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Supplementary Materials  

I. Supplementary Methods and Materials 
Assumptions: Interception Model  

Cancer Intervention and Surveillance Modeling Network (CISNET) models1 have been used to 
evaluate single cancer screening paradigms.  Reviewing these models, we extracted a set of 
useful assumptions that can be applied across the cancer spectrum. First, we use a stage-
transition model to capture the dynamics of cancer, using the basic four American Joint 
Committee on Cancer (AJCC) stages,2–5 and assume invasive cancer is a progressive 
disease.6–14  We approximate sojourn time in stage by weibull distributions (exponentials when 
shape parameter is 1)2–4,12,13,15 as capturing basic dynamics of progression. 
 
An important assumption is that raw sensitivity, the population fraction that can be detected by 
stage in an unmodified population, depends on stage,15 and is increasing by stage.6,12,16  This 
assumption is compatible with underlying growth models,6,16–20 although we do not model growth 
explicitly.  Note that in a population wherein natural history has been modified by screening at 
some interval, the fraction of individuals detectable by stage will be altered.20,21  This induces a 
correlation between detectability at successive screens, which is different from the assumption 
explored in many papers.21,22 
 
We assume that mortality benefit from stage shift is due to stage at diagnosis being different 
than stage at clinical presentation.7,14,23  Following multiple prior works,2,16,22,24,25 we assume 
individuals cannot die before clinical presentation would have occurred, so lead time is not 
added to any survival benefit due to stage shift. This can be extended to cure-fraction models.25 
 
Finally, we pursued an analytic model,22 due to benefits in both avoiding high computational 
effort,26,27 as well as in simplicity when analyzing pan-cancer effects of screening, as well as 
avoiding stochastic variability in results.28   
 
Using a standardized description of the model,29 the interception model is an analytic, parallel 
universe, stage-transition model, with implementation of screening benefit by stage shift, hazard 
reduction due to stage, tumor inception point before the start of preclinical screen detectable 
phase, SEER data used for calibration of incidence, stage distribution, and mortality, with 
screen-detection, conditioned on stage and frequency of testing.   
 
Definitions: 

● Analytic: Model uses explicit equations and not stochastic simulation 
● Parallel universe: Same population analyzed with and without new screening  
● Stage-transition model: Tumor progression is modeled as transitions between discrete 

stages 
● Implementation of screen benefit:  Benefit of screening is obtained through stage shift 
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● Benefit of treatment: Hazard reduction after original clinical diagnosis time due to 
change in stage at diagnosis 

● Tumor inception point: Invasive tumor becomes detectable at start of pre-clinical 
screen detectable phase,  

● Calibration: SEER data used for calibration: incidence, mortality, stage distribution 
● Screen detection: Sensitivity of detection conditioned on stage, indirectly on frequency 

of screening interval 
 
Prevalence and incidence rounds: Theory 
 
We consider the case of a 3 state progressive biomarker model for cancer detection.  Cancers 
occur in 3 states:  a preclinical state in which a biomarker is not detectable, a preclinical state 
where a biomarker is detectable, and a state after clinical diagnosis.  We can divide the 
incidence of the cancer (I) into cases where the biomarker is not detectable at any time before 
clinical diagnosis (1-X), and cases where the biomarker is detectable before clinical diagnosis 
(X). This corresponds to a measured sensitivity of X. Cancers for which the biomarker is not 
detectable are unaffected by biomarker screening, so we only consider the cases in which the 
biomarker is detectable for a positive period of time in detail below. 
 
Define the instantaneous density of preclinical duration of shedding of biomarkers f(x), and the 

cumulative distribution function 𝐹(𝑡) = ∫ 𝑓(𝑥)𝑑𝑥 , which is the probability that a case duration 

is less than t.   Without loss of generality, consider a screening interval of duration 1.  We 
assume that the screening test detects a case if the biomarker is detectable at the time of the 
test.   
 
Then, during a given year, the proportion of interval cancers are exactly those cancers where 
the preclinical duration of the cancer is less than the time before clinical diagnosis within the 

year - i.e. 𝐸 = ∫ 𝐹(𝑡)𝑑𝑡.  That is, as biomarker-shedding cancers are found at the current 

screen, any cancers found must have begun shedding after the current screen. 
 
For an incidence screen, where a previous screening occurred one year before the current 

screen, we compute the screen-detected cancers:  𝑆 = ∫ (𝐹(𝑡 + 1) − 𝐹(𝑡))𝑑𝑡.  Screen-

detected cancers are exactly those cancers that would be clinically diagnosed at some time t in 
the future, that first become biomarker detectable in the year before this years’ screening test 
(otherwise they would have been detected at time of the previous screen), and do not first 

become biomarker detectable after this years’ screening test.  Simplifying:  𝑆 = ∫ (𝐹(𝑡 +

