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Abstract. Data clustering tools can uncover new knowledge to be used in cancer diagnosis and
treatment. In this study, we proposed a novel method to cluster records of a relation. First, we
designed an algorithm that calculates the similarity between record pairs of the relation, and then
this similarity measure was used to generate a network corresponding to the relation. Finally, we
used a Network science technique to detect clusters of records from the network and extract
insights from the clusters. Applying the method to mine a cancer-screening dataset at the
Vietnam Central Cancer Hospital with over 177,000 records, we have discovered several new
cancer laws in Viet Nam, which contribute to cancer detection and treatment support. It is
disclosed from these cancer rules that some types of cancer run in certain family lines and living
places in Viet Nam. Clustering a relation by Network science approach can be a good choice for
mining large-scale relational data.
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1. INTRODUCTION

As a country in Southeast Asia and having a diverse human genome, Viet Nam is in the
third group of countries with a relatively high rate of cancer and mortality, ranking 91 out of 185
countries and territories with an ASR (age-standardised rate) of 159.7 / 100,000 people
according to the International Agency for Research on Cancer (2020) [1, 2]. Along with the
growth of cancer globally, the number of cancer patients in Viet Nam has also increased
exponentially with all ages, occupations, and social classes. According to many researchers, the
cancer rate in Viet Nam will increase significantly in the coming years [3 - 6]. Cancer is one of
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the most dangerous diseases, directly affecting life and standing only behind cardiovascular
diseases [7 - 9]. The rules of cancer are very diverse, possibly due to the genetic or
environmental factors [10 - 12]. Indeed, several recent studies have shown that certain biomarker
genes are responsible for the origin of many cancers in the presence of genetic mutations [13,
14]. During an analysis process of cancer cell signaling pathways, it was found that if a lung cell
had a mutation of the KRAS, EGFR, or ERBB2 genes, it would lead to non-small cell lung
cancer. Moreover, the COL4A1 gene mutation is often found in small-cell lung cancer [15].
Besides genetics, environmental factors such as tobacco smoke, alcohol [16 - 19], water
pollution [20 - 22], unsafe food [23, 24], and air pollution [25, 26] have also been fully reported
as cancer cause. In addition, bad living habits sometimes have a bad effect [27, 28]. For
example, a higher risk of stomach cancer is often related to a diet with high sodium nitrate [29,
30]. Likewise, certain types of digestive system cancers can be caused by consuming
inappropriate foods [31 - 33]. To contribute to the fight against cancer, traditional data analysis
tools such as SAS, SPSS, STATA, and R are often used to extract and retrieve insights from
cancer datasets [2, 34 - 36]. One of the most popular analytical methods integrated inside these
tools for data mining is clustering algorithms. Determining a suitable clustering algorithm will
directly affect the clustering results. K-means is a famous data-clustering algorithm that is often
deployed in various cases [37 - 40]. However, the standard K-means has certain shortcomings,
such as the requirement to determine in advance the number of K-clusters [41] and to compute
the distance between objects of each data as well as all cluster centers in each iteration, which
result in low levels of clustering efficiency [42].

Table 1. Cancer screening data.

ID | Family | Age | Sex | Address Top | Diagnosis Conclusion

Infiltrative  papillary  carcinoma.
1631 Le 41 1 |Thanh Hoa| C50.9 | K Breasts |Ipsilateral —axillary lymph node
hyperplasia (8 lymph nodes)

Chronic inflammation of the cervix.

