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Making Sense of the Numbers: 
Interpreting Multi-Cancer Early 
Detection Test Performance

The Galleri® multi-cancer early detection (MCED) test is ushering in a transformative era in cancer screening. 
With a single blood draw, Galleri® is capable of detecting DNA signals associated with numerous deadly 
cancers before symptoms emerge, offering an opportunity for a cure. The test is particularly sensitive to 
aggressive cancers that are often diagnosed too late, such as pancreatic, liver, and ovarian cancers, and 
it rarely detects a false positive signal in individuals without cancer. When a cancer signal is detected, 
Galleri® also predicts the Cancer Signal Origin (CSO)—a feature increasingly recognized as important to help 
healthcare professionals determine where that signal is coming from in the body, to help enable targeted, 
efficient follow-up (Ahlquist 2018, FDA Advisory Committee Meeting 2023, Brito-Rocha 2023, Constantin 
2022, Hackshaw 2022, Putcha 2021, Schrag 2023).

As the field evolves, and as MCED testing becomes more widely adopted, it becomes increasingly 
important to understand how to interpret results across different types of studies and technologies.  
This necessitates a clear understanding of the underlying performance metrics and their implications 
for multi-cancer screening. A detailed examination of these metrics can help clarify both individual- and 
population-level benefits, and what MCED results truly mean for healthcare professionals and individuals.

Megan P. Hall, PhD  
VP, Medical & Corporate Affairs, Distinguished Scientist

The Goal of Multi-Cancer Early Detection
We believe that the goal of any multi-cancer early 
detection test used for population screening should 
be two-fold: detect as many aggressive cancers as 
possible, and maximize the likelihood that a positive 
test result is actually cancer. These two metrics, Cancer 
Detection Rate (CDR) and Positive Predictive Value 
(PPV), respectively, reflect critical population-level and 
individual-level measures. They are also not traditionally 
considered in our current single-cancer screening 
paradigm. We explore why in the following sections.

Traditional Measures in Single-Cancer 
Screening—And Why Multi-Cancer Tests  
Are Different
The current recommended cancer screening tests 
focus on a single organ or tissue type. As such, the 
effectiveness of these single-cancer screening tests 
has historically been measured by how well they detect 
a single type of cancer. Well-known examples include 
mammograms for breast cancer, or colonoscopies 
or fecal immunochemical testing/fecal occult blood 
testing (FIT/ FoBT) for colon cancer. For these single-
cancer tests, reporting performance measures is well-
established: the presence or absence of just one type of 
cancer is considered, and all test results relate directly to 
that cancer.

This landscape is evolving with the introduction of MCED 
tests. These tests are designed to simultaneously screen 
for many types of cancer, each with its own prevalence, 

risk factors, and clinical consequences. Using the same 
traditional metrics (calculated as if a test were looking 
for just one kind of cancer) can be inappropriate when 
applied to MCED technology. As such, these tests 
demand a new approach—one that considers how 
performance metrics are impacted by cancer types and 
prevalence, the need for accurate cancer signal origin 
information, and the broader population-scale impact of 
screening for many diseases at once. 

Test Outcomes: The Foundation  
of Performance Metrics
To understand and interpret performance metrics, we 
must first define the possible outcomes. The evaluation 
of a diagnostic test (Hintze NCSS) compares the 
test’s result—either “cancer” or “no cancer”—against 
the individual’s actual condition. The four possible 
outcomes are:

•	 True Positive (TP): The test indicates a cancer 
signal, and cancer is present.

•	 True Negative (TN): The test indicates no cancer 
signal, and cancer is absent.

•	 False Positive (FP): The test indicates a cancer 
signal, but cancer is absent.

•	 False Negative (FN): The test indicates no cancer 
signal, but cancer is present.

These outcomes are usually summarized in a “2x2” 
classification table (Figure 1).
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Figure 1. A 2x2 classification table describing the key performance characteristics of a binary diagnostic test. 

