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Abstract: Background: Colorectal cancer (CRC) is one of the most prevalent malignant diseases
worldwide. Risk prediction for tumor recurrence is important for making effective treatment decisions
and for the survival outcomes of patients with CRC after surgery. Herein, we aimed to explore
a prediction algorithm and the risk factors for postoperative tumor recurrence using a machine
learning (ML) approach with standardized pathology reports for patients with stage II and III
CRC. Methods: Pertinent clinicopathological features were compiled from medical records and
standardized pathology reports of patients with stage II and III CRC. Four ML models based on
logistic regression (LR), random forest (RF), classification and regression decision trees (CARTs), and
support vector machine (SVM) were applied for the development of the prediction algorithm. The
area under the curve (AUC) of the ML models was determined in order to compare the prediction
accuracy. Genomic studies were performed using a panel-targeted next-generation sequencing
approach. Results: A total of 1073 patients who received curative intent surgery at the National
Cheng Kung University Hospital between January 2004 and January 2019 were included. Based
on conventional statistical methods, chemotherapy (p = 0.003), endophytic tumor configuration
(p = 0.008), TNM stage III disease (p < 0.001), pT4 (p < 0.001), pN2 (p < 0.001), increased numbers
of lymph node metastases (p < 0.001), higher lymph node ratios (LNR) (p < 0.001), lymphovascular
invasion (p < 0.001), perineural invasion (p < 0.001), tumor budding (p = 0.004), and neoadjuvant
chemoradiotherapy (p = 0.025) were found to be correlated with the tumor recurrence of patients
with stage II–III CRC. While comparing the performance of different ML models for predicting cancer
recurrence, the AUCs for LR, RF, CART, and SVM were found to be 0.678, 0.639, 0.593, and 0.581,
respectively. The LR model had a better accuracy value of 0.87 and a specificity value of 1 in the
testing set. Two prognostic factors, age and LNR, were selected by multivariable analysis and the four
ML models. In terms of age, older patients received fewer cycles of chemotherapy and radiotherapy
(p < 0.001). Right-sided colon tumors (p = 0.002), larger tumor sizes (p = 0.008) and tumor volumes
(p = 0.049), TNM stage II disease (p < 0.001), and advanced pT3–4 stage diseases (p = 0.04) were
found to be correlated with the older age of patients. However, pN2 diseases (p = 0.005), lymph node
metastasis number (p = 0.001), LNR (p = 0.004), perineural invasion (p = 0.018), and overall survival
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rate (p < 0.001) were found to be decreased in older patients. Furthermore, PIK3CA and DNMT3A
mutations (p = 0.032 and 0.039, respectively) were more frequently found in older patients with stage
II–III CRC compared to their younger counterparts. Conclusions: This study demonstrated that
ML models have a comparable predictive power for determining cancer recurrence in patients with
stage II–III CRC after surgery. Advanced age and high LNR were significant risk factors for cancer
recurrence, as determined by ML algorithms and multivariable analyses. Distinctive genomic profiles
may contribute to discrete clinical behaviors and survival outcomes between patients of different age
groups. Studies incorporating complete molecular and genomic profiles in cancer prediction models
are beneficial for patients with stage II–III CRC.

Keywords: machine learning model; colorectal cancer; cancer recurrence; age; lymph node ratio

1. Introduction

Colorectal cancer (CRC) is the third-most prevalent type of cancer worldwide, with
approximately two million newly diagnosed cases reported in 2020 [1]. In Taiwan, CRC
is the second most common cancer type, with a crude incidence rate of 70.05 per 100,000
people found in 2018 [2]. Moreover, CRC is the second-leading cause of cancer-related
deaths globally and accounted for approximately 900,000 deaths in 2020 [1]. Although
surgery can be chosen as a curative procedure, disease recurrence can affect the survival of
patients with CRC. Several reports show that the five-year postoperative recurrence rates
for patients with stage II and III CRC are around 10–15% and 25–30%, respectively [3–8].
Therefore, it is crucial to identify the predictors of cancer recurrence for patients with stage
II–III CRC after surgical resection for appropriate adjuvant therapies, especially for patients
with a high risk of recurrence. Several histopathological features have been reported to be
correlated with tumor recurrence in patients with stage II–III CRC [5–8]. According to the
National Comprehensive Cancer Network guidelines, pathological stage T4, poorly differ-
entiated histology, perineural invasion (PNI), lymphovascular invasion (LVI), inadequately
harvested lymph nodes (<12 lymph nodes), and positive surgical margins are classified
as high-risk factors for tumor recurrence in these patients [5]. Due to the increasing com-
plexity of modern cancer treatments, the pathology reports of resected CRC specimens
encompass basic clinicopathological characteristics and pivotal histopathological features
for prognostication. In addition to the standardized diagnosis of CRC, modern pathology
reports can facilitate personalized treatment and the exchange of information in multicenter
clinical trials or international studies [9,10].

During the past decade, the construction of a risk prediction model for CRC recurrence
has been a popular and appealing task. By combining histopathological features from
pathology reports with clinical characteristics, some actionable nomograms have been
reported for the prediction of CRC recurrence [8,11]. Due to their distinct research designs
and driving hypotheses, these prediction models, based on conventional statistical methods,
have limited external validity [12]. Therefore, machine learning (ML) applications have
emerged as approaches to integrate multiple risk factors into a predictive algorithm for
patients with cancer [13]. ML algorithms are designed to systematically handle large
sample sizes with complex features, intricate interactions, and non-linear properties. In
contrast to conventional statistical models, ML processes can automatically model the data
generating process and estimate feature coefficients with fewer assumptions. Currently,
several ML algorithms, including classification and regression trees (CARTs) and support
vector machines (SVMs), are widely applied for the analysis of the histopathological data
of CRC specimens [14,15]. In addition, some studies have demonstrated the feasibility
of integrating statistical and ML algorithms to obtain a higher predictive performance in
determining cancer prognosis [15,16]. Hence, the development of ML models is a promising
application for the prediction of CRC recurrence and potential personalized treatment.
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To date, several studies have generated promising results by using ML strategies to
analyze various clinicopathological features to predict cancer recurrence and the survival of
patients with CRC [12–16]. However, the CRC datasets examined in these predictive studies
are usually across all disease stages, and studies focusing on stage II and III CRC are limited.
In this study, we aimed to investigate tumor recurrence using established ML algorithms
based on histopathological features and clinical characteristics from standardized pathology
reports and medical records from resected stage II–III CRC specimens at National Cheng
Kung University Hospital (NCKUH). We quantized the performance of several ML models
and built a predictive nomogram for clinical application. During these processes, we
identified older age as a significant predictor of tumor recurrence. To further evaluate
the molecular mechanisms underlining the aging process that was correlated with tumor
recurrence, we evaluated the genomic profiles of CRC specimens.