1625 |Nguyen| 46 | 1 | HaNam | C53.9 | polyp Fibrocystic polyps

1630 | Nhu 74 2 HaNoi | C77.9 TUberSCUIOS' Necrotizing inflammatory organization
Infiltrative squamous cell carcinoma,
1637 [Nguyen| 36 1 | Quang Tri| C02.9 K grade IV. Cervical lymph node

metastasis

In this study, we show a network approach clustering method that overcomes the
limitations of the algorithms used hitherto for clustering cancer screening datasets. We exploited
a 7-attribute relation containing cancer-screening test information at K-Hospital, Viet Nam.
After pre-processing this relation, we built a weighted undirected graph (network), where each
node was a tuple, and each edge and weight represent the similarity between two tuples. Two
nodes were connected if their similarity is not below than a given threshold a where a was
determined by experimental observation. Applying the maximum network modularity algorithm
on the graph, we discovered network modules that were so-called clusters which share common
values of attributes. From these clusters, we extracted novel cancer laws, providing important
support for the prevention, detection, and treatment of cancer patients in Viet Nam.
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Figure 1. Network model of Viet Nam map: the graph has 66 nodes (63 provinces and 12 district islands)
and 128 edges, where each node represents a province/city and each edge indicates the border between
two provinces.

2. MATERIALS AND METHODS
2.1. Cancer screening data

The dataset was gathered from the record-keeping software about patients who took
treatment at K-Hospital (Vietham National Cancer Hospital) in Ha Noi from February 2009 to
June 2014. After analyzing and synthesizing the data system, initial relation R1 with 177,565
patient records and 15 attributes was obtained. Due to the patient's privacy, the patient's given
name was trimmed. The analysis removed invalid data sets and attributes for 27 northern
provinces of Viet Nam and normalized three attributes containing text data types and
inconsistent information such as Last name, Address, and Conclusion, and the intermediate
relation R2 (see Table 1) was obtained among 122,379 records, described by 07 attributes. Next,
we selected the set of conclusions containing the keywords {K, cancer, carcinoma, malignant,
metastatic lymph nodes, melanoma} from the R2 dataset and obtained cancer relation R
consisting of 43,629 modeled records. described by attributes such as ID, Family, Age, Sex,
Address, Conclusion, Topological (Top) — location, and type of cancer in the patient's body. The
Topological (Top) records were encrypted according to the structure CXY.z, where C stands for
cancer, XY for cancer type, z is the id for the exact area of cancer (for example, C50.9 means
malignant breast cancer), and the value of XY .z was taken.
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2.2. Standardized text data

Text data type fields such as Address, Family, and Conclusion typically contain extra or
special characters. To clean the data (the cleaner the data, the better the analysis), special
characters such as “.”, “,” , “1”, @ must be removed from the relation. In addition, we removed
the extra words (stop-words) in the sentence such as that, then, is, how, well, maybe, yes, yeah.
These words were duplicated multiple times in the text and did not make sense. We
implemented the text data normalization algorithm as follows:

Algorithm 1. Standardized text data

1 function [s] Standardize_Text(t) // tis the text string to normalize
2 begin

3 St

4 convert s to lower letter

5 for each string in the array s
6 remove character in s by regex “/\\\W”"" ():;+-=|] 7
7 end for

8 a « read a file containing stop-words

9 for each string in the array s

10 remove words in array s, which appear in the array a
11 end for

12 return s // s is the standardized text string

13 end

2.3. Digitizing the conclusion field data pair into vector pair

Doctors’ conclusions regarding their patients’ conditions was described in the field
Conclusion. Bag-of-Words (BoW) algorithm was utilized to digitize a pair of strings using their
semantic similarity. BoW is an algorithm in natural language processing to classify text. The
idea of BoW is to separate and group text according to the “Bag of Words”.

Algorithm 2. Digitize the conclusion field data pair into vector pair
1 function [a, b] Bow(Conclusionl, Conclusion2)
/I Input: Conclusionl, Conclusion2 as two strings
// Output: Two corresponding vectors
begin
A = words in Conclusionl;

B = words in Conclusion2;
C = A U B; //Disjoint union
Vector_a = the number of occurrences of each element of C in A;
Vector_b = the number of occurrences of each element of C in B;
return a, b;

end

© 00N OO O A WDN
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Algorithm 3. Create a BFS matrix representing distance value between pairs of provinces.

