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ABSTRACT

PURPOSE: Clinical trials suggest that intensive surveillance of colon cancer (CC) survivors to detect
recurrence increases curative-intent treatment, though any survival benefit of surveillance as currently
practiced appears modest. Realizing the potential of surveillance will require tools for identifying
patients likely to benefit and for optimizing testing regimens. We describe and validate a model for

predicting outcomes for any schedule of surveillance in CC survivors with specified age and cancer stage.

METHODS: A Markov process parameterized based on individual-level clinical trial data generates
natural history events for simulated patients. A utilization submodel simulates surveillance and
diagnostic testing. We validate the model against outcomes from the Follow-up After Colorectal Surgery

(FACS) trial.

RESULTS: Pre-validation sensitivity analysis showed no parameter influencing curative-intent treatment
by >5.0% or OS5 by >1.5%. In validation, the proportion of recurring subjects predicted to receive
curative-intent treatment fell within FACS 95% confidence intervals for carcinoembryonic antigen (CEA)-
intensive, computed tomography (CT)-intensive, and combined CEA+CT regimens, but not for a
minimum surveillance regimen, where the model overestimated recurrence and curative treatment.

Observed five-year overall survival (0S5) fell within 95% prediction intervals for all regimens.

CONCLUSION: The model performed well in predicting curative surgery for three of four FACS arms. It

performed well in predicting OS5 for all arms.



INTRODUCTION

More than three quarters of the nearly 95,000 Americans diagnosed annually with colon cancer
(CC) receive curative-intent treatment.[1] While the majority will be cured in the long term,
approximately one fifth will experience recurrence, consisting of disease relapse or development of a
new primary (metachronous) CC[2], with median survival of two to three years.[3][4]

Most CC survivors undergo post-treatment surveillance involving periodic follow-up testing to
detect recurrence at an earlier stage where salvage surgery can provide a cure. Two previous meta-
analyses showed improved mortality with intensive surveillance (i.e. more frequent testing using
multiple modalities) compared to less intensive surveillance (risk ratio 0.73, 95% Cl 0.60 to 0.89[5]; odds
ratio 0.73, 95% Cl 0.59 to 0.91[6]). However, a more recent meta-analysis[7], which included three large
trials published in the last decade[2, 8, 9], showed no survival benefit from intensive surveillance.
Across all published surveillance trials, the strategies tested, the populations studied, and the study
periods vary significantly.[2, 9—15] Unsurprisingly, an evidence-based consensus among expert panels
regarding how best to follow these patients is lacking.[16—22]

Part of the frustrating lack of progress in identifying an approach to surveillance that improves
survival may arise from the heterogeneity of patient characteristics, disease features, and treatment
histories. A number of factors have been found to impact recurrence risk in CC, including age, cancer
stage, preoperative carcinoembryonic antigen (CEA) level, tumor differentiation, perineural and
lymphovascular invasion, number of lymph nodes harvested at primary surgery, number of cancer-
containing nodes, whether the patient received adjuvant chemotherapy, microsatellite instability, and
others.[23—-27] Notably, existing guidelines do not offer algorithms for tailoring surveillance based on a
patient’s specific risk factors or treatment history. While some guidelines incorporate a degree of

flexibility in their recommendations based on whether patients are considered “high risk”, they do not



offer objective criteria for defining high risk.[20, 22] This has led numerous authors to suggest a need
for greater risk stratification and personalization of surveillance.[28-30]

For these reasons, there is an unmet need to develop a new approach for post-treatment
surveillance—one which enables consideration of patient, disease, and treatment factors to tailor the
surveillance regimen of each patient. Such multi-dimensional risk stratification may help identify the
patients most likely to benefit from intensive surveillance and inform which surveillance strategies
(specific tests and frequency) are most likely to result in detection of recurrence at a point where
curative treatment is possible while minimizing unnecessary testing. The sheer number of distinct
combinations and schedules of surveillance tests coupled with the number of risk-modifying patient,
disease, and treatment factors make it unlikely that any number of traditional surveillance trials by
themselves will ever provide the insight needed to personalize colon cancer surveillance.

We previously developed and validated a simple proof-of-concept simulation model based on
published aggregate data that predicted the rate of curative salvage surgery and survival outcomes
among colorectal cancer patients.[31] The model simulated the interplay between colorectal cancer
recurrence natural history and early detection of recurrence through surveillance testing—an approach
designed to allow the simulation of hypothetical surveillance strategies. Here, we build upon that work
by describing the development and validation of the Colon Cancer Surveillance and Recurrence Model
(CCSuRe). CCSuRe utilizes a more realistic representation of underlying disease processes (including
non-constant progression risks over time and the effects of age and cancer stage on risk) that is fitted or
“trained” based on individual-level clinical trial data. In addition, it uses a more complete model of
surveillance and follow-up diagnostic testing. We validate the model by comparing observed outcomes
from colon cancer patients in each arm of the recent Follow-up After Colorectal Surgery (FACS) trial[2]
to CCSuRe-predicted outcomes for matched groups of simulated patients. This work represents the first

independent validation of a colon cancer surveillance model against the results of a modern clinical trial.



It is a key step toward our objective of developing a surveillance model that can inform practice
recommendations and personalize surveillance strategies for individual CC patients (and, eventually, for
rectal cancer patients) based on patient and disease characteristics. Moving from one-size-fits-all
surveillance toward a more tailored approach has the potential to increase the effectiveness and cost-

effectiveness of surveillance while minimizing unnecessary testing.



