to bone
marrow samples to enrich for EPCAM-positive cells via magnetic capture.9

Differentially labeled monoclonal antibodies were added to the enriched
sample to distinguish DTCs (nucleated/EPCAM+/CD45−) from bone
marrow leukocytes (nucleated/CD45+/EPCAM−) during cells sorting. Small
pools of DTCs (~20 cells) were isolated via FACS, and samples were stored
−80 °C until further processing.

Copy number profiling
Genome-wide copy number analysis in DTCs was performed as previously
described.9 Briefly, whole-genome amplification (WGA) was performed on
genomic DNA from small pools of IE/FACS-isolated DTCs. The resulting
amplified genomic DNA was used as input for bacterial artificial
chromosome aCGH analysis.

PIK3CA mutation analysis
PCR primers were designed to amplify the regions containing the
complete Exon 9 and Exon 20 of the PIK3CA gene (Supplementary
Information). WGA products were used as inputs for PCR. DNA amplicons
were sequenced using the Sanger method and the entire exons, which
include the PIK3CA mutational hotspot regions on amino acid positions
542, 545, and 1047, were screened for mutations. In DTC samples with
detectable mutations, amplified whole-genome DNA from corresponding
marrow leukocyte was subjected to PIK3CA mutation screening as well.
Point mutations identified were subjected to pathogenic analysis to

determine phenotypic consequences of amino acid changes using the
Functional Analysis through Hidden Markov Models algorithm, following
the guidelines in Catalogue of Somatic Mutations in Cancer (COSMIC) for
pathogenicity annotation.68 Pathogenicity of detected frameshift muta-
tions was predicted using Variant Effect Scoring Tool in the Cancer-Related
Analysis of Variants Toolkit web server.69

Expression profiling
The expression of 64 cancer-related genes in DTCs was analyzed as
previously described.9 Briefly, RT-PCR was performed using a custom
Taqman® Low-Density Array (Applied Biosystems) microfluidic card
containing the 64 Taqman® gene expression assays printed in triplicate
(referred to as aQPCR). To select the optimal gene(s) for normalization, we
used the geNorm algorithm within RealTime StatMiner® to calculate the
gene stability measure (M) for all six candidate genes (ACTB, GAPDH, GUSB,
RPLP0, TFRC, and RPS18). ACTB and RPS18 showed lowest M values
indicating most stable expression across all samples, and therefore were
chosen as references genes.

ESR1/ER and ERBB2/HER status assessment
DTCs with detectable expression (Ct value < 36) of ESR1 and ERBB2 were
considered positive (Supplementary Information). The clinical ER and
HER2 status of corresponding primary tumors were obtained from patients’
medical records.

Statistical analysis
All statistical analyses were carried out using R/Bioconductor software,70

unless otherwise indicated.

Copy number analysis. To determine copy number status (gain/loss/
normal), the aCGH data was processed using circular binary segmentation,
as described previously,9 with some modifications. Details of the methods
for copy number assessment are discussed in the Supplementary
Information.
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Expression analysis. We used the RealTime StatMiner® version 4.2 to
analyze gene expression data. Genes with Cts ≥ 36 were considered
unreliable and were flagged as “not detected”. Unsupervised complete
linkage hierarchical clustering analyses were performed using Euclidean
distance as a similarity measure. Differential expression analysis was
performed using a parametric analysis (Limma) for unpaired samples and a
paired t-test for paired samples. Benjamini–Hochberg method was used to
adjust for multiple comparisons. An adjusted p-value < 0.05 was consid-
ered statistically significant. Relative quantification (RQ) was reported in
the logarithmic scale (log10RQ= log10 2-ΔΔCt). A log10RQ= 0 means no
differential expression, log10RQ= 1 or −1 means a gene is expressed 10
times or 1/10 as much in the test sample relative to the calibrator sample,
respectively. Two-dimensional clustering was also performed using t-SNE
analysis via the R package Rtnse.71 The 21-gene RSs were computed using
the R package genefu as described in the Supplementary Information.

DATA AVAILABILITY
QPCR and aCGH data has been submitted to the Gene Expression Omnibus (GEO)
under the accession numbers GSE112756, GSE112757, and GSE40622.

