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Abstract: Problem statement: Cancer is generally regarded as a disease ofsadult there being a
higher proportion of childhood cancer (ALL-Acuteaphoblastic Leukemia) in India. The incidence
of childhood cancer has increased over the laste2s, but the increase is much larger in females.
The aim was to increase our understanding of thermahdnants of south Indian parental reactions and
needs. This facilitates the development of the aackfollow-up routines for families, paying attiemnt

to both individual risk and resilience factors aondways in which limitations related to treatment
centre and organizational characteristics coulctcdmmpensatedApproach: Decision Trees may be
used for classification, clustering, affinity, gping, prediction or estimation and description. @fie
the useful medical applications in India is the agament of Leukemia, as it accounts for about 33%
of childhood malignanciesResults: Female survivors showed greater functional diggbin
comparison to male survivors-demonstrated by pooverall health status. Family stress results from
a perceived imbalance between the demands on thiéyfand the resources available to meet such
demands.Conclusion: The pattern and severity of health and functionatcomes differed
significantly between survivors in diagnostic sulagrs. Family impact was aggravated by patients’
lasting sequelae and by parent perceived shortgeuhlong-term follow-up. Female survivors were
at greater risk for health related late effects.
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INTRODUCTION usually gets worse quickly if it is not treated.idtthe
most common type of cancer in children. There are
Data mining may be defined as “the explorationdifferent approaches in Data Mining, namely
and analysis, by automatic or semiautomatic meafns, hypothesis testing where a database recording past
large guantities of data in order to discover megifiil  behavior is used to verify or disprove preconceived
patterns and rules” (Berry and Gordon 1997). Heiice, notions, ideas and hunches concerning relationships
may be considered mining knowledge from largethe data and knowledge discovery where no prior
amounts of data since it involves know|edgeassumptions are made and the data is allowed tkspe
extraction, as well as data/pattern analysis (Hzh a er itself. As fc_)r knowle_dge discovery, it may be
Kamber, 2001). directed or undirected. Directed knowledge discgver
Decision Trees may be used for classificationri€S t0 explain or categorize some particular dial
clustering, prediction, or estimation. One of treeful ~ While undirected knowledge discovery aims at firgdin
medical applications in Coimbatore is the managemerPatt€rns or similarities among groups of recordfiouit
of Leukemia as it accounts for about 33% of peitiatr the use of a particular target field or collectioh
malignancies predefined classes.
Childhood Acute Lymphoblastic Leukemia (also 13% of the annual deaths worldwide are cancer-
called acute lymphocytic leukemia or ALL) is a canc related and 70% of these are in the low-and middle-
of the blood and bone marrow. This type of canceincome countries. In India, the leading causes of
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cancer-related death are carcinoma of the cervix ifPata collection:
women and carcinoma of the lung and lower airways i Sour ces of data:
men (WHO, 2011; Enska al., 1997;).

The focus of the National Cancer Control Programt  Coimbatore Cancer Foundation’s database
of India has been on primary prevention, by prongti ¢ Real patients’ cases from proxy or parents
tobacco control and genital hygiene; secondary Medical reviews (geographical divisions and
prevention by screening for cervical cancer, breast disease categories)
cancer and oropharyngeal cancer; and palliative carr  Doctors, Professors and Biostatisticians from
(Dinshawet al. (2006). Hospitals

MATERIALSAND METHODS M ethods of data collection:

Data Miningaims at discovering knowledge out of, .o acquisition from the CCF database using

data and presenting it in a form that is easily  gjgital media such as CDs and hard copies in the
comprehensible to humans. One of the useful 5y of printouts

applications in Coimbatore is the Cancer management Capturing data from the CCF network from various
especially the management of Acute Lymphoblastic spots

Leukemia or ALL, which is the most common type of.  Cojlecting data from patients’ parents or proxies
cancer in children. The bone marrow produces stem  Note taking

cells (immature cells) that develop into mature,  cgjiecting Questionnaires from patients and parent
blood cells. responders

In ALL, too many stem cells develop into a type of,  siryctured interviews with experts.
white  blood cell called Iymphocytes. These

lymphocytes may also be called lymphoblasts o,
leukemic cells. In ALL, the lymphocytes are noteatd from CCF, tend to be incomplete, noisy and

fight infection very well. Also, as the number of . . . . i
. . inconsistent. Data cleaning routines attempt toofil
lymphocytes increases in the blood and bone marrow

there is less room for healthy white blood cellsd r rhissing values, smooth out noise while identifying
blood cells and platelets. This may lead to inteci outliers and correct inconsistencies in the data.
anemia and easy bleeding.