2. Material and Methods
2.1. Study Population and Histopathology

This cohort study included patients with pathological stage II–III CRC who received
curative surgical resection at NCKUH between January 2004 and January 2019. All enrolled
patients signed informed consent statements prior to the surgery and received standard
surgical resection with a complete pathology report. Clinical information and histopatho-
logical features were identified from electronic medical records and standard pathology
reports, respectively. Following NCCN guidelines, the decision to initiate neoadjuvant
and adjuvant chemotherapy depends on clinical and pathological stages and the shared
decision-making discussions between patients and physicians. Stage III patients typically re-
ceived oxaliplatin-based mFOLFOX6 (5-fluorouracil, leucovorin, and oxaliplatin) adjuvant
chemotherapy, and high-risk stage II patients received 5-FU-based adjuvant chemotherapy.

For the assessment of histopathological features, tumor configuration was decided
macroscopically. “Exophytic” indicated that the tumor was polypoid grossly; “endo-
phytic” indicated that the tumor was ulcerative. The criteria of histologic grade were
defined as follows: well-differentiated (>95% gland formation), moderately differentiated
(50–95% gland formation), and poorly differentiated (<50% gland formation). Tumor status
was recorded according to the TNM staging system. pT status was determined by the tumor
invasion levels; pN status was determined by the numbers of regional lymph nodes with
tumor metastasis. Lymphovascular invasion was considered when the tumor cells invaded
the lymphovascular channels microscopically; the perineural invasion was considered
when the tumor cells invaded the nerve bundles microscopically. The “infiltrating” tumor
growth pattern was defined as tumor cells with streaming dissection of muscularis propria
or mesenteric adipose tissue microscopically, otherwise the tumor was “pushing”. “Tumor
budding” was reported when individual tumor cells or small clusters (<5 cells) of tumor
cells separated from the main tumor were identified at the invasive front. Tumor regression
grade (TRG) was used for evaluation of the treatment effect of neoadjuvant therapy. The
criteria were defined as follows: TRG1 (no residual tumor), TRG2 (rare residual tumor cells),
TRG3 (fibrosis outgrowing residual tumor), TRG4 (residual tumor outgrowing fibrosis),
and TRG5 (absence of regressive change). Immunohistochemistry (IHC) was performed on
formalin-fixed paraffin-embedded tissues using a standard avidin-biotin complex peroxi-
dase procedure with an autostainer (Benchmark XT, Ventana, Tucson, AZ, USA). In brief,
four µm-thick tissue sections were obtained from a representative formalin-fixed, paraffin-
embedded tissue block of each tumor. The sections were deparaffinized and rehydrated,
and heat-induced epitope retrieval was performed using the cell conditioning solution CC1
(Ventana, Tucson, AZ, USA). The slides were incubated with primary antibodies for MLH1
(clone: M1; diluted 1:1; Ventana), PMS2 (clone: EPR3947; diluted 1:1; Ventana), MSH2
(clone: G219-1129; diluted 1:1; Ventana), MSH6 (clone: 44; diluted 1:1; Ventana), or BRAF
V600E (clone: VE1; diluted 1:1; Ventana). These proteins were detected and visualized
using a Roche OptiView DAB IHC Detection Kit (Ventana). The slides were counterstained
with hematoxylin and coverslipped. Positive and negative controls were included in all
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of the runs. Negative controls omitted the primary antibodies, and positive controls were
tissues known to express the proteins. All the IHC stain CRC samples were reviewed by a
pathologist (Lee, C.T.). The expression of four MMR proteins (MLH1, PMS2, MSH2, and
MSH6) was defined as abnormal (loss) when the nuclear staining of tumor cells was absent
despite positive staining being seen in the surrounding stromal cells. dMMR (deficient
MMR) was defined as the loss of at least one MMR protein in tumor cells. pMMR (proficient
MMR) was defined as the expression of all four MMR proteins in tumor cells. This study
was approved by the Institutional Review Board of NCKUH (B-ER-110-342).

2.2. Data Collection

CRC-specific standardized pathology reports, which involved the assessment of re-
sected CRC specimens and were recorded by CRC-specialized pathologists at NCKUH,
were collected for variable standardization. The variables in the pathology report included
tumor location, surgical procedure, neoadjuvant chemoradiotherapy (CCRT), macroscopic
tumor configuration, tumor size, histology type and grade, TNM stage, adequacy of excision
(i.e., distal and circumferential margins), LVI, PNI, tumor deposits, growth pattern at tumor
periphery, tumor budding, and additional pathological findings. Clinical features, including age,
sex, body mass index (BMI), and additional treatments, were retrieved from medical records.

2.3. ML Models and Nomogram

Four ML models based on logistic regression (LR), random forest (RF), CART, and
SVM were used for predicting tumor recurrence. For ML processing, K-fold cross validation
was performed (K = 5); the data were randomly split into 80% and 20% for the training and
independent testing models, respectively. The caret R package (R version 4.0.5; R studio
version 1.4.1106) [17,18] was employed to build all the ML models, including the “stat”
R package for LR, the “randomForest” R package for the RF, the “rpart” R package for
CART, and the “e1071” R package for SVM. The links for the R packages were as follows:
Randomforest: https://cran.r-project.org/web/packages/randomForest/randomForest.
pdf (accessed on 2 December 2021); CART: https://cran.r-project.org/web/packages/
rpart/rpart.pdf (accessed on 2 December 2021); SVM: https://cran.r-project.org/web/
packages/e1071/e1071.pdf (accessed on 2 December 2021). Variables with missing values
greater than 5% of the dataset were excluded from these analyses. If the remaining variables
had missing values, the multivariate imputation by chained equations method was applied
to fill in the dataset. We used fraction of missing information (FMI), which represents the
proportion of the total sampling variance that is due to missing data, to evaluate the risk
of imputation. The FMI of variables used in logistic regression was in the range of 0.002
to 0.009, which was very small. In other words, this means that only 0.2~0.9% of the total
sampling variance was attributable to missing data. To estimate each model’s performance,
the area under the curve (AUC) of the receiving operating characteristics, accuracy, sensitivity,
specificity, and F1 score was derived from five-fold cross-validation with 100 repeats.

