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Abstract

Background: Early-onset colorectal cancer with synchronous liver metastasis (EO-CRLM) is a growing
concern with a grim prognosis.

Methods: EO-CRLM patients were identified from the National Cancer Database. Random survival
forest model and random forest (RF) model were developed for the prediction of overall survival (OS) and
6-month mortality, respectively.

Results: The variables with top contributions for random survival forest model of OS included primary
tumor resection, chemotherapy and bone metastases. The AUCs of 1-, 3- and 5-year OS were 0.787,
0.763 and 0.761, respectively. The individualized risk profile predicted by the models closely aligned with
the actual survival outcomes observed for the patients. The variables with top contributions for RF model
for 6-month mortality included chemotherapy, Charlson-Deyo comorbidity score and presence of tumor
deposits. RF model for 6-month mortality resulted in an AUC of 0.821 in training set, 0.828 in cross-
validation and 0.852 in testing cohort. RF models for OS and 6-month mortality exhibited great net
benefit with favorable clinical utility.

Conclusion: The models generated in this study accurately identified EO-CRLM patients at risk of
worse OS and short-term mortality, which may complement standard clinical assessment and aid in
creation of advanced care planning.
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Introduction

Colorectal cancer (CRC) is the third most common malignancy
and the second leading cause of cancer-related deaths world-
wide." The incidence of CRC has remained stable or decreased
over the last several decades, in large part due to the increasing
implementation of CRC screening with colonoscopy evalua-
tion.”” However, the incidence of CRC diagnosed in patients
younger than 50 (early-onset CRC, EO-CRC) has increased
significantly worldwide.” * The global numbers of EO-CRC for
incidence, deaths, and disability-adjusted life-years in 2019 had
reached 225,736, 86,545, and 4,259,922, respectively.”
Compared with late-onset CRC, distant metastasis is more
frequent in EO-CRC patients.”® The liver is the most common
metastatic site in EO-CRC with approximately 14% of newly
diagnosed EO-CRC patients presenting with synchronous liver
metastasis.”/ This condition significantly contributes to a high
short-term mortality and poor survival outcomes in this popu-

%% underscoring the urgent need for increased attention to

lation,
the prediction of outcomes of EO-CRC patients with synchro-
nous colorectal liver metastases (EO-CRLM). In addition, to
ensure that patients receive care aligned with their goals and
preferences, especially towards the end of life, it is crucial to
initiate early care planning conversations for those with advanced
tumors.'’ Unfortunately, a significant number of patients with
advanced tumors do not have documented discussions regarding
their treatment goals and end-of-life preferences.'”'" This may
be attributed, in part, to the lack of specific risk stratification
models available to clinicians for identifying the distinct popu-
lation of EO-CRLM patients who are at the highest risk of early
mortality and worse survival outcomes. Therefore, there is a
pressing need for comprehensive risk stratification models
tailored to identify the specific subset of EO-CRLM patients at
the highest risk. By implementing such models, clinicians can
facilitate timely conversations about treatment options and end-
of-life preferences,'”'*~*
care and outcomes for these patients.

Moreover, machine-learning offers alternative methods for
16

ultimately improving the quality of
11,15

accurate risk prediction.” Random forest (RF) modeling is a
machine learning algorithm that merges output from various
decision tree versions trained on different sections of the same
dataset into an averaged result, which is applicable to regression
tasks.'”~'” The strength of the RF model lies in its ensemble
learning capacity and handling of missing data through the use of
surrogate variables in the tree-building process, which is an
appropriate approach in prediction models. The prediction
model based on RF allows missing predictor value for prediction,
which eases the application of the model in clinical practice.'”*°
Therefore, in this study we aimed to develop and validate RF
models to estimate overall survival (OS) and 6-month mortality
among EO-CRLM patients based using a national cancer registry,
with the ultimate goal of providing a reference model for
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clinicians to assess prognosis that may facilitate the development
of more individualized clinical management strategies.

Methods

Patient population
Patients with synchronous EO-CRLM were identified from the
National Cancer Database (NCDB) between 2010 and 2019. The
NCDB is a clinical oncology database maintained in collaboration
between the American College of Surgeons and American Cancer
Society. Patients treated or diagnosed at Commission on Cancer
accredited facilities are included in the registry. Altogether, the
NCDB is estimated to capture at 70% of new cancer diagnoses in
the United States. Notable exclusions include Veterans Affairs or
Department of Defense facilities.”””' Data in the NCDB is entered
by trained cancer registrars. There are several quality control
mechanisms with more than 600 edit checks. Additionally,
Commission on Cancer accredited facilities that contribute data
are audited to ensure data quality and completeness. First-course
treatments provided within the reporting facility as well as that
outside the facility are entered; however, records from outside
facilities may limit completeness for certain patients. As patient
data is de-identified there is a risk of patients receiving care at
multiple facilities being logged twice; however, the NCDB utilizes
an algorithm to detect such cases and limit such bias.””
International Classification of Diseases for Oncology, 3rd
Edition (ICD-O-3) morphology codes for CRC were used. Pri-
mary tumor sites included colon (C18.0-C18.9) and rectum
(C20.9). The inclusion criteria consisted of CRC, less than 50
years and with synchronous liver metastases at the diagnosis.
Exclusion criteria for the construction of survival prediction
model consisted of age less than 18 years old, with other tumors
and incomplete survival data; Exclusion criteria for the con-
struction of 6-month mortality prediction model included the
above exclusion criteria as well as alive patients with a follow-up
time less than 6 months (Fig. 1). The dataset in this study was
randomly divided at a 7:3 ratio to a training dataset, utilized for
model development, and a testing dataset for evaluating model
generalization performance (Fig. 1). Within the training dataset,
we adopted 5-fold validation to evaluate the model performance
and tune the hyper-parameters. The final optimized model is
trained on the entire original training dataset using the best
hyper-parameter values. This model was then evaluated on the
separate testing dataset to ensure its performance generalizes well
to unseen data.

