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Abstract

Objective: To discuss the clinical and imaging diagnostic rules of peripheral lung cancer by data mining technique, and to ex-
plore new ideas in the diagnosis of peripheral lung cancer, and to obtain early-stage technology and knowledge support of comput-
er-aided detecting (CAD). Methods: 58 cases of peripheral lung cancer confirmed by clinical pathology were collected. The data
were imported into the database after the standardization of the clinical and CT findings attributes were identified. The data was
studied comparatively based on Association Rules (AR) of the knowledge discovery process and the Rough Set (RS) reduction al-
gorithm and Genetic Algorithm(GA) of the generic data analysis tool (ROSETTA), respectively. Results: The genetic classifica-
tion algorithm of ROSETTA generates 5 000 or so diagnosis rules. The RS reduction algorithm of Johnson's Algorithm generates
51 diagnosis rules and the AR algorithm generates 123 diagnosis rules. Three data mining methods basically consider gender, age,
cough, location, lobulation sign, shape, ground-glass density attributes as the main basis for the diagnosis of peripheral lung can-
cer. Conclusion: These diagnosis rules for peripheral lung cancer with three data mining technology is same as clinical diagnostic
rules, and these rules also can be used to build the knowledge base of expert system. This study demonstrated the potential values
of data mining technology in clinical imaging diagnosis and differential diagnosis.
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INTRODUCTION

Medical data, such as peripheral lung cancer, of-
ten seem to contain a great number and uncertain or
irrelevant features. How to extract enough necessary
and useful diagnostic rules used to be highly de-
pended on the clinical experience. Recently, intelli-
gent techniques !"* have been proven to be an effec-
tive tool for data or “knowledge mining” in many
real-world fields including medical diagnosis. Rough
Set(RS) theory can deal with uncertainty and incom-
pleteness in data analysis. This attribute, the reduc-
tion algorithm(which removes redundant information
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or features) selects a feature subset that has the same
discernibility as to the original set of features. The
Genetic Algorithm (GA) has been proven to be one
of the search methods and optimization techniques
for an optimal value of a complex objective function
by simulation of the biological evolutionary process,
as in genetics, on crossover and mutation. Associa-
tion rule (AR) mining algorithm, as originally pro-
posed in with its apriori algorithm, has developed
into an active research area '“*. But few of these
three algorithms have been used in knowledge min-
ing in diagnosing the peripheral lung cancer ", The
aim of the work was to determine the value of RS
reduction algorithm, GA and AR mining algorithm
in this question.
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MATERIALS AND METHODS
Study population

The study protocol was approved by the Research
Ethics Committee of Xi'an Jiao Tong University. All
patients received the informed consensus. According
to inclusion and exclusion criteria, 58 patients (age
range, 35-70 years old; median age, 50 years old),
including 43 man and 15 women with peripheral
lung cancer, were selected in from the year of 2004
to 2006. All patients received the CT scan three days
before operation or biopsy.

Inclusion and exclusion criteria

The final diagnosis was determined by pathologi-
cal result from operation or biopsy. The patients had
not received any anti-cancer therapies before imag-
ing. The clinical information was supplied direct
from the patient. CT scans were obtained with an

one-slice helical CT scanner (PHILIPS Co.) in our
imaging center. A tube voltage of 120 KV and cur-
rent of 200 mA were used. Slice thickness and re-
construction interval for routine scanning were
smm, CT images were displayed at fixed setting
(lung window center, —300~—500 Hu; lung width,
1300~1500 Hu; mediastinum window center, 30~50
Hu; mediastinum window width,400 Hu). Data

b

were reconstructed to 512 x 512 matrices.

Predictor variables

Clinical information and CT findings were used as
first-grade candidate predictors. Clinical information
included fifteen clinical variables, and CT findings
included twenty-four CT variables (Fig 1). All these
predictors were collected from the corresponding lit-
eratures '*°. Thirty-eight candidate predictors were

categorical Varlable except age(Tab 1).

Fig 1 CT finding of peripheral lung cancer shows lobulation sign and vacuole sign (A), spiculation sign(B),

notching sign (C) and pleural indentation sign(D).

Characteristic-recognizing of predictors

First, two senior attending radiologists with 15 to
20 years’ experience blinded, independently recog-
nized the category of each candidate predictor. Dis-
agreements were resolved by discussion. The data
was analyzed by AR algorithm and Johnson’s Algo-
rithm tool box in the software package ROSETTA.

