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 ABSTRACT 

Multi-cancer early detection (MCED) tests may detect a broad spectrum 
of cancer types, including uncommon types that lack recommended 
screening. After a cancer signal is detected by an MCED test, some 
diagnostic process must definitively confirm the patient’s cancer status. A 
commercially available blood-based MCED test detects a cancer signal 
and then predicts an anatomic location, a cancer signal origin (CSO), to 
guide the diagnostic process. We extended a preexisting model for 
MCED cancer screening, adding predicted CSO categories and a simple 
model of the diagnostic chain. We then predicted outcomes of the di-
agnostic chain for each predicted CSO and in populations with differing 
clinical risk factors. Typical positive predictive values were>40%, and 
using a minimal sufficient level of positive predictive value (>7%), (i) 
diagnostic workup based on any CSO was generally warranted, and (ii) 
continued workup for cancers in locations other than the CSO was 
justifiable. The benefit of prediction-directed workups was also observed 

via estimated clinical utility metrics, such as lives saved per diagnostic 
test, and remained applicable in populations with varying cancer risk, 
such as lung cancer prediction-directed workups in never-smokers. CSO 
predictions may enable most true-positive cases to be resolved by short 
and efficient diagnostic processes. The model predicted a large enough 
conditional benefit to warrant diagnostic workup based on any CSO 
prediction from an MCED test, assuming late-stage reduction by MCED 
leads to mortality reduction, which remains to be demonstrated. 

Significance: MCED tests may detect a signal from many cancers. Pre-
dicting an anatomic location from which the cancer signal may originate 
allows effective, usual diagnostic workup. In this study, we show that 
these predictions are beneficial to physicians choosing a diagnostic path, 
even for uncommon cancer types and among populations with differing 
cancer risks. 

Introduction 
Cancer is the second leading cause of death in the United States (1, 2). Multi- 
cancer early detection (MCED) tests that detect cell-free DNA shed by in-
vasive cancer cells offer the potential to decrease overall cancer mortality by 
finding cancers not currently targeted by existing screening programs and by 
shifting diagnosis to earlier stages (2–6). This potential reduction in late- 
stage diagnoses and, ultimately, cancer mortality may be realized if the 
MCED test can also accurately predict the cancer signal origin (CSO) to 
direct focused and efficient diagnostic evaluations. 

One commercially available blood-based MCED test (Galleri; GRAIL, Inc.) 
uses a targeted methylation assay and machine learning classifier to measure 
the extent and location of methylation in cell-free DNA to infer a cancer- 

specific methylation pattern across a diverse set of invasive cancer types 
(5–7). When a cancer signal is detected, a second classifier provides a most 
probable, molecular-based CSO prediction to assist in guiding diagnostic 
workup, which had an overall accuracy of 89% (6) in the third Circulating 
Cell-Free Genome Atlas substudy (CCGA3; NCT02889978), a large case– 
control study. In that same study, aggregate test specificity and sensitivity of 
the MCED test for cancer signal detection were 99.5% and 51.5%, 
respectively. 

Because it is not feasible to evaluate all possible screening strategies and resulting 
diagnostic chains in clinical trials, modeling plays a key role in assessing the 
utility of new screening technologies. Previous work highlighted the potential of 
an MCED test to shift cancer detection from late to early stages, ultimately 
reducing overall cancer mortality in the general U.S. population ages 50 to 
79 years by up to 26% (8). This shift depends on timely and effective diagnosis 
following screen detection. Although current safety studies show empirical re-
sults on the diagnostic chain, they are small (9). Detailed modeling of the di-
agnostic chain following a cancer signal–detected result is limited in the 
literature, leading to questions about appropriate implementation of MCED tests 
and recommendations for diagnostic procedures. 

Previous studies have modeled features of implementing an MCED test, with 
a range of strengths and limitations. One model duplicates the single false 
positive (FP) rate across cancer types (10, 11). By assuming that each cancer 
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type is targeted by a separate test, positive predictive value (PPV) calculations for 
individual cancers may be underestimated, and the FP rates accumulate across 
cancer types. Another model treats an MCED test as a collection of single-cancer 
tests that screen for a preselected set of target cancers instead of one that detects a 
shared cancer signal associated with multiple cancer types (see Supplementary 
Materials) (12). This approach neglects the potential effects on and from addi-
tional cancer incidence from cancers not preselected and terminates diagnostic 
chains after a single guided step; the remaining individuals are still at significant 
risk of cancer. A third model assumes the use of whole-body imaging as part of 
the diagnostic chain to eliminate the need for a CSO prediction (4, 13). This 
assumption does not resemble standard practice in healthcare systems (14–16), 
such as the National Health Service 2-week wait or “urgent suspected cancer” 
pathways (17, 18). In addition, the FDA recently advised against this imaging 
approach, noting that a tissue-of-origin component (e.g., CSO prediction) 
guiding targeted diagnostic workup is important to minimize the risks associated 
with diagnostic tests, underscoring the importance of modeling the effects of 
CSO prediction (19). 

