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Abstract

Earlier detection is key to reducing cancer deaths. Here, we describe a blood test that can detect
eight common cancer types through assessment of the levels of circulating proteins and mutations
in cell-free DNA. We applied this test, called CancerSEEK, to 1005 patients with nonmetastatic,
clinically detected cancers of the ovary, liver, stomach, pancreas, esophagus, colorectum, lung, or
breast. CancerSEEK tests were positive in a median of 70% of the eight cancer types. The
sensitivities ranged from 69 to 98% for the detection of five cancer types (ovary, liver, stomach,
pancreas, and esophagus) for which there are no screening tests available for average-risk
individuals. The specificity of CancerSEEK was greater than 99%: only 7 of 812 healthy controls
scored positive. In addition, CancerSEEK localized the cancer to a small number of anatomic sites
in a median of 83% of the patients.
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The majority of localized cancers can be cured by surgery alone, without any systemic
therapy (1). Once distant metastasis has occurred, however, surgical excision is rarely
curative. One major goal in cancer research is therefore the detection of cancers before they
metastasize to distant sites. For many adult cancers, it takes 20 to 30 years for incipient
neoplastic lesions to progress to late-stage disease (2—4). Only in the past few years of this
long process do neoplastic cells appear to successfully seed and give rise to metastatic
lesions (2-5). Thus, there is a wide window of opportunity to detect cancers before the onset
of metastasis. Even when metastasis has initiated but is not yet evident radiologically,
cancers can be cured in up to 50% of cases with systemic therapies, such as cytotoxic drugs
and immunotherapy (6-9). Once large, metastatic tumors are formed, however, current
therapies are rarely effective (6-9).

The only widely used blood test for earlier cancer detection is based on measurement of
prostate-specific antigen, and the proper use of this test is still being debated (10). The
approved tests for cancer detection are not blood-based and include colonoscopy,
mammography, and cervical cytology. New blood tests for cancer must have very high
specificity; otherwise, too many healthy individuals will receive positive test results, leading
to unnecessary follow-up procedures and anxiety. Blood tests that detect somatic mutations
(“iquid biopsies ") offer the promise of exquisite specificity because they are based on driver
gene mutations that are expected to be found only in abnormal clonal proliferations of cells,
such as cancers (11-18). To date, the vast majority of cancer patients evaluated with
mutation-based liquid biopsies have advanced-stage disease. In addition, no studies have
examined a large number of healthy control individuals, which is essential for evaluation of
the specificity of such tests (19). Diagnostic sensitivity is also an issue for liquid biopsies.
Available evidence indicates that patients with early-stage cancers can harbor less than one
mutant template molecule per milliliter of plasma (11, 20), which is often beyond the limit
of detection of previously reported technologies that assess multiple mutations
simultaneously (19, 21). Yet another issue with liquid biopsies is the identification of the
underlying tissue of origin. Because the same gene mutations drive multiple tumor types,
liquid biopsies based on genomic analysis alone generally cannot identify the anatomical
location of the primary tumor.

We describe here a new blood test, called CancerSEEK, that addresses the issues described
above. The test uses combined assays for genetic alterations and protein biomarkers and has
the capacity not only to identify the presence of relatively early cancers but also to localize
the organ of origin of these cancers.

Initial studies demonstrated that the maximum sensitivity of plasma DNA-based tests—
liquid biopsies—was limited for localized cancers (11). A subsequent study suggested that
the combination of four protein biomarkers with one genetic marker (KRAS) could enhance
sensitivity for the detection of pancreatic cancers (20). We sought to generalize this
approach by evaluating a panel of protein and gene markers that might be used to detect
many solid tumors at a stage before the emergence of distant metastases. We began by
designing a polymerase chain reaction (PCR)-based assay that could simultaneously assess
multiple regions of driver genes that are commonly mutated in a variety of cancer types. In
designing this test, we were confronted by four competing challenges. First, the test must
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query a sufficient number of bases to allow detection of a large number of cancers. Second,
each base queried in the test must be sequenced thousands of times to detect low-prevalence
mutations (11, 19, 21, 22). Third, there must be a limit on the number of bases queried in the
test because the more bases queried, the more likely that artifactual mutations would be
identified, reducing the signal-to-noise ratio. And fourth, for implementation in a screening
setting, the test must be cost effective and amenable to high throughput, factors that limit the
amount of sequencing that can be performed. To overcome these challenges, we searched for
the minimum number of short amplicons that would allow us to detect at least one driver
gene mutation in each of the eight tumor types evaluated. Using publicly available
sequencing data, we found that there was a fractional power law relationship between the
number of amplicons required and the sensitivity of detection, with a plateau at ~60
amplicons (Fig. 1). Once this plateau was reached, raising the number of amplicons would
not detect substantially more cancers but would increase the probability of false-positive
results. This decreasing marginal utility defined the optimal number of amplicons.