1) − 𝐹(𝑡))𝑑𝑡 = ∫ ∫ 𝑓(𝑥)𝑑𝑥𝑑𝑡 = ∫ ∫ 𝑓(𝑥 + 𝑡)𝑑𝑥𝑑𝑡 = ∫ ∫ 𝑓(𝑥 + 𝑡)𝑑𝑡𝑑𝑥 =

 ∫ ∫ 𝑓(𝑥)𝑑𝑥𝑑𝑡 = ∫ (1 − 𝐹(𝑡))𝑑𝑡 

 
Note that S+E=1, so that the yield of cancers in that year found both by screening and the 
interval cancers sums to the original unscreened incidence of cancers as long as there is even a 
single screen performed previously.   
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Returning to the general case, the yield during a year of incidence screening is 𝑌 = 𝐼 ∗ [(1 −

𝑋) + 𝑋 ∗ (𝐸 + 𝑆 )]  = 𝐼.  This makes explicit the intuition that screening for progressive 
biomarkers with a reliable test simply rearranges cancer diagnosis through time, resulting in the 
same average total incidence whether screening occurs or not.   
 
This differs from the case where screening tests are assumed to be independent in each year of 
screening, which Michalopoulos and Duffy solve for a simplified estimate uniform for incidence 
rounds.30  Gulati et al also consider independent screening tests which depend on history.21 
 
For the prevalence round, the interval cancer count (E) remains the same, but because there is no 
previous screening the integral is unrestricted: 

𝑆 = ∫ (1 − 𝐹(𝑡))𝑑𝑡 = ∫ ∫ 𝑓(𝑥)𝑑𝑥𝑑𝑡 = ∫ 𝑡 ∗ 𝑓(𝑡)𝑑𝑡 = 𝑀 where M is the mean 

preclinical duration of shedding detectable biomarkers, for those cases that ever shed 
detectable biomarkers. The prevalence round then has a total cancer yield of: 
𝑌 = 𝐼 ∗ (1 − 𝑋) + 𝐼 ∗ 𝑋 ∗ (𝐸 + 𝑀).  Note that 𝑀 = 𝑆  is always greater than 𝑆 so that the 

prevalence round yields more cases in screening than incidence rounds. 
 
Note that in both prevalent and incidence rounds, the underlying incidence rate of an 
unscreened population is a parameter determining the scale of cancer diagnostic yield. 
 
SEER specifications for incidence/survival 
 
We obtained from the National Cancer Institute’s Surveillance Epidemiology and End Results 
(SEER) program crude incidence and 5-year cancer-specific survival rates for all persons aged 
50-79 when diagnosed with malignant primary cancer in one of 18 regions from 2006 to 2015 
and followed for vital status through December 31, 2017.10 This time period was chosen to 
provide sample sizes covering all cancer and stage combinations with sufficient follow-up for 
accurate estimates of 5-year survival, consistent availability of American Joint Committee on 
Cancer (AJCC) 6th10 edition staging information, and to reflect recent usual care screening and 
treatment patterns. This age grouping was chosen to overlap with other cancer screening 
guidelines and to minimize competing risks of noncancer-related deaths among persons aged 
80 and older. Stage at diagnosis was classified as I, II, III, IV. For cancers with AJCC staging, 
we distributed incidence from unknown stage proportionately to the known stage distribution 
within each cancer type. For these analyses, lymphoid leukemia and myeloid and plasma cell 
neoplasms were categorized as non-stageable. We excluded cancers that had behavior other 
than malignant, as well as excluded AJCC stage 0. Only the first eligible record for each person 
was included (ie, subsequent primary cancer diagnoses that occurred within the time period 
were excluded). Survival statistics additionally excluded cases diagnosed via autopsy or death 
certificate, as well as cases with zero survival time or with missing or unknown cause of death. 
SEER*Stat software (version 8.3.6) was used for all incidence and survival calculations.12 
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SEER Supplementary graphs 
 
As described in the main text, SEER18 statistics for 2006-2015, ages 50-79 were downloaded.  
Unknown/missing stage incidence was imputed to the known stages in the usual ratio. 
Stageable cancer types are displayed in order of absolute expected 5 year cancer specific 
mortality: Lung (163/125) means that 163 lung cancer cases are diagnosed per year, and given 
the stage specific mortality rates, 125 of them would not live 5 years from diagnosis if cancer 
was the only cause of death.   
 
Here, we can see the unmet need in the SEER population: many cancers have high incidence, 
late stage diagnosis under usual care, and much better survival at early stages. 
 
Results were published from Liu et al,31 a case-control study demonstrating a multi-cancer early 
detection assay and classifier.  From this study, we obtained results for each cancer site and 
stage recording the number detected out of the number attempted.  Liu et al report two sets of 
sensitivity figures: one cross-validated on a larger set of samples, one on a holdout set used to 
demonstrate performance.  The holdout set was less than half the size of the cross-validated 
set, rendering sensitivity by stage uncertain for most cancer types.  As the holdout 
demonstrated the average performance was compatible with the cross-validated training set, we 
use here the training set sensitivities which allow resolution of individual cancer type sensitivities 
by stage. 
 
As tumors are progressive, this data was transformed into a non-decreasing estimate of 
sensitivity (population fraction detectable) by stage within each cancer site.  This was done by 
applying weighted isotonic regression (the pool-adjacent violators algorithm) as implemented in 
the Iso package to the sensitivities, weights determined by the number attempted.   
 