ACKNOWLEDGEMENTS
We thank Erin Bowlby, Amanda Romani, Laura Petrillo, and Jin Sun Bitar for
coordinating the collection of patient samples and follow-up; Alfred Au for pathology
assessment of primary tumor samples; Stig Kreps for administrative support; the
UCSF Array Core, UCSF Genome Core and Laboratory for Cell Analysis for technical
assistance; and Amy Delson of the UCSF Breast Science Advocacy Core for careful
review of the manuscript. The molecular characterization efforts in this study were
funded by the Breast Cancer Research Foundation (BCRF-17-140 awarded to H.S.R.
and M.J.M.M.). The clinical study was funded by the National Cancer Institute Early
Detection Research Network (U01 CA111234 awarded to L.E. and J.W.P.). Copy
number analysis was performed at the Computational Biology and Informatics
Shared Resource (R.R.) funded by the National Cancer Institute Cancer Center Support
Grant (5P30CA082103).

AUTHOR CONTRIBUTIONS
Study concept and design: M.J.M., J.W.P., L.E. Acquisition of data: L.H., R.R., J.H.S., J.C.L.,
F.H., E.V.S., L.E. Drafting the manuscript: M.J.M., J.W.P., F.H., J.C.L. Analysis and
interpretation of data: M.J.M., R.R., F.H., J.C.L. Experimentation: L.H., J.H.S., J.C.L., F.H., E.
V.S. Statistical analysis: M.J.M., R.R., L.H. Administrative, technical, or material support:
H.S.R., L.V.V., L.E., J.W.P., H.S.R. Study supervision: M.J.M., H.S.R., L.V.V., L.E., J.W.P. All
authors reviewed and approved the final version of the manuscript.

ADDITIONAL INFORMATION
Supplementary Information accompanies the paper on the npj Breast Cancer
website (https://doi.org/10.1038/s41523-018-0083-5).

Competing interests: The authors declare no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

REFERENCES
1. Magbanua, M. J., Das, R., Polavarapu, P. & Park, J. W. Approaches to isolation and

molecular characterization of disseminated tumor cells. Oncotarget 6,
30715–30729 (2015).

2. Hartkopf, A. D., Wallwiener, M., Kommoss, S., Taran, F. A. & Brucker, S. Y. Detection
of disseminated tumor cells from the bone marrow of patients with early breast
cancer is associated with high 21-gene recurrence score. Breast Cancer Res. Treat.
156, 91–95 (2016).

3. Kasimir-Bauer, S. et al. Does primary neoadjuvant systemic therapy eradicate
minimal residual disease? Analysis of disseminated and circulating tumor cells
before and after therapy. Breast Cancer Res. 18, 20 (2016).

4. Braun, S. et al. A pooled analysis of bone marrow micrometastasis in breast
cancer. N. Engl. J. Med. 353, 793–802 (2005).

5. Braun, S. et al. Cytokeratin-positive cells in the bone marrow and survival of
patients with stage I, II, or III breast cancer. N. Engl. J. Med. 342, 525–533 (2000).

6. Stefanovic, S. et al. Disseminated tumor cells in the bone marrow of patients with
operable primary breast cancer: prognostic impact in immunophenotypic

subgroups and clinical implication for bisphosphonate treatment. Ann. Surg.
Oncol. 23, 757–766 (2016).

7. Park, J. W. Disseminated tumor cells: the method is the message. Breast Cancer
Res. Treat. 125, 739–740 (2011).

8. Gulbahce, N. et al. Quantitative whole genome sequencing of circulating tumor
cells enables personalized combination therapy of metastatic cancer. Cancer Res.
77, 4530–4541 (2017).

9. Magbanua, M. J. M. et al. Expanded genomic profiling of circulating tumor cells in
metastatic breast cancer patients to assess biomarker status and biology over
time (CALGB 40502 and CALGB 40503, alliance). Clin. Cancer Res. 24, 1486–1499
(2018).

10. Paszek, M. J. et al. The cancer glycocalyx mechanically primes integrin-mediated
growth and survival. Nature 511, 319–325 (2014).

11. The Cancer Genome Atlas Network. Comprehensive molecular portraits of
human breast tumours. Nature 490, 61–70 (2012).

12. Tomita, H., Tanaka, K., Tanaka, T. & Hara, A. Aldehyde dehydrogenase 1A1 in stem
cells and cancer. Oncotarget 7, 11018–11032 (2016).

13. Zhou, D. S. et al. TACC3 promotes stemness and is a potential therapeutic target
in hepatocellular carcinoma. Oncotarget 6, 24163–24177 (2015).

14. Du, Y. et al. TACC3 promotes colorectal cancer tumourigenesis and correlates
with poor prognosis. Oncotarget 7, 41885–41897 (2016).