Sensitivity and Specificity: Traditional 
Measures That Require Knowing an Individual’s  
Cancer Status
Sensitivity: How Often Does the Test Detect Cancer?
Sensitivity (or the true positive rate) measures how likely 
the test is to find cancer in individuals who actually have 
cancer (i.e., their cancer status is known). As such, it 
requires knowing whether someone has cancer at the time 
of the test. For example, if a test returns positive results 
for 71 out of 100 people who have cancer, its sensitivity 
is 71%. High sensitivity maximizes the cancers that are 
detected—and single-cancer tests, like mammography, 
are designed to maximize sensitivity. This metric is best 
assessed in case-control studies, where the cancer status 
of each individual is known.

Translating sensitivity to a multi-cancer test, however, is not 
straightforward. For this kind of test, the sensitivity measure 
reflects all of the cancer types the test detects: for Galleri®, 
that’s more than 50 cancer types—and those cancer types 
are broad buckets that include numerous cancer subtypes 
(for example, HPV-positive and HPV-negative head & 
neck cancers). And—when calculating sensitivity, the 
denominator should be all cancers. Exclusion of cancers 
that are known to have low signal, such as early-stage 
prostate and breast cancers, or thyroid cancers, from this 
calculation can artificially elevate sensitivity. But—there is 
an important trade-off: excluding cancer types to artificially 
elevate sensitivity (or because the test is only designed to 
detect a smaller number of cancers) reduces the overall 
Cancer Detection Rate (CDR), which is described below. 
And—CDR is one of the most important measures of a multi-
cancer test’s efficacy.

Episode Sensitivity: Understanding Performance  
in a Real-World Screening Setting
Most laboratory measures, such as sensitivity and 
specificity, are calculated in controlled settings like case-
controlled studies, where the cancer status of all individuals 
is known at the time the test is performed. By contrast, the 
objective of cancer screening in the general population is 
to find cancers that we don’t yet know about—it involves 
screening individuals without a known diagnosis at the 
time of testing. Here, the concept of episode sensitivity 
becomes relevant. Episode sensitivity refers to the 
proportion of cancers detected at the time of the initial 
screening test, out of all cancers diagnosed in individuals 
during a pre-defined follow-up period. In an intended use 
screening population, an individual’s cancer status is not 
known; this means that individuals must be followed for 
a pre-defined period of time to determine their cancer 
status—and whether that original test detected or missed 
that cancer. The time of follow-up used to define cancer 
status can impact performance metrics. A shorter follow-
up period can minimize false negatives, whereas a longer 
follow-up period minimizes false positives (Figure 2).  
A one-year follow-up period has been used in other  
large-scale cancer screening studies (eg, Lehman et al, 
Menon et al, Pinsky et al), including the PATHFINDER and 
PATHFINDER 2 studies.

Episode sensitivity yields a more conservative measure 
than traditional ‘test sensitivity’ (which is what is measured 
in case-control studies), but more accurately reflects 
the impact of a test on population health. Critically, for a 
multi-cancer test to be considered fully clinically validated, 
we believe it should be assessed in the intended use 
population—not just the case-control setting.
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Cancer Detection Rate: How Many Cancer Cases 
Does the Test Detect? A Critical Population-Level 
MCED Test Metric.
The Cancer Detection Rate (CDR) expresses the number of 
cancers identified in the screened population, which can be 
expressed as a percentage. For example, if a test uncovers 
120 cancers among 10,000 screened subjects, the CDR 
is 1.2%. This links statistical analysis to a straightforward, 
tangible outcome: the number of cancers actually detected 
via screening.

For a multi-cancer test, CDR is a critical population-scale 
performance measure. A multi-cancer test designed to 
detect many cancer types—like Galleri®—will optimize the 
CDR. By contrast, tests that only focus on a few cancer 
types will have a lower CDR—they will miss cancers in the 
population that they are not ‘looking for.’ Another critical 
consideration is that CDR and sensitivity are inversely 
related. Above we described how sensitivity can be 
artificially elevated by excluding cancers that have lower 
sensitivities; this approach has a direct negative impact on 
CDR. Excluding low-signal cancers, like prostate cancer, 
to achieve a high sensitivity means a lower CDR—fewer 
cancers detected in the population. A test that detects 
20% of all cancers will identify significantly more cancers in 
the population than a test that detects 100% of one cancer 
(regardless, no single-cancer screening test exists with 
100% sensitivity) (Figure 3).