A nomogram representing a graphical calculation instrument based on the Cox lo-
gistical regression model was constructed for clinical prognostication [19]. The effects of
prognostic factors on cancer recurrence were defined in the format of axes, and risk points
were attributed according to the prognostic variables. Total scores for each patient were
calculated by adding the individual scores of all five risk factors based on the nomogram. In
this nomogram analysis, the probability of recurrence increased as the total score increased.
For a CRC patient who had a tumor sized ≥6 cm, the corresponding risk was approximately
30 points. If the lymph node ratio (LNR) was 0.5, the corresponding risk was approximately
53 points. If PNI was unidentified (absence), the corresponding risk was 0 points. If patients
received neoadjuvant CCRT, the corresponding risk was approximately 55 points, and if
patients were older than 65 years the corresponding risk was approximately 25 points.
Using this nomogram system, when the “Total Points” amounted to 163 the probability of
a patient’s cancer recurrence was 0.57 based on the LR model.

https://cran.r-project.org/web/packages/randomForest/randomForest.pdf
https://cran.r-project.org/web/packages/randomForest/randomForest.pdf
https://cran.r-project.org/web/packages/rpart/rpart.pdf
https://cran.r-project.org/web/packages/rpart/rpart.pdf
https://cran.r-project.org/web/packages/e1071/e1071.pdf
https://cran.r-project.org/web/packages/e1071/e1071.pdf
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2.4. Tumor Sequencing with a Targeted Gene Panel

A total of 123 patients with primary histologically confirmed stage II–III CRC tumor
samples obtained from standard surgical resection from National Cheng Kung University
Hospital (NCKUH) were recruited for this study between January 2014 and January 2019
and were subjected to a histopathological assessment followed by nucleic acid extraction
from formalin-fixed, paraffin-embedded blocks at NCKUH. All participants signed written
informed consent statements, and clinical information was obtained from electronic medical
records. Independent pathologists reviewed the specimens, examined the percentage of
viable tumor nuclei, and determined the feasibility of the mutational profile detection for
each specimen. The deep targeted sequencing of tumor samples was performed using
Oncomine Comprehensive Assays (Thermo Fisher Scientific, Waltham, MA, USA). This
test was designed to evaluate somatic variants within 115 druggable genes. Data quality
control, alignment, variant calling, and limit of detection (LOD) calculation were conducted
using a locked data analysis pipeline, with the workflow in the Torrent Suite Software 5.0.4
(Thermo Fisher Scientific, Waltham, MA, USA). All reads were aligned to the hg19 reference
genome, and variant calling was performed using the Torrent Variant Caller plugin (version
5.0.4.0; Thermo Fisher Scientific, Waltham, MA, USA). Variant annotation was performed
using annovar version: 8 June 2020 [20]. To identify potential cancer driver mutations, we
used a populational allele frequency cutoff of 1% with respect to the Taiwan Biobank, gnom
AD, and 1000 G databases [21]. We selected exonic single-nucleotide variants (SNVs) and
splicing genetic variants for analysis.

2.5. Statistical Analysis

The data analysis was performed by the Center for Quantitative Sciences. We tabulated
the values of descriptive statistics, including means and standard deviations for continuous
variables and percentages and frequencies for categorical variables. To analyze the baseline
characteristics of patients with CRC across age, the Kruskal–Wallis and Wilcoxon rank-sum
tests were used for continuous variables. By contrast, Fisher’s exact test was used for
categorical variables (e.g., sex, tumor location, etc.). Moreover, the Kaplan–Meier method
and log-rank tests were used for time-to-event endpoints. Recurrence-free survival (RFS)
was the duration between the date of the surgical resection of CRC and the date of detecting
any cancer recurrence at either local, regional, or distant locations. Overall survival (OS)
was the time from the date of diagnosis until death by any cause. Cox proportional hazards
models that included all baseline variables were employed for the analysis of RFS and OS.
The odds ratios, hazard ratios, and 95% confidence intervals were estimated with this model.
All statistical tests were two-sided, and a p-value of < 0.05 indicated statistical significance.
All analyses were performed using the R statistical software (version 4.0.2) for Windows.

3. Results
3.1. Clinical Characteristics and Histopathological Features of Patients with and without
Cancer Recurrence

A total of 1073 CRC patients were enrolled in this study. The baseline characteristics
and histopathological features of all patients are summarized in Table 1. Among all
patients, 159 (14.8%) developed cancer recurrence, including 13 who developed local
recurrence (8.2%) and 146 (91.8%) who developed distal recurrence. Recurrence occurred
more frequently in men (n = 102, 64.2%) than in women (n = 57, 35.8%), although this
result was not significant (p = 0.062). Among all clinicopathological features, chemotherapy
(p = 0.003), endophytic tumor configuration (p = 0.008), TNM stage III disease (p < 0.001),
pT4 (p < 0.001), pN2 (p < 0.001), increased LNR (p < 0.001), LVI (p < 0.001), PNI (p < 0.001),
tumor budding (p = 0.004) and neoadjuvant CCRT (p = 0.025) were correlated with higher
rates of tumor recurrence. The survival rate of patients with tumor recurrence was lower
than that of patients without recurrence (p < 0.001).
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Table 1. Characteristics of patients with stage II and III colorectal cancer.

Characteristic Overall (N = 1073)
Recurrence

p-Value
Yes (n = 159) No (n = 914)

Sex 0.062
Male 616 (57.4%) 102 (64.2%) 514 (56.2%)

Female 457 (42.6%) 57 (35.8%) 400 (43.8%)
Age (years) 65.39 (12.88) 65.86 (12.97) 65.31 (12.87) 0.432

BMI 23.80 (3.70) 23.87 (3.79) 23.78 (3.69) 0.992
Radiotherapy 0.288

No 786 (73.3%) 111 (69.8%) 675 (73.9%)
Yes 287 (26.7%) 48 (30.2%) 239 (26.1%)

Chemotherapy 0.003
No 138 (12.9%) 9 (5.7%) 129 (14.1%)
Yes 935 (87.1%) 150 (94.3%) 785 (85.9%)

Tumor site 0.466
Right side colon 322 (30.3%) 42 (26.6%) 280 (30.9%)
Left side colon 464 (43.7%) 70 (44.3%) 394 (43.5%)

Rectum 277 (26.1%) 46 (29.1%) 231 (25.5%)
Tumor configuration 0.008

Endophytic 733 (69.3%) 123 (78.3%) 610 (67.8%)
Exophytic 324 (30.7%) 34 (21.7%) 290 (32.2%)
Tumor size 0.189
≤3 cm 270 (25.9%) 39 (25.3%) 231 (26.0%)