15. Whitfield, M. L., George, L. K., Grant, G. D. & Perou, C. M. Common markers of
proliferation. Nat. Rev. Cancer 6, 99–106 (2006).

16. Musa, J., Aynaud, M. M., Mirabeau, O., Delattre, O. & Grunewald, T. G. MYBL2 (B-
Myb): a central regulator of cell proliferation, cell survival and differentiation
involved in tumorigenesis. Cell Death Dis. 8, e2895 (2017).

17. Ryschich, E. et al. Transferrin receptor is a marker of malignant phenotype in
human pancreatic cancer and in neuroendocrine carcinoma of the pancreas. Eur.
J. Cancer 40, 1418–1422 (2004).

18. Mercier, I. et al. Genetic ablation of caveolin-1 drives estrogen-hypersensitivity
and the development of DCIS-like mammary lesions. Am. J. Pathol. 174,
1172–1190 (2009).

19. Dawson, S. J. et al. BCL2 in breast cancer: a favourable prognostic marker across
molecular subtypes and independent of adjuvant therapy received. Br. J. Cancer
103, 668–675 (2010).

20. Ricardo, S. et al. Breast cancer stem cell markers CD44, CD24 and ALDH1:
expression distribution within intrinsic molecular subtype. J. Clin. Pathol. 64,
937–946 (2011).

21. Maier, J., Traenkle, B. & Rothbauer, U. Real-time analysis of epithelial-
mesenchymal transition using fluorescent single-domain antibodies. Sci. Rep. 5,
13402 (2015).

22. Shi, D. et al. Overexpression of SPARC correlates with poor prognosis in patients
with cervical carcinoma and regulates cancer cell epithelial-mesenchymal tran-
sition. Oncol. Lett. 11, 3251–3258 (2016).

23. Ribeiro, N., Sousa, S. R., Brekken, R. A. & Monteiro, F. J. Role of SPARC in bone
remodeling and cancer-related bone metastasis. J. Cell. Biochem. 115, 17–26
(2014).

24. Westbrook, J. A. et al. CAPG and GIPC1: breast cancer biomarkers for bone
metastasis development and treatment. J. Natl. Cancer Inst. https://doi.org/
10.1093/jnci/djv360 (2016).

25. Paik, S. et al. A multigene assay to predict recurrence of tamoxifen-treated, node-
negative breast cancer. N. Engl. J. Med. 351, 2817–2826 (2004).

26. Klein, C. A. et al. Genetic heterogeneity of single disseminated tumour cells in
minimal residual cancer. Lancet 360, 683–689 (2002).

27. Klein, C. A. et al. Comparative genomic hybridization, loss of heterozygosity, and
DNA sequence analysis of single cells. Proc. Natl Acad. Sci. USA 96, 4494–4499
(1999).

28. Klein, C. A. et al. Combined transcriptome and genome analysis of single
micrometastatic cells. Nat. Biotechnol. 20, 387–392 (2002).

29. Schmidt-Kittler, O. et al. From latent disseminated cells to overt metastasis:
genetic analysis of systemic breast cancer progression. Proc. Natl Acad. Sci. USA
100, 7737–7742 (2003).

30. Chery, L. et al. Characterization of single disseminated prostate cancer cells
reveals tumor cell heterogeneity and identifies dormancy associated pathways.
Oncotarget 5, 9939–9951 (2014).

31. Czyz, Z. T., Hoffmann, M., Schlimok, G., Polzer, B. & Klein, C. A. Reliable single cell
array CGH for clinical samples. PLoS ONE 9, e85907 (2014).

32. Demeulemeester, J. et al. Tracing the origin of disseminated tumor cells in breast
cancer using single-cell sequencing. Genome Biol. 17, 250 (2016).

33. Fuhrmann, C. et al. High-resolution array comparative genomic hybridization of
single micrometastatic tumor cells. Nucleic Acids Res. 36, e39 (2008).

34. Gangnus, R., Langer, S., Breit, E., Pantel, K. & Speicher, M. R. Genomic profiling of
viable and proliferative micrometastatic cells from early-stage breast cancer
patients. Clin. Cancer Res. 10, 3457–3464 (2004).

Genomic and expression profiling reveal molecular heterogeneity of. . .
MJM Magbanua et al.

10

npj Breast Cancer (2018)  31 Published in partnership with the Breast Cancer Research Foundation

https://doi.org/10.1038/s41523-018-0083-5
https://doi.org/10.1093/jnci/djv360
https://doi.org/10.1093/jnci/djv360


35. Schumacher, S. et al. Disseminated tumour cells with highly aberrant genomes
are linked to poor prognosis in operable oesophageal adenocarcinoma. Br. J.
Cancer 117, 725–733 (2017).