Specificity was used as the minimum of the reported validation specificity and cross-validated 
training set specificity to be conservative, resulting in the 99.3% specificity value used here.  We 
consider only the point estimate here without incorporating uncertainty from measuring the 
specificity on a finite set of controls. 
 
Biomarkers in general are modeled with non-decreasing signal by stage due to the progressive 
nature of tumor growth.  The particular assay analyzes methylation patterns in cfDNA. Tumor 
fractions are expected to generally increase with stage within an individual case, and this is 
consistent with the average effect in the published paper.31  Tumor fraction of ctDNA is a 
predictive factor in detection, although not the only predictive factor.   
 
The methodology used here generates a weighted least squares optimal fit for a non-decreasing 
function to the observed sensitivity values by cancer site and stage. This provides a useful point 
estimate for use in our models. This can be extended in various ways to estimate variability in 
detection results, but this is outside the scope of this paper. 
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For cancers without modelable staging, sensitivities are set to 0, a deliberate underestimate.  
This includes plasma cell neoplasms, where staging is unavailable in SEER data, lymphoid 
leukemias, which have no staging, myeloid neoplasms, which also have no staging.  Similarly, 
the large number of individual AJCC cancers gathered in [OTHER] cancers are artificially set to 
sensitivity of 0, as individualized sensitivity estimates do not exist in the paper. 
 
Evidence from the Circulating Cell-free Genome Atlas (CCGA) study (NCT02889978) indicates 
the assay and classifier are reliable with strong agreement between tubes of blood drawn at the 
same time.  This suggests that few subjects with cancer within the study are close to the 
decision boundary, so that we can generally assume the population does not contain many 
individuals where stochastic elements of the test dominate the results.  This justifies the general 
division of individuals into “detectable” and “not detectable.”  Longitudinal data is not available 
from this paper, so we are unable to evaluate within-subject agreement over time. 
 
Finally, for modeling the detectability by stage, these sensitivities are taken to represent 
population fraction of detectable cancers.  As the CCGA discovery study is a single time point 
sample for each individual, we take the conservative approach and assume individuals not 
detectable in a given stage remain undetectable until the next stage is reached.    
 
Reconstruction of detectable cancer rates from observed case-control sensitivity 
 
Given that cancer is a progressive disease, we assume cancers become more detectable over 
time. Supplementary Figure S3 illustrates the assumption that the MCED test-reported 
sensitivity in a case-control study31 is, therefore, a measure of the proportion of detectable 
cancers. The stage-specific sensitivity as reported in Liu MC et al 2020 consisted of 
observations of distinct individuals, such that at each stage, an increasing fraction of cancers 
were detected (Supplementary Figure S3A).  Reconstructing the unobservable evolution of 
individuals through stages before detection (Supplementary Figure S3B), this is consistent 
with a model where not only populations, but particular individuals become detectable during a 
given stage. This induces a strong correlation between screening events: for example, 
individuals who are not detectable at stage II are not detectable at stage I, and therefore cannot 
be detected at stage I by any screening. 
 
Sensitivity as detectable fraction 
 
Example using observed sensitivity (Supplementary Figure S3; line) for CRC in case-control 
study.31 Dots represent hypothetical individuals with cancer observed in the study. Green dots 
depict individuals that had cancer detected by the MCED test; red dots depict those whose 
cancer was not detected. A) Visualizing the observed sensitivity (green dots) from distinct 
individuals shows that more individuals are detectable at each stage. (B) We inferred (and 
incorporated into the model as an assumption) an underlying population of individuals who 
increase in detectability by stage (purple lines show trajectory of individuals as their cancer 
progresses, dots change color when that individual becomes detectable). Until the stage where 
an individual becomes detectable, no MCED screening will find that cancer. 
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Under the assumption that preclinical stages are similar to clinical, we reconstructed the 
detectable fraction per stage to match the observed case-control study sensitivity values.31  This 
is a conservative assumption as it assumes that individuals not detected in the case control at a 
given stage would remain undetectable until their stage progresses, and is therefore an under-
estimate of the potential stage at detection. 
 
Results excluding USPSTF screened cancers  
 
We consider the special case in which USPSTF cancer types recommended for screening are 
assumed to be impossible to improve by cfdna screening.  The stage at diagnosis for this group 
of cancers (Breast, Colorectal, Cervical, 27% of lung32) is kept fixed.  This models the situation 
in which we treat cfdna screening as a pure complement to recommended screening, only 
obtaining benefits in individuals where no screening for that cancer is recommended. 
 
While fewer cancers are intercepted (206 to 320, 17 to 27% of all cancers), within those 
intercepted there is still an approximately 80% reduction in late stage.  Fewer of those originally 
expected to die within 5 years would be found (only 33 to 50%) but mortality would still be 
reduced by approximately 35%, resulting in an absolute reduction of 47 to 68 deaths.   
 