3.1–5.9 cm 489 (46.8%) 64 (41.6%) 425 (47.8%)
≥6 cm 285 (27.3%) 51 (33.1%) 234 (26.3%)

Tumor volume 42.13 (111.09) 59.89 (148.86) 39.09 (103.07) 0.066
Histologic grade 0.084

Poorly diff. 48 (4.6%) 11 (7.1%) 37 (4.2%)
Moderately diff. 868 (83.0%) 132 (84.6%) 736 (82.7%)

Well-diff. 130 (12.4%) 13 (8.3%) 117 (13.1%)
TNM stage * <0.001

II 528 (49.2%) 56 (35.2%) 472 (51.6%)
III 545 (50.8%) 103 (64.8%) 442 (48.4%)

Tumor invasion stage (pT) <0.001
1–2 75 (7.0%) 6 (3.8%) 69 (7.6%)
3 858 (80.6%) 115 (73.2%) 743 (81.9%)
4 131 (12.3%) 36 (22.9%) 95 (10.5%)

Lymph nodes status (pN) <0.001
0 488 (49.3%) 53 (35.3%) 435 (51.8%)
1 343 (34.7%) 54 (36.0%) 289 (34.4%)
2 158 (16.0%) 43 (28.7%) 115 (13.7%)

LN metastasis numbers 1.74 (3.37) 3.16 (4.58) 1.50 (3.05) <0.001
Total harvested LNs 20.02 (9.26) 19.35 (8.35) 20.14 (9.41) 0.749

LN ratio 0.09 (0.15) 0.16 (0.21) 0.08 (0.14) <0.001
Distal margin 0.159
Uninvolved 1061 (99.5%) 155 (98.7%) 906 (99.7%)

Involved 5 (0.5%) 2 (1.3%) 3 (0.3%)
Circumferential margin 0.075

Uninvolved 309 (91.2%) 56 (90.3%) 253 (91.3%)
Involved 13 (3.8%) 5 (8.1%) 8 (2.9%)

Cannot be assessed 17 (5.0%) 1 (1.6%) 16 (5.8%)
Lymphovascular invasion <0.001

Absence 624 (58.2%) 57 (35.8%) 567 (62.1%)
Present 448 (41.8%) 102 (64.2%) 346 (37.9%)

Perineural invasion <0.001
Absence 571 (53.3%) 53 (33.3%) 518 (56.7%)
Present 501 (46.7%) 106 (66.7%) 395 (43.3%)

Tumor growth pattern 0.083
Infiltrating 969 (90.6%) 150 (94.3%) 819 (90.0%)

Pushing 100 (9.4%) 9 (5.7%) 91 (10.0%)
Tumor budding 0.004

Absent 342 (81.4%) 20 (62.5%) 322 (83%)
Present 78 (18.6%) 12 (37.5%) 66 (17%)

TRG 0.312
1–2 15 (12.5%) 5 (19.2%) 10 (10.6%)
3–5 105 (87.5%) 21 (80.8%) 84 (89.4%)

Neoadjuvant CCRT 0.025
No 953 (88.8%) 133 (83.6%) 820 (89.7%)
Yes 120 (11.2%) 26 (16.4%) 94 (10.3%)

dMMR 0.932
Deficient 35 (10.1%) 3 (9.7%) 32 (10.2%)
Proficient 311 (89.9%) 28 (90.3%) 283 (89.8%)

BRAF_V600E_Stain >0.999
Negative 101 (85.6%) 12 (85.7%) 89 (85.6%)
Positive 17 (14.4%) 2 (14.3%) 15 (14.4%)

Alive <0.001
Yes 912 (85.0%) 86 (54.1%) 826 (90.4%)
No 161 (15.0%) 73 (45.9%) 88 (9.6%)

* The American Joint Committee on Cancer Stage System. All patients had no metastasis at the initial diagnosis
(M0). ypStage II (n = 67) is grouped as Stage II, ypStage III (n = 53) is grouped as Stage III. Abbreviations: BMI,
body mass index; diff, differentiated; pT, depth of tumor invasion stage; pN, lymph node stage; LN, lymph node;
TRG, tumor regression grade; CCRT, chemoradiotherapy; dMMR, defective mismatch repair.
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3.2. ML Model Performance for Assessing CRC Recurrence and Predictive Nomogram

To evaluate the performance of the ML models, the AUCs for LR (AUC = 0.678),
RF (AUC = 0.639), CART (AUC = 0.593), and SVM (AUC = 0.581) are shown in Figure 1.
In the testing datasets, the accuracies of LR, RF, CART, and SVM were 0.87, 0.84, 0.83,
and 0.86, respectively. According to the mean decrease in the impurity of the RF model,
eight leading variables (mean decrease in accuracy > 3) were identified to be correlated
with tumor recurrence and included high LNR, age, pT4 tumor invasion stage, high
tumor volume, tumor site, lymphovascular invasion, tumor size, and chemotherapy
(Figure 2A). According to the CART decision tree algorithm, LVI, PNI, age ≥ 63 years,
lymph node ratio ≥ 0.12, and tumor volume ≥ 17 cm3 (Figure 2B) were the selected features
related to tumor recurrence. The number 128/859 at the top node represents a total of
859 data points in the training set, among which there were 128 cases of cancer recurrence.
The branch rule of this node was lymphovascular (LV) invasion is not identified (yes) or
identified (no). In this, if LV invasion is not identified, the patient will be classified into the
left node, while in the other result the patient will be classified to the node on the right. In
the end, each patient will be classified as having cancer recurrence or not having cancer re-
currence by this model. Among all the examining models, the LR model with a nomogram
demonstrated a superior accuracy value of 0.87 and a specificity value of 1 in the testing
set. The nomogram prediction model for cancer recurrence, with a recurrence probability
ranging from 0.1 to 0.7, showed that age ≥ 65 years, tumor size ≥ 6 cm, high LNR, PNI, and
neoadjuvant CCRT were significant variables associated with cancer recurrence (Figure 3).
The value of 0.15 might be the best cutoff score for “protection” and the “risk” of recurrence
by the Youden index (Supplementary Table S1) [22]. To identify significant risk factors, the
prediction performances of clinicopathological variables selected by all ML models were
evaluated using an ensemble-based voting system [23]. The results of ensemble voting for all
identified risk factors for cancer recurrence are presented in Supplementary Table S2. Among
all selected features, age and LNR were the only two factors identified by all ML models.