The following tests and procedures may be used: Missing values: In Table: 1 the valueof row 3 is
missing(i.e.,) found to be non filled.Many methods

atacleaning: Real world data, like data acquired

» Physical exam and history were applied to solve this issue depending on the
» Complete Blood Count (CBC) importance of the missing value and its relatiorihe

» Bone marrow aspiration and biopsy search domain:

» Cytogenetic analysis

* Immunophenotyping e Fill in the missing value manually

* Blood chemistry studies e Use a global constant to fill in the missing value

* Chest x-ray

. . . Noisy data: Noise is a random error or variance in a
In childhood ALL, risk groups are used instead of ¥

stages. Risk groups are described as: measured variable. Many techniques were used to
smooth out the data and remove the noise.

Standard (low) risk: Includes children aged 1 to 9

years who have a white blood cell count of lesstha Table 1: Missing Values

50,000y L* at diagnosis. 39,000 free 90 L1-L2 C-All
13,000 free 96 L2 C-All

1,230 free 94 L2 -
74,000 free 95 L2 C-All

High risk: Includes children younger than 1 year or
older than 9 years and_children who have a whitedl

1 : ' . 16,100 free 75 Disseminated C-All
cell count of 50,00QuL™ or more at diagnosis. It iS 143,000 free 90 L2 C-All
important to know the risk group in order to plan 25,000 free 90 L2 C-
treatment. All
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Clustering: Outliers were detected by clustering, where Equivalent real-world entities from multiple

similar values are organized into groups, or chsste data sources must be matched up, for example,

values that fall outside of the set of clusters rbay patient_id in one database must be matched up with

considered outliers. In Table: 2 the value of rois 0  patient_number in another database.

small which do not match with the other rows. Careful integration of the data from multiple
sources helped reducing and avoiding redundanaigs a

Combined computer and human inspection: Using Inconsistencies in the resulting data set. Thipdul
clustering techniques and constructing groups @& da improving the accuracy and speed of the subsequent
sets, human can then sort through the patternsen t MiNiNg process.

list to identify the actual garbage ones. This ischn

faster than having to manually search through thdat@ selection: Selecting fields of data of special
entire database. interest for the search domain is the best waybtain

results relevant to the search criteria. In thiseegch
Acute Lymphoblastic Leukemia clustering was the,aim

Inconsistent data: There may be inconsistencies in the . . .
y . so data concerning the diagnosis of ALL (Barretral.
data recorded for some transactions. Some datf

inconsistency may be corrected manually using aater &005) and data concerning the patients of ALL were
references, for example errors made at data erndy m carefglly selected from the overall data- §ets andrrg

be corrected by performing a study trace (the mest techniques were appl_led to these specific datapgyau
technique in our search, to guarantee the maximatm d order to reduce the interesting patterns reachettheto

quality possible, by reducing prediction facto®her ~ ©N€S that represent an interest for the domain.
inconsistency forms are due to data integratiorera/ta
given attribute can have different names in différe
databases. Redundancies may also exist.. In T&ble:
the value of row 5 is too large when compared \&lth

other values Smoothing: This study is to remove the noise form

data. Such techniques include binning, clustering a
Data Integration: Data Mining often requires data regression.

integration, the merging of data from multiple data . .
sources into one coherent data store. These sourcéﬁgfegatloni whe_re summary or aggregation
include in our case NCI database (Boneal. (2010) Operations are applied to the data.

Data transformation: In Data Transformation, the data
is transformed or consolidated into forms apprdpria
for mining.

flat files and data entry values. Generalization of the data: where low-level data ar
replaced by higher-level concepts through concept

Table 2: Outliers hierarchies.

F 254000 o _

M 256000 Normalization: where the attribute data are scaled so

F 280000 ag to fall within a small specified range.

M 281000

m 2822%%% Attribute construction: where new attributes are

F 315000 constructed and added from the given set of atebu

M 317000 tg help the mining process.

F 325000

Choosing the tool (methodology): As a data mining
Table 3:Data Inconsistency application, Clementine offers a strategic approtch

Lolita 3.00 F - : PR

Abinay 3.00 y find useful re_zlatlonshlp_s in large data sets. Intrast to
Monika 10.0 M more traditional statistical methods, you do not
Mithun 3.00 F necessarily need to know what you are looking for
gféﬁ e " when you start. You can explore your data, fitting
Thanseela 10.0 F different models and investigating different
Powar 15.0 M relationships, until you find useful information.