Variables of interest and outcomes

Information about patient demographics (age, sex, race, year of
diagnosis, insurance status, facility type, insurance type, median
income [median household income for each patient’s area of
residence], percent of no high-school degree [a measure of the
number of adults in the patient’s zip code who did not graduate
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from high school, and is categorized as equally proportioned
quartiles among all US zip code], rural—urban grouping, Charl-
son—Deyo Score and reporting facility [whether patients received
treatment at reporting facility]), tumor characteristics (primary
tumor site, tumor grade, tumor T stage, tumor N stage, tumor M
stage, bone metastases, lung metastases, brain metastases, lymph-
vascular invasion [ the presence or absence of tumor cells in
lymphatic channels not lymph nodes or blood vessels within the
primary tumor as noted microscopically], tumor deposits, peri-
neural invasion, tumor size and CEA level), genetic markers (MSI
status and KRAS status) and treatment modalities (primary tumor
resection, metastases resection, radiotherapy, chemotherapy,
hormone therapy and immunotherapy) of the patients were
identified. At the time of initial diagnosis of synchronous EO-
CRLM, clinicians should have access to most of the candidate
predictors (variables) (demographic information from patients,
tumor characteristics from imaging examinations and laboratory
tests, and genetic markers from molecular testing). As for treat-
ment, the planned therapeutic modalities can be constructed by
clinicians and subsequently entered into the model.

The primary outcome was OS, which was calculated from the
date of diagnosis to the date of last contact or death. The

secondary outcome was 6-month mortality defined as death
within 6 months from the date of diagnosis.

Statistical analysis

The study focused on predicting outcomes of interest for patients
with EO-CRLM, including a time-to-event outcome (OS) and a
binary outcome (6-month mortality). Random survival forest
model and random forest model were developed for the predic-
tion of OS and 6-month mortality, respectively. In clinics, the
point of the models proposed to be used was at the diagnosis of
synchronous EO-CRLM. The predictive models were evaluated
using a comprehensive set of metrics, including Area Under the
Receiver Operating Characteristic Curve (AUC-ROC), Out-of-Bag
(OOB) Brier’s Score, and Continuous Ranked Probability Score
(CRPS).** Missing data are imputed using the missing data al-
gorithm during the tree-building process.”> A repeated 5-fold
cross-validation strategy was applied to the training cohort to
ensure robust model performance estimation and mitigate over-
fitting. Error-rate based variable importance scores from the RF
models provided insights into clinical variables importance and
selection. For OS prediction, a prognostic score (similar to a
predicted restricted mean survival time, RMST) was computed
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Figure 1 Flow diagram for the selection of synchronous early-onset colorectal liver metastases patients and general overview of the random

forest model for training and validation procedure
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based on a model for each patient in both the training and testing
cohorts. The RMST was calculated based on risk predictions
spanning the period from baseline to the maximum follow-up
time in the training dataset. Quartiles of this score, as computed
from the training cohort, were used to categorize patients into
different risk groups for OS. In the model with a binary outcome
(6-month mortality), the geometric mean** was utilized to
establish the optimal threshold for categorizing patients into high
and low-risk groups for 6-month mortality. To assess the clinical
utility of these predictive models, we conducted Decision Curve
Analysis (DCA) to evaluate their net benefit for clinical decision-
making. Furthermore, we demonstrated the models’ individual-
ized predictive capabilities by randomly selecting patients from the
testing dataset and predicting their OS and 6-month mortality risk
profile. All analyses were conducted in the R programming
language.

Results

Construction of random survival forest model for
overall survival

This study included 13,467 synchronous EO-CRLM patients for
construction of OS model. The mean age was 42.5 + 6.0 years, and
44.6% of the population was female. The primary tumor site was
colon in 9875 (75.3%) patients and rectum in 3592 (24.7%) pa-
tients. Of the patients, 7094 (52.7%) received primary tumor
resection (PTR), 2646 (19.6%) received metastases resection,
11,871 (88.1%) received chemotherapy, 2054 (15.3%) received
radiation and 3828 (28.4%) received immunotherapy. De-
mographic data, tumor characteristics, and treatments of the pa-
tients in training cohort and testing cohort are presented in
Table 1.

During the follow-up period (median follow-up time: 55.1
[IQR: 53.9-56.4] months), there were 9270 (68.8%) deaths and
the median OS was 27.2 months (95% CI: 26.6—27.8). The 1-, 3-
and 5-year OS were 77.7%, 38.7% and 23.1% respectively. The
top 10 contributing predictors included PTR, receipt of
chemotherapy, presence of bone metastases, receipt of meta-
stasectomy, grade, M stage, presence of brain metastases, pres-
ence of lung metastases, race and T stage for RF model of OS
(Fig. 2a). The assessment of RF for OS is shown in Table 2. In the
training cohort, the RF algorithm achieved OOB brier’s scores of
0.288 and CRPS of 0.139. The discrimination capacity with
AUCs of 1-, 3- and 5-year OS were 0.787, 0.763 and 0.761,
respectively, and the Brier scores of 1-, 3- and 5-year OS were
0.135,0.189 and 0.151. In the cross-validation, the AUCs of 1-, 3-
and 5-year OS were 0.788, 0.764 and 0.761; and Brier scores of 1-
, 3- and 5-year OS were 0.136, 0.190 and 0.151. In the testing
cohort, the RF algorithm achieved a Brier score of 0.286 and
CRPS of 0.185; the discrimination capacity with AUCs of 1-, 3-
and 5-year OS were 0.793, 0.772 and 0.757; and the Brier scores
of 1-, 3- and 5-year OS were 0.208, 0.265 and 0.202. The RF
model exhibited desirable model calibration and good clinical
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utility according to calibration curves (Supplementary Fig. 1)
and DCA curves (Supplementary Fig. 2) in the training and
testing cohorts.