1 | function [BFS] BFS(G(V,E))
/I Input: G is the graph, V is the set of vertices, E is the set of edges
/[Output: Matrix BFS,,, to store the distance value between provinces

2 | begin

3 for (start«0; start<|V|; start++;)

4 checkedList « new Boolean();

5 Set all nodes to “not visited”

6 queue « new LinkedList() ;

7 linkList «— new LinkedList();

8 checkedList[start] « true;

9 pair « new Pair(start ,1);

10 queue. enqueue(pair);

11 while queue is not empty do

12 pair « queue. dequeue();

13 BFS [start][pair.vertex] « pair.value;

14 i « linkList[pair.vertex];

15 while every edge (i,x) e E do

16 if (x has not been approved) then

17 checkedList[x] ¢« true;

18 P « new Pair(x, pair.value + 1);

19 queue. enqueue(p);

20 end if

21 end while

22 end while

23 end for

24 return BFS; //The BFS is a matrix that represents distance between provinces

25 | end

With the new test data, we tried to find out how many occurrences of each word of the test data
appears in the “bag”. The algorithm is presented in Algorithm 2.

2.4. Building the distance matrix of provinces

Addresses represents the names of regions in a geographic map and are stored as a text-
based data type. To vectorize this, we sorted the names of the places alphabetically and assigned a
number between [1..n] based on the first letter of the place, where n is the number of places
(Table S1 in supplementary file). Next, based on the principle that adjacent provinces are linked
together, and each province is only connected once, we made a list of contiguous provinces
according to geographical factors. For example, Phu Tho, Vinh Phuc, Thai Nguyen, Bac Giang,
Bac Ninh, Hung yen, Ha Nam, and Hoa Binh provinces are adjacent to Ha Noi. Based on the
data, the Cytoscape tool (cytoscape.org) was utilized to visualize the province-linked network
model in Viet Nam, as displayed in Figure 1. Next, the Breadth-First-Search (BFS) was enhanced
to traverse a network of n vertices/provinces by width, thus computing and assigning distance
value between pairs of provinces (see Algorithm 3). Then we created a BFS,,, symmetry matrix,
in which the BFSJ[i, j] denotes the distance value between pairs of provinces “i” and “j”.
Specifically, the BFSgs.e3 matrix that indicates the distance value between pairs of provinces in
Viet Nam was built by Algorithm 3.
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3. RESULTS AND DISCUSSION
3.1. A novel network construction algorithm

In this section, a novel algorithm was proposed to compute the similarity between pair
records of a relation R. After the process of encoding the pair of data records, the algorithm
applied Euclidean measurements to calculate the distance between vector pairs. Euclidean
measurement has been used commonly in network-clustering studies [43 - 47]. The details of the
algorithm for computing the similarity are represented as follows:

Algorithm 4. Computation of the similarity of two records

1 function [similarity] Similarity(a, b <R)
/Nnput: Two records a,bc R (Ay, A, ..., 4)) where A; (i = 1..n) is specified in one of the
following data types: Label, Address, Text and Number.
/[ Output: Similarity of a pair of records a, b

2 begin
3 X = [x1,%2,X3,... Xp]
4 Y =1y Yz Yal
1, irypeor(ali]) € {Label, Address}
5 X; = a[i]x iftypeof(a[i]):Number
BOW(a[l] b[]) [0]' iftypeof(a[i])=Text
yifbll]=all .
( [0’ lfbfb] ] [ g ] typeof(b [l])=Label
6 yi = [l]; 1ftypeof(b[ ])—Number
I BFS(a[ ] b[l])nftypeof(b[ D—Address
BoW (a[i], b[i])[1], it ypeof(D[i])-rext
d=(—x)?+ 2 — %)% +... + (¥ — %)%
similarity(a,b) = ﬁ;
end if
10 return similarity(a,b);
11 end

Example 1. We consider a pair of records as follows:

a ={nguyen, 39, 2, 24, 77.9, Squamous cancer invades degree ii};

b = {nguyen, 38, 1, 24, 77.9, Squamous cancer invades}

Applying the algorithm, we have similarity(a,b) = 0.333
The algorithm that computes the similarity between two records was used to create the network
from a relation as follows.