RS
RS theory handles information or data with uncer-

tainty based on equivalence relations and partitioning

[1

of finite sets """, An equivalence relation R partitions

the set S into some non-empty disjoint subsets of S
whose union equals S, which is the equivalence
class. Both the lower and the upper approximation
are defined to describe an arbitrary set X, which
may not be accurately classified by all equivalence
class. The lower approximation of X contains some
equivalence classes guaranteed completely inside the
set X. And the upper approximation of X contains
some equivalence classes completely covered the set
X. The difference between the lower and the upper
approximation are those equivalence classes covered
the boundaries.
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Tab 1 Predictors Variables

Variables Code Attribute identification
Sex 1 = male, 2 = female Categorical variable

Age Years Continuous Variable
Cough 0=no; 1 =yes Categorical variable
Expectoration 0=no; 1 =yes Categorical variable
Hemoptysis 0=no; 1 =yes Categorical variable
Chest pain 0=no; 1 =yes Categorical variable
Clinical manifestation Fever 0=no; 1 =yes Categorical variable
Dyspnea 0=no; 1 =yes Categorical variable
Heart-throb 0=mno; 1 =yes Categorical variable
Cyanopathy 0=no; 1 =yes Categorical variable
Cracked 0=mno; 1 =yes Categorical variable
Smoking 0=no; 1 =yes Categorical variable

Losing-weight
Primary tumor
Family tumor history

0=no; 1 =yes
0=no; 1 =yes
0=no; 1 =yes

Categorical variable
Categorical variable
Categorical variable

CT manifestation

1 =D<1 mm;

Size 2=1mm<D < 2 mm; Categorical variable
3=2mm<D < 3mm
1 = left upper lobe
2 = left lingular segment

Location 3 = left lower lobe Categorical variable

4 = right upper lobe
5 = right middle lobe
6 = right lower lobe

Edge of lesion
Notching sign

0 = smooth; 1 = non-smooth
0=no; 1 =yes

Categorical variable
Categorical variable

Lobulation

0 =no;
1 = shallow lobulation;
2 = deep lobulation

Categorical variable

Spiculation sign

0 =no;
1 = long spiculation;
2 = short spiculation

Categorical variable

Halo-sign

Convergence of vessels sign
Satellite lesion

Pleural indentation sign
Lesion density

Vacuole sign

Air-space sign

0 =yes; 1 =no
0 =yes; 1 =no
0 =yes; 1 =no
0 =yes; 1 =no
0 = uniform;1 = non-uniform
0 =yes; 1 =no
0 =yes; 1 =no

Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable

0 =no;

Cavity 1 = thin wall; Categorical variable
2 = thick wall
0 =no;
1 = tiny sand-like;

Calcification 2 = node-like; Categorical variable
3 = flake-like;

4 = mass-like

Lymph node enlargement

0=no;1 =yes

Categorical variable

Shape of lesion

0 = round;
1 = round-like
2 = irregular

Categorical variable

Ground-glass attenuation
Pleural indentation sign
Pleural thickening
Pleural involvement
Pleural effusion
Obstruction sign
Enhancement

0 =no;l =yes
0=no;1 =yes
0 =no;l =yes
0 =no;l =yes
0=no;1 =yes
0 =no;l =yes
0 =no;l =yes

Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable
Categorical variable
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GA

The GA starts with the generation of the initial
random population; then each member (design con-
figuration) of the population is evaluated based on
the fitness value. Each member of the next genera-
tion is formed with the process of cross-over that
represents the exchange of genes of the parents to
produce an offspring '’. Since the higher probability
to become the parent is assigned to the members
with higher fitness value, the characteristics provid-
ing the best fit are carried to the offspring. Because
the cross-over is the main engine of the evolution,
the probability of the process is usually high (0.7~
1.0). The processes of mutation and permutation
might be applied to some of the members in the new
generation to expand the search space by perturbing
the genes. The corresponding probabilities are usual-
ly small (0.001~0.15) in order to ensure the evolu-
tion in the right direction and consequent conver-
gence rather than exploring the entire search space.
The best design is always transferred from generation
to generation.

AR

In this section, the data was analyzed by AR min-
ing algorithms by self-designed software based on
classical Frequency Algorithm''?. Step 1,reducing re-
dundancy information; redundant information or
features were removed and a new feature subset that
has the same discernibility as the original set of fea-
tures were selected by data-preparation; Step 2, pro-
ducing frequent item set; assembly of n feature sub-
set(n = 2,3,4,5---1,n represents the number of at-
tribute) were randomly selected to determine the
support. Such a procedure was repeated with adding
one attribute to n, (n+1 attributes) until the support
of assembly including all attributes is lower than the
minimum support, which led to frequent item set.
Step 3, diagnostic rule is {n| to disease. As the
rule-finding was performed in the same disease, pe-
ripheral lung cancer , the confidence of each rules is
higher than the strong associated rule with the mini-
mum support according to the formula, the number
of (assembly of n attribute U disease )/the number of
assembly of n attributes=100%.