On the basis of these data, we designed a 61-amplicon panel, with each amplicon querying
an average of 33 base pairs (bp) within one of 16 genes (table S1). As shown in Fig. 1, this
panel would theoretically detect 41% (liver) to 95% (pancreas) of the cancers in the Catalog
of Somatic Mutations in Cancer (COSMIC) data set (23). In practice, the panel performed
considerably better, detecting at least one mutation in 82%, two mutations in 47%, and more
than two mutations in 8% of the 805 cancers evaluated in our study (Fig. 1, colored dots; fig.
S1; and table S2). We were able to detect a larger fraction of tumors than predicted by the
COSMIC data set because the PCR-based sequencing assay we used was more sensitive for
detecting mutations than conventional genome-wide sequencing. On the basis of this
analysis of the DNA from primary tumors, the predicted maximum detection capability of
circulating tumor DNA (ctDNA) in our study varied by tumor type, ranging from 60% for
liver cancers to 100% for ovarian cancers (Fig. 1).

Armed with this small but robust panel of amplicons, we developed two approaches that
enabled the detection of the rare mutations expected to be present in plasma ctDNA. First,
we used multiplex-PCR to directly and uniquely label each original template molecule with
a DNA barcode. This design minimizes the errors inherent to massively parallel sequencing
(24) and makes efficient use of the small amount of cell-free DNA present in plasma.
Additionally, we divided the total amount of DNA recovered from plasma into multiple
aliquots and performed independent assays on each replicate. In effect, this decreases the
number of DNA molecules per well; however, it increases the fraction of each mutant
molecule per well, making the mutants easier to detect. Because the sensitivity of detection
is often limited by the fraction of mutant alleles in each replicate, this partitioning strategy
allowed us to increase the signal-to-noise ratio and identify mutations present at lower
prevalence than possible if all of the plasma DNA was evaluated at once.

The second component of CancerSEEK is based on protein biomarkers. Previous studies
have demonstrated that a major fraction of early-stage tumors do not release detectable
amounts of ctDNA, even when extremely sensitive techniques are used to identify them (11,
20). Many proteins potentially useful for early detection and diagnosis of cancer have been
described in the literature (25-27). We searched this literature to find proteins that had
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previously been shown to detect at least one of the eight cancer types described above with
sensitivities >10% and specificities >99%. We identified 41 potential protein biomarkers
(table S3) and evaluated them in preliminary studies on plasma samples from normal
individuals as well as from cancer patients. We found that 39 of these proteins could be
reproducibly evaluated through a single immunoassay platform, and we then used this
platform to assay all plasma samples (table S3). Eight of the 39 proteins proved to be
particularly useful for discriminating cancer patients from healthy controls (table S3).

We then used CancerSEEK to study 1005 patients who had been diagnosed with stage | to
I11 cancers of the ovary, liver, stomach, pancreas, esophagus, colorectum, lung, or breast. No
patient received neo-adjuvant chemotherapy before blood sample collection, and none had
evident distant metastasis at the time of study entry. The median age at diagnosis was 64
(range 22 to 93). The eight cancer types were chosen because they are common in western
populations and because no blood-based tests for their earlier detection are in common
clinical use. The histopathological and clinical characteristics of the patients are summarized
in table S4. The most common stage at presentation was American Joint Commission on
Cancer (AJCC) stage I, accounting for 49% of patients, with the remaining patients
harboring stage | (20%) or stage 111 (31%) disease. The number of samples per stage for
each of the eight tumor types is summarized in table S11. The healthy control cohort
consisted of 812 individuals of median age 55 (range 17 to 88) with no known history of
cancer, high-grade dysplasia, auto-immune disease, or chronic kidney disease.