In this study, we addressed these issues by modeling a multi-step diag-
nostic chain, modeling invasive cancer incidence across all cancer types, 
and incorporating the conditional benefit of following a CSO-directed 
diagnostic chain (Fig. 1A). We abstracted the diagnostic process by di-
viding the diagnostic chain into individual steps, each of which may 
contain several actions taken to resolve a case. We note two types of 
diagnostic steps: those directed toward ruling in or out a particular site of 
cancer, corresponding roughly to 2-week wait pathways, and those di-
rected toward ruling in or out nonlocalized (non–site-specific) cancer 
risk. In general, site-directed steps are standard for most medical care; 
non–site-specific diagnostic steps may consist of whole-body imaging or 
retesting using a blood-based MCED test to confirm the accuracy of the 
initial result. 

We built upon an existing model that estimates rates of detection and as-
sociated stage at diagnosis (8) and extended it to include a CSO prediction 
for individuals in whom a cancer signal is detected, adding both cross-talk 
between cancer cases (incorrect CSO predictions) and CSO predictions for 
FPs (Fig. 1B). This improved model allows us to quantitatively assess the 
utility of providing a CSO prediction and estimate variations in clinical 
utility based on underlying clinical factors in a general U.S. population, such 
as sex, smoking history, and age. 

Materials and Methods 
CSO prediction model overview 
We modeled the potential actions and outcomes conditional on each CSO 
prediction that may be provided alongside a cancer signal–detected result 
after an MCED test in a general screening age population (Fig. 1A). CSO 
predictions were added to an existing population model of cancers inter-
cepted and resulting lives saved after cancer signal detection from an MCED 
test (8). Briefly, CSO predictions were modeled per potential CSOs returned 
using the confusion matrix developed from CCGA3 (6), augmented with 
prior probabilities of classifier error. This augmented model returned a CSO 
prediction for all positives: true positives (TP) with the correct CSO pre-
diction, TPs with an incorrect CSO prediction, and FPs, who are individuals 
with no cancer present. It is important to account for TPs with incorrect 
CSO predictions, as well as CSO predictions associated with FPs, because the 

diagnostic chain can be chosen based only on information provided, not the 
underlying true cancer state of an individual. We then modeled a diagnostic 
chain to resolve each case. 

Cancer incidence data for the U.S. population within the 
age range of 40 to 84 
We obtained cancer registry data from the NCI’s Surveillance, Epidemiology, 
and End Results (SEER; RRID: SCR_006902) program (diagnosis years 
2006–2015), including all individuals ages 40 to 84 years diagnosed with any 
invasive cancer in 18 geographic regions of the United States, including 
follow-up survival data through 2020. Cancer types were divided into 
25 cancer classes (6, 8), including “other” cancers not associated with any 
single class. These classes were further subdivided to separate out neuro-
endocrine tumors, which have unique methylation patterns separate from 
their host organs and an associated CSO. SEER incidence was also stratified 
by sex and age by 5 year categories and adjusted for smoking status using 
risks from a previously published study (20). 

Performance of an MCED test 
Data from a case–control study of a currently commercially available 
MCED test were used to characterize both the detection rates of cancer 
types by stage as well as the accuracy of the CSO prediction (6). We 
further used a FP rate as reported in that study. We note that the MCED 
test has a single FP rate for cancer signal detection, such that the number 
of individuals without cancer who enter any diagnostic process is fixed 
and does not change with the number of CSO categories into which they 
are stratified. Some individuals may have more complex diagnostic 
processes than others, but the number of individuals who receive diag-
nostic processes (with or without cancer) is the same as the number of 
individuals with positive signals. 

