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Predictive Factors of Advanced Colonic Adenomas and Cancer 
Using Data Mining
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INTRODUCTION
In 2018, among all cancers, colorectal cancer (CRC) was the 3rd most common 

cancer and the second leading cause of death worldwide. 1 According to the 
GOLOBOCAN 2018, CRC is also the 3rd common neoplasm with mostly 
10000 new cases per year in Iran.2 Early diagnosis of CRC is very important 
for better survival and effective treatment of the disease.3 Family history of CRC 
has been reported to be an important risk factor for CRC development.4 It is 
recommended that first degree relatives (FDRs) of patients with CRC undergo 
screening colonoscopy starting at age of 40 or 10 years before the diagnosis 
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Original Article

ABSTRACT

BACKGROUND
Colorectal cancer is the third common cancer in Iran. In this study we aimed to identify factors 

associated with the prevalence of advanced colonic neoplasms among a high-risk population.

METHODS
Participants were 474 first degree relatives of patients with colon cancer who underwent a 

screening colonoscopy at Digestive Disease Research Institute, Shariati Hospital affiliated to Tehran 
University of Medical Sciences. Features examined in this study were age, sex, body mass index, 
Aspirin use, smoking, and relationship type with patients with cancer in family. Also, patient’s age 
at the time of cancer diagnosis, number and sex of the patients with colon cancer in the family 
were assessed. Data analysis was performed by data mining methods using K-Medoid clustering 
and decision tree C4.5.

RESULTS
Results showed that female sex of the patients with colon cancer and their young age (< 60 

years old) at the time of cancer diagnosis were important predictive factors for the prevalence of 
colorectal advanced neoplasms among their family members.

CONCLUSION
Data mining methods were found to be applicable in recognizing predictive factors of colorectal 

advanced neoplasms in each cluster and tree.
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age of the index patient in their family.5,6

Several factors are known to be associated with CRC 
such as genetics7 and environmental elements e.g., air 
pollution, nutrition,8 smoking,9 and obesity.10 As the 
number of potential risk factors of CRC increases, the 
number of all possible variable combinations that might 
explain the prevalence of colorectal advanced neoplasms 
will increase significantly. Therefore, it would be 
challenging to comprise all of these candidate combinations 
in a single statistical model. This is particularly right 
when the research question exhausts theory and becomes 
non-hypothesis driven; establishing a statistical model 
for testing becomes time consuming. However, strate-
gies have appeared that may help identification of item 
sets, collections of variables that are relevant for specific 
populations and are easily used in practice settings.11

Recently new techniques such as data mining have 
discovered the hidden knowledge from massive datasets. 
Data mining is a knowledge discovery tool and is used in 
information analysis. This approach might be useful for 
anticipation, classification, and discerning relationships 
between factors.12 These extracted data would be helpful 
for prevention, treatment, or improving patients’ care.3 
Depending on data types, different data mining tech-
niques have been used. In this area, data mining has been 
used for many studies, such as identifying CRC contrib-
uting factors just by considering lifestyle without family 
history consideration that used integrative data mining 
and regression.11 Also, another study demonstrated the use 
of classification for CRC diagnosis by genes.7 Further-
more, by using the Bayesian approach and regression, 
one study showed the relation between living in a polluted 
and industrial environment and CRC death rate.13 Another 
important factor is nutrition that a study evaluated the 
impact of food on CRC treatment by SVM (Support 
Vector Machines) and KNN (K Nearest Neighbors).8 In 
this study, we used K-Medoid, which is one of the cluster-
ing methods, to identify different clusters and then applied 
C4.5 tree on each cluster to extract the important factors 
associated with the prevalence of colorectal advanced 
neoplasms.

MATERIALS AND METHODS
In this study we used the data of a screening study 

conducted in the Digestive Disease Research Institute 

(DDRI) affiliated to Tehran University of Medical 
Sciences. Data were collected from 474 participants 
who underwent a screening colonoscopy in Shariati 
Hospital and had at least one patient with CRC among 
their immediate family members. Our dataset consisted 
of age, sex, body mass index (BMI), Aspirin usage, 
smoking, relationship with patient in the family (parent or 
sibling), number of patients in the family, age of the 
patient with CRC in the family at the time of diagnosis, and 
sex of the patient with CRC in the family. Outcome 
variable was the prevalence of colorectal advanced 
neoplasms among the family members.