3.3. Different Clinicopathological Features between Younger and Older Patients with CRC

Although several studies have shown that age is a prognostic factor for the survival of
patients with CRC, the impact of age on tumor recurrence for stage II and III disease is yet to
be clearly elucidated [24–26]. To evaluate the predictive value of age for tumor recurrence,
we used Cox proportional hazards models for multivariable analyses of patients with CRC
in this study. In addition to tumor size, LNR, PNI, and neoadjuvant CCRT, multivariable
analyses demonstrated that age ≥ 65 years was an independent risk factor for cancer recur-
rence and RFS (Tables 2 and 3), in which these variables were previously identified through
either the ML models or conventional statistics. We also used ML models for recurrence
risk prediction, since ML algorithms are designed to handle complex features and non-
linear properties. Although tumor size was not identified to be correlated with recurrence
by ML algo-rithms, in previous studies, tumor size was indeed indicated as an adverse
prognostic factor and was able to improve the performance of prognostic prediction for
colorectal cancer [27]. In fact, when extreme spectrum of age was taken into consideration
by conventional statistical analysis, i.e., when clinicopathological features between younger
(age ≤ 50 years) and older (age ≥ 70 years) patients with stage II–III CRC were compared as
shown in Table 4, older patients tended to have larger tumor size (p = 0.008) and increased
tumor volume (p = 0.049), compared to the younger counterparts. Finally, comparing to
the younger patients, the older patients were less frequently administered chemotherapy
(p < 0.001), radiotherapy (p < 0.001), and neoadjuvant CCRT (p < 0.001).
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Figure 1. Prediction model with stratified five-fold cross-validation for cancer recurrence. (A) A
logistic regression model was used to predict cancer recurrence with the highest average area under
the curve (AUC) = 0.678. (B) A random forest model was used to predict cancer recurrence with an
average AUC = 0.639. (C) Classification and regression decision trees (CARTs) were used to predict
cancer recurrence with an average AUC = 0.593. (D) A support vector machine (SVM) was used to
predict cancer recurrence with an average AUC = 0.581.

Table 2. Univariable and multivariable analyses of variables associated with the probability of
cancer recurrence.

Characteristic *
Univariable Analysis Multivariable Analysis

OR 95% CI p-Value OR 95% CI p-Value

Age (years)
<65 vs. ≥65 1.24 0.85–1.81 0.273 1.70 1.12–2.61 0.014
Tumor size

1 vs. 2 (3.1–5.9 cm) 0.88 0.55–1.44 0.612 0.94 0.56–1.60 0.808
1 vs. 3 (≥6 cm) 1.21 0.73–2.03 0.466 1.79 1.01–3.22 0.047

Lymph node ratio 16.9 5.93–48.1 <0.001 10.8 3.51–33.2 <0.001
Perineural invasion

No vs. Present 2.37 1.61–3.52 <0.001 2.51 1.63–3.91 <0.001
Neoadjuvant CCRT

No vs. Yes 2.12 1.25–3.47 0.004 3.34 1.80–6.12 <0.001

Abbreviations: OR, odds ratio; CI, confidence interval; vs., versus; 1, ≤3.0 cm; 2, 3.1–5.9 cm; 3, ≥6 cm; CCRT,
chemoradiotherapy. * The variables were previously identified through either the ML models or conventional
statistical analyses.
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Figure 2. Prognostic factors in the random forest (RF) model and CART decision tree analysis. (A) The
importance of factors in terms of the mean decrease in accuracy in the RF model. We ranked the
relative importance for all these prognostic factors. From the results, the top five factors that corresponded
to cancer recurrence were the lymph node ratio, age, depth of tumor invasion stage (pT), tumor volume,
and tumor site. (B) A decision tree was generated by the CART model to optimize the risk stratification in
cancer recurrence. The internal nodes of the tree represent prognostic factors, including lymphovascular
(LV) invasion, perineual (PN) invasion, age, lymph node ratio, and tumor volume.
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Figure 3. An established nomogram for predicting cancer recurrence. Nomogram incorporating
clinical and pathological factors for predicting recurrence in patients with resected stage II–III
CRC. There were five prognostic factors: age, tumor size, neoadjuvant chemoradiotherapy (CCRT),
perineural invasion (PNI), and lymph node ratio (LNR). A straight line was drawn up to the points
axis to determine how many points were associated with recurrence (RE). This process was repeated
for each prognostic factor. The total points received for each prognostic factor are shown. From this,
we calculated the probability of RE.

Table 3. Univariable and multivariable analyses of variables associated with recurrence-free survival.

Characteristic *
Univariable Analysis Multivariable Analysis

HR 95% CI p-Value HR 95% CI p-Value

Age (years)
<65 vs. ≥65 1.25 0.91–1.71 0.164 1.74 1.24–2.44 0.001
Tumor size

1 vs. 2 (3.1–5.9 cm) 0.87 0.59–1.30 0.500 0.92 0.61–1.41 0.711
1 vs. 3 (≥6 cm) 1.19 0.79–1.81 0.406 1.82 1.16–2.85 0.010

Lymph node ratio 10.1 4.95–20.6 <0.001 6.82 3.20–14.5 <0.001
Perineural invasion

No vs. Present 2.73 1.96–3.80 <0.001 2.90 2.03–4.16 <0.001
Neoadjuvant CCRT

No vs. Yes 1.68 1.10–2.55 0.016 2.35 1.46–3.81 <0.001

Abbreviations: HR, hazard ratio; CI, confidence interval; vs., versus; 1, ≤3.0 cm; 2, 3.1–5.9 cm; 3, ≥6 cm; CCRT,
chemoradiotherapy. * The variables were previously identified through either the ML models or conventional
statistical analyses.
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Table 4. Characteristics of patients with stage II and III colorectal cancer.