METHODS
Overview of Approach

CCSuRe consists of two interacting submodels: a disease progression submodel and a utilization
submodel. The former generates natural history events for simulated patients over time from the point
of initial treatment of CC, and the latter simulates scheduled surveillance testing, follow-up diagnostic
testing and recurrence treatment, which may affect survival. After clinical trial data is used to “train”
the disease progression submodel, any hypothetical post-treatment surveillance regimen can be
simulated by changing the parameters of the utilization submodel that control surveillance testing

schedules.

The Disease Progression Submodel

We use a multi-state, non-homogenous Markov process to represent disease progression in
continuous time.[32—-36] There are four progressively more severe states: 1) no known recurrence, 2)
detectable and resectable recurrence, 3) detectable recurrence which is not resectable, and 4) death
(possible transitions depicted in Figure Al of Appendix 1). Transition intensities 4;; (t) describe the
hazard rates (may be non-constant) at which transitions from state i to state j occur over time.

In practice, one can only infer that state transitions have occurred after the fact through clinical
observation (with error). To infer parameters of the transition intensity functions, we used a maximum
likelihood estimation process (Appendix 2) based on real-world follow-up data from the Clinical
Outcomes of Surgical Therapy (COST) trial.[37] The COST trial enrolled 788 subjects across 48 U.S. sites
with curatively treated Stage I-lll colon cancer from 1994 to 1999. Participants underwent either
laparoscopically-assisted or open surgical resection. With a median follow-up of 4.4 years, the COST
investigators found no difference between arms in the primary endpoint of time to tumor

recurrence.[37]



The distribution of recurrence sites was also based on the COST trial data using non-mutually
exclusive categories of local extraluminal, intraluminal (metachronous), lung, liver, abdominal
metastases, and other metastases. Patients with local extraluminal, intraluminal, lung, or liver
recurrence are assumed to spend some amount of time in state 2 (detectable and resectable) before
eventually advancing to state 3. However, patients whose recurrences manifest solely as abdominal
metastases or “other” metastases transition from state 1 directly to state 3; such a patient would at no
point be a candidate for curative treatment once their recurrent disease was detectable.

For “recurrence transitions” (from state 1 to 2 and from state 1 to 3), we assume that the
transition intensities 4,1, (t) and A;3(t) are equal. The COST trial data demonstrated that the hazard of
recurrence was non-constant over time, so we used a piecewise (first increasing, then decreasing)
Weibull hazard. We also include the covariate of stage, assuming proportional hazards, because the
hazard of recurrence differs based on cancer stage.

The transition from state 2 to 3 represents progression from a detectable and resectable
recurrence to a non-resectable one. We model 1,3(t) using a decreasing Weibull hazard since later
recurrences tend to be more indolent.[38—41]

Transitions from states 1 and 2 to state 4, and from state 3 to 4, represent deaths. The two
former transitions both represent death from other causes; we assume that A,,(t) = A,4(t). The
transition from State 3 to 4 represents death from cancer or other causes; A3,(t) > A,,(t). Based on
empirical hazard plots observed in the COST data, we assumed constant hazard and included an age
covariate for all transitions into state 4.

After estimating the disease progression parameters, we estimated the rate of symptom onset
among recurring patients. We assume a constant hazard for symptom onset; patients become eligible
to develop symptoms when they transition from state 1 to states 2 or 3. To develop this hazard

estimate, we used a chart review dataset of 62 recurring patients at our own institution (since COST trial



data does not describe symptomology at presentation), containing details of all relevant healthcare

encounters following initial CC treatment and symptomology at each visit.

Survival of recurring patients after curative surgery

We fit an exponential survival model to the subset of COST patients who underwent curative
surgery for recurrence using initial surgery as time 0 and death or last follow up as an event or point of
censoring, respectively. This model was used to probabilistically assign life expectancies after curative
treatment of recurrence.

Appendix 1 provides a detailed description of the disease progression submodel. Maximum

likelihood calculations for parameter estimation were performed using MATLAB 2015a (Natick, MA).

The Utilization Submodel

Once the disease progression submodel was specified, it was coupled with a utilization
submodel. The latter, a microsimulation developed using Anylogic v7.2 (Chicago, IL), re-creates
scheduled surveillance testing, follow-up diagnostic testing, and treatment of recurrence for each of a
series of simulated CC survivors for a surveillance period of up to five years. A schedule for surveillance
carcinoembryonic antigen (CEA) testing, computed tomography (CT) of chest/abdomen/pelvis, and
colonoscopy can be specified. The results of each test depend upon test sensitivity and specificity (Table
1), and upon the true state of simulated individuals in the disease progression submodel. Since test
findings may be equivocal early in the course of a recurrence, causing a delay in diagnosis, we chose to
model this phenomenon. The probabilities of equivocal results given the presence of disease (Table 1)
were estimated based on the same dataset used to estimate symptom parameters and were varied

extensively in sensitivity analysis.



Algorithms for repeat or follow-up diagnostic testing triggered by an equivocal or positive result
were based on NCCN colon cancer guidelines[20], where possible, and on consensus from the coauthors
and a panel of three medical oncologists with expertise in colorectal cancer prevention and treatment at

separate academic institutions. Appendix 3 depicts all testing algorithms.