Aziz 17.0 M . . . . . .

Aathira 11.0 F o Working in Clt_amen_tme is work_mg _W|th data. In
Vishalini 15.0 F its simplest form, working with Clementine is agrstep
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process. First, you read data into Clementine, therthe  regarding current health and functional status and
data through a series of manipulations and firsgllyd the regarding the extent of health care needs and unmet
data to a destination. This sequence of operaidiisown  Such needs in adult life. Female survivors wergreater

as a data stream because the data flows recorecbydr risk for health related late effects (Pattersbal. (2004).

from the source through each manipulation andllyira
the destination-either a model or type of datawufidost
of your work in Clementine will involve creating é&n
modifying data streams.

DISCUSSION

The general aim of this study is to increase

At each point in the data mining process knowledge ~ concerning ~ short ~and  long-term
] . . e _'consequences of having a child with cancer and

Clementine’s Visual interface invites your specific ) sqihie factors associated with those consequences
business expertise. Modeling algorithms, such ashjs includes the investigation of parental distrés
prediction, classification, segmentation and asdmii  general, as well as specific risks and strengttofac
detection, ensures powerful and accurate modelsncluding variations in organization of care due to
Model results can easily be deployed and read intereatment Centre type.
databases, SPSS and a wide variety of other Novel areas of focus were parental resilience to
applications. You can also use the add-on compenendistress and a design that enabled a comparison
Clementine Solution Publisher, to deploy entireadat between parents from two different types of treatme
streams that read data into a model and deploytsesu centre, investigating whether variations in parenta
without a full version of Clementine. This brings distress might be understandable in the light ofdes
important data closer to decision makers who need i related to centre characteristics. The aim was to

The numerous features of Clementine’s datdNcrease our understanding of the determinants of
mining workbench are integrated by a Visua|parental reactions and needs. This facilitates the

programming interface. You can use this interfaze tdevg_lopment_ of the care and foII_ow_—u_p routines for
draw diagrams of data operations relevant to youFam'“es' paying attention to both individual risind

. S . resilience factors and to ways in which limitations
business. Each operation is represented by anacon o
related to treatment centre and organizational

. : Tharacteristics could be compensated (Kennedy and
representing the flow of data through each opematio Leyland, (1999).

, , . A majority of earlier studies of parental reacdon
Data evaluation: After applying the data mining 4 childhood cancer have typically focused on the
techniques, comes the job of identifying the oledin jncidence and severity of distress, e.g., psyclicibg
results, in form of interesting patterns represemti and psychiatric reactive symptoms among parents of
knowledge depending on interestingness measureshildren with cancer. Findings indicate that these
These measures are essential for the efficienparents experience extraordinary strain which,uim,t
discovery of patterns of value to the given userctS can increase their vulnerability for developingivas
measures can be used after the data mining step f@rious psychological symptoms
order to rank the discovered patterns according to  Mothers’” appraisals of the strain of illness-retht
their interestingness, filtering out the unintenest demands and their confidence in their own abildy t

ones. More importantly, such measures can be use al with these were related o dlstress_, bo_th
. . . concurrently. Both this and the strong relationship
to guide and constrain the discovery proces

. . . . Shetween distress scores at the two time pointsatess
improving the search efficiency by pruning away ihai problems are likely to continue, regardless of

subsets of the pattern space that do not satisfy prchanges in the illness situation, for those mothete

specified interestingness constraints. find most difficulty in dealing with the situation the
early stage. Early identification of and interventito
RESULTS support such parents are indicated (McDougall and
Tsonis, (2009).
Female survivors show greater functional disapbilit The results of the multivariable analysis suggeste

in comparison to male survivors-demonstrated bythat for fathers, unlike for mothers, the effedthigher

poorer overall health status. Family stress redudts a  levels of stressors combined with lower levelsarfily

perceived imbalance between the demands on theupport were additive. These points to the impaean

family and the resources available to meet suclof service providers’ awareness of the ways in Whic

demands. Male and Female survivors are differedoth parents are affected by the illness and athients
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in their lives and recognition that responses &edént
family members will vary.

Although theoretical models emphasize
importance of the individual's perceptions in thiess
and coping process, there are problems in intexpoet
of analyses of variables obtained from a singld- sel
report source. Efforts were made to minimize such
problems statistically by controlling for social
desirability response bias and investigation
multicollinearity of descriptor variables before
multivariable analysis. However, studies that abtai
data from multiple sources, including staffs whe ar

the
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