Data mining is a knowledge discovery tool.12 Specifi-
cally, in this study we used the Crisp methodology to 
implement data mining techniques on the dataset of 
the study. Crisp-DM is a cross-industry standard process 
for data mining, which is popular among industry members. 
This cycle process contains six steps: business under-
standing, data understanding, data preparation, data 
modeling, evaluation, and deployment. These steps 
are not identical for every process and any step may 
be non-essential for empirical analysis in a scientific 
study. Crisp-DM has provided a good framework for 
data mining.14 Business understanding in this study 
means the necessity of using data mining in this area. 
By using data mining, higher accuracy is achievable 
for recognition of factors related to the incidence of 
illnesses. In the data understanding phase, the features 
of data are examined and it is necessary to understand 
the range and type of data presented. In this study, 
some features such as BMI, number of patients with 
CRC in family, participant’s age, and patient’s age 
at the time of diagnosis of CRC were numerical and 
other attributes i.e., sex, smoking, Aspirin usage, type of 
relationship with the patients with CRC, and the detection 
of colonic cancers or neoplasms were nominal variables.

In the preparation data phase, data are changed to be 
suitable for data processing so the numerical data are 
discretized and an empty record filled with ‘no data’, 
which were just in the BMI attribute. Sex has had an 
important role to play in this disease,11 therefore, data 
of female and male participants were analyzed separately. 
In the data modeling phase, data were first clustered using 
K-Medoid. Prominent features of clusters should be de-
scribed since details of each cluster is notable for better 
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results understanding of implemented trees on each cluster 
in the next step. This technique is an unsupervised method 
and puts similar data in a cluster. Data differences among 
clusters must be great.15

After this, decision tree C4.5 was implemented on 
each cluster to show the effective factors of cancer 
incidence in each cluster separately. Decision tree is 
a classification method. Classification is a supervised 
method, which means learning a function to put data in 
predefined class.16 One of the most popular classification 
methods is decision tree and in every decision tree a sample 
is examined from the first node to the last one. Sample in 
each node is examined in regards to the separation rule and 
if it is true in a rule directed to the next node. This 
approach is continued until no node left.17

In the evaluation step, the model must be examined. 
Davies-Bouldin is an evaluation method for clusters and 
its aim is measuring inner cluster similarities and between 
clusters dissimilarities. If µi is the mean of a cluster:

And if σμi is the average deviation of a cluster mean:

Then Davies-Bouldin measure for the cluster Ci 
and Cj would be like this:

Smaller amount of Davies-Bouldin would be preferable 
because the lower amount of Davies-Bouldin measure 
means that there is more similarities in each cluster and 
more dissimilarities between two different clusters.18 For 
decision tree evaluation, F-measure has been used. This 
method is the combination of recall and precision. Preci-
sion is positive predictive value that is the fraction of 
relevant instances among the retrieved instances. Recall 
(also known as sensitivity) is the fraction of relevant in-
stances that have been retrieved over the total amount of 
relevant instances. F-measure is a better measure than 
precision and recall and only has upper value when both 

of them are high.19

f-measure = 2 ((prec × rec) / (prec + rec))
Deployment will be depending on the result, if the results 

were useful, it would be used in health care for precaution.

RESULTS
table 1 illustrates information about clusters in both 

sexes. Each row represents factors that have been processed 
and each column demonstrates different values of each 
factor. First cluster of men contains more than 40% of 
all male participants and first cluster of women covers 
more than 50% of female members. More precise informa-
tion about clusters will be presented in the following.

After clustering, according to the lowest values of 
Davies-Bouldin measure, the best number of clusters for 
male participants was 4 and this measure was 0.066 in 
this respect. Moreover, the best number of clusters for 
female participants was 3 and Davies-Bouldin measure 
was 0.061. 