Within the first prevalent round, there is the typical large variation depending on dwell time 
assumptions. Again, the pattern is that fewer total cancers are found than in the case where 
USPSTF cancers are not excluded, however, the relative reduction in late stage and mortality 
benefit remain proportionately large. 
 
Despite excluding cancers with existing screening programs under usual care, there is still a 
large potential benefit to screening using an MCED test. Many cancers without existing 
screening programs present at late stage, and therefore can have their stage improved by 
MCED screening, whereas cancers with recommended screening are generally already found at 
early stage, limiting benefit possible from a Supplementary screening test.  
 
Prevalence round results 
 
Data are as in the main text.  Some careful logic is needed when considering the population 
over which rates are being computed. We take the situation in which there is no current 
screening using cfdna on the population 50-79 years of age, and this screening is being newly 
introduced. Therefore, individuals in the first year of being screened span the whole population 
age range, and do not consist of individuals uniformly 50 years old who are screened for the first 
time. 
 
Here (Supplementary Table S2) we exploit the fact that we are computing the expected rate of 
detecting cancers given a particular screening program.  If the screening interval is much longer 
than the typical duration of a cancer, say 100 years, then the expected rate for a year is the 
average of 99 years with no screening and 1 year of screening. To recover the expected 
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detection rate for that single year we simply multiply the rate by the interval as we know no 
screening is happening in other years. Note that as the screening interval is much longer than 
the variation in duration, the probability that a case is hit during a stage is simply the expected 
duration divided by the interval. This recovers the usual identity that in the prevalence round, the 
rate of cancers detected is proportional to the sensitivity multiplied by the expected duration. 
Further, the rate of cancers detected by usual care is the same as the rate in incident years as 
the logic by which cancers are missed is identical. These two observations together allow 
computation of the prevalent round using the previously defined incidence round algorithm.   
 
Supplementary Table S2 follows the format of the main text. As the prevalence round does not 
have the stationarity property of incident rounds, idealized screening is omitted. Unlike 
incidence rounds, screening increases the number of cancers detected in this year as 
detectable cancers exist that would have been screened out in a prior year had this been an 
incidence round. Note that proportions in a given column are over the effect on these cases, not 
over the number of cancers that would be clinically diagnosed in this year had no screening 
occurred. 
 
The total number of cancers detected increased from 1187 without screening to between 1500 
to 2572 in the year of the prevalence round. This increase is due to 625 to 1789 cases being 
intercepted before clinical diagnosis, not all of whom would be diagnosed in the same year.  
This also accounts for the slight reduction in false positive rate: some individuals that would 
have been false positives in fact have cancer in this round. 
 
Strikingly, it is still the case that of those cases that are intercepted, they are found before late 
stage, leading to a large mortality benefit.   
 
As the number of cases found in the prevalence round depends on the dwell time within stage 
to a large extent, it is difficult to predict performance in the absence of experimental data. From 
the robustness analysis, the benefit for those individuals caught is relatively large and stable 
across dwell time scenarios.   
 
Most individuals who have their invasive cancer found by a screening program will be found in 
incidence rounds and not the prevalence round. This can be easily seen by comparing the 
cumulative rate of overall cancer incidence over 30 years starting at age 50% (approximately 
29%) with the estimated yield from a perfect universal screen (3%).32  We therefore concentrate 
the main text on performance in the incidence rounds of a screening program. 
 
Tumor growth rate scenarios 
 
For purposes of robustness analysis to unknown sojourn/dwell times, cancer types were 
grouped into four underlying growth pattern classes. This included cancers with no staging or no 
known sensitivity for completeness, including [OTHER] cancers. Supplementary Table S3 
shows the classification of the cancer sites discussed here. 
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Each growth pattern class was assigned a mean duration per stage (years) for purposes of 
analyzing the effect of tumor growth rates. Within each scenario, the duration spent per stage 
decreased approximately exponentially, so that later stages typically averaged less than the 
preceding stage.   
 
Four scenarios were explored for the growth rate behavior of cfdna shedding cases:  cancers 
spend a long time in stage I (4 to 10 years) for the Very Slow scenario (not reported in main 
text), and cancers spend very little time in stage I (1 to 2 years) for the Aggressive Fast 
scenario. We report in the main analysis only the faster scenarios. 
 
For this model, the relevant natural history parameters are the distribution of the duration of 
cfdna shedding per stage per cancer type. As no widespread cfdna screening has been done, 
the behavior of this subset of cancer cases (as opposed to those found by imaging or 
symptoms) is not currently known. Informed by the literature, we explored conservative 
scenarios where late stage cancers are difficult to find due to the lack of time spent in those 
stages. These scenarios reflect an approximate exponential tumor growth process, with a 
minimum time scale spent per stage. Overall time scales were chosen to reflect the ranges of 
cancer behavior seen in the literature.  
 
Detailed description for interception model 
 
Consider for a given year the incidence of a given cancer at a given stage in the population 
given usual care.  Without loss of generality, suppose this to be stage IV. In the case-control 
study referred to, these individuals were sampled, and the fraction that were detectable was 
determined.    
 
