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Abstract: The Breast Cancer has converted a common expiry factor in India. Despite the circumstance, not all overall
hospitals have the mammogram services. The extended waiting for identifying a breast cancer may upsurge the option
of fatality and the cancer scattering. Therefore a computerized breast cancer may rise diagnosis prototype has been
developed to decrease the time taken and circuitously dropping the probability of death. Micro calcification on X-ray
mammogram is a noteworthy mark for early discovery of breast cancer. Breast cancer diseases expressively affect the
quality of life of people and are among the most common and costly health problems. Due to the difficulty of these
diseases, it is problematic for clinicians to analyse trends in patient data and relate these trends with other patient
information such as demographic data. Therefore, there is a need for informatics tools to efficiently monitor disease
progression and to analyse trends in patient data to improve disease management. Moreover, because this disease has
been identified as among the most avoidable diseases, these tools can also be used to identify patients at risk and
provide information for early intervention. To this end Sequential Data Mining framework was developed to identify
frequently occurring the patterns in patient measurements that may lead to development of diseases.
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I. Introduction
Data mining can be deﬁned as an activity that extracts some new nontrivial information contained in large databases. The
goal is to discover hidden patterns, unexpected trends or other sub title relationships in the data using a combination of
techniques from machine e-learning, statistics and database technologies. This new discipline today ﬁnds application in a
wide and diverse range of business, scientific and engineering scenarios. Other situations where data mining can be of
use include analysis of medical records of hospitals in a town to predict, for example, potential outbreaks of infectious
diseases. The list of application areas for data mining is large and is bound to grow rapidly in the years to come.
Data mining is usually defined as the extraction of before unknown and possibly valuable info from a database.
With the rising volumes of electronic patient records, data mining has become general to excerpt hidden patterns
inpatient data for healthier understanding of relationships within the data. Data mining in medical domain is single from
that in other domains due to the special characteristics of medical datasets. Medical datasets are often privacy-sensitive,
huge and heterogeneous with data collected from dissimilar sources. The collected data may also need to be branded
mathematically. The rest of the section discusses a few data mining educations that have been lead in medical and
clinical areas. In clinical domain, data mining methods have been applied to big clinical repositories containing clinical
and administrative data collected from electronic sources to identify new disease associations. The techniques applied
include pattern detection to identify commonly happening associations in the dataset, predictive analysis to predict
upcoming outcome for a patient based on the existing patient records, and association mining to excerpt interesting rules
from the recognized associations.
There have been many recent studies to predict the survival of patients with fatal diseases and to predict
treatment outcomes. Studies were conducted by Oztekinet. al. to predict the survivability of heart-lung transplantation
patients and by Delen et. al. to forecast the survivability of breast cancer patients using prediction models such as neural
networks , decision trees , and regression . Decision tree algorithms were also used to efficiently predict the survival
period of kidney dialysis patients and bladder cancer treatment outcomes. Decision trees based on rules were shaped and
decision making algorithms were used to predict outcomes.
II.
Breast Cancer Diseases –An Overview
The Breast Cancer is the one of the foremost cancers. About 10% of all women grow breast cancer and about 25% of all
cancers diagnosed in women are breast cancers[21]. Although actual anticipation is not possible, early discovery can at
least decrease the chance of breast cancers from becoming hopeless [22]. Mammography has been shown to be the most
real and dependable method for early cancer detection. Mammogram clarification is both laborious and problematic,
requiring the information of trained radiologists.
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Breast Cancer as a Domain
Breast tumour may be benign or evil lesions. Benign is a non-cancerous scratch and malignant is cancerous lesion[23]
.Benign lesions in the breast tend to be well defined and restricted, while malignant lesions appeared ill defined with
speculated margins. Classification of breast lesions can be performed based on border characteristics of lesions, by using
the fact that benign lesions have smooth borders, while malignant lesions have rougher border.
Breast cancer is a malignant tumor that has established from cells of the breast. A malignant tumor is a group of cancer
cells that may involve surrounding tissue or spread to distant areas of the body.