Based on the risk score calculated from RF model, the training
cohort and testing cohort were divided into high-risk group,
middle-risk group and low-risk group, respectively. Compared
with low- and middle-risk groups, those patients with high-risk
scores exhibited significantly worse OS in the training cohort
(median OS: 66.6 vs. 27.5 vs. 12.0 months for low-, middle- and
high-risk groups, respectively) (Fig. 3a) and testing cohort
(median OS: 51.5 vs. 24.7 vs. 14.4 months for low-, middle- and
high-risk groups, respectively) (Fig. 3b).

Construction of random forest model for 6-month
mortality

According to the inclusion and exclusion criteria (Fig. 1), 13,179
patients were identified and included in the analyses for con-
struction of the RF model for 6-month mortality. During the
follow-up time (median follow-up time: 55.9 [IQR: 54.5-57.2]
months), there were 1519 (11.5%) patients experiencing death
within 6-months of diagnosis. The characteristics of patients
experiencing death within 6-months of diagnosis and patients
alive at 6 months of diagnosis are detailed in Table 3. Patients
experiencing death within 6-months of diagnosis were more
likely to be older (mean age, 42.9 years vs. 42.4 years), of black
race (21.3% vs. 15.9%), with a median income of <$38,000
(21.4% vs. 16.2%), lower baseline education (22.3% vs. 17.9% in
the lowest education quartile), and presented with a higher
prevalence of comorbidity (4.5% vs. 0.8% with a Charlson—Deyo
Score >3). Additionally, these patients more frequently had the
primary tumor site in the colon (79.9% vs. 72.4%) rather than in
the rectum, larger tumor size (mean: 6.3 cm vs. 5.5 cm), poor
differentiation (23.7% vs. 13.7%), M1D stage (43.3% vs. 29.7%),
and multiple metastatic sites (including bone metastases [11.0%
vs. 3.9%], brain metastases [3.6% vs. 0.7%], and lung metastases
[31.7% vs. 20.4%]). The training and testing cohorts comprised
9227 (70.0%) and 3952 (30.0%) unique patients, respectively
(Supplementary Table 1).

The top 10 variables contributing to the RF of 6-month
mortality are shown in Fig. 2b, including receipt of chemo-
therapy, Charlson—Deyo comorbidity score, presence of tumor
deposits, bone or brain metastases, tumor grade, insurance
status, tumor size, T stage and M stage. The RF model for 6-
month mortality resulted in an AUC of 0.821 in the training
cohort, 0.828 in the cross-validation and 0.852 in the testing
cohort (Fig. 4a—b). The Brier score was 0.080 in the training
cohort, 0.081 in the cross-validation and 0.078 in the testing
cohort, respectively. The algorithm was well calibrated for pa-
tients with 6-month mortality risk in the training cohort and
testing cohort (Fig. 4c—d); DCA demonstrated that this RF was
predictive of 6-month mortality with good clinical benefit
(Fig. 4e—f). According to the optimal mean threshold, the
optimal risk threshold of 6-month mortality was 0.126, and
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Table 1 Clinicopathological characteristics of synchronous EO-CRLM patients included in the construction of random survival forest model
for overall survival

Variables Total patients Training cohort Testing cohort P
(n = 13,467) (n = 9428) (n = 4039)
Age, mean (SD), years 42.46 (6.00) 42.43 (6.02) 42.53 (5.95) 0.370
Female, n (%) 6012 (44.6) 4188 (44.4) 1824 (45.2) 0.440
Race, n (%) 0.058
White 10,213 (75.8) 7191 (76.3) 3022 (74.8)
Black 2237 (16.6) 1533 (16.3) 704 (17.4)
Others 884 (6.6) 602 (6.4) 282 (7.0)
Missing 133 (1.0) 102 (1.0) 31(0.8)
Diagnosis year, n (%) 0.663
2010-2012 3686 (27.4) 2602 (27.6) 1084 (26.8)
2013-2015 4384 (32.6) 3060 (32.5) 1324 (32.8)
2016-2018 5397 (40.0) 3766 (39.9) 1631 (40.4)
Facility type, n (%) 0.641
Community 4202 (31.2) 2924 (31.0) 1278 (31.6)
Academic program 3971 (29.5) 2803 (29.7) 1168 (28.9)
Integrated Network 1818 (13.5) 1258 (13.3) 560 (13.9)
Missing 3476 (25.8) 2443 (26.0) 1033 (25.6)
Rural-urban grouping, n (%) 0.173
Metro areas 10,957 (81.4) 7651 (81.2) 3306 (81.9)
Urban areas 1769 (13.1) 1270 (13.5) 499 (12.4)
Rural areas 200 (1.5) 143 (1.5) 57 (1.4)
Missing 541 (4.0) 364 (3.8) 177 (4.3)
Insurance status, n (%) 0.549
Not Insured 1099 (8.2) 780 (8.3) 319 (7.9)
Private Insurance/managed care 8939 (66.4) 6247 (66.3) 2692 (66.7)
Medicaid 2394 (17.8) 1661 (17.6) 733 (18.1)
Medicare 635 (4.7) 454 (4.8) 181 (4.5)
Other Government 180 (1.3) 135 (1.4) 45 (1.1)
Missing 220 (1.6) 151 (1.6) 69 (1.7)
Median income, n (%) 0.545
< $38,000 2264 (16.8) 1595 (16.9) 669 (16.6)
$38,000-$47,999 2671 (19.8) 1863 (19.8) 808 (20.0)
$48,000-$62,999 3183 (23.6) 2258 (23.9) 925 (22.9)
> $63,000 3748 (27.8) 2590 (27.5) 1158 (28.7)
Missing 1601 (12.0) 1122 (11.9) 479 (11.8)
Percent of no high school degree, n (%) 0.861
>21% 2489 (18.5) 1751 (18.6) 738 (18.3)
13.0%-20.9% 2994 (22.2) 2095 (22.2) 899 (22.3)
7.0%-12.9% 3678 (27.3) 2588 (27.5) 1090 (27.0)
<7.0% 2711 (20.1) 1875 (19.9) 836 (20.7)
Missing 1595 (11.9) 1119 (11.8) 476 (11.7)
Charlson-Deyo score, n (%) 0.787
0 11,778 (87.5) 8245 (87.5) 3533 (87.5)
1 1326 (9.8) 935 (9.9) 391 (9.7)