Base Case and Sensitivity Analysis

We modeled a base case in which a population of 100,000 seventy-year-old CC survivors with a
distribution of stage I, Il, and Il disease representative of U.S. patients (31.1%, 35.0%, and 33.9%,
respectively)[42] underwent NCCN-adherent surveillance[20]. The regimen consisted of CEA
measurement every three months for the first two years following initial surgery, then every six months
for the following three years; annual CT of chest, abdomen, and pelvis for five years; and colonoscopy at
years one and four. We conducted one-way sensitivity analysis on all utilization submodel parameters
(Table 1) according to the ranges shown. We then simultaneously varied combinations of these
parameters to which the model was sensitive. The primary outcomes of interest in sensitivity analyses
were proportion of subjects undergoing curative salvage surgery for recurrence and overall survival at
five years from the point of recurrence diagnosis (OS5). Recurrence proportion (the proportion of
subjects experiencing recurrence) was not examined as an outcome in sensitivity analysis since it

depends on disease progression parameters estimated by fitting to trial data as described above.

External Validation

After fitting the disease progression submodel to COST trial data and testing CCSuRe’s sensitivity
to variation in utilization parameters, we examined the model’s ability to predict cancer-related
outcomes for an independent group (i.e. a group whose data did not inform model development). We

compared the actual experience of CC subjects in each of the four arms (and in all arms combined) of
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the recent FACS trial to the outcomes predicted by CCSuRe for corresponding groups with the same
sample size, mean age, and stage distribution. At 39 centers in the U.K. between 2003 and 2009, the
FACS trial randomized 841 patients surgically treated for Dukes Stage A, B, or C colon cancer
(corresponding to American Joint Committee on Cancer Stages |, Il, and [11[43]) to four arms undergoing
either CEA based surveillance, CT based surveillance, combined CEA and CT, or minimum surveillance.[2]
Median follow-up across all groups was 60 months; Table 2 describes characteristics and assigned
surveillance regimens for CC subjects in each FACS arm.

Outcomes examined in validation were recurrence proportion, proportion of recurring subjects
undergoing curative salvage surgery, and OS5. Proportion of recurrences discovered because of
symptoms was not examined given the small number of subjects in this category (36 CC subjects total).

For each of the four surveillance regimens, we ran CCSuRe 1,000 times using the number of
subjects enrolled in the corresponding FACS arm (Table 2). For each outcome, we used the range of
model outputs from the 2.5 to 97.5" percentile to define 95% prediction intervals.[44] We also
constructed a calibration plot comparing observed to mean model-predicted survival of patients with

recurrence at years one through five to assess model calibration and refinement.[45, 46]

The funding sources played no role in the design of the study or preparation of this manuscript.
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RESULTS
Baseline Model Outputs

In the base case scenario modeling NCCN-adherent surveillance, the model predicted that 16.9%
of survivors would experience recurrence and that 44.2% of recurring patients would be expected to

undergo curative-intent treatment. OS5 for recurring patients was predicted to be 22.6%.

Sensitivity Analysis

Using the base case as a starting point, we conducted a sensitivity analysis in order to identify
the utilization inputs to which model results were most sensitive. Figure 1a depicts the utilization
parameters which, when varied individually from their baseline levels across the ranges shown in Table
1, most affected the proportion undergoing potentially curative treatment of recurrence. This outcome
was most sensitive to positron emission tomography (PET) scan sensitivity. Varying PET sensitivity from
0.72 to 1.00 resulted in variation of the proportion treated curatively from 40.4% to 45.4%. Figure 1b
depicts the four parameters which most affected predicted OS5. Again, PET sensitivity was most
influential, with inputs between 0.72 and 1.00 resulting in OS5 ranging from 21.5% to 23.0%,
respectively.

When CT scan sensitivity for all anatomical sites was simultaneously decreased to the lowest
extremes, the model predicted a decrease in curative treatment proportion to 42.5%. At the highest
extremes of CT sensitivity, curative treatment proportion rose to 44.3%. OS5 varied from 21.8% to
22.8%, respectively, for the low and high extremes of CT sensitivity. Since certain individual
repeat/follow-up diagnostic testing wait times were influential, we ran the model with all such intervals
simultaneously set to their low or high extremes. With all intervals at their lowest extremes (halved),
curative treatment proportion rose to 46.9%, and OS5 to 23.6%. Increasing all intervals to their highest

extremes (doubling) lowered curative treatment proportion and OS5 to 39.8% and 21.5%.
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External Validation

The observed proportion recurring in each FACS trial arm, and in all arms combined, is shown in
Figure 2 alongside corresponding proportions predicted by the model. Predicted recurrence for the
three intensive surveillance arms (CEA based, CT based, and CEA+CT based surveillance) fell within
observed FACS 95% confidence intervals. Specifically, 15.2% (95% confidence interval [CI] 10.7% to
20.7%) of FACS subjects in the CEA arm were diagnosed with recurrence compared with a model-
predicted 17.7% (95% prediction interval 12.9% to 23.0%); 20.3% (95% ClI 15.0% to 26.5%) of FACS CT
arm subjects were diagnosed with recurrence compared with a predicted 17.7% (95% prediction interval
12.4% to 23.3%); 13.9% (95% Cl 9.5% to 19.4%) of FACS CEA+CT subjects were diagnosed with
recurrence compared with a predicted 17.7% (95% prediction interval 12.5% to 22.6%). Diagnosed
recurrence in the FACS minimum surveillance arm (10.8%; 95% Cl 6.9% to 15.7%) was substantially
lower than that in other arms and was lower than the model’s prediction (17.0%; 95% prediction
interval of 12.1% to 22.0%). The model’s prediction for the recurrence proportion across all arms
combined (17.4%; 95% prediction interval 15.1% to 20.1%) was slightly higher than observed in FACS
(15.0%; 95% Cl 12.6% to 17.6%), but still fell within the corresponding FACS 95% ClI.