Algorithm 5. Network construction

1 function [G] NetworkConstruction(R (Ay, A,, ..., 4,), a<[0,1])
Hnput: + R (A, A,, ..., Ay) is arelation;
I + a is the threshold
/[Output: Relation with two attributes {Start, End}
represents the network
2 Begin
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3 G «new Relation(Start, End)

4 foreachainR

5 foreachbinR

6 t « Similarity(a,b)

7 if(t=0)

8 G« Gu(a,b)
9 end for

10 end for

11 return G

12 end

3.2. The network built from the cancer relation

In order to detect clusters in the network, Algorithm 5 was applied to the cancer relation R
(ID, Family, Age, Sex, Address, Top, Conclusion), which includes 43,629 records. To identify
the pairs with the highest or greatest similarities conforming to a particular criterion, a threshold a
was selected. In this research, the threshold a was evaluated so that the clustering purpose was
achieved according to the criteria ensuring that the scale-free characteristic of the network and
pairs of records in each cluster overlapped at the level of 03 properties, equivalent to 50 % of the
analyzed attributes.

From examining the o values of record pairs in Table 2, we found that a threshold of 0.333
is suitable for the study. In other words, we reduced the number of pairs of similar levels to
[0.333; 1] and obtained a G graph with 19,966 nodes and 68,213 edges. This was visualized by
the Cytoscape software (Figure 2).

3.3. The clustering technigue using network modularity optimization

Regarding detection of record/object clusters, the above complex was created where a
record was represented by each node, and an edge was connected to two nodes if their similarity
was higher than a given threshold a, specified by experimental observation. After the network
was formed, modules (clusters) within the network were detected by the network modularity
described in [48]. The clusters include similar objects, and each cluster extracted each rule of
cancer. The network modularity function is described as follows:

1 kyk
Q= %ZUW[AUW - ;mw

SpSw+1

R )

Table 2. Investigating the similarity of records by a.

ID Family Age Sex Address Top A
607181 Mai 41 1 42 C50.9 1
607207 Mai 41 1 42 C50.9

121054649 Nguyen 39 1 24 C53.9 05
121058256 Nguyen 39 1 62 C53.9 ’

679 Mai 50 1 60 C50.9 0.414
1186516 nguyen 50 1 60 C50.9 ’

679 mai 50 1 60 C50.9 0.333
656740 hoang 50 1 63 C50.9 ’

The case oo = 0.333. Two records overlap at data level 03 attributes

1140



Identification of cancer rules in vietham by network modularity

Figure 2. Network G was created corresponding to threshold a = 0.333 and consisted of 19,966 nodes
and 68,213 edges where its architecture shows the scale-free property. The threshold was chosen from
the investigation illustrated in Table 2.

Assume: m is the number of links, n is the number of nodes, k, and k,, are the number of in-
/out- edges of nodes v and w; A, = 0 if there is no edge between v and w, otherwise A, = 1 if
there is an edge connecting v and w; S, and S,, divide the model into 2 clusters: S, = 1 if v
belongs to cluster 1, S, = -1 if v belongs to cluster 2. The domain of Q belongs to [0, 1], in which
the sum reaches 1 if modules clearly separate from each other, otherwise it reaches 0 if module
division is faint. Identification of maximum network modularity is a NP-hard problem.
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Therefore, the optimization algorithm has been enhanced to search the maximum modularity
function of random graph partitions from the result of running 100 times of the algorithm in
[49].

After the construction of the network, Cytospace was applied to extract the maximum
interconnected network components, specifically 15,499 nodes and 64,944 edges (Figure 2).
Finally, 49 modules (clusters) from the maximum connected network components were detected
by the module optimization algorithm, where the clusters contained similar record and each
cluster extracted each cancer rule. Based on the information from analyzing 49 clusters, the
conclusions are provided in the next section.
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Figure 3. Cancer screening data tested by Family name. A) The number of cancer cases tested by Family
name. The bar chart provides the cancer frequency by Family names while the Vietnamese population map
in 2020 is provided by the pie chart. B) Cancer rate tested by Family name. There is not much difference
between each family name in cancer rate with around 32 % of each, which Mai accounts for the highest rate
(34.26 %) while Truong and Ha account for the lowest rate (29.88 %).
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Figure 4. Cancer screening test data by Age.
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Figure 5. Cancer screening test data by Province.