FIGURE 1: Morphologic Spectrum of Masses
The etiologies of breast cancer remain unclear and no single dominant cause has emerged. Defensive way is motionless a
mystery and the only way to help patients to survive is by early discovery. If the cancerous cells are detected before
dispersal to other organs, the survival rate for patient are more than 97%. Therefore it has been our incentive factor to
develop such system .
Some early signs of having high possibility of cancerous cells, like micro classifications, mass, architectural
misrepresentation and breast irregularities; might be detected from mammogram images. Mammogram[24], introduced in
1969 is the first digital steps in detecting cancerous cell in breast tissues, and it has been a useful tool in diagnosing
breast cancer ever since.
A closer inspection of the mammograms reveals several difficulties for the irregularity approach. First, the global
presence (brightness, contrast, etc.,) of the two breasts may differ, usually due to variations in the recoding method. This
can be solved in the improvement phase. Second, due to natural irregularity, and due to the mammography recording
method, the shapes of the left and right breast do not match. Defining corresponding positions in both breasts becomes
therefore a nontrivial task. Third, asymmetries exist not only at the tumor position but also in the appearance of healthy
breast tissue at corresponding locations in the two breasts. The asymmetry method thus has to discriminate tumor related
asymmetries from obviously occurring asymmetries.

FIGURE 2: Dimensions of mass that may be sensed by mammogram or hand
As some of cancerous tissues can be very aggressive [24], it is very important to identify them as early as possible. But
the waiting time from capturing mammogram images to biopsy result is 2 weeks to a month, on average. However, 1030% visible abnormalities are usually detected, due to technical or human error. The whole procedure in diagnosing
breast cancer in woman is shown in Figure 2 below.
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FIGURE 3: Procedures of diagnosing breast Cancer
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The efficiency of early discovery has been confirmed to reduce a lot of mortality among breast cancer patients[25]. As a
proof, 80% of American society detected cases are still in early stage, but the mortality among them is only 30%in 2006,
believed as a result of early detection and better treatment[26].
3.
DATA MININGAPPROACH
Since Data mining brings together techniques from different ﬁelds such as statistics, machine knowledge and databases,
the literature is scattered among many different sources. We mainly concentrate on algorithms for pattern detection in
sequential data streams. By sequential data, we mean data that is well-ordered with respect to some index. For example,
time series constitute a popular class of sequential data, where records are indexed by time. Other examples of sequential
data could be text, gene sequences, protein sequences, lists of moves in a chess game etc. Here, although there is no idea
of time as such, the ordering among the records is very important and is central to the data description/modelling.
2.1 Models and Patterns
The types of constructions data mining algorithms appearance for can be classiﬁed in many ways. Models and patterns
are structures that can be estimated from or matched for in the data. These constructions may be utilized to attain various
data mining objectives. A model is a global, high-level and often abstract picture for the data. Typically, models are
speciﬁed by a collection of model parameters which can be estimated from the given data. Often, it is possible to further
classify models based on whether they are predictive or descriptive. Predictive models are used in prediction and
classiﬁcation applications while descriptive models are useful for data summarization.
III.
Data Mining With KDD
Data mining is actually an essential part of Knowledge Discovery in Database (KDD) process, which is the overall
process of converting raw data into use-ful information. A typical KDD process which consists of ﬁve steps :
1. Data collection and cleaning: selecting attributes, dealing with errors, identiﬁcation of the necessary background
information, etc.
2. Choice of pattern discovery method: deciding on the types of knowledge to be exposed, parameter selection, etc.
3. Discovery of patterns (data mining): running algorithms for discovering different types of patterns
4. Pattern Presentation: selecting stimulating patterns, visualisation of results, etc.
5. Putting information into use.
Data mining refers to the third step in this process and is deﬁned as the application of speciﬁc algorithms for extracting
patterns from data. The KDD process is interactive and iterative. Depending upon the extent to which the results satisfy
the user‟s goals, iteration can be performed between any two steps.
IV.
Sequential Data
In sequential data, events notonly can occur at an instant (time point), but also can occur over a time interval.In this
thesis, an ordered list of events occurring at an instant is called an eventsequence and an ordered list of events occurring
over a time interval is called aninterval sequence.
4.1 Issues
A large number of studies have been concentrated on analysing event sequencedata, while the analysis of interval
sequence data has received relatively little attention. As a result, there are still many issues that need to be addressed in
the area of analysing interval sequence data. Three main issues that will be addressed in this thesis are as follows.
