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Purpose: Despite advances in treatment modalities, the recurrence event is still a clinical challenge for 
patients with rectal cancer. Previous studies have shown that fewer studies have compared the clinical 
benefits of different predictive models to improve predictive outcomes for individual conditions. 
Method: A total of 3,403 hospital-based cancer registry records by six cancer registries in Taiwan, 
between 2011 and 2020. Different from traditional statistics analysis, the approach is mainly based on 
the predicted classification models, which were classification and regression trees, random forests. The 
modelling performance of predictive models was evaluated by accuracy, sensitivity, specificity, F1 score, 
Kappa, Matthews correlation coefficient (MCC), Area under the curve (AUC). Using decision curve 
analysis (DCA) and clinical impact curves, predictive models to evaluate the best clinical benefits. 
Results: The results of this study showed that risk factors for recurrence are related to lifestyle, genetics, 
environmental factors, and the use of anti-cancer therapy. Unlike traditional regression model analysis, 
the risk factor analysis by machine learning methods used in our study could deal with the existence 
of complex interactions between different predictor variables. Furthermore, these results suggest that 
effective identification of treatment-associated factors that increase the risk of recurrence is a growing 
concern for cancer survivors.
Conclusion: The results of this study can be used as a reference for clinicians to assist in clinical decision 
making and provide maximum clinical benefit to patients.
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1. Introduction One of the most difficult problems for cancer 
survivors is recurrence. The number of cases of 
rectal cancer was the seventh most common cancer 
in the world (IARC) (1), (2). However, despite 
advances in treatment technology, recurrent events 
remain a critical clinical problem for survivors 
of rectal cancer (3). In the past, survival has been 
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a priority in the clinical management of rectal 
cancer. Due to advances in treatment methods, 
periodic events have become a key problem in 
risk management. Consequently, the ability to 
conduct integrated analyses from an empirical 
medical point of view is currently an important 
issue in the prevention and treatment of recurrence 
in rectal cancer survivors. Manfredi et al. (2001) 
found that the stage at which the disease was 
diagnosed played an important role (4). Asoglu et 
al. In 2007, CEA levels and overall survival (p = 
0.004) had a significant correlation (5). Chen et al. 
(2009) investigated the correlation between clinical 
pathological factors and rectal recurrence (6). In 
recent years, the use of machine learning technology 
in the clinical analysis of evidence-based medicine 
has become increasingly important (7). The purpose 
of this study was to identify important risk factors 
for cancer from the rectal cancer registry database, 
evaluate the prediction models developed for 
different factors and analyse clinical characteristics. 
Analysis of clinical features is essential for the 
development of strategies for the prevention and 
treatment of recurrence.

2. Materials and Methods

2.1. Study design
The study used cancer registration data from six 

hospitals between 2011 and 2020. Rectal cancer data 
sets include Chang Guang Medical Hospital (5,725), 
Chung Shan University Medical Hospital (259), 
Taichung Tzu Chi Hospital (118), Far East Memorial 
Hospital (221), Jen-Ai Hospital (192), and Chi Mei 
Medical Center (715). Between 2011 and 2020, 
Taiwan has 7,230 hospital-based cancer registry 
records. All data were collected according to the 
following criteria: (1) Primary location of rectal 
cancer, (2) hospital treatment. The exclusion criteria 
were: (1) cases that were never free of disease, (2) 
incomplete records of variable data. To ensure data 
quality, we include conditions as criteria for data 
cleaning. With the exception of data that are not the 
first repeats and incomplete records in variable data, 
3827 cases have been excluded.

2.2. Analytical methods

In this study, the models are used as prediction 
models and are used to classify important risk 
factors based on their importance. Breiman (1984) 
proposed the CART algorithm. It can be used to 
solve various problems, such as classification and 
regression. This method uses a binary partition rule 
to summarise and analyze data sets with a large 
number of complex variables. CART algorithms 
classify data into a tree-like process with roots, 
nodes, and leaves. It is a widely used method to learn 
decision trees. The C4.5 algorithm was proposed 
in 1992 and the ID3 algorithm was proposed by 
Quinlan in 1986 (8, 9). The core of the ID3 algorithm 
is to use the information gain criterion to select the 
characteristics of each node in the decision tree and 
to construct the decision tree recursively. C4.5 will 
reflect the training sequence and gradually form 
the tree structure of attribute variables based on the 
highest information-winning ratio. C5.0 is a method 
used to analyse large data sets, classify and analyze 
hidden data, and display useful data. This algorithm 
uses a decision tree and the method was obtained 
mainly from a training group using a recursive 
division and selection method. C5.0 improves some 
of the problems of C4.5. It is suitable for processing 
large data sets and uses Boosting to improve model 
accuracy. You can use algorithms to generate 
decision trees or rule sets. According to the C5.0 
model, the samples are classified according to their 
maximum information gain. The samples under the 
first classification are then reclassified according to 
different columns and the classification is repeated 
until no other samples are classified. Finally, the 
lowest classification level is reaffirmed, and sample 
subsets that do not contribute significantly to model 
values are cut.