Detection and stage at diagnosis 
We estimated the detection rate and the stage of diagnosis, as previously 
described (8). This state-transition model (Supplementary Fig. S1), in which 
cancer evolves from earlier stages to later stages, allows an MCED test to find 
a detectable cancer at a stage before clinical diagnosis (Supplementary 
Methods). The probability of finding a cancer at a given stage depends on the 
fraction of cancers shedding DNA at that stage (sensitivity), as well as the 
time spent in each stage (dwell time). 

CSO frequency calculations 
We modeled CSO predictions for cancer signal–detected results sepa-
rately for true cancer cases (TPs) and FPs (Fig. 1B). Given a clinical CSO 
for an individual with cancer, the model produces a conditional proba-
bility of predicting each CSO for that individual. For each clinical CSO in 
CCGA3, there is a set of CSO predictions. However, the finite validation 
set cannot exclude low-probability events, and we therefore augment the 
observed data with a reference prior to avoid zero probabilities for un-
observed events. This prior augmentation assigns each CSO a predicted 
probability based on the frequency of clinical CSOs among the indi-
viduals who received a cancer signal–detected result, matching the 
probability distribution in the CSO classifier training data (Supplemen-
tary Data). For FPs, which are sparser due to the high specificity of the 
test, the reference prior is similarly combined with the few observed 
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predictions for FPs in CCGA3. Using these predicted probabilities, for 
each cancer signal–detected result in the basic model, whether TP or FP, 
we assign a rate for each possible CSO prediction. 

Model of diagnostic process 
We modeled a simple diagnostic chain of individual steps, each of which 
may contain several actions taken to resolve a case. We noted two types of 

diagnostic steps: CSO-directed cancer-specific evaluations, and non–site- 
specific evaluations. The model first applies a diagnostic test driven by a 
CSO prediction for cancers of that type. After this initial test, the model 
computes the remaining individuals with that CSO prediction, estimating 
the potential for applying a general diagnostic test (e.g., whole-body im-
aging). The model treats these two diagnostic tests as having 100% sensi-
tivity for cancer of that type and 0% sensitivity for cancers of other types 
(see “Discussion”). 

Source
population

Predicted CSO Initial
positives

Yield of CSO-directed
diagnostics

Yield of
general diagnostics

Male
50–55 years

Never-smoker

Anus PPV all “PPV” first PPV remaining

PPV all “PPV” first PPV remaining

PPV all “PPV” first PPV remaining

Female
65–69 years
Any smoking

Female
75–79 years

Current smoker

Lung

Uterus

Observed confusion matrix
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Prior Predicted CSO

Expected clinical CSO

State transition model (per cancer)
Modeling CSO

Conditional calculation of CSO benefitsA

B

Cancers found by MCED + FP

FIGURE 1 A, Schematic 
representation of the model. For each 
source population, we compute the 
incidence of each cancer type and 
predict what cancers will be found and 
the predicted CSO, including FPs. 
For each successive step in the 
pathway, we compute the fraction of 
initial positives that are true cancer 
cases (PPV all), the fraction likely to 
be found by a CSO-directed diagnostic 
(PPV first), and the remaining risk of 
cancer in individuals for which a 
given CSO has been ruled out (PPV 
remaining). B, Modeling the 
assignment of CSO predictions to 
cancer signal–detected results. A 
previously published state-transition 
model generates estimates of 
cancer types and stages found by 
MCED, as well as the FP rate. For 
each cancer type and associated 
clinical CSO, the observed confusion 
matrix obtained from the validation 
study provides an estimate of the 
probability of observing a CSO given 
the clinical expected CSO (columns). 
As this confusion matrix has 
combinations that were not observed 
(but are possible in practice), we 
supply a prior based on the 
expected classifier behavior to fill in 
the probability of these rare events. 
Similarly for FPs, we estimate the 
probability of observing each CSO for 
a FP. Combining these potential 
observed CSOs across the rows, we 
obtain the final observed incidence of 
each CSO, and can separate out the 
contributions from cancers 
expected to have this CSO, cross-talk 
from all other cancers, and FPs. 
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Computation of the PPV 
For each step in the diagnostic chain, the model can define a PPV (the 
fraction of TPs given the current group of individuals with a given set of 
results). It then computes the number of TPs of any cancer type within each 
predicted CSO, the number of TPs matching the expected CSO within each 
predicted CSO (those whom the specific diagnostic test will find), and the 
number of TPs remaining for the last step in the diagnostic chain (indi-
viduals for whom that cancer has been ruled out). Individuals with cancer 
are TPs for cancer, regardless of the predicted CSO used to stratify them into 
a diagnostic chain. FPs remain in the pool until ruled out by a general test. 