Characteristic
Age (Years)

p-Value
≤50 (n = 150) 51–69 (n = 470) ≥70 (n = 453)

Sex 0.003
Male 80 (53.3%) 297 (63.2%) 239 (52.8%)

Female 70 (46.7%) 173 (36.8%) 214 (47.2%)
Age (years) 43.47 (5.81) 60.72 (5.20) 77.49 (5.02) <0.001

BMI 24.00 (3.94) 24.03 (3.77) 23.49 (3.52) 0.206
Radiotherapy <0.001

No 97 (64.7%) 314 (66.8%) 375 (82.8%)
Yes 53 (35.3%) 156 (33.2%) 78 (17.2%)

Chemotherapy <0.001
No 10 (6.7%) 33 (7.0%) 95 (21.0%)
Yes 140 (93.3%) 437 (93.0%) 358 (79.0%)

Tumor site 0.002
Right side colon 37 (24.7%) 126 (26.9%) 159 (35.7%)
Left side colon 63 (42.0%) 208 (44.4%) 193 (43.4%)

Rectum 50 (33.3%) 134 (28.6%) 93 (20.9%)
Tumor configuration 0.549

Endophytic 113 (75.3%) 322 (69.4%) 298 (67.3%)
Exophytic 37 (24.7%) 142 (30.6%) 145 (32.7%)
Tumor size 0.008
≤3 cm 42 (28.6%) 140 (30.3%) 88 (20.2%)

3.1–5.9 cm 70 (47.6%) 207 (44.8%) 212 (48.7%)
≥6 cm 35 (23.8%) 115 (24.9%) 135 (31.0%)

Tumor volume 38.80 (81.50) 35.99 (67.57) 49.62 (149.17) 0.049
Histology grade 0.812

Poorly diff. 9 (6.1%) 20 (4.4%) 19 (4.3%)
Moderately diff. 124 (83.8%) 380 (82.8%) 364 (82.9%)

Well-diff. 15 (10.1%) 59 (12.9%) 56 (12.8%)
TNM stage * <0.001

II 59 (39.3%) 217 (46.2%) 252 (55.6%)
III 91 (60.7%) 253 (53.8%) 201 (44.4%)

Tumor invasion stage (pT) 0.040
1–2 10 (6.8%) 44 (9.5%) 21 (4.6%)

3 115 (77.7%) 369 (79.5%) 374 (82.7%)
4 23 (15.5%) 51 (11.0%) 57 (12.6%)

LN status (pN) 0.005
0 53 (40.2%) 197 (45.7%) 238 (55.9%)
1 54 (40.9%) 156 (36.2%) 133 (31.2%)
2 25 (18.9%) 78 (18.1%) 55 (12.9%)

LN metastasis numbers 2.26 (4.05) 1.80 (3.03) 1.51 (3.44) 0.001
Total harvested LNs 21.62 (10.40) 19.89 (9.54) 19.63 (8.49) 0.207

LN ratio 0.10 (0.16) 0.10 (0.16) 0.08 (0.14) 0.004
Distal margin >0.999
Uninvolved 149 (100.0%) 466 (99.4%) 446 (99.6%)

Involved 0 (0.0%) 3 (0.6%) 2 (0.4%)
Circumferential margin 0.412

Uninvolved 54 (96.4%) 140 (88.1%) 115 (92.7%)
Involved 1 (1.8%) 9 (5.7%) 3 (2.4%)

Cannot be assessed 1 (1.8%) 10 (6.3%) 6 (4.8%)
Lymphovascular invasion 0.212

Absence 78 (52.0%) 274 (58.3%) 272 (60.2%)
Present 72 (48.0%) 196 (41.7%) 180 (39.8%)

Perineural invasion 0.018
Absence 65 (43.3%) 250 (53.2%) 256 (56.6%)
Present 85 (56.7%) 220 (46.8%) 196 (43.4%)
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Table 4. Cont.

Characteristic
Age (Years)

p-Value
≤50 (n = 150) 51–69 (n = 470) ≥70 (n = 453)

Growth pattern at tumor
periphery 0.273

Infiltrating 141 (94.0%) 424 (90.6%) 404 (89.6%)
Pushing 9 (6.0%) 44 (9.4%) 47 (10.4%)

Tumor budding 0.568
Absence 59 (83.1%) 144 (79.1%) 139 (83.2%)
Present 12 (16.9%) 38 (20.9%) 28 (16.8%)

TRG 0.765
1–2 5 (16.1%) 7 (11.5%) 3 (10.7%)
3–5 26 (83.9%) 54 (88.5%) 25 (89.3%)

Neoadjuvant CCRT <0.001
No 119 (79.3%) 409 (87.0%) 425 (93.8%)
Yes 31 (20.7%) 61 (13.0%) 28 (6.2%)

dMMR 0.488
Deficient 9 (14.3%) 14 (9.2%) 12 (9.2%)
Proficient 54 (85.7%) 138 (90.8%) 119 (90.8%)

BRAF_V600E_stain 0.076
Negative 23 (100.0%) 42 (82.4%) 36 (81.8%)
Positive 0 (0.0%) 9 (17.6%) 8 (18.2%)

Recurrence 0.698
No 129 (86.0%) 404 (86.0%) 381 (84.1%)
Yes 21 (14.0%) 66 (14.0%) 72 (15.9%)

Alive <0.001
Yes 137 (91.3%) 425 (90.4%) 350 (77.3%)
No 13 (8.7%) 45 (9.6%) 103 (22.7%)

* The American Joint Committee on Cancer Stage System. All patients had no metastasis at the initial diagnosis
(M0). ypStage II (n = 67) is grouped as Stage II, ypStage III (n = 53) is grouped as Stage III. Abbreviations: BMI:
body mass index; differentiated, diff; pT: depth of tumor invasion stage; pN: lymph node stage; LN: lymph node;
TRG: tumor regression grade; CCRT: chemoradiotherapy; dMMR; defective mismatch repair.

To present typical clinical scenarios, we provided an exemplary clinical presentation
to illustrate common differences between younger and older stage II and III CRC patients,
as shown in Figure 4. The older patients tended to have more right-sided colon tumors
(p = 0.002), larger tumor sizes (p = 0.008), increased tumor volumes (p = 0.049), and more
advanced disease in terms of pT stage (pT3 + pT4). However, the number of lymph
node metastases (p = 0.001), LNRs (p = 0.004), and PNIs (p = 0.018) tended to be lower in
older patients. Most importantly, the survival rates significantly decreased (p < 0.001) in
older patients compared to younger patients. These results suggest that there are distinct
clinicopathological behaviors of CRC tumors in older patients.