Figure 3 compares the observed proportion of patients diagnosed with recurrence who
underwent curative-intent treatment with corresponding predicted levels. For the CEA, CT, and CEA+CT
arms, CCSuRe predictions fell within FACS 95% Cl’s. Specifically, 33.3% (95% Cl 18.2% to 52.6%) of FACS
CEA arm subjects diagnosed with recurrence underwent curative-intent treatment compared with a
model-predicted 41.9% (95% prediction interval 26.3% to 57.9%); 46.3% (95% Cl 31.7% to 62.4%) of
FACS CT arm subjects diagnosed with recurrence underwent curative-intent treatment compared with a
model-predicted 40.1% (23.3% to 56.8%); 37.9% (95% Cl 20.7% to 56.0%) of FACS CEA+CT arm subjects

diagnosed with recurrence underwent curative-intent treatment compared with a model-predicted
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46.3% (95% prediction interval 30.3% to 62.5%). For the minimum arm, however, the observed
proportion undergoing curative-intent treatment (8.7%; 95% Cl 0.0% to 28.5%) was significantly lower
than predicted 29.1% (95% prediction interval 15.1% to 44.4%). For all arms combined, the model’s
prediction of 34.1% (95% prediction interval 26.5% to 41.3%) matched the observed value exactly
(34.1%; 95% Cl 25.4% to 43.5%).

Figure 4 shows the observed and predicted five-year overall survival curves for each FACS arm.
For each arm, FACS survival curves lay entirely within model prediction intervals for the full five-year
period. At five years after detection of recurrence, 27.3% of subjects in the FACS CEA group remained
alive compared with a model prediction of 21.8% (95% prediction interval of 9.5% to 35.5%); 26.8% of
the CT group remained alive compared with a predicted 21.1% (95% prediction interval 8.8% to 35.3%);
34.5% of the CEA+CT group remained alive compared with a predicted 22.8% (95% prediction interval
10.5% to 35.9%); 17.4% of the minimum surveillance group remained alive compared with a predicted
16.8% (95% prediction interval 5.6% to 30.3%). For all groups combined, 27.0% of subjects were alive at
five years after diagnosis of recurrence compared with a prediction of 20.6% (95% prediction interval
14.6% to 26.9%), reflecting slightly pessimistic survival predictions by the model on average.

Figure 5 shows a calibration plot[45, 46]. The 45-degree solid line represents a reference
standard of perfect calibration and refinement. The fitted line connecting the data points has y-
intercept of 0.08, indicating that predicted proportions alive at each time point were slightly lower than
observed on average. A slope of approximately 0.86 reflects the fact that predicted change in the

proportion of subjects alive between years 1 and 5 was slightly greater than observed.
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DISCUSSION

The long-term objective of this research is to create a model-based tool which leverages the
best available clinical evidence to assist colon cancer patients and providers in personalizing post-
treatment surveillance based on patient and disease characteristics. The precision survivorship care that
such a model can enable has the potential to improve the effectiveness of post-treatment surveillance,
and in turn to improve the long-term survival of those treated for colon cancer. Here, we have
introduced the CCSuRe model and presented an external validation against independent data from a
recent large multi-center randomized trial of surveillance.[2] The model’s natural history behavior is
based on patient-level data from a multi-center trial involving U.S. colon cancer survivors.[47] This work
represents the first independent validation of a colon cancer surveillance model against the results of a
modern clinical trial.

The model performed well in external validation (the most robust form of validation[46]) against
data obtained from colon cancer patients in the recent FACS trial. Predicted recurrence proportion fell
within FACS 95% confidence intervals for the CT, CEA, CT+CEA arms, and for all arms combined, but not
for the minimum arm. The model predicted that incidence of recurrence would be similar in each of the
follow-up arms since the stage distribution was similar across arms; the mode of surveillance should not
in theory affect the probability of recurrence. By contrast the observed number of recurrences differed
between arms in the FACS trial, with the fewest being detected in the minimum follow-up arm. This
may reflect under-reporting of recurrence in the minimum arm due to less intense follow-up.

The proportions of recurring patients predicted by CCSuRe to undergo curative-intent treatment
fell within FACS 95% confidence intervals for the CT, CEA, and CT+CEA arms, and for all arms combined,
but again not for the minimum surveillance arm. In the trial, only two patients in the minimum

surveillance arm are known to have undergone curative-intent treatment based on available follow-up
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data. Accordingly, it is difficult to assess model performance against data from the FACS minimum
follow-up arm.

Five-year overall survival for FACS subjects with recurrence in all four arms fell within
corresponding model-projected 95% prediction intervals. To assess the calibration and refinement of
the model, we created a calibration plot. A slightly positive y-intercept suggests that the model is mildly
pessimistic in its survival predictions generally.[46, 48] This may be attributable to improvements in
colon cancer treatment and survival in the period between recruitment for the COST Trial (1994 to
1999[37]), whose data was used for model training, and the FACS Trial (2003 to 2009[2]), whose data
was used in validation. Overall, the model predicted 5-year survival among subjects with recurrence
that was 6.4 percentage points lower than what was reported in the combined FACS trial colon cancer
subjects. Over approximately the same timespan (1995-2005) In the U.S., 5-year relative survival for
colorectal cancer patients in general improved by 6.5 percentage points.[49] Finally, a calibration plot
slope less than 1.0 reflects the fact that predicted change in the proportion of subjects alive between
years 1 and 5 was slightly greater than observed in the FACS trial.[46, 50] The slope of 0.86 compares
favorably with calibration plot slopes from other external model validations.[45, 50]