Specificity: How Often Does the Test Avoid False 
Positives? 
Specificity (or the true negative rate) measures how likely 
the test is to return a negative result in individuals without 
cancer. Similarly to sensitivity, it requires understanding 
an individual’s cancer status at the time of the test, and 
is measured in individuals without a cancer diagnosis. 
For example, if a test provides negative results for 74 
out of 100 people without cancer, its specificity is 74%. 
Specificity can also be expressed as the inverse of the 
false positive rate (FPR, where specificity = 1-FPR). In this 
example, a test providing negative results for 74 out of 100 

individuals would thus return incorrect positive results for 
26 out of 100 individuals without cancer—and the FPR for 
this test would be 26%.

High specificity (or a low FPR) minimizes the occurrence 
of false positives, and potentially unnecessary follow-up 
procedures. It is a critical safety metric for all screening 
tests, but especially for MCED tests. There is an inherent 
trade-off between sensitivity and specificity; because 
single-cancer tests are designed to maximize sensitivity, 
they tolerate a lower specificity—meaning they detect more 
cancers at the expense of more false positives. 

By contrast, multi-cancer tests should be designed to 
maximize specificity. This is intentional, to minimize false 
positives and avoid unnecessary diagnostic procedures. 
And—these specificity metrics are extremely high: 99.5% 
for Galleri® (Klein 2021, Schrag 2023), and 98.5% (or 
below) for other tests in development (Abraham 2025, 
Seeking Alpha). Although the CancerSEEK assay originally 
reported a specificity of greater than 99% (Cohen 
2018), when studied in a clinical trial in the intended use 
population the specificity of the first blood test was 95.3% 
(Lennon 2020); the importance of robust clinical validation 
in the intended use population, as has been reported for 
the Galleri® test (Schrag 2023), is described in Ofman 2025. 
For the Galleri® test, that 99.5% specificity (or – a 0.5% 
FPR) means that only one out of 200 people without cancer 
will get a positive test result—the remaining 199 without 
cancer will get a correct negative test result.

These may seem like minor differences, but on a 
population-scale, what appear as minor differences in 
specificities translate to a large number of impacted 
individuals. Compared to a test reporting a 99.5% 
specificity (or a 0.5% FPR), tests reporting a 98.5% 
specificity will have three times as many false positives, 
and a test with a 95.3% specificity will have at least 9.4 
times as many false positives. On a population-scale, this 
translates to between 1,000 and 4,200 additional false 
positives per 100,000 screened individuals.

A.
Day 0

MCED Result
6 Months
Defined time for follow-up to  
determine cancer vs no cancer

B.
Day 0

MCED Result
12 Months

Defined time for follow-up to  
determine cancer vs no cancer

Figure 2. Episode sensitivity as measured in interventional trials in the intended use population. True positives (TP), false 
positives (FP), true negative (TN), and false negatives (FN) are indicated to the left. The MCED test result is indicated at Day 
0 as positive (+) or negative (-). Onset of cancer development undetectable by MCED is indicated by the open cells. Cancer 
shedding cfDNA and detectable by MCED is indicated by the rough cells. A clinical cancer diagnosis is indicated with a purple 
“C”. The impact on TPs, FPs, TNs, and FNs is depicted for (A) a 6-month follow-up period, and (B) a one-year follow-up period.
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The Predictive Values: What The Test Results 
Actually Mean for the Individual 
Positive Predictive Value: What is the Likelihood  
of Cancer if the Test is Positive?
The positive predictive value (PPV) reports how likely it is 
that a person with a positive test result actually has cancer. 
PPV is a critical performance metric for the individual being 
screened, because it represents the proportion of positive 
test results that are actually cancer. Unlike sensitivity, 
the PPV doesn’t require knowing an individual’s cancer 
status at the time of the blood draw, which makes it a more 
meaningful metric for a screening test. For individuals, 
PPV shows how much they can trust a positive result. This 
metric depends mainly on specificity and on how common 
cancer is in the group being tested (prevalence). Higher 
specificity and higher prevalence both increase the PPV 
(Ahlquist 2018)—and, a high PPV translates to fewer false 
positives.