Computation of diagnostic steps needed to save a life 
Lives saved were computed for each step in the diagnostic chain using the 
simple predictor of differences in 5-year survival. Briefly, within each CSO 
prediction, we estimate the number of lives saved by finding cancers, both 
for CSO-directed and non–site-specific (post-CSO prediction) diagnostic 
evaluations. We then count the number of diagnostic steps of each type 
needed to save a life within each CSO prediction. 

Stochastic variability and sensitivity analysis 
Briefly, draws from the posterior distribution of the parameter estimates 
from external studies are fed into the state-transition model to produce 
variability in output (see Supplementary Materials) corresponding to un-
certainty in input parameters. We do not explicitly model cases of decreased 
sensitivity or increased FPs separately, as they are covered within the range 
of variation. For sensitivity analysis of dwell time, variation in dwell time 
(decreasing time available for detection of cancers) using the fast aggressive 
scenario previously described (8) was used and compared with the results of 
this analysis. 

For mortality analyses, overall survival (OS) by age was used to account for 
competing risks. In a separate sensitivity analysis, an increased HR was 
postulated in cancer-specific survival for cancers shedding circulating tumor 
DNA (ctDNA) vs cancers not shedding ctDNA in a way that maintained the 
average observed survival in SEER. 

Strategic analysis 
Alternate strategies that involved terminating workup after initial CSO- 
directed workup (forgoing any undirected workup) and that separately 
forewent any CSO-directed workup were analyzed for the relative number of 
tests and types of tests used, as well as residual risks at termination of 
workup. 

Data availability 
The data generated in this study are available upon request from the cor-
responding author. The code and data used in this study are available at 
https://github.com/grailbio-publications/Klein_CSO_Benefit. 

Results 
We estimated the conditional benefit of each CSO prediction currently 
available as part of an MCED test using performance metrics (PPV, number 
of diagnostic tests, and lives saved) in specific subpopulations of interest 
within the general population ages 40 to 84 years and stratified the results by 

sex, smoking status, and detailed age, shown here within the usual screening 
range of 50 to 79 years (55–59, 65–69, or 75–79 years). We used a PPV of 7% 
as a minimal reasonable threshold for clinicians considering diagnostic 
workup decisions after cancer signal detection (21). Additionally, we used 
the modeled benchmark of 240 diagnostic mammograms needed to save one 
life across the population (22) to reflect typical levels of justified diagnostic 
effort. 

Modeled PPV stratified by CSO 
For a 65- to 69-year-old female, the modeled PPV for any cancer for each 
predicted CSO had median (range) 44.5% (myeloid 5%, ovary 67%; Fig. 2). 
Similarly, the modeled PPV for a 65- to 69-year-old male had median 50% 
(myeloid 7%, prostate 73%). Even in such a male, a CSO prediction of breast 
had a PPV of 10% (Supplementary Table S1). By age, the modeled PPV had 
median 28.5% (3%–57%) for a 55- to 59-year-old female and median 52% 
(8%–73%) for a 75- to 79-year-old female (Fig. 3). Stratified by smoking 
status, the PPV for a 65- to 69-year-old female (medians: never-smoker 37%, 
current smoker 58%) varied from a low of 5% (never-smoker, myeloid) to 
81% (current smoker, lung). Strikingly, lung—the predicted CSO most af-
fected by smoking—had a PPV of 19% in never-smokers, rising to 81% in 
current smokers (Fig. 4). 

Examining specific steps in the diagnostic chain using a 65- to 69-year-old- 
female as an example (Fig. 5), we see that the PPV (fractional yield) for the 
specific diagnostic test at a predicted CSO ranged from 18% to 64% (mel-
anoma, ovary; median: 36%), excluding cancer types for which there was no 
evidence in CCGA3 of detection (thyroid) or no successful CSO predictions 
in CCGA3 (myeloid). The remaining cancer risk (PPV after that cancer is 
ruled out) ranged from 2% to 33% (plasma cell neoplasm, anus; 
median: 9.5%). 