We previously developed a simple proof-of-concept model simulating the interaction between
recurrence natural history and early detection through surveillance.[31] It was the first published model
to account for progression of recurrent disease during diagnostic delay and that considered the full
range of possible metastatic sites.[51-54] CCSuRe builds upon our previous model by using individual-
level patient data to parameterize functions describing non-constant hazards of state transitions over
time. The new model also incorporates covariates accounting for the effect of cancer stage on
progression risk and for the effect of age on mortality. CCSuRe employs more realistic algorithms based
on empirical data to simulate diagnostic testing following positive surveillance findings—a feature that

will enable future cost comparisons between proposed surveillance regimens.
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In sensitivity analysis, PET sensitivity was the most influential single parameter on both the
likelihood of curative surgery and overall survival. When varied across a 30 percentage point range, the
proportion of patients with recurrence who underwent curative treatment in the model varied by 5.0
percentage points, and OS5 varied by 1.5 percentage points. This is not surprising since PET is
frequently used in the setting of serially elevated CEA without localized findings as well as to assess
resectability when recurrent disease is detected.[20] Model outcomes were also somewhat sensitive to
wait times for repeat or follow-up diagnostic tests. This finding suggests that minimizing delays in
definitively diagnosing recurrence by minimizing unnecessary wait times for subsequent testing could
improve patient outcomes. It also underscores the value that improved testing methodologies leading

to fewer equivocal results (e.g. an improved biomarker for CC) could bring.

Limitations

As with many modeling studies, some parameters are derived from disparate sources in the
scientific literature. We have examined the implications of mis-specification of such parameters using
one-way and multi-way sensitivity analysis. Few inputs changed predicted outcomes to a clinically
relevant extent. It should also be noted that morbidity stemming from testing itself (most notably,
morbidity stemming from colonoscopy complications) is not included in the model.

The COST trial was the data source used to “train” the disease progression submodel. COST
subjects were followed into the early 2000’s. Aside from FACS, only one large study which prospectively
followed CC survivors undergoing multi-modality post-treatment surveillance has been published since
COST.[9] Despite some differences in treatment norms between the COST trial era and today, and
despite the differences in settings, it is reassuring from a generalizability perspective that the model
projected outcomes which largely approximated what was observed recently among FACS trial colon

cancer subjects—albeit with slightly low survival projections across the board. Therapeutic advances
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which generally lower recurrence probability after initial treatment should not significantly impact the
generalizability of the model for comparing relative benefits of alternative surveillance regimens to
patients whose disease recurs. More likely to impact CCSuRe’s generalizability would be 1) advances in
primary treatment (e.g. surgical technique) which substantially change the anatomic distribution of
recurrences, 2) introduction of diagnostic tests with improved performance characteristics, or 3)

therapeutic improvements which allow curative treatment of more advanced recurrent disease.

Future Directions

While more intensive surveillance may somewhat improve clinical outcomes, surveillance
testing is associated with cost, inconvenience, and potential physical and psychological morbidity. The
ability to identify patients who are most likely to benefit from surveillance after surgical cure, and to
tailor surveillance to clinical characteristics and preferences of individual patients, promises to increase
value from both patient and system perspectives. More extensive and recent longitudinal data
describing surveillance testing and outcomes will permit further estimation of existing model
parameters for both colon and rectal cancer in the context of more contemporary treatment and
diagnostic norms. Further data will also allow estimation of additional risk-modifying covariates. Such
covariates could include traditional clinicopathologic risk factors and prognostic or predictive molecular
characteristics. The insights gained from this work can inform future risk-stratified surveillance

guidelines and clinical decision aids.
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FIGURE LEGENDS

Figure 1 — Sensitivity analysis results — The “tornado diagrams” show the parameters which, when
varied across the ranges shown in Table 1, had the greatest impact on the values of a) proportion of
recurring patients undergoing curative-intent surgery and b) 5-year overall survival of recurring patients
(OS5). PET = positron emission tomography; CEA = carcinoembryonic antigen; CT = computed

tomography

Figure 2 - Proportion of patients recurring: model-predicted versus observed in FACS trial. The first of
each pair of solid bars represents the mean of 1,000 model runs. Error bars represent 95% prediction
intervals for model-predicted outcomes and 95% confidence intervals for observed FACS trial outcomes.
CEA = carcinoembryonic antigen; CT = computed tomography; CCSuRe = Colon Cancer Surveillance and

Recurrence Model; FACS = Follow-up After Colorectal Surgery Trial

Figure 3 — Proportion of recurring patients who were treated with curative intent: model-predicted
versus observed in FACS trial. The first of each pair of solid bars represents the mean of 1,000 model
runs. Error bars represent 95% prediction intervals for model-predicted outcomes and 95% confidence
intervals for observed FACS trial outcomes. CEA = carcinoembryonic antigen; CT = computed
tomography; CCSuRe = Colon Cancer Surveillance and Recurrence Model; FACS = Follow-up After

Colorectal Surgery Trial

Figure 4 (a-d) — Overall survival following recurrence diagnosis: model-predicted versus observed in
FACS trial. a) CEA arm, b) CT arm, c) CEA+CT arm, d) minimum arm — The solid line in each graph
represents the mean of 1,000 model runs. The shaded regions represent 95% predictions intervals.
CCSuRe = Colon Cancer Surveillance and Recurrence Model; FACS = Follow-up After Colorectal Surgery