36. Siddappa, C. M. et al. Detection of disseminated tumor cells in the bone marrow
of breast cancer patients using multiplex gene expression measurements iden-
tifies new therapeutic targets in patients at high risk for the development of
metastatic disease. Breast Cancer Res. Treat. 137, 45–56 (2013).

37. Stoecklein, N. H. et al. Direct genetic analysis of single disseminated cancer cells
for prediction of outcome and therapy selection in esophageal cancer. Cancer
Cell 13, 441–453 (2008).

38. Weckermann, D. et al. Disseminated cytokeratin positive tumor cells in the bone
marrow of patients with prostate cancer: detection and prognostic value. J. Urol.
166, 699–703 (2001).

39. Wu, Y. et al. High-resolution genomic profiling of disseminated tumor cells in
prostate cancer. J. Mol. Diagn. 18, 131–143 (2016).

40. Watson, M. A. et al. Isolation and molecular profiling of bone marrow micro-
metastases identifies TWIST1 as a marker of early tumor relapse in breast cancer
patients. Clin. Cancer Res. 13, 5001–5009 (2007).

41. Schardt, J. A. et al. Genomic analysis of single cytokeratin-positive cells from bone
marrow reveals early mutational events in breast cancer. Cancer Cell 8, 227–239
(2005).

42. Guzvic, M. et al. Combined genome and transcriptome analysis of single dis-
seminated cancer cells from bone marrow of prostate cancer patients reveals
unexpected transcriptomes. Cancer Res. 74, 7383–7394 (2014).

43. Moller, E. K. et al. Next-generation sequencing of disseminated tumor cells. Front.
Oncol. 3, 320 (2013).

44. Kraus, J., Pantel, K., Pinkel, D., Albertson, D. G. & Speicher, M. R. High-resolution
genomic profiling of occult micrometastatic tumor cells. Genes Chromosomes
Cancer 36, 159–166 (2003).

45. Borgen, E. et al. Standardization of the immunocytochemical detection of cancer
cells in BM and blood: I. Establishment of objective criteria for the evaluation of
immunostained cells. Cytotherapy 1, 377–388 (1999).

46. Sandstedt, M. et al. Intracellular flow cytometry may be combined with good
quality and high sensitivity RT-qPCR analysis. Cytom. A 87, 1079–1089 (2015).

47. Magbanua, M. J. & Park, J. W. Advances in genomic characterization of circulating
tumor cells. Cancer Metastas. Rev. 33, 757–769 (2014).

48. Fehm, T. et al. A concept for the standardized detection of disseminated tumor
cells in bone marrow from patients with primary breast cancer and its clinical
implementation. Cancer 107, 885–892 (2006).

49. Holcomb, I. N. et al. Genomic alterations indicate tumor origin and varied
metastatic potential of disseminated cells from prostate cancer patients. Cancer
Res. 68, 5599–5608 (2008).

50. Ramos, L. et al. Oligonucleotide arrays vs. metaphase-comparative genomic
hybridisation and BAC arrays for single-cell analysis: first applications to pre-
implantation genetic diagnosis for Robertsonian translocation carriers. PLoS ONE
9, e113223 (2014).

51. Forbes, S. A. et al. COSMIC: somatic cancer genetics at high-resolution. Nucleic
Acids Res. 45, D777–D783 (2017).

52. Heitzer, E. et al. Complex tumor genomes inferred from single circulating tumor
cells by array-CGH and next-generation sequencing. Cancer Res. 73, 2965–2975
(2013).

53. Deng, G. et al. Single cell mutational analysis of PIK3CA in circulating tumor cells
and metastases in breast cancer reveals heterogeneity, discordance, and muta-
tion persistence in cultured disseminated tumor cells from bone marrow. BMC
Cancer 14, 456 (2014).

54. Markou, A. et al. PIK3CA mutational status in circulating tumor cells can change
during disease recurrence or progression in patients with breast cancer. Clin.
Cancer Res. 20, 5823–5834 (2014).

55. Lustberg, M. B. et al. Heterogeneous atypical cell populations are present in
blood of metastatic breast cancer patients. Breast Cancer Res. 16, R23 (2014).

56. Adams, D. L. et al. Circulating giant macrophages as a potential biomarker of solid
tumors. Proc. Natl Acad. Sci. USA 111, 3514–3519 (2014).