(continued on next page)
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Table 1 (continued)

Variables Total patients Training cohort Testing cohort P
(n = 13,467) (n = 9428) (n = 4039)
2 195 (1.4) 136 (1.4) 59 (1.5)
>3 168 (1.3) 112 (1.2) 56 (1.3)
Reporting facility, n (%) 6441 (47.8) 4449 (47.2) 1992 (49.3) 0.025
Primary sites in colon, n (%) 9875 (73.3) 6909 (73.3) 2966 (73.4) 0.871
MSI status, n (%) 0.651
MSS 3951 (29.3) 2748 (29.1) 1203 (29.8)
MSI-high 175 (1.3) 127 (1.3) 48 (1.2)
MSI-low 159 (1.2) 116 (1.2) 43 (1.1)
Missing 9182 (68.2) 6437 (68.4) 2745 (67.9)
Tumor deposits, mean (SD) 1.02 (3.54) 0.96 (3.07) 1.15 (4.40) 0.097
Perineural invasion, n (%) 0.082
Yes 2015 (15.0) 1393 (14.8) 622 (15.4)
Missing 7113 (52.8) 5039 (53.4) 2074 (51.3)
KRAS status, n (%) 0.783
Mutation 2704 (20.1) 1882 (20.0) 822 (20.4)
Missing 7175 (53.3) 5041 (53.4) 2134 (52.8)
CEA, mean (SD), ng/ml 51.15 (41.45) 51.36 (41.43) 50.68 (41.50) 0.482
Tumor size, mean (SD), cm 5.53 (3.96) 5.57 (4.30) 5.45 (3.02) 0.180
Grade, n (%) 0.315
Well differentiation 642 (4.8) 433 (4.6) 209 (5.2)
Moderately differentiation 7326 (54.4) 5167 (54.8) 2159 (53.5)
Poorly differentiation 1985 (14.7) 1372 (14.6) 613 (15.2)
Undifferentiation 230 (1.7) 154 (1.6) 76 (1.9)
Missing 3284 (24.4) 2302 (24.4) 982 (24.2)
T stage, n (%) 0.766
T 720 (5.4) 508 (5.4) 212 (6.3)
T2 470 (3.5) 324 (3.4) 146 (3.6)
T3 4894 (36.3) 3409 (36.2) 1485 (36.8)
T4 2887 (21.4) 2023 (21.5) 864 (21.4)
Missing 4496 (33.4) 3164 (33.5) 1332 (32.9)
N stage, n (%) 0.196
NO 3282 (24.4) 2255 (23.9) 1027 (25.4)
N1 4244 (31.5) 2966 (31.5) 1278 (31.6)
N2 3802 (28.2) 2685 (28.5) 1117 (27.7)
Missing 2139 (15.9) 1522 (16.1) 617 (15.3)
M stage, n (%) 0.146
M1a 6438 (47.8) 4446 (47.2) 1992 (49.3)
M1b 4211 (31.3) 2990 (31.7) 1221 (30.2)
M1c 218 (1.6) 154 (1.6) 4 (1.6)
Missing 2600 (19.3) 1838 (19.5) 762 (18.9)
Bone metastases, n (%) 0.295
Yes 634 (4.7) 449 (4.8) 185 (4.6)
Missing 129 (1.0) 98 (1.0) 31(0.7)
Brain metastases, n (%) 0.354
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Table 1 (continued)

Variables Total patients Training cohort Testing cohort P
(n = 13,467) (n = 9428) (n = 4039)
Yes 142 (1.1) 106 (1.1) 36 (0.9)
Missing 158 (1.1) 115 (1.2) 43 (1.1)
Lung metastases, n (%) 0.126
Yes 2928 (21.7) 2092 (22.2) 836 (20.7)
Missing 171 (1.3) 123 (1.3) 48 (1.2)
Lymph-vascular invasion, n (%) 0.068
Yes 3742 (27.8) 2611 (27.7) 1131 (28.0)
Missing 6899 (51.2) 4883 (51.8) 2016 (49.9)
Primary tumor resection, n (%) 0.295
Yes 7094 (52.7) 4932 (52.3) 2162 (53.5)
Missing 36 (0.2) 23 (0.3 13 (0.3)
Metastases resection, n (%) 0.56
Yes 2646 (19.6) 1858 (19.7) 788 (19.5)
Missing 40 (0.3) 31(0.3) 9(0.2)
Chemotherapy, n (%) 0.954
Yes 11,871 (88.1) 8313 (88.2) 3558 (88.1)
Missing 302 (2.3) 209 (2.2) 93 (2.3)
Radiation, n (%) 0.474
Yes 2054 (15.3) 1447 (15.3) 607 (15.0)
Missing 403 (2.9) 292 (3.1) 111 (2.8)
Immunotherapy, n (%) 0.518
Yes 3828 (28.4) 2706 (28.7) 1122 (27.8)
Missing 57 (0.4) 41 (0.4) 16 (0.4)