Trial

Figure 5 — Calibration plot comparing overall survival of FACS trial recurrers to mean model-predicted
overall survival at years one through five — The y-intercept and slope of the line fitted to these points
were used to assess model calibration (i.e. correspondence between the overall levels of predicted and

observed values) and refinement (i.e. degree to which model estimates span a range similar to that
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spanned by actual observations) , respectively.[45, 46] The 45-degree solid line represents a reference

standard of perfect calibration and refinement.
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TABLES

Parameter Range used in | Source
estimate sensitivity
analysis
Surveillance and diagnostic test characteristics
CEA sensitivity 0.64 0.49t0 0.79 [55]
CEA specificity 0.90 0.75to 1.00 [55]
CT sensitivity — chest 0.94 0.79to 1.00 [56]
CT specificity — chest 0.96 0.81t0 1.00 [56]
Ct sensitivity — liver 0.83 0.68 to 0.98 [57]
CT specificity — liver 0.59 0.44t0 0.74 [57]
CT sensitivity —abdomen 0.73 0.581t00.88 [58] [56] [59]
CT specificity - abdomen 0.98 0.83t0 1.00 [56]
Colonoscopy sensitivity 0.95 0.78t0 1.00 [60] [61]
Colonoscopy specificity 1.00 0.85t0 1.00 [60] [61]
Liver MRI sensitivity 0.86 0.71t0 1.00 [57]
Liver MRI specificity 0.87 0.72t0 1.00 [57]
PET sensitivity 0.87 0.72t0 1.00 [62]
PET specificity 0.96 0.81t0 1.00 [62]
Probability of equivocal test results given that recurrence is present
Probability of equivocal CEA 0.55 0.40t0 0.70 2
Probability of equivocal CT 0.136 0.00to0 0.286 2
Intervals for repeat or follow-up diagnostic testing
For repeat CEA after equivocal result 6 weeks 3 to 12 weeks ab
For repeat CT after equivocal CT 4 weeks 2 to 8 weeks ab
For follow-up CT scan after positive CEA 2 weeks 1to 4 weeks ab
For follow-up liver MRI after positive CT 1 week 0to 2 weeks ab
For follow-up PET scan 1 week 0 to 2 weeks *t

2 Internal dataset available upon request
® Expert opinion

Table 1 - Utilization submodel parameters — Specific testing algorithms are shown in Appendix 3. CEA =

carcinoembryonic antigen; CT = computed tomography; MRI = magnetic resonance imaging; PET =

positron emission tomography
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CEA CT CEA+CT Minimum
Surveillance Surveillance | Surveillance | Surveillance
(n=217) (n=202) (n=208) (n=214)
Subject Characteristics (N=841)
Mean age at randomization 69.4 69.0 70.6 69.3
Dukes Stage of primary colon | 14.3% /55.8% | 19.8% / 15.4% / 17.8% / 50.0% /
cancer (A/B/C) / 30.0% 47.5% / 56.3% / 32.2%
32.7% 28.4%
Surveillance Regimens
CEA frequency Every 3 None Every 3 None
months for 2 months for 2
years, then years, then
every 6 every 6
months until months until
year5 year5
CT frequency At 12-18 Every 6 Every 6 At 12-18
months months for 2 | months for 2 | months
years, then years, then
annually until | annually until
year5 year5
Colonoscopy frequency None At 2 years At 2 years None

Table 2 — Sample characteristics and surveillance regimens from FACS trial colon cancer patients. CEA

= carcinoembryonic antigen; CT = computed tomography
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APPENDIX 1 — Detailed description of disease progression submodel
1. Multi-state Markov models

We use a multi-state non-homogenous Markov model to model underlying disease progression; this
type of model has been used previously to model the progression of cancer and other chronic illnesses
for which transitions between disease states cannot be observed directly.[32—36] Let X(¢t) be a
continuous time Markov process which can take on n progressively severe states, denoted by{1,2, ...n},
with n being an absorbing state. For any two states i and j such thati # j, the transition intensity 4;;(t)

is the rate at which transitions occur from state i to state j at time t, that is,

PX(t+h)=j|X(@) =i

ll](t) = ll.mh_>0 A

The function lij(t) can also be thought of as the hazard of transitioning from state i to state j at time t.

Note further thatif i = j, then

Ja(®)= =) 2 (0.
j=1
i#j

Although frequently it is assumed that the hazard rates A;; (t) are constant with respect to time, in this
model, we make use of a non-homogenous Markov process, assuming that some of the transition

intensities vary with time. Furthermore, we define the transition probabilities for this process by
pij(s,t) =P (X(t) =j | X(s) = i),

for any two states i and j and times 0 < s < t. Given the transition intensities for a process, the

corresponding transition probabilities are found by solving the Kolmogorov forward equations.[63]
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2. Application to colon cancer and selection of hazard functions

For our application, we assume that X (t) represents an individual’s current disease state at timet > 0

after initial surgery. Here X(t) can take on 4 possible disease states, listed below:

(1) No known recurrence
(2) Detectable and resectable recurrence
(3) Detectable recurrence that is not resectable

(4) Death

Figure Al shows a diagram of these states, along with all of the possible transitions in our model. We
assume each of the transition intensities 4;;(t) in our model takes on a parametric form, which we

describe in detail below.

Consider first the transitions from state 1 to state 2 and from state 1 to state 3. Note that both of these
transitions represent the event of a recurrence; however, a transition from 1 to 2 represents a
recurrence that could potentially be resectable if it was detected early enough, while a transition from 1
to 3 is a recurrence that is never resectable, regardless of when it is detected. This determination of
whether a recurrence could ever be resectable is made based on the site(s) of the recurrence as

described in the main text. We assume that the transition intensities 1, (t) and 1,3(t) are equal.