3.4. Cancer rules

Firstly, the cancer screening test data was analyzed by the gender of people diagnosed with
cancer. Most of the cancer rates were breast cancer in women compared to prostate cancer in men
in Ha Noi. Regarding cancer rate, within 100 cases from each examination for both genders, it
was 36 % for women and 34.6 % for men, respectively. Thus, women should take measures to
improve their health to reduce the risk of cancer, such as eating healthier, consuming more
vegetables and fruits, as well as maintaining a healthier lifestyle [50 - 52].

Secondly, we examined the data of cancer screening test of people diagnosed with cancer
according to their family line (Figure 3). It is clear from Figure 3A that Nguyen, Tran, Pham and
Le are the family lines of the Kinh ethnic group with the most prominent cancer rates, the second,
third, and fourth highest corresponding to the proportion of the Vietnamese population map. As a
result, there is a consistency between two different data sources, increasing the quality of the
cancer screening test data. The Kinh is the largest ethnic group in Viet Nam, so the Kinh family
lines also account for the majority (about 95 % of the population of Viet Nam), leading to a
higher incidence and being affected by cancer and other diseases. In contrast, the family lines of
ethnic minorities often live in mountainous areas, with a fresh climate and low population
density, so they have very low rates of cancer. Figure 3B illustrates that although the number of
cancer cases by family line is different when it comes to the family line, the number of cases is
quite uniform, approximately 32 %. That shows that the probability of having cancer in the family
is not significantly different. Previous research results have also shown that some cancers can be
transmitted through genetic factors [11, 53 - 55].

Thirdly, Figure 4 illustrates the cancer screening test data by Age. We examined the age
group between 0 - 99, in which the youngest age that can be affected was 0 and the oldest age was
99. Specifically, in the working-age under 60 years old, the age group 45 - 59 has the highest
incidence. This is the oldest age group in the 3 working age groups, with weaker resistance and
weaker immune system because they are older, so cancer cells have the ability to activate and
spread quickly, creating favorable conditions for the development of cancer. Therefore, people in
this age group need to adjust their eating habits in a healthy and nutritious way [52, 56, 57] to
enhance the body's resistance as well as enhance individual immunity to cancer cells.
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Fourthly, the cancer screening test data was analyzed by Address. After the investigation
process, large provinces with large population and high population density are usually provinces
with high cancer incidence, which are favorable for medical examination and treatment at the
Vietnam Central Cancer Hospital. Dien Bien is the province with the highest cancer incidence in
the country (about 35.59 %) although the cancer screening rate in this province is not high. The
main cause may be due to over-exploitation of resources, leading to water pollution, increasing
the risk of cancer (Figure 5). Provinces such as Ha Noi, Bac Ninh, Hung Yen, Hai Duong, Hai
Phong, and Quang Ninh in the Red River Delta also have higher cancer rates than other regions.
These provinces have many developing industrial zones, dense population, air pollution, water
pollution, lack of trees, and unreasonable use of pesticides, all of which lead to a higher
probability of human-borne infectious diseases compared to the upland provinces. Therefore,
strictly controlling the discharges of industrial zones, limiting mineral exploitation, improving the
quality of domestic air and water resources, and using pesticides properly may reduce cancer risk
[20, 58 -62].
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Figure 6. Cancer screening test data by type. Cancer type by percentage (A). 11 popular cancer types (B).