RESULTS

Fifty-one diagnostic rules were extracted by the
RS reduction algorithm of Johnson's Algorithm gen-
erates. Three typical rules were listed below; (D
age=60, no chest-pain, no smoking, lesion located
in posterior segment of right upper lobe with short

spiculation sign; @age {56,60 | no chest-pain, no
smoking ,lesion located in posterior basal segment
of right lower lobe with short spiculation sign and
without satellite lesions; Dage {56,60}, no expec-
toration, lesion located in posterior basal segment of
right lower lobe with short spiculation sign and with-
out satellite lesions.

Ninety-nine reduction sets were generated from
Johnson's Algorithm, extracting over 5000 diagnos-
tic rules(Fig 2). Five typical rules were listed below;
(D age =60 years ,no expectoration or chest pain,
lesions located in anterior basal segment of right
lower lobe with short spiculation sign; @ age =60
years, lesion size (cm) {5.01,10},located in apico-
posterior segment of left upper lobe, lesion with
smooth edge but without convergence of vessels
sign. Lesion with pleural thickening and pleural in-
dentation sign; @ age {41,50!, cough, no acratia,
the number of smoking per day {20,40}, lesion lo-
cated in lateral basal segment of right lower lobe
with irregular contour, like-umbilical notching sign
and convergence of vessels signs; (4) male patient,
age 156,60}, chest pain, lesion located in lateral
basal segment of right lower lobe with round con-
tour, smooth edge and ground-glass attenuation but
without spiculation sign; &) age {41,50}, cough,
acratia, lesion located in lateral basal segment of
right lower lobe with irregular contour, deep lobula-
tion sign, long spiculation sign and pleural indenta-
tion sign.

;
v @ & &5 & A& %9 8 & 8 5§ & &
SEFS I HFTFTEFHFF S
s § <2 § 2 5§ § 3 9} ~
s T g 95 F 5 8 g o &8
. . s NN
3 g 3 F § & 5 § 5 §
g g £ g S 5 g 5§ 9 T
S & § § N £§ &S
R SN
N T & < S
> S ~N
g g g 3
5§ 3 L &
v g QX
Qg 5
s S
2 &%

Fig 2 sensitivity ranking of radiological attributes from GA

One handred and twenty-three diagnostic rules
were generated by the AR algorithm (Fig 3). Four
typical rules were listed below: (D lesion in round
shape with unsmooth edge and shallow lobulation
sign, short spiculation sign and like-umbilical notch-
ing sign(24.1%) ;2 patient with acratia feeling, le-
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Fig 3 sensitivity ranking of radiological attributes from AR
algorithm

sion in irregular shape with unsmooth edge, short
spiculation sign and like-umbilical notching sign
(25.8%); (Bpatient with cough and acratia feeling,
lesions with shallow lobulation sign , short spicula-
tion sign and like-umbilical notching sign (27.5% );
(@patient with cough, lesions with unsmooth edge,
shallow lobulation sign , short spiculation sign and
like-umbilical notching sign(31%).

DISCUSSION

The diagnostic rules for peripheral lung cancer
from RS reduction algorithm concentrated in male-
population. The scope of age occurred above 55
years old, and especially above 60 years old. Few
cases had fever, losing weight, chest-pain and like-
umbilical notching sign. The lesion mainly located in
the posterior segment of right upper lobe, lateral
basal segment and posterior basal segment of right
lower lobe. Lesions mainly had short spiculation
sign. The clinical attributes including acratia, cough
and expectoration associated with location of lesion
(mainly lateral basal segment of right lower lobe).
Lesion did not associate with smoking. The above
diagnostic rules basically coincided with clinical di-
agnosis. But the association between smoking and
lesion wasn’t demonstrated by this algorithm. Rough
set Johnson Reducer is a kind of minimum length
reduction algorithms '*! producing the reduction as-
sembly of rule’s structure. Zhang et al " used the
RS algorithm to remove fourteen redundant attributes
from forty-three primary attributes of 110 cases with
confirmed osteogenic sarcomas and to extract the di-
agnostic rules. The generated rules coincide with
clinical diagnostic rules for osteogenic sarcomas. In
this research, diagnostic rules for peripheral lung
cancer from rough set associations with the five at-
tributes including sex,age, expectoration, location
and spiculation sign of lesions

The GA is one of the global search methods and

optimization techniques for an optimal value of a
complex objective function by simulation of the bio-
logical evolutionary process !'*. Diverse and a large
amount of assembly of attributes often were generat-
ed by the reduction and rules generated by the GA.
Attributes in high frequency of occurrence included
location of lesions, age, cough, expectoration,
chest-pain, lymphaden and the diameter of lym-
phaden, shape of lesion, spiculation, pleural in-
volvement, acratia, pleural indentation sign, the
number of smoking per day, lesion density, pleural
thickening and ground-glass attenuation. The com-
mon characteristic between GA and RS was concen-
trated in male-population with the range of age locat-
ing in above 56 years old and lesion with short spic-
ulation sign.