We know from empirical hazard plots for time to recurrence detection from the Clinical Outcomes of
Surgical therapy (COST) Trial[37] that the hazard of recurrence is non-constant over time; it increases
initially in the time after surgery, reaches a maximum, and then declines. Perez-Ocon et al[64] suggest
using a piecewise Weibull hazard to model a similar pattern in the timing of breast cancer recurrence.

Note that the Weibull hazard function has the form

25



-2

for fixed shape and scale parameters y and a. Notice that for y < 1, the hazard is monotonically

decreasing, while for y > 1, it is monotonically increasing. (For y = 1, it is constant).

In addition to being non-constant with respect to time, the hazard of recurrence also differs based on
the stage of a patient’s primary cancer; thus we include covariates for stage in 1,5 (t) using the

proportional hazards assumption.

To write an expression for A, (t) using this approach, we first define the function §,,(t),

€Y

( (1 Y12 1
Y12 t
w(w) , 0 =<t <Threax

a
12 12
612(t) = 1 @_y

Y
V1(22) t— Tbreak 12
(2) (2) ) t> Tbreak
a

\ 12 12

for a fixed value of Tp,eqr that we determine empirically from the data. Note that Ty, eqx is the time
after initial surgery when the hazard of recurrence is at its maximum. Then the expression for 1,,(t) is

given by

212(6) = exp(Bi51s; + B3 1s3) 812 (t)

where I, is an indicator variable equal to 1 for stage 2 patients and 0 otherwise; similarly, I3 is equal to

1 only for stage 3 patients.
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Next, we consider the transition from state 2 to state 3. The later a patient recurs after their initial
surgery, the longer the time they will spend in state 2.[38][39][40][41] Thus, we model this transition

with a declining hazard; as before, we choose a Weibull hazard, so that

Yaz [ t V23—1
Az3(t) = _(_) )
a3 \U23

where t is the time since initial surgery.

Consider next the transitions from states 1 and 2 to state 4. These transitions both represent death from
other causes; thus we assume that A,,(t) = 1,,(t). Moreover, we use a constant hazard with a

covariate for age to model these transitions,

A14(t) = exp(B14(age)) aqa,

where a4 is a constant rate. Lastly, we consider the transition from state 3 to state 4. A patient can
make this transition by dying from other causes or by dying from cancer. Thus, we assume that 43,4 (t)

has the form,

A34(t) = az, +exp(Bi4(age)) ayy,

where a3, is the (assumed) constant hazard of death from cancer. We then must estimate the set of
natural history parameters 8 = {ag), yl(;), aii), yl(;), 52, B33, a3, V23, @14r Bias a34} from the

COST Trial data.
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Note that in Castelli et al[65], a multi-state semi-Markov model was used to model the natural history of
colorectal cancer recurrence; this model also employed Weibull hazards for the transitions between
states. However, this model utilized a single state for recurrence and did not differentiate between
resectable and unresectable recurrences. Furthermore, this model assumed a single Weibull hazard for
the transition between the no recurrence state and recurrence state, instead of the piecewise hazard

that we use here.

3. Maximum likelihood estimation and misclassification

Now suppose that we have a set of N observations from the process; the jith observation consists of a
set of m; observation times t;,, 1 <k < m;, and corresponding observed states o, 1 <k < m;.
Note that we will differentiate here between the observed state of the process oy, at time t;, and the
actual state, which we will denote by x;.. We make this distinction because in our application, the true
disease state can only be observed indirectly through the results of a diagnostic test. Thus, we only have
information about the observed disease state at a given time, which may not correspond to the true

disease state at that time, and we must account for this potential error in our parameter estimation.

The problem of parameter estimation in the presence of potential misclassification has been addressed

before (see for instance [33, 34, 66]). Briefly, let O(t) denote the observed disease state at time ¢; recall
that we denote the true disease state at time t by X (t). The value of O(t) is related to the value of

X (t) via a series of misclassification probabilities, defined as P(0(t) = i |X(t) = j), for any two states i

andj.

The likelihood function which accounts for misclassification is constructed in the following manner[33]:
assuming that the observation at t; is made without error, the contribution to the likelihood for one set

of observations is given by
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a@= ) | [PO@) = oulx(®) = 1) ey e, r )

X2,X3..Xmi k=2

where the summation is taken over all possible values of the true underlying states x;, x3, ... ;. The
misclassification probabilities P(O(t,) = oy |X(t;) = xx) in our application are given by the
sensitivities and specificities of the surveillance tests used to make the observations. The total likelihood

for N observations is then given by

N
L(O) = H{)i(e).

We then estimate the set of the natural history parameters 6 that maximizes log L(6) using a quasi-

Newton algorithm.[67]

A more detailed description of maximum likelihood estimation of model parameters is provided in

Appendix 2.
4. Symptom parameter estimation

In addition to the disease progression parameters, we also require an estimate of the rate at which
patients who recur develop symptoms. We assume that patients become eligible to develop symptoms
when they make the transition from state 1 to state 2 (or from state 1 to state 3, for those who do not
pass through state 2). The development of symptoms does not differ based on whether a patientis in

state 2 or state 3. We assume a constant hazard for the development of symptoms, that is,

Asym(t) = dsym-
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Our method for estimating this parameter requires an estimate of the disease progression parameters
8; thus, we estimate the rate of symptom development separately after we have computed the

maximum likelihood estimates of the other natural history parameters.