57. Sosa, M. S., Bragado, P. & Aguirre-Ghiso, J. A. Mechanisms of disseminated cancer
cell dormancy: an awakening field. Nat. Rev. Cancer 14, 611–622 (2014).

58. Sharma, S. et al. Secreted protein acidic and rich in cysteine (SPARC) mediates
metastatic dormancy of prostate cancer in bone. J. Biol. Chem. 291, 19351–19363
(2016).

59. Visvader, J. E. & Lindeman, G. J. Cancer stem cells in solid tumours: accumulating
evidence and unresolved questions. Nat. Rev. Cancer 8, 755–768 (2008).

60. Pantel, K. & Alix-Panabieres, C. Bone marrow as a reservoir for disseminated
tumor cells: a special source for liquid biopsy in cancer patients. Bone Rep. 3, 584
(2014).

61. Lindstrom, L. S. et al. Clinically used breast cancer markers such as estrogen
receptor, progesterone receptor, and human epidermal growth factor receptor 2
are unstable throughout tumor progression. J. Clin. Oncol. 30, 2601–2608 (2012).

62. Fehm, T. et al. ERalpha-status of disseminated tumour cells in bone marrow of
primary breast cancer patients. Breast Cancer Res. 10, R76 (2008).

63. Ditsch, N. et al. Estrogen receptor expression profile of disseminated epithelial
tumor cells in bone marrow of breast cancer patients. Recent Results Cancer Res.
Fortschr. der Krebsforsch. Progres. dans les Rech. sur le Cancer 162, 141–147 (2003).

64. Krawczyk, N. et al. HER2 status on persistent disseminated tumor cells after
adjuvant therapy may differ from initial HER2 status on primary tumor. Anticancer
Res. 29, 4019–4024 (2009).

65. Rack, B. et al. Comparison of HER2 expression in primary tumor and disseminated
tumor cells in the bone marrow of breast cancer patients. Oncology 90, 232–238
(2016).

66. Vincent-Salomon, A. et al. HER2 status of bone marrow micrometastasis and their
corresponding primary tumours in a pilot study of 27 cases: a possible tool for
anti-HER2 therapy management? Br. J. Cancer 96, 654–659 (2007).

67. Bednarz-Knoll, N., Alix-Panabieres, C. & Pantel, K. Plasticity of disseminating
cancer cells in patients with epithelial malignancies. Cancer Metastas. Rev. 31,
673–687 (2012).

68. Shihab, H. A. et al. Predicting the functional, molecular, and phenotypic con-
sequences of amino acid substitutions using Hidden Markov models. Hum. Mutat.
34, 57–65 (2013).

69. Douville, C. et al. Assessing the pathogenicity of insertion and deletion variants
with the variant effect scoring tool (VEST-indel). Hum. Mutat. 37, 28–35 (2016).

70. R Core Team. R: A Language and Environment for Statistical Computing. R
Foundation for Statistical Computing.Vienna, Austria. https://www.R-project.org
(2018).

71. van der Maaten, L. Accelerating t-SNE using tree-based algorithms. J. Mach. Learn.
Res. 15, 3221–3245 (2014).

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in anymedium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2018

Genomic and expression profiling reveal molecular heterogeneity of. . .
MJM Magbanua et al.

11

Published in partnership with the Breast Cancer Research Foundation npj Breast Cancer (2018)  31 

https://www.R-project.org
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Genomic and expression profiling reveal molecular heterogeneity of disseminated tumor cells in bone marrow of early breast cancer
	Introduction
	Results
	DTCs can be enumerated by IE/FACS
	Molecular characterization of DTCs
	DTCs appear less genomically aberrant than corresponding primary tumors
	DTCs show frequent PIK3CA mutation
	Expression profiling of IE/FACS-isolated DTCs indicate epithelial and malignant origin
	Expression profiling reveals two distinct groups of DTCs
	ESR1/ER and ERBB2/HER2�status in DTCs vs. matched primary tumors show high discordance
	DTC gene expression and neoadjuvant treatment
	DTC gene expression profiles appear different from those of CTCs

	Discussion
	Conclusions
	Methods
	Patient population and samples
	DTC enumeration and isolation by IE/FACS
	Copy number profiling
	PIK3CA mutation analysis
	Expression profiling
	ESR1/ER and ERBB2/HER status assessment
	Statistical analysis
	Copy number analysis
	Expression analysis


	Electronic supplementary material
	Acknowledgements
	Author contributions
	Competing interests
	ACKNOWLEDGMENTS