All of these individual cases passed through stages I-III in the previous tumor growth, but were 
preclinical by definition. At stage I, assuming the case control study extends to preclinical 
stages, we know the fraction of such individuals who were detectable at stage I (and who would 
remain detectable at later stages). These individuals are detected (intercepted) at this stage 
unless no screening event happens during this stage, whereupon they slip to the next stage and 
remain detectable. 
 
At Stage II, the difference between the case-control sensitivity at stage II and stage I (the 
marginal sensitivity) multiplied by the total number of original individuals represents the number 
of newly detectable cases at stage II, who had no possibility of being detected while they were 
in stage I. Again, individuals who are detectable at this stage (both new individuals and any 
slipping from stage I) are intercepted unless no screening event happens to them, whereupon 
they slip to the next stage and remain detectable. 
 
Similarly, at stage III, the marginal sensitivity indicates the number of new individuals (of the 
original total) detectable starting only at this stage. Individuals are intercepted unless no 
screening even happens to them. 
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At Stage IV, the clinically presenting stage, again the marginal sensitivity indicates the number 
of individuals screen detectable starting at this. Individuals are intercepted unless no screening 
event happens to them - however, as this is the stage where usual care diagnosis happens to 
these individuals, the expected time spent in this stage is reduced due to the competing risk that 
the screening event would happen only after the usual care diagnosis. Individuals not 
intercepted are found by usual care as this is the stage at diagnosis. Note that as this is the 
subset of individuals who are diagnosed by usual care at stage IV, they cannot be diagnosed by 
usual care at stages I-III. 
 
Formally, for each cancer at each stage that would present by usual care in a year, the total 
number of individuals who would present are intercepted at each stage successively:   
 
Detectable at stage = (original individuals)*(marginal sensitivity)+(individuals slipped from earlier 
stage) 
Intercepted at stage = (Detectable at stage )*(1-slip rate for current stage). 
Slipped at stage = (Detectable at stage) * (slip_rate for current stage) 
Found by usual care = Slipped at stage of original diagnosis. 
 
This recursion is very simple in the default model:  it can be generalized to handle the case in 
which slip rates depend strongly on previous states, however, the effect of such dependence 
simply alters the effective slip rate visible to the model. Given large uncertainties in natural 
history, in this paper we use the simplest model. 
 
Slip rate is the expected rate of a detectable individual at a stage having a screening event at 
which they can be detected during the duration of that stage. This high level metric may include 
very complicated dynamics if necessary (i.e., unreliable tests that may fail to operate 
successfully require computing the odds of more than one screening event during the interval, 
correlations in timing). For this paper, we use the simple first-order approximation where slip 
rate is determined by the screening interval interacting with the duration and variation amongst 
individuals.   
 
For an exponential distribution (weibull shape parameter 1), this has a simple analytic solution, 
however, in general we can compute the slip rate by sampling from the duration distribution, or 
by integrating over the cumulative distribution function of duration.   
 
Applying this procedure for all cancers and stages of usual care results in the final stage 
distribution for both intercepted cancers and usual care cancers, for the rate of incidence in a 
given population. 
 
Finally, as noted in the main text, this procedure computes the number of people intercepted 
and the stage at which they are intercepted. Because incidence rounds rearrange cancer 
through time, the average number of detected cancers per year is approximately the same, and 
this procedure computes the stage at diagnosis (and indicates the stage at which they would 
have been intercepted) for cancers detected in a given year. 
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Screening programs for invasive cancer fundamentally rearrange cancers through time and 
stage by intercepting them before clinical diagnosis. Incidence rounds have a fundamental 
approximate symmetry:  about as many cancers are pulled from the future as were lost to past 
screening. Because of this symmetry, we can compute the rate per stage intercepted from the 
incidence in a standard year of usual care diagnosis, and then apply this rate to determine the 
stage and number detected in a standard year.   
 
This is an “open” cohort, as though we took a sampling of individuals from a population all of 
which were at an incidence round. This is not following a single cohort of individuals starting at 
age 50 to age 79, but attempting to compute the average rate (as we might find in the near 
future) of a sample of such population, where the common factor is that they are participating in 
a screening program and are in an incidence round (having been previously screened).   
 
Aggregate sensitivity and spectrum bias 
 
Liu et al31 report aggregate sensitivities of 18% and 33% in early-stage (I and II) cancers, which 
may appear small compared to some single-cancer screening tests on individual cancer types, 
however, this model suggests that half of all late-stage (III+IV) cancer could be intercepted in 
early (I and II) stages by the MCED test. This is attributable to multiple factors: first, the reported 
aggregate sensitivity is subject to spectrum bias. Cancers such as pancreas and lung that are 
mostly found at late stage under usual care have high sensitivity in stages I+II, whereas cancers 
such as breast and prostate that dominate incidence at early stage are reported as low 
sensitivity (Supplementary Figures S1, S2, S3).  
 