Because the COST trial data did not include descriptions of symptom status at presentation, we used a
separate dataset (available upon request) based on 62 curatively resected colon cancer patients at our
own institution to develop the hazard rate estimate. This internal dataset contained details on all

relevant healthcare encounters following initial CC treatment and symptom status at each.

Suppose that for each individual in a set of N patients with recurrences, we have the time when they
were last definitively known to be without recurrence (which we denote by t;4s¢norm) @s well as their
time of detection of recurrence (denoted tg,;); in addition, it is known whether or not the patient was
symptomatic at the time of detection. For patients who were symptomatic at time of detection, we also

know the time symptoms began (denoted tgy,,; note that tgym, < tger)-

Denote by p1(nosym) (S, t) the probability that an individual who recurred between times s and t did not
develop symptoms. Note that p;(nosym) (S, t) is a function of ag,,,, as well as the disease progression
parameters. Similarly, define p(nosym)(sym) (S, t) to be the probability that a patient with recurrence
develops symptoms between times s and ¢. This probability only depends on the value agy,,. We
compute the maximum likelihood estimate of &g, For an individual who recurred but had not

developed symptoms by their time of detection, the contribution to the likelihood is given by

{)i(asym) = pl(nosym) (tlastnormr tdet)-

The contribution to the likelihood by an individual who recurred and had developed symptoms before

they were detected is given by
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[i(asym) = Pi(nosym) (tlastnormr tsym - d)p(nosym)(sym) (tsym - d, tsym)v

where d represents one day. The total likelihood is then given by

L(asym) = Hgi(asym)-

We find the value of &, that maximizes L(asym) using a quasi-Newton algorithm.
5. Survival for recurrers with curative surgery

Recall that when we computed the natural history parameters, we computed an estimate for the
rate of transition from state 3 to state 4. Thus, we already have an estimate for the rate of survival
for recurrers who were detected after their recurrence had become unresectable. However, we
have not considered survival for recurrers who undergo curative-intent surgery (i.e. who are

detected in state 2).

For patients who underwent curative surgery for recurrence, we have time of detection as well as
time of death or the time they were last known to be alive. We fit an exponential survival model to
this data, giving us the rate of survival post-recurrence diagnosis for patients who were detected

while their recurrence was still potentially resectable.
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1. No known recurrence

3. Detectable
recurrence, not
resectable

2. Detectable
and resectable
recurrence

4. Death

Figure Al. State transition diagram for disease states of the model; the arrows indicate possible

transitions.
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APPENDIX 3 — Utilization submodel algorithms

Note that empty ovals represent exit points for an algorithm whereby an individual returns to “waiting”

for the next event. CEA = carcinoembryonic antigen; CT = computed tomography; PET = positron

emission tomography; MRI = magnetic resonance imaging
A) Surveillance CEA Testing

CEA test

)

[ Determine CEA outcome

prevEquivC

Schedule follow-up falze
CT (if not already
scheduled)

previ
equivocal
CEA?

irue

Schedule Schedule

repeat follow-up CT (if

CEA not already
scheduled)
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B) Surveillance CT

surveillance CT_test

[

Determine CT
outcome

Schedule
false resectable e follow-up
according to liver MRI or
repeat CT
Add in costs for Schedule ba=ed on
biopsy, palliative PET scan sites

care; assign life
expectancy




C) Surveillance Colonoscopy

surveillance_colonoscopy_test

7

Determine
colonoscopy
outcome:

false

true

Schedule CT

Assign Assign life Schedule

costs for expeciancy falss resectable PET
palliative for curative according to
care surgery

Assign costs,
life
expectancy
for palliative
care

FPET scan
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D) Follow-up CT

This test oceurs if a patient
exhibited symptoms
ar had positive CEAs.

followup_CT_test

T

Determine follow-up CT outcome

false

Schedule
follow-up
colonoscopy

colonoscop

resectab
according to
CT?

Schedule false

Rl

Palliative
care

true

Schedule
BET

Schedule
follow-up
liver MRl or
repeat CT
based on site
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E) CT after Positive Colonoscopy

This test occurs after a patienthas a
positive colonoscopy to determine
ifothertumaors are present.

Palliative
care

Assign life false
expectancy
for curative

surgery

followupCT_after_posColonoscopy

Determine CT
outcome

false ,a)t\a\ true

cr?

resectable
according to

Schedule
PET scan

Palliative
care

Schedule
PET scan
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F) Follow-up Liver MRI after CT showing possible liver metastases

LiverMRI_test

T

Dietermine Liver MRI
outcome

Schedule

Schedule repeat PET

CEA if
symptomatic/had
previous positive

CEA



G) Colonoscopy after Negative CT

followup_colonoscopy_afterNegCT

This test occurs if a patient
had a negative follow-up CT
after symptoms/positive CEAS.

Determine follow-up
colonoscopy outcome

Eblonosco

Schedule true

PET

Assign costs for

Palliative curative surgery

Care
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H) Follow-up PET

PET test

H

outcome

[ Determine PET }

true

Schedule repeat
CEA

alse Biopsy true

nositive?

false

Palliative
care

Tumor
resectable?

true

Assign life
expectancy
for curative

surgery

47



1)

PET after Positive Colonoscopy

PET _afterPosColon

This test occurs after a positive
colonoscopy to identify other
tumaors which may be present.

true

Assign life

Assign life
expectancy

‘ expectancy
Ur"_ . for curative
palhative surgery

care
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