patients were stratified into high-risk group and low-risk group.  thresholds of predicted risk (0.1, 0.126, 0.2, 0.3 and 0.4) in the
Observed 6-month mortality in the high-risk group was higher training and testing cohorts, accuracy, positive predictive value
than that in the low-risk group in the training (28.1% vs. 4.7%) (PPV), negative predictive value (NPV), sensitivity and speci-
and testing cohorts (30.6% vs. 3.7%) (Table 4). Across varying ficity are shown in Table 4; The observed OS in the high-risk

a Random survival forest model for OS b Random forest model for 6-month mortality

Risk Factors
Risk Factors

Variable Importance

Variable Importance

Figure 2 Variable importance of RF models for outcomes. a. Variable importance of random survival forest model for OS. b. Variable importance
of random forest model for 6-month mortality
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Table 2 AUCs and Brier scores of random forest model in training cohort, cross-validation and testing cohort

Assessment Training cohort
Random survival forest model for OS

AUCs of RF for 1-, 3-, 5-year OS

Brier scores of RF for 1-, 3-, 5-year OS
Random forest model for 6-month mortality
0.821

0.080

AUC of RF for 6-month mortality

Brier scores of RF for 6-month mortality

group was worse than the low-risk group in different thresholds
of predicted risk (Supplementary Fig. 3).

Individualized prediction of overall survival and 6-
month mortality by RF models
For demonstration purposes of the model usage in individual
prediction, we randomly selected three patients (A, B, and C)
(Supplementary Table 2) from the testing cohort (validation
cohort) and generated individualized survival probability curves.
These curves clearly differentiated the survival probabilities
throughout the follow-up period, with patient A having the
highest probability, followed by patient C, and then patient B
(Fig. 3c). Remarkably, the predicted survival profiles closely
aligned with the actual observed outcomes for these patients.
Specifically, patient A remained alive with an OS of 49.9 months,
patient C experienced death with an OS of 30.3 months, and
patient B also experienced death with an OS of 25.4 months.
For demonstration purposes of the model usage in prediction
of 6-month mortality, we randomly selected patients (D, E and
F) (Supplementary Table 2) from testing cohort. The individu-
alized 6-month mortality risk of patient D, patient E and patient
F were 3.9%, 45.1% and 38.2%, respectively. These predictions
closely aligned with the actual 6-month mortality status and
survival outcomes of the patients, with their risks were ordered
as patient E > patient F > patient D. Specifically, patient E had
experienced 6-month mortality with an OS of 0.9 months, pa-
tient F had experienced 6-month mortality with an OS of 4.1

a Training cohort b

Oversll surival probabilty

Overall suvival probabily

0.787, 0.763 and 0.761
0.135, 0.189 and 0.151

Cross-validation Testing cohort

0.788, 0.764 and 0.761
0.136, 0.190 and 0.151

0.793, 0.772 and 0.757
0.208, 0.265 and 0.202

0.828
0.081

0.852
0.078

months and patient D did not encounter 6-month mortality with
an OS of 26.9 months.

Discussion

Early-onset colorectal cancer with synchronous liver metastases
is becoming increasingly common. This is the first study known
to utilize RF models to predict OS and risk of 6-month mortality
among EO-CRLM patients within a large national cancer regis-
try. Our results demonstrate the ability to link patient and tumor
characteristics with outcomes using RF models. These models
may be integrated into clinical practice to generate real-time,
accurate predictions of survival and short-term mortality risk
for EO-CRLM patients.

Early-onset CRLM represents an aggressive pattern of dis-
ease.”” We demonstrate an unfavorable prognosis for patients
with synchronous EO-CRLM, who had a median OS of only 27.2
months, 5-year OS of 23.1% and a 6-month mortality of 11.5%,
which is worse than that observed in historical controls diag-
nosed with CRLM after age 50.°° As such, it is important to study
and develop prognostic risk stratification for this distinct pop-
ulation of patients with CRC. Machine-learning offers alternative
methods for accurate risk prediction.16 In this context, the RF
model has distinct advantages,'””'* including its capacity for
ensemble learning, handling of non-linear relationships and
interactions, robustness to outliers, and versatility with mixed
data types, which hold the potential to help clinical decision-

Testing cohort C Individualized survival probability curves

status

PatientA  alive

PatientB  death

PatientC  death 303 months

Overall survivil probability

Followup time (months)

T 6 205 21 % % @ 5 S G 6 72 75 89 % 6 102 108 1 130 136 12 s 7 =

Followwp timemonth) | e SN emn Ll

High sk High risk

Middlerisk

Middlersk

s T T T T
0 20 40 60 80 100 120
Follow-up time (months)

Figure 3 Kaplan—Meier (KM) curves by risk groups. a. OS KM curves in training cohort. b. OS KM curves in testing cohort. c. Individualized

prediction of OS risk profile
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Table 3 Characteristics of patients stratified by death status within 6-months of diagnosis