Repeated pattern was seen in some clusters. Factors 
such as having young patient with CRC (less than 60 
years old at the time of diagnosis of CRC) and female 
patient with CRC in family were associated with the 
prevalence of colorectal advanced neoplasms. This pattern 
was also observed in the second and fourth male clusters 
and the first female cluster of the participants. One of 
the eminent features of these clusters was the younger 
age of participants (mostly under 50 years old). Having 
young patient with CRC (< 60 years old) also was an im-
portant factor for the prevalence of colorectal advanced 
neoplasms among participants in the second and third fe-
male’s clusters. Besides, having one female patient with 
CRC in the family was associated with the prevalence of 
colorectal advanced neoplasms in the third male partici-
pant’s cluster who were mostly under 50 years old.

Having young patient with CRC (under 60 years old 
at the time of diagnosis of CRC) and female patient with 
CRC in family were associated with the prevalence of 
colorectal advanced neoplasms in some clusters that 
they are described below. In the second male’s cluster, 
91% were younger than 50 years old, 87% had a male 
patient with CRC in their family, 65% had a young patient 
with CRC in family (under 60 years old at the time of 
diagnosis of CRC). F-measure for decision tree in this 
cluster was 89.66%.
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In the fourth male’s cluster, 83% of the participants 
reported having one patient with CRC, 100% were 
younger than 50 years old, 81% had a female patient 
with  CRC in their family, 81% has a young patient with 
CRC in family (under 60 years old at the time of diagnosis 
of CRC), and 70% had ill parent. F-measure for decision 
tree in this cluster was 84.85%.

In the first female’s cluster, 87% of the participants 
reported having one patient with CRC, 82% were younger 
than 50 years old, 77% had a young patient with CRC 
in family (under 60 years old at the time of diagnosis of 
CRC), and 66% of the relationships with patient in the 
family were being sibling. F-measure for decision tree in this 
cluster was 70.03%. Having one female patient with CRC in 
the family was associated with the prevalence of colorectal 
advanced neoplasms in the third male participant’s cluster.

In this cluster, 89% of the participants reported having 

one patient with CRC in the family, 67% had a female 
patient with CRC in their family, 80% has an old patient 
with CRC in the family (over 60 years old at the time of 
diagnosis of CRC), 66% of relationships with patients 
in the family were parenting, and 85% had high BMI, 
which was more than 25. F-measure for decision tree in 
this cluster was 88.24%.

Having young CRC patient (< 60 years old) also was an 
important factor for the prevalence of colorectal advanced 
neoplasms among the participants in the 2nd and 3rd female 
clusters. In the second female’s cluster, 67% had one patient 
with CRC, 87% were younger than 50 years old, 80% 
had a female patient with CRC in their family, 70% had 
a young patient with CRC in the family (under 60 years 
old at the time of diagnosis of CRC), 75% had ill parent, 
and 86% was overweight. F-measure for decision tree 
in this cluster was 85.45%. In the third female’s cluster, 

Table 1: Characteristics of the clusters data

Male (n = 224) Female (n = 250) 

Attributes Value Total, n (%) cluster.1 cluster 2 cluster 3 cluster 4 cluster 1 cluster 2 cluster