Fifthly, we examined cancer screening test data by Top (Figure 6). The most common
cancer types were Breast cancer (C50.9) and cervix-uteri cancers (C53.9). The reason is due to
women's hormonal changes as well as their complex reproductive structure, leading to the
potential to produce cancer cells such as thyroid, breast, cervix, and ovary. Cancer groups C16.9
(stomach) and C34.9 (lung) were fairly common. The main reason is due to food safety and
hygiene, widespread consumption of alcoholic beverages and tobacco, and lack of labor
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protections in a dangerous working environment. Therefore, it is important to raise people’s
awareness of food safety and limit alcohol and tobacco consumption [63 - 67].

Finally, after examining the cancer screening test data, we drew the following conclusions:

1) Of the 100 cases tested by gender, 36 % and 34.6 % for women and men, respectively,
were positive for cancer.

Women from 28 to 55 years old, starting with the surname Nguyen, Tran, Pham, Le, Vu,
Bui, Hoang, and Do and living in the provinces of Ha Noi, Ninh Binh, Thai Binh, Hai Phong, Bac
Ninh, Hai Duong, Hung Yen had a high-risk incidence for C53.9 (cervix uteri), C50.9 (breast),
and C56.9 (ovarian).

Men between 50 and 61 years old, belonging to the Nguyen, Tran, and Pham families, living
in Ha Noi and Thai Binh had a high-risk incidence for C13.9 (hypopharynx).

2) The larger the family lines, the higher the number of people getting cancer effect. In
general, however, the rate of cancer correlating with family lines did not significantly differ
among the 100 cases indicated for evaluation of each family line. The Mai family line had the
highest rate (34.26 %), while the rates of the Truong and Ha families were the lowest (29.88%)

3) The majority of older people between the ages of 44 and 60 had the highest risk of cancer.

4) Provinces with high population density, such as Ha Noi, had a high number of cancer
cases. Dien Bien province had the highest rate compared to others, about 33.5 - 36 %. The other
provinces comprise 31 - 33 % out of the 100 people selected for the examination by province.

5) C37.9 (malignant renal) was the cancer with the highest rate (41.57%), followed by C48.0
(peritoneal) (38.23 %), and C17.9 (small intestine) (37.73 %). The lowest was C54.9 (malignant
neoplasm of the corpus uteri) (26.8 %). Generally speaking, these figures fluctuated above 30 %
of the 100 cancer screening tests for each type of cancer indicated (Figure 6A).

The common cancers in both men and women were the thyroid gland, lymph node,
nasopharynx, esophagus, stomach, bronchus, and lung.

The incidence of cancers such as thyroid gland, lymph node, and nasopharynx was higher in
women than in men. Meanwhile, the incidence of esophageal, stomach cancer, bronchus, and
lung cancers was higher in men than in women.

6) After analyzing 190 cancers in the dataset, 75 % of the total number of recorded cancers
belonged to 11 common cancer types, including breast, uterus, ovaries, liver, stomach, esophagus,
colon, kidney, thyroid, oropharynx, bone, skin, lung, rectum, bladder, and prostate (Figure 6B).

4. CONCLUSIONS

A seven-attribute relation containing cancer screening test information from K-Hospital
was exploited in this study. After the relation was pre-processed, we created a weighted
undirected graph (network), where each node included a record, and each edge and weight
represented the similarity between two data records. The discovery of novel cancer rules from
the clusters for a deeper understanding of the present cancer circumstance in Viet Nam has been
made after the application of complex network clustering to this weighted undirected graph
using the network modularity optimization algorithm. It is disclosed from these cancer rules that
some types of cancer run in certain family lines and living places in Viet Nam. The findings of
the study can be used to support cancer diagnosis and screening, as well as to assist doctors and
healthcare systems in making test orders based on patient data such as address, family, age
group, and sex. Besides promoting the quality of medical care, environment, and nutrition, a
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serious and transparent public investment in data collection to build an advanced data capacity
for analysis and prediction should be encouraged nationwide. It is shown from the study that
immediate action should be taken with appropriate policies for the prevention as well as
treatment of cancer patients. A comprehensive approach to tackling the problems caused by
cancer, together with the engagement of different collaborators, could be more complicated than
working within the healthcare system itself, but maybe the best choice for Viet Nam in the fight
against the disease.
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