The differentia between two algorithms is location.
Only posterior segment of right upper lobe and later-
al basal segment of right lower lobe were regarded
as associated with cancer by GA. Moreover, there is
no association between expectoration and location of
lesion. Lilla et al " used the Support Vector Ma-
chine on the base of GA to classify 189 solitary pul-
monary nodules and effectively reduce the false pos-
itive value. More diagnostic rules extracting by GA
for peripheral lung cancer need more concentration.

An AR algorithm is of the form X—Y, where X
and Y are both frequent item sets in the given
database, and the intersection of X and Y is an emp-
ty set, i.e., X N Y = ¢. The support of the rule
X—Y is the percentage of transactions in the given
database that contain both X and Y, i.e,P (XUY).
The confidence of the rule X—Y is the percentage
of transactions in the given database containing X
that also contains Y, i.e P (Y | X). Therefore, AR
algorithm is used to find all the associated rules
among item sets in a given database, where the sup-
port and confidence of these associated rules must
satisfy the user-specified minimum support and min-
imum confidence. By finding the associated rules be-
tween the basic manifestations with CT manifestation
and the patients with head trauma, Susan et al' ac-
quired the criteria by which patients with head trau
ma need and therefore receive a CT scan. Ye et al''*!
applied AR algorithm to extract the diagnostic rules
from neurogliocytoma, whose average accuracy
were over 80% , satisfying the clinical diagnostic
requirements. Our self-designed AR algorithm pro-
gram can mine the associated rule on the base of at-
tributes’ assembly. Each rule satisfying the manifes-
tation of lesion represents the pathological change,
moreover, support of rules was acquired from each
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attribute. The associated rules between diagnostic
rules and clinical attributes included: (D age = 60
years old, cough, expectoration and chest-pain;
rules was not sensitive to fever, losing-weight, pri-
mary tumor, night sweats, pulmonary function.
Some rules contradict with present clinical diagnostic
rules. Diagnostic rules recognized CT attributes in-
cluding lesion’s size (3.1-5.0 cm),shallow lobula-
tion sign, short spiculation sign, like-umbilical
notching sign, non-uniform density, ground-glass
attenuation and pleural-thickening. Both Clinical at-
tributes including age range from 55 to 60 years old
and over 60 years old, male-population, insensitive
to smoking number or fever or losing-weight, and
CT imaging attributes including sensitivity to specu-

lation were common points between ROSETTA and
self-design AR algorithm. Difference included: DAR
algorithm generated the larger attribute range like
contour, lobulation, like-umbilical notching sign,
lesion density, pleural-thickening and so on; 2 AR
algorithm suggested that cough, expectoration and
acratia should be sensitive attributes but not lesion’s
location; (3 rules that can reduce the attributes to
‘exclusion’ has special ability of optimation; @
rules from RS algorithm is smaller than AR algo-

rithm. Moreover, rules from AR algorithm are small-
er than GA. Diagnostic rules from AR algorithm had
a higher coincidence. But because of the higher
complexity and lower efficiency of AR algorithm,
and a great number of redundancy information in
rules'™, using AR algorithm in medical fields is still
in the exploratory process.

Three algorithms were sensitive to sex, age,
cough, location, spiculation,shape and ground-glass
attenuation. After reduction, the range of attributes
became different.

Johnson Reducer algorithm generates only one re-
duction set, but a reduction set in diversity was gen-
erated from GA, and reduction set had divergence
sensitivity. Reduction set generated from GA had a
middle level in set number and sensitivity to at-
tributes. Johnson Reducer algorithm couldn’t satisfy
the requirement of diversity in clinical diagnostic
rules. However, GA generated too many rules. AR
balanced the diversity and number of rules. GA had
the best ability of optimization and was seem to opti-
mize the new generated and conventional rules. To-
tally, rules from the above three algorithms basically
coincided with present clinical diagnostic rules and
could supply important references in clinical practice.

In our future work, efficient data mining algo-
rithms will be explored in a large number of samples
to supply the optimized diagnostic rules.
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