Screened family 
members 474 (100) 90 23 64 47 123 67 60

Age of screened 
 participants

age < 50 290 (61) 28 21 32 47 101 58 3

age >= 50 184 (39) 62 2 32 0 22 9 57

Smoking
No   399 (84) 76 15 31 37 116 66 58

Yes 75 (16) 14 8 33 10 7 1 2

Aspirin use
No   426 (90) 73 19 57 46 114 64 53

Yes 48 (10) 17 4 7 1 9 3 7

No. of patients with 
CRC in family

1 367 (79) 70 6 57 39 107 45 43

2 52 (10) 16 4 3 4 5 8 12

3 38 (8) 2 7 3 4 7 12 3

4 17 (3) 2 6 1 0 4 2 2

Sex of patients with 
CRC 

Female 286 (60) 31 3 43 38 58 55 58

Male 188 (40) 59 20 21 9 65 12 2

Age at the time of 
diagnosis of CRC 

age >= 60 141 (30) 10 8 51 9 28 20 15

age < 60 333 (70) 80 15 13 38 95 47 45

Type of relationship 
with the CRC patients

Parenting 202 (43) 10 13 42 33 42 50 12

Sibling 272 (57) 80 10 22 14 81 17 48

Body mass index 

BMI >= 25 259 (55) 37 12 55 12 41 57 45

BMI < 25 128 (27) 21 10 9 30 52 5 1

no data 87 (18) 32 1 0 5 30 5 14

Colonic advanced 
neoplasms in screened 
members

 63 (13) 19 10 7 4 9 4 10

CRC: Colorectal cancer
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72% of the participants reported having one patient with 
CRC, 95% were older than 50 years old, 97% had a female 
patient with CRC in their family, 75% had a young patient 
with CRC in the family (under 60 years old at the time 
of diagnosis of CRC), 80% had ill sibling, and 75% was 
overweight. F-measure for decision tree in this cluster 
was 62.34%.

Overall, having a young patient with CRC in the fam-
ily (under 60 years old at the time of diagnosis of CRC) 
was seen in two cluster. Having a young patient with 
CRC in the family and a female patient with CRC in the 
family of study participants concurrently were observed 
in three clusters. That is, having a young patient with 
CRC in the family was common in five out of the seven 
clusters and also having a female patient with CRC was 
recorded in four out of the seven clusters. 

Figure 1 illustrates the decision tree implemented on 
the fourth cluster of male participants, as an example. 
We can see the impact of having a female patient with 

CRC and younger CRC patient, and having one or two 
patients with CRC in the family, and smoking on the 
prevalence of colorectal advanced neoplasms among 
screened participants. However, other features shown in 
these trees that were implemented on clusters such as 
smoking, high BMI (the BMI that was more than 25) 
and having more than two patients with CRC in the fam-
ily were not common in most of the trees.

DISCUSSION
While it is vital to discover a wide-ranging of variables 

that are theoretically linked to CRC, it is also essential 
to identify a small number of critical variables that can 
be effectively addressed while advising patients, who 
have familial history, about CRC precaution. The current 
findings confirm the importance of some issues currently 
assessed and examined in the empirical literature.20,21 
Having more than one patient with CRC in family, hav-
ing under 60 years old patient in family, 21,22 and female 

196

Fig.1: Decision tree of the fourth cluster of male participants

Patient's gender

Male

Number of patients with colon cancer in family

Have Colon Cancer and avvanced adenomaHave colon cancer and advanced adenoma

Female Normal

Pationt's age at CRC diagnosis Age>=60

Normal

Age<60

1 2 3

Smoking

No Normal

Yes

Normal
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sex of CRC patients in family are associated with the 
prevalence of advanced colonic neoplasms in partici-
pants. Smoking, also, was recognized as an important 
factor for advanced colonic neoplasms in male clusters 
and this result also admitted in study of Lee et al and Li 
et al. 23,24 Furthermore, obesity was cited by Liu et al. 
25 as a risk factor  and this study achieved reported this 
factor as well. The effect of obesity on the incidence of 
CRC was mentioned in study results of Bardou et al. 10 
Many people who anticipated to have cancer were under 
50 years old and it seems that age of presenting cancer 
is declining, and this result admitted in paper of Smith 
et al. 26 However, it has been shown in few clusters that 
old people are on the verge of cancer. People who are 
older than 50 are at the risk of this disease, which is also 
declared in paper of Smith et al. 26

In addition, using data mining techniques showed 
more than 80% accuracy, which was so similar to other 
data mining studies 27,28 and it should be noticed that 
this measures are based on the data has been use. 29

The novelty of this study is using data mining techniques 
in this area in Iran with high accuracy, and introducing the 
impact of patient’s sex in family on cancer incidence. 
Research is needed to determine the impact of other 
factors like life style and behavioral factors, which also 
might be important on CRC. Therefore, studying nutrition, 
cancer screening test attendance, and physical activity 
are suggested for future studies. Moreover, additional 
research is required to determine the importance of having 
a second degree family members with CRC to understand 
the effect of having patient in wider range in family in 
Iran like what that was done in paper of Chau et al. 30 
Finally, researchers should attempt to identify specific 
health education for precaution of this disease.
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