Variables Overall patients (n = 13,179) Alive at 6 months (n = 11,660) Died at 6 months (n = 1519) P
Age, mean (SD), years 42.5 (6.0) 42.4 (6.0) 42.9 (6.1) 0.006
Female, n (%) 5890 (44.7) 5245 (45.0) 645 (42.5) 0.067
Race, n (%) <0.001
White 10,028 (76.1) 8921 (76.5) 1107 (72.9)

Black 2176 (16.5) 1852 (15.9) 324 (21.3)

Others 848 (6.4) 778 (6.7) 0 (4.6)

Missing 127 (1.0) 109 (0.9) 8(1.2)

Diagnosis year, n (%) <0.001
2010-2012 3649 (27.7) 3174 (27.2) 475 (31.3)

2013-2015 4291 (32.6) 3770 (32.3) 521 (34.3)

2016-2018 5239 (39.7) 4716 (40.5) 523 (34.4)

Facility type, n (%) <0.001
Community 4106 (31.2) 3552 (30.5) 554 (36.5)

Academic program 3905 (29.6) 3510 (30.1) 395 (26.0)

Integrated Network 1778 (13.5) 1568 (13.4) 210 (13.8)

Missing 3390 (25.7) 3030 (26.0) 360 (23.7)

Rural-urban grouping, n (%) 0.019
metro areas 10,717 (81.3) 9473 (81.2) 1244 (81.9)

Urban areas 1736 (13.2) 1523 (13.1) 213 (14.0)

Rural areas 197 (1.5) 174 (1.5) 3(1.5)

Missing 529 (4.0) 490 (4.2) 9 (2.6)

Insurance status, n (%) <0.001
Not Insured 1052 (8.0) 852 (7.3) 200 (13.2)

Private insurance/managed care 8778 (66.6) 8012 (68.7) 766 (50.4)

Medicaid 2331 (17.7) 1969 (16.9) 362 (23.8)

Medicare 627 (4.8) 480 (4.1) 147 9.7)

Other government 176 (1.3) 161 (1.4) 15 (1.0)

Missing 215 (1.6) 186 (1.6) 29 (1.9)

Median income, n (%) <0.001
<$38,000 2213 (16.8) 1888 (16.2) 325 (21.4)

$38,000-$47,999 2613 (19.8) 2258 (19.4) 355 (23.4)

$48,000-$62,999 3116 (23.6) 2753 (23.6) 363 (23.9)

>%$63,000 3661 (27.8) 3337 (28.6) 324 (21.3)

Missing 1576 (12.0) 1424 (12.2) 152 (10.0)

Percent of no high school degree, n (%) <0.001
>21% 2430 (18.4) 2091 (17.9) 339 (22.3)

13.0%-20.9% 2926 (22.2) 2531 (21.7) 395 (26.0)

7.0%-12.9% 3605 (27.4) 3213 (27.6) 392 (25.8)

<7.0% 2648 (20.1) 2404 (20.6) 244 (16.1)

Missing 1570 (11.9) 1421 (12.2) 149 (9.8)

Charlson-Deyo score, n (%) <0.001
0 11,536 (87.5) 10,267 (88.1) 1269 (83.5)

1 1291 (9.8) 1138 (9.8) 153 (10.1)

2 189 (1.4) 160 (1.4) 29 (1.9)

(continued on next page)
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Table 3 (continued)