Diagnostic tests and lives saved 
In the example population of 65- to 69-year-old females, anywhere from 4 to 
40 (ovary, lymphoid; median: 15) specific diagnostic steps across the pop-
ulation may be needed to save one life, excluding four cancer CSOs not 
modelable for this statistic due to small numbers of detections in CCGA3 
(myeloid, thyroid, plasma, and melanoma; Fig. 6; of note, the reference line 
for mammography is at 240 diagnostic tests to save a life). For the vast 
majority of CSOs, it may take ≤20 specific diagnostic tests across the pop-
ulation to save a single life (12/16 modeled CSOs for the first diagnostic step; 
see Methods for a description of modeled CSOs). If the specific diagnostic 
test directed by a CSO is inconclusive, the number of general diagnostic tests 
across the population that may be needed to save a life ranged from 11 to 97 
(anus, cervix; median: 44), with the majority below 60 (12/16 total predict-
able CSOs for females). Full performance data tables for incidence rounds of 
screening and prevalence rounds of screening can be found in Supplemen-
tary Materials: Supplementary Tables S1 and S2, respectively. Data sup-
porting Figs. 5 and 6 are presented in Supplementary Table S1. 

Stochastic variability and sensitivity analysis 
Briefly, in models incorporating uncertainty in input sensitivity data and FP 
rate estimates, the majority of output variation is driven by uncertainty in 
the FP rate (Supplementary Figs. S2–S6, corresponding to Figs. 2–6; Sup-
plementary Figs. S7 and S8); however, the PPV of most cases as well as lives 
saved per diagnostic test still remain in a clinically actionable zone. Reducing 
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dwell times for sensitivity analysis has the effect of increasing the number of 
interval cancers (decreasing episode sensitivity), which reduces both the PPV 
and lives saved; however, again, both remain in clinically actionable zones 
for the majority of cases (Supplementary Figs. S9–S12). 

Altering mortality tradeoffs by either including competing risks by age (OS, 
Supplementary Figs. S13 and S14) or increasing the HR for survival in those 
detected by MCED (Supplementary Figs. S15 and S16) do not directly affect 
the PPV but alter the lives-saved calculation. Again, because of an extremely 
large margin for most individual CSO–population combinations, the ma-
jority of cases remain in a clinically actionable zone. 

Strategic analysis 
Alternate strategies of only using CSO-directed workups and then stopping 
preserve the majority of lives saved and minimize the use of expensive 
undirected workups; however, the residual risk of cancer remains in the 
clinically actionable (unacceptably large) range after such minimization. 
Performing only undirected workups and ignoring CSO information leads to 
an increased number of undirected tests, mostly occurring in TPs whose 

diagnosis would have been confirmed by less burdensome directed tests. 
Ratios between test numbers are shown in Supplementary Figs. S17 to S20. 

Discussion 
In this study, we extend previous work and generate a detailed computa-
tional model not only for detection with an MCED test but also the diag-
nostic chain that follows a positive test with a CSO prediction. Within this 
framework, we modeled the PPV and lives saved upon diagnostic workup 
conditional on each predicted CSO. Judging by existing benchmarks for 
diagnostic decision-making given a risk-of-cancer indication, this model 
predicted potential conditional benefit large enough to warrant diagnostic 
workup directed by a CSO prediction of cancer signal–detected results from 
an available MCED test despite orders of magnitude difference in the ex-
pected cases receiving each CSO prediction (Supplementary Table S1). 

Whereas the lowest median PPV for following a particular CSO for choosing 
a diagnostic path illustrated is 28.5% (55- to 59-year-old female), it is im-
portant to assess the worst-case behavior for individual CSOs. Across almost 
all predicted CSOs within most modeled populations, the PPV for any 
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workup, even if the occurrence of 
that CSO is infrequent. Here, we see 
that despite breast cancer being 
uncommon in men, there is still 
enough risk of cancer in a predicted 
breast CSO to justify investigation of 
cancer. The dashed line represents a 
threshold PPV of 7%, typically 
justifying workup. 

818 Cancer Res Commun; 5(5) May 2025 https://doi.org/10.1158/2767-9764.CRC-24-0351 | CANCER RESEARCH COMMUNICATIONS 

Klein et al. 

https://dx.doi.org/10.1158/2767-9764.CRC-24-0351


cancer (or for a cancer associated with a specific clinical CSO matching the 
predicted CSO) was greater than 7% (Supplementary Data), which is a 
reasonable threshold for clinicians considering diagnostic workup decisions 
after cancer signal detection (21). This PPV threshold is comparable with 
two representative benchmarks: first, the likelihood that cancer is detected in 
individuals with Li–Fraumeni syndrome (those who are at genetic risk of 
cancer due to a TP53 gene alteration) during recommended whole-body 
MRI (22, 23); and second, the PPV of Guy’s Rapid Diagnostic Clinic in 
England dedicated to the diagnostic workup for individuals with increased 
suspicion of cancer (24). 