Explicitly modeling detection by cancer type and stage accounts for the fact that all cancers 
pass through early stages and may be intercepted at such stages and avoids this bias. In 
addition, individuals diagnosed at late stage by usual care by definition are not found at early 
stage and vice versa, which implies that an MCED test has most opportunity to detect and stage 
shift precisely those individuals diagnosed at late stage under usual care. Finally, if screening 
intervals are rapid compared to dwell times in early stages, most individuals will have a 
screening event in such stages and do not progress to be intercepted at late stage, biasing 
detection against late stages due to successful stage shift. These effects combine to achieve 
the large reduction in late stage we report. 
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II. Supplementary Tables and Figures 
 
Supplementary Table S1. Definitions of invasive cancer types  

Cancer type31 ICD-O-3 site and histology code definition 

Anus  All C210-C218 excluding histology 8140,8710-8931,9040-9055, 9120-
9342,9580-9992 and C180-C199,C209,C260 with histology 8070-8071 

Bladder All C670-C679 excluding histology  8710-8931,9040-9055,9120-9342, 9580-
9992 

Breast All C500-C506,C508,C509 excluding histology  8710-8931,9040-9055,9120-
9342, 9580-9992 

Cervix All C530,C531,C538,C539 excluding histology  8710-8931,9040-9055,9120-
9342, 9580-9992 

Colon/Rectum All C180-C199,C209,C260 excluding histology  8710-8931,9040-9055,9120-
9342, 9580-9992 and C210-218 with histology 8140 

Esophagus All C150-C159 excluding histology  8710-8931,9040-9055,9120-9342, 9580-
9992 

Gallbladder All C239,C240-249 excluding histology  8710-8931,9040-9055,9120-9342, 
9580-9992 

Head and Neck All C000-C148, C300-C329 excluding histology  8710-8931,9040-9055,9120-
9342 ,9580-9992 

Kidney C649 excluding histology  8120,8122,8130, 8710-8931,9040-9055,9120-9342, 
9580-9992 

Liver/Bile duct All C220-C221 excluding histology  8710-8931,9040-9055,9120-9342,9580-
9992 

Lung All C340-C349 excluding histology  8710-8931,9040-9055,9120-9342,9580-
9992 

Lymphoid Leukemia 
All histology 9712, 9728,9729,9811-9820,9823,9827, 9831-9837,9940,9948 

Lymphoma All histology 9590-9597, 9650-9667, 9670-9671, 9673, 9675, 9678-9680, 9684, 
9687-9691, 9695, 9698-9702, 9705, 9708-9709,  9714-9719, 9724-9727, 9735, 
9737-9738, 9760-9761, 9764, 9826,9838,9970-9971 

Melanoma All histology 8720-8790 

Myeloid neoplasm All histology 9740-9742,9751,9801-9809, 9840, 9860-9876,9891-9898, 9910-
9911, 9920, 9930-9939,9941-9946,9963-9964,9966,9975 

Plasma cell 
neoplasm 

All histology 9731-9734, 9762 
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Cancer type31 ICD-O-3 site and histology code definition 

Ovary All C569, C570, C481,C482, C488 excluding histology 8710-8931,9040-
9055,9120-9342,9580-9992 

Pancreas All C250-C259 excluding histology 8710-8931,9040-9055,9120-9342,9580-
9992 

Prostate All C619 excluding 8710-8931,9040-9055,9120-9342,9580-9992 

Sarcoma All histology including 8710,8711,8800-8931,9040-9044,9120-9342,9580,9581 

Stomach All C160-C169 excluding histology 8710-8931,9040-9055,9120-9342,9580-
9992 

Thyroid All C739 excluding histology  8710-8931,9040-9055,9120-9342,9580-9992 

Urothelial Tract 
All C659, C669, C680 excluding histology 8710-8931,9040-9055,9120-
9342,9580-9992; and all C649 with histology 8120,8122,8130. 

Uterus C540-C543, C548-C549,C559 excluding histology 8710-8931,9040-9055,9120-
9342,9580-9992 

Other All other sites not categorized otherwise 

Cancer types are according to the International Classification of Diseases-Oncology, 3rd edition 
(ICD-O-3.1). Classifications were mapped to performance of MCED test and generally involve 
broad histologic categorizations (e.g., sarcoma, lymphoma, melanoma) excluded from 
categorizations of solid organ sites. 
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Supplementary Table S2. Summary interception statistics for one year of prevalent 
screening across cancer growth rate scenarios with and without MCED test 

 No Screening Cancer Growth Scenario 

Scenario (years in stage I) No MCED AggFast(1-2) Fast(2-4) Slow(3-7) 

Screening Type no prevalent prevalent prevalent 

Basic Performance     

Total Cancer Incidence (100K 
person years), n 

1187 1500 1970 2572 

Found Usual Care, n (% total 
cancer) 

1187(100) 875(58) 816(41) 783(30) 

Intercepted, n (% total cancer) 0(0) 625(42) 1155(59) 1789(70) 

False Positives, n 0 689 686 682 

True Positives, n (PPV = % of 
positives) 

0(NA) 625(48) 1155(63) 1789(72) 

Stage Shift     

Total Late (III+IV), n (% total 
cancers) 

409(34) 668(45) 1033(52) 1471(57) 

Final Late (III+IV), n (% total 
cancers) 