Variables Overall patients (n = 13,179) Alive at 6 months (nh = 11,660) Died at 6 months (n = 1519) P
>3 163 (1.3) 95 (0.7) 68 (4.5)
Reporting facility, n (%) 6375 (48.4) 5429 (46.6) 946 (62.3) <0.001
Primary sites in colon, n (%) 9651 (73.2) 8438 (72.4) 1213 (79.9) <0.001
MSI status, n (%) <0.001
MSS 3885 (29.5) 3593 (30.8) 292 (19.2)
MSI-high 172 (1.3) 166 (1.4) 6 (0.4)
MSI-low 157 (1.2) 147 (1.3) 0 (0.7)
Missing 8965 (68.0) 7754 (66.5) 1211 (79.7)
Tumor deposits, mean (SD) 1.02 (3.55) 0.97 (3.27) 1.81 (6.61) <0.001
Perineural invasion, n (%) <0.001
Yes 1999 (15.2) 1864 (16.0) 135 (8.9)
Missing 6888 (52.2) 5838 (50.1) 1050 (69.1)
KRAS status, n (%) <0.001
Mutation 2661 (20.2) 2446 (21.0) 215 (14.2)
Missing 6983 (53.0) 5889 (50.5) 1094 (72.0)
CEA, mean (SD), ng/ml 51.04 (41.44) 49.90 (41.38) 59.82 (40.82) <0.001
Tumor size, mean (SD), cm 5.53 (3.98) 5.46 (3.96) 6.26 (4.13) <0.001
Grade, n (%) <0.001
Well differentiation 630 (4.8) 590 (5.1) 0 (2.6)
Moderate differentiation 7207 (54.7) 6694 (57.4) 513 (33.8)
Poor differentiation 1954 (14.8) 1594 (13.7) 360 (23.7)
Undifferentiation 225 (1.7) 183 (1.6) 2 (2.8)
Missing 3163 (24.0) 2599 (22.3) 564 (37.1)
T stage, n (%) <0.001
T 699 (5.3) 598 (5.1) 101 (6.7)
T2 463 (3.5) 442 (3.8) 21(1.4)
T3 4839 (36.7) 4588 (39.3) 251 (16.5)
T4 2845 (21.6) 2510 (21.5) 335 (22.1)
Missing 4333 (32.9) 3522 (30.3) 811 (63.3)
N stage, n (%) <0.001
NO 3207 (24.3) 2838 (24.3) 369 (24.3)
N1 4163 (31.6) 3779 (32.4) 384 (25.3)
N2 3745 (28.4) 3417 (29.3) 328 (21.6)
Missing 2064 (15.7) 1626 (14.0) 438 (28.8)
M stage, n (%) <0.001
M1a 6308 (47.9) 5823 (49.9) 485 (31.9)
M1b 4118 (31.2) 3461 (29.7) 657 (43.3)
M1ic 208 (1.6) 179 (1.5) 9 (1.9)
Missing 2545 (19.3) 2197 (18.9) 348 (22.9)
Bone metastases, n (%) <0.001
Yes 623 (4.7) 456 (3.9) 167 (11.0)
Missing 122 (1.0) 98 (0.9) 24 (1.6)
Brain metastases, n (%) <0.001
Yes 140 (1.1) 86 (0.7) 54 (3.6)
Missing 151 (1.1) 118 (1.0) 33 (2.1)
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Table 3 (continued)
Variables Overall patients (n = 13,179) Alive at 6 months (n = 11,660) Died at 6 months (n = 1519) P
Lung metastases, n (%) <0.001
Yes 2854 (21.7) 2373 (20.4) 481 (31.7)
Missing 164 (1.2) 125 (1.0) 39 (2.5)
lymph-vascular invasion, n (%) <0.001
Yes 3707 (28.1) 3425 (29.4) 282 (18.6)
Missing 6680 (50.7) 5610 (48.1) 1070 (70.4)
Primary tumor site resection, n (%) <0.001
Yes 7032 (53.4) 6643 (57.0) 389 (25.6)
Missing 32 (0.2 26 (0.2) 6 (0.4)
Metastases resection, n (%) <0.001
Yes 2628 (19.9) 2545 (21.8) 83 (5.5)
Missing 40 (0.3) 35 (0.3)
Radiation, n (%) <0.001
Yes 2045 (15.5) 1880 (16.1) 165 (10.9)
Missing 393 (3.0) 354 (3.1) 39 (2.5)
Chemotherapy, n (%) <0.001
Yes 11,719 (88.9) 10,868 (93.2) 851 (56.0)
Missing 252 (1.9) 217 (1.9) 35 (2.9
Immunotherapy, n (%) <0.001
Yes 3787 (28.7) 3647 (31.3) 140 (9.2)
Missing 49 (0.4) 41 (0.3) 8 (0.5)

making, as well as inform future interventions for EO-CRLM
patients. The RF models for OS implemented in this study
demonstrated strong predictive performance with great AUC,
Brier scores and DCA in the training cohort, cross-validation and
testing cohort. Moreover, the risk score produced by the RF
models effectively differentiated survival among risk groups.

Our findings highlight significant contributions of PTR and
resection of metastases to survival prediction models. These
findings should be interpreted with caution, as radical surgical
resection may not be appropriate for all patients and the decision
to pursue such local therapy should be at the discretion of a
multidisciplinary team.””*® Currently, PTR and resection of
metastases are recommended for CRC with isolated liver me-
tastases when both PTR and metastasectomy can be safely
performed.””** In addition, the M stage including the site of
extrahepatic metastasis were prognostic in the RF model. The
prognosis of EO-CRLM patients with M1b or M1c was signifi-
cantly worse than that with M1a stage (Supplementary Fig. 4).
Among EO-CRLM patients with M1b disease, those with lung
metastases had the better survival compared to EO-CRLM pa-
tients with bone metastases and brain metastases. Further, EO-
CRLM patients with lung, bone and brain metastases had the
worst OS (Supplementary Fig. 5). The RF model also showed
that race was an important contributor affecting the survival
among EO-CRLM patients, and white patients have favorable
survival (Supplementary Fig. 6).
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Beyond long-term survival, improving identification of EO-
CRLM patients at high risk of short-term mortality is impor-
tant given the release of recent guidelines advocating for early
palliative care and advance care planning for high-risk popula-
tions.'”'* Our findings demonstrate that the RF models can
predict EO-CRLM patients’ risk of 6-month mortality with good
discrimination and PPV. In addition, our algorithm retained
good performance across several mortality risk thresholds,
indicating that such thresholds could be customized for clinical
use. Such models could inform risk assessments for EO-CRLM
patients as well as serving as a point-of-care prompt to
consider discussions about goals and end-of-life preferences. In
the RF model for the risk of 6-month mortality, chemotherapy,
Charlson—Deyo score, tumor deposits, bone metastases, brain
metastases and insurance status were the major contributing
variables. In the RF models for both OS and risk of 6-month
mortality among EO-CRLM patients, chemotherapy made sig-
nificant contributions, supporting that chemotherapy was asso-
ciated with a decrease in the risk of 6-month mortality and
improved OS (Supplementary Fig. 7). Therefore, among
appropriate  EO-CRLM patients, chemotherapy should be
actively pursued if conditions permit. Charlson—Deyo score is a
weighted score derived from the sum of the scores for each of the
co-morbid conditions listed in the Charlson Comorbidity Score
Mapping Table, with higher Charlson—Deyo scores representa-
tive of worse physical condition and performance status.”””" The
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Figure 4 AUC, calibration and DCA for the random forest model of the prediction of 6-month mortality risk in training cohort and testing cohort.
a, b. AUC in training cohort and testing cohort. ¢, d. Calibration in training cohort and testing cohort. e, f. DCA in training cohort and testing