Although the PPV indicates the fraction of individuals among those testing 
positive on screening for the condition tested (cancer) to be referred for 
diagnosis, and hence the potential for diagnostic procedures to succeed, it 
does not measure the clinical utility of those procedures. A simple metric for 
clinical utility is estimated lives saved per diagnostic (not screening) pro-
cedure. Modeling of the mammography screening and diagnostic chain 
shows that one life is saved for every 240 diagnostic mammograms (25). 
Using a surrogate measure of lives saved in this model (differences in 

predicted 5-year survival), the number of diagnostic tests needed to save a 
life was considerably lower, both for an initial diagnostic workup directed by 
a CSO prediction and for a later round of non–site-specific diagnostic 
evaluations (Fig. 6). This suggests that—across nearly all populations and 
CSO predictions—CSO-directed workups may have clinical utility and that 
continuing workups are justified, even after the first workup is negative for a 
particular cancer. 

Unlike single-cancer tests, for which FP rates accumulate across multiple 
cancer types (26), an MCED test has a single FP rate that limits the number 
of individuals experiencing any diagnostic process. Although some indi-
viduals require additional workups to finally locate or exclude an existing 
cancer, in practice, these workups have been observed to terminate in a 
relatively short amount of time without undue harm (9). The potential for 
overdiagnosis is also limited, first by the high specificity, which reduces the 
number of individuals in which any indolent lesions may be found by 
chance, and second by the observed biological properties of ctDNA- 
detectable cancers. Biophysical models suggest that slow-growing tumors 
and indolent small lesions do not shed detectable amounts of ctDNA (27), 
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and prognostic indications suggest that ctDNA-detectable cancers are not 
indolent (28–31). 

A few limitations are important to consider. For simplicity, calculations 
assumed 100% sensitivity for diagnostic testing subsequent to a cancer signal 
detected MCED test result, whereas most diagnostic tests do have some error 
rate (32). Adapting the model to imperfect diagnostic tests does not change 
the trend of the results. As previously modeled, CSO-directed diagnostic 
workup effectively diagnoses cancer cases, but often, after an initial negative 
diagnostic workup, there is a residual risk of cancer, warranting further 
investigation at the original site, as well as other sites (32). 

Additionally, calculation of lives saved did not account for potential 
mortality from unnecessary tests or diagnostic pursuit of incidental 
findings, though any mortality from these diagnostic tests is expected to 
be small compared with the projected benefit of early detection. 
Screening is generally not recommended for individuals with severe 
comorbidities that either greatly shorten lifespan or make invasive 
procedures intolerable. Furthermore, we do not specifically account for 

competing risks in the main analysis that may limit lifespan and hence 
limit the benefit for cancer detection, as individuals in the modeled age 
range generally have more than 10 years of life remaining. To account for 
competing risks, changes in OS are examined in Supplementary Mate-
rials. Whereas this reduces the lives-saved metric, numbers of diagnostic 
tests to save a life continue to be far below the average for mammography 
in the screening age population. 

Modeled mortality benefits from cancer screening due to reduction in 
late-stage cancer incidence are inferred from stage-specific survival in 
this study, as clinical trials with a cancer-specific mortality endpoint have 
not been completed yet as they require large populations and long times 
to observe; however, a large-scale clinical trial of MCED screening uti-
lizing reduction in late-stage cancer incidence as the primary endpoint is 
expected to read out shortly (33). We rely here on the strong correlation 
between reduction in late-stage cancer incidence and cancer-specific 
mortality outcomes observed across previous trials of cancer screening 
(34). Other endpoints, such as reduction in late-stage cancer incidence, 
are being proposed as short-term intermediate endpoints for clinical 
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FIGURE 4 Overall PPVs modeled 
for each CSO prediction by smoking 
status. Smoking alters the incidence of 
multiple cancers, most strikingly lung 
and neuroendocrine (primarily small cell 
lung cancer). Even never-smokers 
have a significant risk of cancer when 
a lung CSO is predicted. In 
Supplementary Data, this includes a 
significant quantity of lung cancer. 
The dashed line represents a threshold 
PPV of 7%, typically justifying workup. 
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studies; however, care must be taken that such intermediate endpoints 
are chosen and modeled to properly reflect mortality (35–37). Accepting 
these limitations, in this study, we have modeled both reduction in late- 
stage cancer incidence and mortality changes to allow plausible scenarios 
to be explored. 