In this study, prediction models were evaluated on 
the basis of accuracy, sensitivity, specificity, accuracy, 
F1 score, kappa, Matthew's correlation coefficient 
(MCC), curve area (AUC) and clinical impact curve. 
The performance of a machine learning algorithm is 
usually measured by its predictive accuracy. Precision 
measurement is the percentage of accurately predicted 
predictions in all classes. This study was conducted in 
the environment of the Weka software version 3.8.5 
and the R programming language software version 
4.1.3. The SMOTE method oversamples data sets to 
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solve the category imbalance problem. Data sets were 
divided into 70% of the training set and 30% of the 
testing set.

3. Results

The sample for the analysis of rectal cancer 
was 3,403 valid cases between 2011 and 2020, of 
which 497 (13.8%) were confirmed recurrences. 
The description of the population of recurrent rectal 
cancer samples and the results of the statistical 
analysis to predict the overall risk factors for 
recurrence are shown in Table 3.

Based on the literature of rectal cancer survivors 
and discussions with clinical experts, 16 risk factors 
were selected: sex, age at diagnosis, tumor size, 
regional lymph nodes examined, combine stage group, 
surgical margins of the primary site, radiotherapy, 
BMI (Body mass index), smoking behavior, betel nut 
chewing behavior, Alcohol use, carcinoembryonic 

antigen (CEA) lab value, carcinoembryonic antigen 
(CEA), obstruction, perforation, chemotherapy (Table 
1). The combined stage group is based on the clinical 
stage, or pathological stage depending on the status 
of the treatment. The coding criteria for the combine 
stage group are: (1) The clinical stage is used for 
patients who have surgery after neoadjuvant therapy, 
(2) the pathological stage is used for patients without 
neoadjuvant therapy and with surgery, (3) The clinical 
stage is used for patients without neoadjuvant therapy 
and without surgery.

To further validate the above statistical risk factor 
and check the results as an auxiliary illustration, 
the model of this study used CART, C4.5, RF and 
C5.0 to calculate the importance ranking of the 
risk factors, as shown in Table 2. This study also 
analyzed the ranking of important risk factors 
according to the average Borda count (Tseng et al., 
2017). In Table 2, the results of the three groups of 
data analysis for rectal cancer showed that the most 

Table 1. Predicted risk factors and coding content in this study

Risk Factors Coding Standards

Sex 1：Male 2：Female

Age at Diagnosis 1：< 65 years 2：≧65 years

Tumor Size 1：≦5cm 2：>5 cm

Regional Lymph Nodes Examined 1：No 2：Yes

Combine stage group 1：≦ 2 2：> 2

Surgical Margins of The Primary Site 1：Free 2：Non-free

Radiotherapy 1：No 2：Yes

BMI(Body mass index) 1：< 24 kg/m2 2：≧24 kg/m2

Smoking Behavior 1：No 2：Yes

Betel Nut Chewing Behavior 1：No 2：Yes

Alcohol use 1：No 2：Yes

Carcinoembryonic Antigen (CEA) Lab Value (ng/ml) 1：≦50 ng/ml 2：>50 ng/ml

Carcinoembryonic Antigen (CEA) 1：>Normal value 2：≦Normal value

Obstruction 1：Negative 2：Positive

Perforation 1：Negative 2：Positive

Chemotherapy 1：No 2：Yes

Recurrence 1：N 2：Y
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important risk factors were: overall stage, SSF1: 
CEA test value.

The results of the rectal cancer recurrence 
prediction are shown in Table 3, and the AUCs of 

the five prediction models are shown in Figure 1. In 
this study, the highest AUC value and accuracy for 
the overall recurrence prediction model was C5.0 
(0.8635).