409(34) 318(21) 388(20) 449(17) 

Reduction Late, n (% total late) 0(0) -350(52) -645(62) -1022(69) 

Breakout by Mode Found     

Stage III+IV Usual Care, n (% 
found usual care) 

409(34) 183(21) 148(18) 130(17) 

Stage III+IV Pre-Intercept, n (% 
intercepted) 

0(NaN) 485(78) 885(77) 1341(75) 

Stage III+IV Post-Intercept, n (% 
intercepted) 

0(NaN) 135(22) 240(21) 320(18) 

Reduction (III+IV), n (% late 
intercepted) 

0(NaN) -350(72) -645(73) -1022(76) 

Individuals Expected to Die 
(IED) of Cancer in 5 years 

    

Total IED, n (% total cancer) 393(33) 583(39) 831(42) 1181(46) 

Final IED, n (% total cancer) 393(33) 431(29) 567(29) 760(30) 
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 No Screening Cancer Growth Scenario 

Reduction IED, n (% total IED) 0(0) -152(26) -264(32) -421(36) 

Breakout by Mode Found     

IED Usual Care, n (% total IED) 393(100) 212(36) 183(22) 166(14) 

IED Pre-intercept, n (% total IED) 0(0) 372(64) 649(78) 1015(86) 

IED Post-intercept, n (% IED pre-
intercept) 

0(NaN) 220(59) 384(59) 594(59) 

Reduction IED, n (% IED pre-
intercept) 

0(NaN) -152(41) -264(41) -421(41) 

All numbers are per 100K people per year. 
No MCED: usual care results with no MCED screening. 
Aggressive-Fast: all cancers assumed to have very short dwell times due to aggressive growth; Fast: all cancers 
have slightly longer dwell times and grow quickly; Slow: all cancers even longer dwell times, slow growth. 
MIS: maximum interception (idealized screening), cancers that can be intercepted are found at the earliest possible 
stage. See dwell time in methods (main text). 
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Supplementary Table S3. Classification of cancer sites by growth pattern 

dwell_group cancer 

A Anus,Colon/Rectum,Esophagus,Lung 

B 
Cervix,Uterus,Head and Neck,Lymphoid Leukemia,Lymphoma,Plasma Cell 
Neoplasm,Ovary 

C Kidney,Liver/Bile-duct,Pancreas,Gallbladder,Prostate,Stomach,Sarcoma,Thyroid 

D Bladder,Urothelial Tract,Breast,Melanoma,Myeloid Neoplasm,[OTHER] 

 

dwell_group scenario I II III IV 

A VSlow 4 2 1 1 

A Slow 3 1.5 0.75 0.75 

A Fast 2 1 0.5 0.5 

A AggFast 1.5 0.75 0.5 0.25 

B VSlow 8 4 2 1 

B Slow 6 3 1.5 1 

B Fast 4 2 1 1 

B AggFast 1.5 0.75 0.5 0.25 

C VSlow 8 2 1 1 

C Slow 5 1.5 1 0.75 

C Fast 2 1 1 0.5 

C AggFast 1 0.5 0.25 0.25 

D VSlow 10 4 2 1 

D Slow 7 3 1.5 1 

D Fast 4 2 1 1 

D AggFast 2 1 0.5 0.5 

 

dwell_group VSlow Slow Fast AggFast 

A 4,2,1,1 3,1.5,0.75,0.75 2,1,0.5,0.5 1.5,0.75,0.5,0.25 

B 8,4,2,1 6,3,1.5,1 4,2,1,1 1.5,0.75,0.5,0.25 

C 8,2,1,1 5,1.5,1,0.75 2,1,1,0.5 1,0.5,0.25,0.25 

D 10,4,2,1 7,3,1.5,1 4,2,1,1 2,1,0.5,0.5 
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Supplementary Table S4. Summary interception statistics for one year of incident 
screening across cancer growth rate scenarios with and without MCED test: for cancer 
types without USPSTF-recommended screening 

 No 
Screening 

Cancer Growth Scenario Idealized 
Screening 

Scenario (years in stage I) No MCED AggFast(1-2) Fast(2-4) Slow(3-7) MIS(NONE) 

Screening Type no incident incident incident incident 

Basic Performance      

Total Cancer Incidence (100K 
person years), n 

1187 1187 1187 1187 1187 

Found Usual Care, n (% total 
cancer) 

1187(100) 981(83) 938(79) 918(77) 867(73) 

Intercepted, n (% total cancer) 0(0) 206(17) 249(21) 269(23) 320(27) 

False Positives, n 0 692 692 692 692 

True Positives, n (PPV = % of 
positives) 

0(NA) 206(23) 249(26) 269(28) 320(32) 

Stage Shift      

Total Late (III+IV), n (% total 
cancers) 

409(34) 409(34) 409(34) 409(34) 409(34) 

Final Late (III+IV), n (% total 
cancers) 

409(34) 286(24) 265(22) 254(21) 228(19) 

Reduction Late, n (% total late) 0(0) -123(30) -144(35) -156(38) -181(44) 