cohort

RF demonstrated elevated Charlson—Deyo scores were associ-
ated with risk of 6-month mortality. The assessment of Charl-
son—Deyo scores for EO-CRLM patients, or another marker of

performance status such as Eastern Cooperative Oncology
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Group (ECOG)”" which is not available in the NCDB, should be
assessed as it is an important factor in the presented risk-
assessment model for 6-month mortality. In addition, this study
showed EO-CRLM patients without insurance were more likely
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Table 4 Model performance according to different risk thresholds of 6-month mortality in training cohort and testing cohort
Risk threshold High risk group Low risk group Accuracy Positive Negative Specificity Sensitivity
N? (% of patients with N? (% of patients predictive predictive
6-month mortality with 6-month value value
observed) mortality observed)
Training cohort
0.1 4056 (21.9%) 5171 (3.4%) 0.637 0.219 0.965 0.849 0.832
0.126° 2737 (27.9%) 6490 (4.7%) 0.753 0.279 0.953 0.758 0.714
0.2 1074 (48.5%) 8153 (6.7%) 0.881 0.485 0.933 0.932 0.487
0.3 769 (57.2%) 8458 (7.4%) 0.896 0.572 0.926 0.96 0.411
0.4 515 (67.4%) 8712 (8.3%) 0.903 0.674 0.917 0.979 0.324
Testing cohort
0.1 1741 (22.9%) 2211 (2.3%) 0.647 0.229 0.977 0.617 0.886
0.126° 1126 (30.6%) 2826 (3.7%) 0.776 0.306 0.963 0.77 0.768
0.2 417 (49.4%) 3535 (6.9%) 0.885 0.494 0.931 0.940 0.459
0.3 298 (58.1%) 3654 (7.6%) 0.899 0.581 0.924 0.964 0.385
0.4 200 (72.5%) 3752 (8.1%) 0.909 0.725 0.919 0.984 0.323

& Number of patients that were categorized as high or low risk group based on the predictive risk and the corresponding risk threshold.

® Optimal threshold based on geometric mean derived in training cohort.

to die within 6-months of diagnosis than insured patients.
Increasing access to timely care and social support to uninsured
patients may help reduce this disparity in outcomes.

The RF models developed in this study successfully provided
accurate personalized predictions of survival risk and 6-month
mortality within the testing cohort, closely aligning with actual
survival outcomes. As a result, these RF models hold significant
promise and warrant consideration for implementation in clinics
practice. The code generated in this study is being used to create a
user-friendly web-based prediction tool for clinical use. The
model may serve as a tool to inform clinicians with accurate risk
predictions based on the patient/tumor characteristics, thereby
facilitating individualized therapeutic strategies. In clinics, the
time point of the models or tool proposed to be used was at the
diagnosis of synchronous EO-CRLM. At the diagnosis of syn-
chronous EO-CRLM, clinicians should have access to most of the
candidate predictors. As for treatment, the planned therapeutic
modalities can be constructed by clinicians and subsequently
entered into the model. Based on models, we can achieve the
individualized survival probability curve of the specific patients
just shown as Fig. 3c, which holds clinical reference value
throughout the entire course of the disease.

There were several limitations to this analysis. First, due to the
retrospective nature of this analysis, there is inherent selection
bias. Therefore, the models and conclusions should be evaluated
in a prospective cohort. Second, the models in this study were
validated via internal validation in a US population cohort.
External validation, however, should be performed. Third, even
with robust feature selection and hyper-parameter optimization,
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the RF model has the potential of over-fitting in the training
cohort that may not be generalizable to other data sources.
Despite over-fitting, the RF models had excellent discrimination
and good PPV in the testing set. Additionally, oncologic risk
factors such as number of liver metastases or tumor size for EO-
CRLM patients are evolving and such granular factors are not
readily captured in the NCDB. Expanding our methods to more
granular data sources will be an important step in improving
such risk stratification models. Ultimately, we aim to build a
web-based platform in which such models can be used by cli-
nicians to input patient characteristics and help guide manage-
ment. Dynamic prediction enables updating the prediction of the
outcome with predictors evolving overtime, and best for the
purpose of monitoring the disease progression as time goes. The
predictors in our current model are potentially collected
repeatedly in the clinical practice, while these longitudinal data
are not available in the current dataset. We list this as future work
to assess the potential benefit of incorporating longitudinal
measures in the prediction model.

In conclusion, this study describes individualized models for
risk stratification and clinical prognosis using a RF approach for
patients with synchronous EO-CRLM. Both models for OS and
6-month mortality identified key variables and factors that in-
fluence outcomes. The RF models had adequate performance in
identifying EO-CRLM patients who may be at high risk of worse
survival and short-term mortality, which may complement
standard clinical assessment, help facilitate multidisciplinary
evaluation, and aid in creation of individualized treatment plans
and advanced care planning.
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Statement

- The current study was deemed exempt by the Duke University
Institutional Review Board and was adhered to the TRIPOD
guidelines.”

- The models should not be arbitrarily used in routine practice,
which may be subject to regulatory scrutiny and legal risks.
Validation of the model should be studied in the context of a
small trial or on a protocol, with consent from patients. The RF
models code was shared in the Supplementary Material. The
individualized prognoses prediction can be conducted once
running the RF model codes by inputting the population data
in this study. The population data in this study were from the
NCDB and were not permitted to be public according to the
regulation of NCDB. Therefore, we state that the prediction
program of the RF models of data in this study is available from
the corresponding author on reasonable request. This would
allow for a more controlled distribution of the models or tool.
Users may be required to sign a liability waiver and provide
informed consent before using the models or tool.
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