For multi-cancer tests, where screening is expected to be 
performed in a large number of people and where cancer is 
still fairly rare, PPV is the best metric to determine whether 
a positive test result can be “trusted”, and predict whether 
a positive test means real disease. A high PPV means 
positive results are more likely to be true, helping to ensure 
genuine benefits without unnecessary false alarms and 
unnecessary diagnostic testing. 

Multi-cancer test results should be trustworthy and 
impactful, and should be designed to maximize the PPV 
and therefore lower the risk of a false positive. This is 
achieved by maintaining an extremely high specificity 
(eg, >99%), and by detecting as many cancer types as 
possible. By contrast, single-cancer tests are designed 
for high sensitivity—this means their PPVs are often much 
lower (typically in the single digits, as is observed for 
mammography, which has a PPV of 4.4% [Lehman 2017]), 
because they tolerate a lower specificity and only target 
one cancer type (so have a lower prevalence). For example, 
MCED tests benefit from the aggregate prevalence of many 
cancers, which substantially increases the overall likelihood 
that a positive result corresponds to a true cancer signal. 
This aggregation effect can lead to significantly higher PPVs 

for MCED tests, making them informative and actionable for 
individuals and clinicians alike (Ahlquist 2018), particularly 
when the test also predicts with cancer signal origin with 
high accuracy.

Because Galleri® can detect so many cancer types with 
high specificity, it reached a PPV of 43% in previous clinical 
studies (Klein 2021, Schrag 2023), and even higher PPVs 
in real-world reports (Hurt 2025, O’Donnell 2025, Sehbai 
2025, Atwood 2024). More recently, both PATHFINDER 2 
and NHS-Galleri® trials reported PPVs that are “substantially 
higher” than observed in prior clinical studies (GRAIL 2025 
[1], GRAIL 2025 [2]). These consistently high PPVs are a 
direct result of Galleri’s high specificity and broad cancer 
coverage.

A critical point of confusion: An absolute number of false 
positives is often derived from the PPV, and incorrectly 
assumed to be the FPR. For example, if the PPV is 50%, it is 
often assumed that the remaining 50% represent the FPR. 
That remaining 50% is actually a separate metric called the 
false discovery rate, which is not addressed in detail here. 
As a reminder, PPV is results-centered, and it answers this 
question: “Among individuals with a positive test result, 
how often is it correct?” By contrast, FPR is cancer status-
centered, asking: “Among individuals who don’t have 
cancer, how often does the test falsely report a positive 
result?” The absolute number of false positive results 
calculated from the PPV cannot be directly translated to 
the FPR, because with predictive values a person’s cancer 
status is not known.  

Negative Predictive Value (NPV): How Likely is  
a Negative Test Result Not Cancer?
The negative predictive value represents the proportion of 
negative test results that are not cancer. Like PPV, the NPV 
does not require knowing a person’s cancer status at the 
time of the blood draw. The NPV indicates the proportion 
of negative test results that correctly identify an individual 
without cancer. In most screening contexts where cancer 
is rare, the NPV is quite high, and may offer significant 
reassurance with a negative result. NPV may be more 
relevant in a symptomatic setting, where it can be used for 
triage and decision-making.

Figure 3. The inverse relationship between Sensitivity and Cancer Detection Rate (CDR).
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Summary
PPV and CDR are two of the most informative performance metrics for MCED tests because of the 
complexity and scope of detecting multiple cancer types simultaneously. No one gets to choose the 
cancer they get diagnosed with, so adding multi-cancer screening with a high CDR can lead to a paradigm 
shift that can provide great benefit to an individual while providing a major population health benefit. Unlike 
single-cancer screening tests, which focus on maximizing sensitivity for a specific cancer, MCED tests 
must balance broad detection across many aggressive cancers with minimizing false positives. As such, 
MCED tests must distinguish true cancer signals from a vast background of non-cancer variation across 
many tissues. High PPV is essential to avoid a flood of false positives that could lead to unnecessary 
diagnostic workups across multiple organ systems. Similarly, a strong CDR ensures that the test is actually 
effective at detecting a meaningful proportion of cancers, including those cancers without existing 
screening methods. Together, these metrics highlight the critical value of MCED testing: the potential to 
shift the paradigm of cancer screening by providing significant benefits for individuals while advancing 
population-level health outcomes.
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