Breakout by Mode Found      

Stage III+IV Usual Care, n (% 
found usual care) 

409(34) 252(26) 226(24) 214(23) 181(21) 

Stage III+IV Pre-intercept, n (% 
intercepted) 

0(NaN) 157(76) 184(74) 195(73) 228(71) 

Stage III+IV Post-intercept, n (% 
intercepted) 

0(NaN) 34(16) 39(16) 40(15) 47(15) 

Reduction (III+IV), n (% late 
intercepted) 

0(NaN) -123(79) -144(79) -156(80) -181(79) 

Individuals Expected to Die 
(IED) of Cancer in 5 years 

     

Total IED, n (% total cancer) 393(33) 393(33) 393(33) 393(33) 393(33) 
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 No 
Screening 

Cancer Growth Scenario Idealized 
Screening 

Final IED, n (% total cancer) 393(33) 345(29) 337(28) 333(28) 324(27) 

Reduction IED, n (% total IED) 0(0) -47(12) -55(14) -60(15) -68(17) 

Breakout by Mode Found      

IED Usual Care, n (% total IED) 393(100) 261(67) 238(61) 225(57) 196(50) 

IED Pre-intercept, n (% total IED) 0(0) 131(33) 155(39) 167(43) 196(50) 

IED Post-intercept, n (% IED pre-
intercept) 

0(NaN) 84(64) 100(64) 108(64) 128(65) 

Reduction IED, n (% IED pre-
intercept) 

0(NaN) -47(36) -55(36) -60(36) -68(35) 
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Supplementary Table S5. Summary interception statistics for one year of prevalent 
screening across cancer growth rate scenarios with and without MCED test: for cancer 
types without USPSTF-recommended screening 

 No Screening Cancer Growth Scenario 

Scenario (years in stage I) No MCED AggFast(1-2) Fast(2-4) Slow(3-7) 

Screening Type no prevalent prevalent prevalent 

Basic Performance     

Total Cancer Incidence (100K person 
years), n 

1187 1394 1776 2230 

Found Usual Care, n (% total cancer) 1187(100) 981(70) 938(53) 918(41) 

Intercepted, n (% total cancer) 0(0) 413(30) 838(47) 1312(59) 

False Positives, n 0 690 688 684 

True Positives, n (PPV = % of positives) 0(NA) 413(37) 838(55) 1312(66) 

Stage Shift     

Total Late (III+IV), n (% total cancers) 409(34) 586(42) 892(50) 1231(55) 

Final Late (III+IV), n (% total cancers) 409(34) 346(25) 407(23) 449(20) 

Reduction Late, n (% total late) 0(0) -240(41) -485(54) -782(64) 

Breakout by Mode Found     

Stage III+IV Usual Care, n (% found 
usual care) 

409(34) 252(26) 226(24) 214(23) 

Stage III+IV Pre-intercept, n (% 
intercepted) 

0(NaN) 334(81) 667(80) 1017(77) 

Stage III+IV Post-intercept, n (% 
intercepted) 

0(NaN) 93(23) 181(22) 235(18) 

Reduction (III+IV), n (% late intercepted) 0(NaN) -240(72) -485(73) -782(77) 

Individuals Expected to Die (IED) of 
Cancer in 5 years 

    

Total IED, n (% total cancer) 393(33) 526(38) 736(41) 1017(46) 
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 No Screening Cancer Growth Scenario 

Final IED, n (% total cancer) 393(33) 432(31) 552(31) 718(32) 

Reduction IED, n (% total IED) 0(0) -95(18) -183(25) -299(29) 

Breakout by Mode Found     

IED Usual Care, n (% total IED) 393(100) 261(50) 238(32) 225(22) 

IED Pre-intercept, n (% total IED) 0(0) 265(50) 498(68) 792(78) 

IED Post-intercept, n (% IED pre-
intercept) 

0(NaN) 170(64) 315(63) 492(62) 

Reduction IED, n (% IED pre-intercept) 0(NaN) -95(36) -183(37) -299(38) 
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Supplementary Figure S1. Detailed SEER Incidence and Survival by Cancer Sensitivity 
Group 
A.
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B. 

 
Supplementary Figure S1 shows stage- and cancer–type-specific (A) SEER incidence and (B) 
SEER survival. 
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Supplementary Figure S2. Sensitivity by stage 
 

 
Supplementary Figure S2 plots raw sensitivity numbers (dots) for stageable cancer types with 
isotone regression results for all stageable cancers. 
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Supplementary Figure S3. Progressive Cancer Detection Assumption 

 
Supplementary Figure S3 illustrates stage-specific sensitivity as corresponding to the fraction of 
detectable cancers in the population. 
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Supplementary Figure S4. Stage-specific incidence under four interception scenarios 
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Supplementary Figure S4 depicts underlying stage distribution resulting from interception under 
the four different cancer growth and screening scenarios: (A-B) Aggressive-Fast, (C-D) Fast, (E-
F) MIS, and (G-H) Slow. MIS, maximum interception scenario (idealized  screening).  
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III. Data Files 
Code/Data 
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