1. The ﬁrst important issue is that of what constitutes an interesting pattern in data. As an example, the notions of
sequential patterns or frequent episodes represent the currently popular structures for patterns in event sequence data.
Therefore, the problem of deﬁning structure for interesting patterns in interval sequence data would be a problem that
deserves attention.
2. In all data mining applications, the primary constraint is the large volume of data. Hence there is always a need for
efficient algorithms. Therefore, de-signing efficient algorithms for the discovery of patterns in interval sequence data is a
problem that would continue to attract attention.
3. Another important issue is that of the analysis of discovered patterns so that one can ﬁnd interesting patterns from a
large number of pat-terns generated by data mining algorithms. Making sense of such a large number of patterns presents
a signiﬁcant challenge. Therefore, there is a need for tools to assist the user ﬁnding interesting patterns from a set of
discovered patterns.
V.
Proposed Work
Sequential Pattern Mining pattern discovery model, a dynamic programming algorithm is used for finding optimal
information preserving decomposition and optimal lossy decomposition. A closed relationship is discovered between the
decomposition of time period associated with the document set and the significant information computed for analysis, the
problem of identifying suitable time decomposition for a given document set which does not seem to have received
adequate attention. So the time point is defined in interval and decomposition. Time point is given by base granularity
such as seconds, minutes, day etc. The time interval between t1 and t2 is defined as t1 ≤ t ≤ t2.
Decomposition of time interval T is given as sequence of time intervals T1, T2, T3, T4… Tn And „T‟ is computed by
T=T1*T2*T3*T4*……….*Tn. The information is mapped with the keyword „wi‟ and document dataset „D‟ as,
fm(wi,D) = v.
5.1. LAPIN Sequential Pattern Mining
Deﬁnitions, Lemmas, and Theorem Deﬁnition (Preﬁx border position set）Given two sequences, For a preﬁx sequence,
C, in a sequence, i, if the preﬁx border position, Sc, i, is smaller than, or equal to the last position of a candidate IE item,
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β, in the same sequence, then C can be extended to C ¦ β as an Item set Extension in the sequence, i. Proof: Since the last
location of the candidate IE item β is larger than or equal to Sc, i , at least one β appears behind the preﬁx sequence C in
the sequence i, which means the Item set Extension C ¦ α exists in the sequence i.
Algorithm: Frequent pattern sets generation
Generate difference-table DT from I1 and I2;
generate an array Ar;
for each transaction tr 2 DT
for each ith attribute At 2 U
if (tr(At) ==0 00)
then Ar[i × 3] + +;
elseif (tr(At) ==0 −10)
then Ar[i × 3 + 1] + +;
else Ar[i × 3 + 2] + +;
All ;;
k 1;
Lk all patterns with counter _ min sup;
while(Lk¬;){
All = All [ Lk;
Ck =generate next itemsets(Lk);
Ck.prune(min sup);
Lk++ = Ck;
}
return All;
［Theorem 1］（Frequent sequence） Given a user speciﬁed mini- mum support, ε, a sequence, S, is frequent if, by
Sequence Extension checking, its support, Sup(S),is > = ε, or, by Item set Extension checking, its support, Sup(S),is > =
ε. 2.2 LAPIN: Design and Implementation In this section, we describe the LAPIN algorithms used to mine sequential
patterns in detail. As in other algorithms, certain key strategies were adopted, i.e., candidate sequence pruning, database
dividing, and customer sequence reducing. Combined with the LAPIN strategy, our algorithms can efficiently ﬁnd the
complete set of frequent patterns. We used the Depth First Search (DFS).
VI.
Conclusion
In the paper, we proposed a mining outline in different groups of patients to classify and study frequent temporal changes
in measurements that lead to a disease. The mining model developed in this research can be used in various clinical
settings to monitor the progression of cancer diseases, to analyze trends in patient data, to identify patients at risk, and to
provide information for early interventions. To accommodate the diversely structured clinical data collected from
different sources, we attempted to make the mining model as generic as possible. Using sequential model and frequent
pattern set algorithm we have to identify the cancer cells easily.
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