CancerSEEK evaluates levels of eight proteins and the presence of mutations in 1933
distinct genomic positions; each genomic position could be mutated in several ways (single
base substitutions, insertions, or deletions). The presence of a mutation in an assayed gene or
an elevation in the level of any of these proteins would classify a patient as positive. It was
therefore imperative to use rigorous statistical methods to ensure the accuracy of the test. We
used log ratios to evaluate mutations and incorporated them into a logistic regression
algorithm that took into account both mutation data and protein biomarker levels to score
CancerSEEK test results (supplementary materials). The mean sensitivities and specificities
were determined by 10 iterations of 10-fold cross-validations. The receiver operating
characteristic (ROC) curves for the entire cohort of cancer patients and controls in one
representative iteration is shown in Fig. 2A.

The median sensitivity of CancerSEEK among the eight cancer types evaluated was 70% (P
< 1079 one-sided binomial test) and ranged from 98% in ovarian cancers to 33% in breast
cancers (Fig. 2C). At this sensitivity, the specificity was >99%; only 7 of the 812 individuals
without known cancers scored positive. We could not be certain that the few false positive—
testing individuals identified among the healthy cohort did not actually have an as-yet
undetected cancer, but classifying them as false positives provided the most conservative
approach to classification and interpretation of the data.

The features of the test that were most important to the algorithm were the presence of a
ctDNA mutation followed by elevations of cancer antigen 125 (CA-125), carcinoembryonic
antigen (CEA), cancer antigen 19-9 (CA19-9), pro-lactin (PRL), hepatocyte growth factor
(HGF), osteopontin (OPN), myeloperoxidase (MPQ), and tissue inhibitor of
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metalloproteinases 1 (TIMP-1) protein levels (table S9). Waterfall plots for each of the
ctDNA and protein features used in CancerSEEK illustrate their distribution among
individuals with and without cancer (fig. S2). The importance ranking of the ctDNA and
protein features used in CancerSEEK are provided in table S9, and a principal component
analysis displaying the clustering of individuals with and without cancer is shown in fig. S3.
The complete data set, including the levels of all proteins studied and the mutations
identified in the plasma samples, are provided in tables S5 and S6. The probabilistic rather
than deterministic nature of the approach used here to call a sample positive is evident from
fig. S4; each panel represents the sensitivity of CancerSEEK when one specific feature was
excluded from the analysis.

One of the most important attributes of a screening test is the ability to detect cancers at
relatively early stages. The median sensitivity of CancerSEEK was 73% for the most
common stage evaluated (stage I1), similar (78%) for stage 111 cancers, and lower (43%) for
stage | cancers (Fig. 2B). The sensitivity for the earliest-stage cancers (stage I) was highest
for liver cancer (100%) and lowest for esophageal cancer (20%).

The basis of liquid biopsy is that mutant DNA templates in plasma are derived from dying
cancer cells and thus serve as exquisitely specific markers for neoplasia. To investigate
whether CancerSEEK meets this expectation, we evaluated tumor tissue from 153 patients in
whom ctDNA could be detected at statistically significant levels (supplementary materials)
and for whom primary tumors were available. We found that the mutation in the plasma was
identical to a mutation found in the primary tumor of the same individual in 138 (90%) of
these 153 cases (table S7). This concordance between plasma and primary tumor was
evident in all eight cancer types, and ranged from 100% in ovarian and pancreatic cancers to
82% in stomach cancers.