3.4. The Genomic Landscape in Older Patients with CRC

Cancer is a genomic disease, and genomic alterations on pivotal signaling pathways
can regulate the growth and survival of tumor cells. To explore the molecular mechanisms
underlying distinct clinicopathological features that are affected by aging, we investigated
the genomic background of CRC tumors using a targeted-gene sequencing technique.
According to genomic datasets derived from 123 CRC tumor specimens in this study
(Figure 5), the number of PIK3CA and DNMT3A mutations was significantly increased
in patients aged over 65 years (p = 0.032 and 0.039, respectively). Moreover, the genomic
spectrum of PIK3CA also differed between older and younger patients with stage II–III
CRC (Supplementary Table S3). Among the most prevalent PIK3CA variants, four p.E545K
and two p.H1047R mutations were noted in the group of younger patients; however, only
one p.E542K and p.H1047R mutation was found in the group of older patients. Most
PIK3CA mutations were located at exons 5, 14, and 21 in older patients with CRC. These
results imply that genetic backgrounds may be correlated with increased cancer recur-
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rence associated with aging. All clinical features with genetic variants can be found in
Supplementary Tables S4–S6.
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Figure 4. An example of younger (age ≤ 50 years) and older (age ≥ 70 years) patients with distinct
clinicopathological features present in computed tomography (CT) scans and tumor tissues stained
with hematoxylin-eosin. CT scans of a (A) younger patient with sigmoid cancer with a size <3 cm
and (B) an older patient with hepatic flexure colon cancer with a size ≥6 cm. Tumor tissues with
(C) low-depth tumor invasion stage (pT1, 40×), (D) high-depth tumor invasion stage (pT3, 40×),
(E) positivity for lymph node (LN) metastasis (40×) (F), no LN metastasis (40×), (G) positivity for
lymphovascular (LV) invasion (100×), (H) no lymphovascular invasion (100×), (I) positivity for
perineural invasion (100×), and (J) no perineural invasion (100×) are shown. Orange arrows and
dotted lines highlight the invasive tumor cells in the vessels and nerves in the figure (G,I). The vessels
and nerves in (H,J) (highlighted by dotted lines) are negative for tumor involvement.
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Figure 5. Histogram showing the percentage of genetic mutations in patients with CRC. We divided
the patients into two subgroups: age ≥ 65 years and age < 65 years. The p-value was calculated using
the Fisher exact test. In total, 30 (24.3%) patients were older than 65 years and PIK3CA and DNMT3A
mutations were more prominent in these patients.

4. Discussion

In this study, we explored the value of ML models in predicting cancer recurrence
for patients with stage II–III CRC after surgery by analyzing the clinicopathological and
histopathological features from medical records and standardized pathology reports, re-
spectively. For clinical application, we constructed a nomogram for predicting cancer
recurrence with a high accuracy. Our findings revealed age >65 years at the time of initial
diagnosis and high LNR to be important factors in predicting the tumor recurrence and
survival outcomes of patients with stage II–III CRC. The panel-targeted sequencing results
of tumor specimens revealed high incidences of oncogenic PIK3CA and DNMT3A muta-
tions in patients aged ≥65 years, which highlighted the impact of age-dependent genomic
alterations on CRC tumorigenesis. These results demonstrate the potential of integrating
analyses of basic clinicopathological features and genomic analyses in order to create better
predictive tools for assessing cancer recurrence.

To date, several studies have reported the promising performance of ML models in pre-
dicting the tumor recurrence and clinical survival outcomes of patients with CRC [14,15,28,29].
In previous reports investigating ML performance, patients with all stages of CRC have
been included. The present study is the first to examine the predictive performance of ML
algorithms specifically for patients with stage II–III CRC. Our studies showed the high
and comparable performances of ML models in predicting tumor recurrence in stage II–III
CRC, with the accuracies of the LR, RF, CART, and SVM models being 0.87, 0.84, 0.83,
and 0.86 in the testing datasets, respectively. Several recurrence prediction nomograms
based on LR models have been reported for patients with stage II–III CRC [30–34]. These
nomograms can be pictorial representations of complex mathematical formulas with the
primary advantages of estimating individualized risk based on histopathological features
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and patient characteristics [35]. However, the efficacies of the current recurrence prediction
nomograms for stage II–III CRC may be restrained due to their retrospective nature and
other analytical limitations [36]. Weiser [34] and Valentini [37] reported on two nomograms
that had significant discriminative abilities with external validation for the OS of patients
with stage II–III CRC. The respective AUCs of these two nomograms were 0.67 and 0.71;
these values are comparable with the results from our LR model with the nomogram and
training sets of ML models. Therefore, our prediction nomogram may be a useful tool for
predicting recurrence in stage II and III CRC. The integration of a nomogram approach and
ML models has been examined with regard to achieving a better data transparency and
accuracy in predicting the clinical outcomes of patients with cancer [38]; further studies on
stage II–III CRC are warranted.

In our study, LNR and age were found to be the two most significant risk factors for
cancer recurrence, as determined by all four ML models (Supplementary Table S2). Some
studies state that LNR is a significant risk factor that should be incorporated into the TNM
staging system of the American Joint Committee on Cancer due to its high predictive value
for survival [39,40]. However, some studies disagree with this because the lymph node
assessment in CRC specimens can be influenced by both surgical and pathological factors,
including the extent of the lymph node dissection, the length of the surgical specimen, the
surgeon’s technique, and the thoroughness of the pathologists [41–43]. In our study, the
mean number of total harvested lymph nodes was over 20, which is a proxy for high-quality
surgical resection [44]. Under these circumstances, LNR emerged as a better discriminatory
parameter in our specimens for predicting cancer recurrence [45]. The optimal cut-off point
for LNR for cancer recurrence prediction was 0.12, as determined by the CART algorithm
in our study. Comparable to studies examining LNR for cancer recurrence or survival risk
stratification based on conventional statistical methods, our study may offer a perspective
on objective risk stratification using LNR for stage II–III CRC patients.

The worse survival outcomes of older patients with stage II–III CRC are believed
to be correlated with their higher levels of comorbidity, pre-existing conditions, and less
frequent administration of adjuvant chemotherapy or radiotherapy [26,46–48]. To further
explore the distinct biological behaviors correlated with the aging process, we compared
clinicopathological features between younger and older patients with stage II–III CRC.
For patients older than 70 years, the tumor sizes and volumes were significantly larger
than those of patients younger than 50 years. It is reasonable to assume that larger tumor
size is inversely correlated with survival in older CRC patients. Beyond our expectation,
increased numbers of lymph node metastases and advanced pN stages were observed
in younger patients compared to older patients. Due to their early pN stages, a lower
utilization of adjuvant chemotherapy may be correlated with older patients with CRC [49].
Consistent with the real-world data from the National Cancer Database of the United
States [6], the highest rate of adjuvant chemotherapy was observed among younger pa-
tients with high-risk histopathological features, whereas older patients without high-risk
histopathological features had the lowest rate of adjuvant chemotherapy use. Therefore,
our study demonstrates that distinct biological behaviors do indeed exist between younger
and older stage II–III CRC patients and can influence the clinical decision-making process
relating to the initiation of chemotherapy.