The modeled accuracy of each CSO prediction was taken from the 
clinical validation study for the currently available MCED test (6); 
however, because that study had so few FP results, the distribution or 
rate of FPs across CSO predictions may be different in particular pop-
ulations. This will affect the conditional distribution of the PPV for each 
predicted CSO (38). The small number of FPs leads to high potential 
variability in the ultimate observed FP rate from 0.3% to 0.8%, which 
affects the PPV and number of tests required (Supplementary Materials). 
There is further uncertainty in the sensitivity values due to finite sam-
pling of cancer cases in the clinical validation study (6). We show the 
potential variability in the results due to both of these factors in Sup-
plementary Materials. Additionally, this model used historic SEER 

incidence data, modified by appropriate risk factors, to estimate cancer 
incidence and outcomes in each population. 

In this work, harms of screening were simplified to unnecessary diagnostic steps, 
but actual harms are more complex and vary by specific diagnostic tests used and 
the site of investigation. Generally, site-specific investigations are justified by an 
estimated 3% to 5% risk of cancer due to symptoms or other causes, such as in 
the National Health Service 2-week wait or “urgent suspected cancer” pathways 
(17, 18). This characterizes the risk of harm from site-directed diagnostic path-
ways that is balanced by the projected benefits of early detection. 

Additionally, the MCED test was assumed to have similar performance 
between subpopulations with different distributions of risk factors. We do 
not specifically model any tests tuned for a particular subpopulation. Real- 
world data are needed to confirm the modeled results. 

Consistent with the previously stated preferences of the FDA, our modeling 
suggests that CSO predictions have the potential to save time and expense over 
undirected workup for general cancer risk (39, 40), reducing expensive and 
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PPV by diagnostic step:
Female, age 65−69 years, any smoking
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FIGURE 5 All PPVs in the 
modeled diagnostic chain for a 65- to 
69-year-old female with any smoking 
status. Here, we break out the 
fraction of cancer in individuals with 
each CSO in the starting pool (PPV 
any cancer), the fraction of the 
specific cancer in individuals with each 
specific CSO (PPV first CSO), and, 
finally, in individuals who do not 
have that specific cancer found, how 
many other cancers are expected 
(PPV other cancers). For almost 
every cancer type, there is sufficient 
predictive power to justify diagnostic 
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detectable ctDNA in studies, such as 
thyroid, or no successful CSO 
predictions, such as myeloid). Similarly, 
it is worthwhile to investigate the 
remaining individuals for other 
cancers, as previously reported (32). 
Whereas there are some patterns in 
the cross-talk between cancers and 
predicted CSOs, we do not specifically 
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diagnostic investigation. The dashed 
line represents a threshold PPV of 7%, 
typically justifying workup. 
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sometimes invasive tests and the risk of high radiation exposure, as well as (41) 
incidental findings, and more easily fitting into standard physician workflows. 
However, this benefit depends on the relative difficulty and expense of non– 
CSO-directed testing routines to CSO-directed workups (Supplementary Mate-
rials). Indeed, if the difficulty of non–site-directed tests is high enough, only 
CSO-directed tests may be used, with some loss of potential lives saved (Sup-
plementary Materials). The remaining need to manage additional non–site- 
specific cancer risk after negative CSO-directed workups may be addressed by 
other means of ruling out FP signals other than whole-body imaging, such as 
retesting to confirm an initial cancer signal detected after a negative diagnostic 
workup, which has shown good results in clinical practice (42). Research into 
methods to improve diagnostic resolution of FP status, similar to nodule man-
agement protocols in low-dose CT (43, 44), should be a priority to maximize the 
clinical utility of MCED tests. 

In summary, we improve models of MCED test performance by explicitly 
modeling the effect of a given CSO prediction on the resulting diagnostic 
chain. Importantly, this reflects the published performance of a commercial 
MCED test, although the model is generally applicable to any MCED test 
returning a CSO prediction (6). Site-directed workups are commonly per-
formed in patients who present with organ system–specific symptoms sus-
picious for cancer; as such, adoption of CSO prediction-directed diagnostic 
evaluations fits with current clinical practice. 
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detected result, as diagnostic tests are 
done at each step of the diagnostic 
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tests needed to save a life. Across 
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