Table 2. Predicting risk factors for recurrence by comparing four models

Rank CART C4.5 RF C5.0 Borda count
(Overall)

1
Surgical Margins
of The Primary
Site

Combine stage
group

Combine stage
group Sex Chemotherapy

2 Combine s tage 
group Chemotherapy Chemotherapy

Carcinoembryonic
Antigen (CEA)
Lab Value

Combine stage
group

3 Chemotherapy
Carcinoembryonic
Antigen (CEA) 
Lab Value

Carcinoembryonic
Antigen (CEA) 
Lab Value

Smoking Behavior
Carcinoembryonic
Antigen (CEA)
Lab Value

4
Carcinoembryonic
Antigen (CEA)
Lab Value

Carcinoembryonic
Antigen ( CEA)

Carcinoembryonic
Antigen ( CEA) Tumor Size

Surgical Margins
of The Primary
Site

5 Perforation Radiotherapy Radiotherapy Radiotherapy Regional Lymph
Nodes Examined

6 Carcinoembryonic
Antigen ( CEA)

Surgical Margins
of The Primary
Site

Surgical Margins
of The Primary
Site

Combine stage
group

Carcinoembryonic
Antigen ( CEA)

7 Regional Lymph
Nodes Examined Tumor Size Tumor Size Alcohol use Tumor Size

8 Radiotherapy Regional Lymph
Nodes Examined

Regional Lymph
Nodes Examined Age at Diagnosis Radiotherapy

9 Obstruction Obstruction Obstruction Chemotherapy Obstruction

10 Tumor Size Perforation Age at Diagnosis BMI Age at Diagnosis

11
Betel Nut
Chewing
Behavior

Smoking Behavior Smoking Behavior Obstruction Betel Nut
Chewing Behavior

12 Smoking
Behavior

Betel Nut
Chewing Behavior Alcohol use Regional Lymph

Nodes Examined Smoking Behavior

13 Alcohol use Alcohol use Sex Carcinoembryonic
Antigen ( CEA) Sex

14 Age at Diagnosis Age at Diagnosis Perforation Betel Nut Chewing
Behavior Perforation

15 Sex Sex BMI
Surgical Margins
of The Primary
Site

Alcohol use

16 BMI BMI Betel Nut Chewing
Behavior Perforation BMI
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4. Discussions

The purpose of this study was to identify 
important disease risk factors from the rectal 
cancer registry database, evaluate the prediction 
models developed for different factors, and 
analyze clinical features. Based on the result 
of data analysis, risk factors for recurrence are 
related to lifestyle, genetics, environmental 
factors, and the use of anti-cancer therapy, which 
are the most important risk factors in this study. 
The results of this study show that chemotherapy 
is the same as Chin et al. (2020) and Ting et al. 
(2020). Lifestyle (betel-nut chewing behavior, 
betel-nut chewing behavior, smoking behavior) 
and BMI are impor tant factors that  af fect 

recurrence prediction, the same result as Chin 
and others. (2020). In comparison with Yu et al. 
(2022), the group of combined stages is the most 
important risk to predict recurrence, and primary 
site and tumor surgical margins are the same 
important risk factors as Ting et al. (2020)

Different from traditional regression model 
analysis, the risk factor analysis by machine learning 
methods used in our study could deal with the 
existence of complex interactions between different 
predictor variables. The identification of treatment 
related-factors that increase the risk of developing 
recurrence is of growing concern for cancer survivor 
surveillance and management.

5. Conclusion

The results of this study indicate that tumor 
size, regional lymph nodes examined, combine 
stage group, surgical margins of the primary site, 
radiotherapy, chemotherapy, carcinoembryonic 
antigen (CEA) lab value, carcinoembryonic antigen 
(CEA), Obstruction, and perforation were all risk 
factors for recurrence of rectal cancer survivors. 
These f indings may be helpful in developing 
effective prevention and surveillance programs for 
high-risk rectal cancer survivors during their follow-
up. Additionally, multi-institutional data from rectal 
cancer survivors provided authentic hospital-based 
cancer registry records and pathology data for this 
study. Real-world medical datasets usually have 
class imbalance problems, which are composed of 
a larger number of normal instances and a smaller 
number of abnormal ones. In the future, a more 
advanced approach can be taken to address this issue 
of class imbalance. Furthermore, future research 
can suggest incorporating more personalised patient 

Table 3. The performance evaluation results of recurrence predictive models

Method Accuracy Sensitivity Specificity F1 score MCC Precision Kappa AUC

C5.0 0.8128 0.8409 0.7720 0.7707 0.6125 0.7694 0.6125 0.8635

RF 0.7928 0.8409 0.7230 0.7398 0.5683 0.7575 0.5679 0.8507

C4.5 0.7880 0.7886 0.7872 0.7516 0.5692 0.7191 0.5674 0.8390

CART 0.7832 0.8153 0.7365 0.7346 0.5514 0.7328 0.8153 0.8293

Figure 1. ROC (Receiver Operating Characteristic) Curves
for recurrence in overall rectal cancer
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characteristics for further analysis.
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