As distinct biological behaviors were observed between younger and older patients
with CRC, genomic profiles were examined to explore the underlying molecular mech-
anisms. In our study, the mutation landscapes and signatures of older patients were
significantly different from those seen in their younger counterparts. Although defective
mismatch repair statuses and BRAF mutations were found to be statistically similar between
the different age groups, the number of PIK3CA and NDMT3A mutations was significantly
increased in patients with CRC aged over 65 years. It has been reported that PIK3CA
mutations are present in 10–20% of CRC cases. In a previous study, PIK3CA genomic
variants were associated with a higher TNM staging, and PIK3CA mutations were shown
to confer resistance to first-line chemotherapy in patients with CRC [50]. The mutated
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loci were mainly located on exon 10 (E545K, E542K, and E545D) and exon 21 (H1047R). In
our study, the mutation frequency of the PIK3CA gene in older CRC patients was 33.3%,
which was higher than that recorded in their younger counterparts. Most young patients
carried the E545K mutation, while most older patients had the E542K mutation. In our
study, most older patients had right-sided colon cancer. From right- to left-sided colon
cancer, a gradual decrease in PIK3CA mutation rates from as high as 21–25% down to
8–9% has been observed in the literature [51]. Furthermore, DNMT3A is a key player in
DNA methylation, which plays an important role in multistage carcinogenesis [52]. Several
studies have demonstrated that DNA methylation statuses can predict the therapeutic
outcomes of patients with CRC [53]. Our genomic studies provide biological evidence that
the aging process determines the disparate clinical behaviors and survival outcomes of
patents with CRC. The potential benefits of harmonizing genetic information in cancer
recurrence prediction models have been demonstrated for patients with CRC [54,55]. Our
results support the importance of molecular and genomic profiling for predicting cancer
recurrence in patients with stage II–III CRC after surgery.

The current study has some significant limitations. First, many confounding factors
could impact the results. The comorbidities of patients were not included as covariates.
As a result, survival analyses could not be performed when comorbidity and high-risk
histopathologic features were taken into consideration. Moreover, the heterogenicity of
treatment modality of patients with CRC (e.g., adjuvant chemotherapy and neoadjuvant
radiotherapy) may be the potential biases in this study. Notably, patients with defective
mismatch repair (dMMR) CRC, whose tumors are characterized by high-level microsatellite
instability (MSI-H), have distinct clinical characteristics [56–60]. Based on several clinical
studies, patients with stage II or III dMMR CRC have superior survival outcomes and lack
benefits from adjuvant chemotherapy with 5-fluorouracil alone. Because of confounding
effects from notable clinicopathological factors, no significant survival difference was
observed in patients with disparate MMR expression in the present study. However, the
study goal was to utilize standardized pathology reports and medical records to estimate the
risk of cancer recurrence in our patients. By combining multivariable analysis, nomogram
risk evaluation, and ML models, we have provided a useful clinical model that will help
surgeons and oncologists to make better-informed decisions regarding their use of adjuvant
chemotherapy and in future follow-ups. Next, the clinical characteristics of untreated—
i.e., given no adjuvant chemotherapy—CRC stage II patients (N = 93) are presented in
Supplementary Table S7. In CRC tissues, tumor budding is histologically defined by a
single tumor cell or a small cluster of fewer than five tumor cells separated from the main
tumor and present at the invasive front [61]. This unique histological manifestation is
believed to be the biological representation of invasion initiation and metastasis cascade
of CRC cells. Accumulation evidence has shown that the presence of tumor budding is
a prognostic factor for inferior survivals of patients with CRC [62,63]. Comparable to
previous studies, tumor budding was significantly associated with tumor recurrence (as
shown in Table 1; p = 0.004) by conventional statistical analyses in this study. Since the
recurrence numbers of patients with stage II CRC were limited, the clinical utility of tumor
budding, as a prognostic factor, could not be shown in this group of patients.

Moreover, according to the International Tumor Budding Consensus Conference 2016,
three different budding grades are classified as follows: Bd1 (0–4 buds/0.785 mm2), Bd2
(5–9 buds/0.785 mm2), and Bd3 (10 or more buds/0.785 mm2) [61]. Some studies have
demonstrated that the high grade of tumor budding is an independent prognostic factor
for shorter survivals of patients with stage II CRC [61]. In Taiwan, because tumor budding
grades are not required in pathologic reports of CRC tissues, the clinical impact of these
pathologic grades on patients is lacking in this study. The low rates of recurrence in
untreated stage II patients coincide with the results of previous studies, demonstrating that
the benefits of administering adjuvant chemotherapy in lower-risk stage II patients are
low. Furthermore, we did not mention the y-prefix in cases with neoadjuvant treatment,
since there were missing data for ypT cases (n = 2) and ypN cases (n = 24). There were
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a total of 67 ypStage II cases and 53 ypStage III cases, and these limited y-prefix case
numbers should not have a significant statistical impact on our results, as demonstrated in
Supplementary Table S8.

Second, a total of 1073 CRC patients were enrolled in this study. One hundred and
fifty-nine (14.8%) patients developed cancer recurrence, while 914 (85.2%) patients did not.
Considering that the ratio of these two groups was relatively uneven, we used stratified
five-fold cross-validation to maintain the data characteristics. The distribution of the sample
sizes could influence the performance of machine learning models. In this study, we created
machine learning methods for risk factor analyses in the future. The best prediction power
for cancer recurrence was achieved by the application of the LR model for analyzing our
testing sets. Even though LR with nomogram (linear analysis) and ML (non-linear analysis)
are different, similar results between different analytic models should be expected when
a standardized pathology report and fixed sets of clinical characteristics are used for the
analysis of stage II–III CRC. In other words, we should not expect the ML models to have a
dramatically better predictive power than the LR models with nomograms if exactly the
same variables are analyzed by both methods. Instead, more attention should be focused
on the lack of complete molecular and genomic profiles of patients and the inadequacy of
current clinicopathological information for predicting cancer recurrence in stage II–III CRC
patients [25]. In other words, to increase the predictive power of both the nomogram and
ML models, complete molecular and genomic profiles, as routine variables in standardized
pathology reports, should be used in the future. However, our genomic results should be
interpreted with caution because whole-genome analyses were performed in only 11% of
the study population.

5. Conclusions

In summary, we demonstrated that ML models have a comparable predictive power
for assessing cancer recurrence in patients with stage II–III CRC after surgery. We also built
a prediction nomogram model for tumor recurrence. Advanced age and high LNR are
significant risk factors for tumor recurrence. Age-associated genomic profiles may partly
contribute to the distinct clinical behaviors and survival outcomes of patients with CRC.
Studies incorporating complete molecular and genomic profiles into their cancer prediction
models for these patients are warranted.
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Patients; Table S8: Neoadjuvant Chemoradiotherapy.
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