One limitation of liquid biopsies is their inability to determine the cancer type in patients
who test positive, which poses challenges for clinical follow-up. To examine whether the
CancerSEEK test can help identify a cancer’s tissue of origin, we used supervised machine
learning to predict the underlying cancer type in patients with positive CancerSEEK tests.
The input algorithm took into account the ctDNA and protein biomarker levels as well as the
gender of the patient (supplementary materials). One of the main purposes of such
predictions is to determine the most appropriate follow-up test for cancer diagnosis or
monitoring after a positive CancerSEEK test. We therefore grouped together patients with
esophageal and gastric cancers because endoscopy would be the optimal follow-up in both
instances. We then used this algorithm (supplementary materials) to study the 626 cancer
patients with positive CancerSEEK tests. Without any clinical information about the
patients, we were able to localize the source of the cancer to two anatomic sites in a median
of 83% of these patients (P< 1077 one-sided binomial test) (Fig. 3 and table S8).
Furthermore, we were able to localize the source of the positive test to a single organ in a
median of 63% of these patients (P< 10747 one-sided binomial test) (Fig. 3 and table S8).
Given that driver gene mutations are usually not tissue-specific, the vast majority of the
localization information was derived from protein markers. The accuracy of prediction
varied with tumor type; it was highest for colorectal cancers and lowest for lung cancers
(Fig. 3 and table S10).
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We have designed a multi-analyte blood test that can detect the presence of eight common
solid tumor types. The advantage of combining completely different agents, with distinct
mechanisms of action, is widely recognized in therapeutics (28-30) but has not been
routinely applied to diagnostics. We combined protein biomarkers with genetic biomarkers
to increase sensitivity without substantially decreasing specificity. Other cancer biomarkers
—such as metabolites, mMRNA transcripts, miRNAs, or methylated DNA sequences—could
be similarly combined to increase sensitivity and localization of cancer site. Such multi-
analyte tests are not meant to replace other non-blood-based screening tests, such as those
for breast or colorectal cancers, but to provide additional information that could help identify
those patients most likely to harbor a malignancy.

Several limitations of our study should be acknowledged. First, the patient cohort in our
study was composed of individuals with known cancers, most diagnosed on the basis of
symptoms of disease. Although none of our patients had clinically evident metastatic disease
at the time of study entry, most individuals in a true screening setting would have less
advanced disease, and the sensitivity of detection is likely to be less than reported here.
Second, our controls were limited to healthy individuals, whereas in a true cancer screening
setting, some individuals might have inflammatory or other diseases, which could result in a
greater proportion of false-positive results than observed in our study. Third, although
multiple-fold cross-validation is a powerful and widely used technique for demonstrating
robust sensitivity and specificity on a cohort of this study’s scale, we were not able to use a
completely independent set of cases for testing, which would have been optimal. Last, the
proportion of cancers of each type in our cohort was purposefully not representative of those
in the United States as a whole because we wanted to evaluate at least 50 examples of each
cancer type with the resources available to us. When weighted for actual incidence in the
United States, we estimate the sensitivity of CancerSEEK to be 55% among all eight cancer
types. This weighting would not affect the high sensitivities of CancerSEEK (69 to 98%) to
detect five cancer types (ovary, liver, stomach, pancreas, and esophagus) for which there are
no screening tests available for average-risk individuals.

Our study lays the conceptual and practical foundation for a single, multi-analyte blood test
for cancers of many types. We estimate the cost of the test to be less than $500, which is
comparable or lower than other screening tests for single cancers, such as colonoscopy. The
eight cancer types studied here account for 360,000 (60%) of the estimated cancer deaths in
the United States in 2017, and their earlier detection could conceivably reduce deaths from
these diseases. To actually establish the clinical utility of CancerSEEK and to demonstrate
that it can save lives, prospective studies of all incident cancer types in a large population
will be required.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. :LI Development of a PCR-based assay to identify tumor-specific mutationsin plasma
samples

Colgred curves indicate the proportion of cancers of the eight types evaluated in this study
that can be detected with an increasing number of short (<40 bp) amplicons. The sensitivity
of detection increases with the number of amplicons but plateaus at ~60 amplicons. Colored
dots indicate the fraction of cancers detected by using the 61-amplicon panel used in 805
cancers evaluated in our study, which averaged 82%. Publicly available sequencing data
were obtained from the COSMIC repository.
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sensitivity and specificity at this particular point. The median performance among the eight
cancer types assessed was 70%. (B) Sensitivity of CancerSEEK by stage. Bars represent the
median sensitivity of the eight cancer types, and error bars represent standard errors of the
median. (C) Sensitivity of CancerSEEK by tumor type. Error bars represent 95% confidence

intervals.
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Fig. 3. Identification of cancer type by supervised machinelearning for patients classified as
positive by Cancer SEEK

Percentages correspond to the proportion of patients correctly classified by one of the two
most likely types (sum of light and dark blue bars) or the most likely type (light blue bar).
Predictions for all patients for all cancer types are provided in table S8. Error bars represent
95% confidence intervals.
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