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ABSTRACT

Depiction of temporal information and examination of temporal knowledge are essential for effective
temporal reasoning in medical analysis systems which are attaining significance recently. These temporal
representation models afford attributes for temporal rules mining through association rule extraction which are
necessary to perform detective inference in medical expert systems. Existing temporal mining systems focus on
mining clinical data assumes instant stamping of tuples as the time stamping method. In such systems, database is
created using a sequence of observations taken at various time slots and the mining algorithm classifies the data
depending on the time instants recorded in the database. However, the analysis techniques need to consider data
performing to a time interval. Hence, it is required to propose new depiction and reasoning methods for the effective
analysis of medical data. In this paper, new temporal mining algorithms have been stated for extracting temporal
patterns from clinical datasets.
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1. INTRODUCTION

Temporal data mining approaches focus on the analysis of the past and present data for finding temporal
patterns and regularities in sets of temporal data. Moreover, temporal data extraction approaches permit for the option
of an automatic examination of the information. Temporal data extraction is not only focussed with investigating the
past data to find temporal interdependencies and for retrieving the temporal relationship in an ordered data streams
but also predicts the future using past and present data. Over the last decade, several interesting approaches of
temporal data mining were stated and depicted to be helpful in several applications. Since temporal data extraction
is a confluence of different approaches from several domains such as database, statistics, and machine learning,
knowledge discovery and knowledge representation, the study is sprinkled among many different sources. The major
objective of temporal mining is to determine the temporal and relationships between tuples in a database. Temporal
mining process involves the following steps:

e Constructing a design to represent the temporal data sequence in asuitable form.

e Categorization and prediction of future and events based onpast and present data.

e Analysis of the past, planning and learning.
There are also number of approaches stated by different authors to categorize data mining issues and algorithms. For
example, (Roddick and Spiliopoulou, 2001) has utilized three dimensions namely information type, mining
operations and kind of timing data. Depending on the types of time stamping and granularity mining can be done
differently. According to the literature, a temporal sequence includes a chain of interval values from a dataset is
called as temporal intervals which are a series of continuous, real-valued elements, is known as a time series.

Temporal Data Mining (Roddick, 2002) is a distinct step in the task of Knowledge Innovation in Temporal
Databases that defines structures (temporal patterns or design) over the temporal records, and any procedure that
enumerates temporal patterns from, or fits models to, temporal data is a Temporal Data extraction Algorithm.
Depending on its major activity, temporal data extraction can be combined into five broad groups: prediction,
classification, clustering, search and retrieval, and pattern discovery. This categorization follows the categorization
of data mining tasks presented by Han and Kamber (2009), extended to temporal data extraction.

Temporal Pattern Mining is another algorithm stated in this study, to address the issue of finding frequent
patterns of point and interval-based events or both. This type of temporal mining is essential in many applications;
including market analysis, decision support and business management. This work states a new procedure called
Temporal Pattern Mining (TPM) to find the recurrent temporal pattern based on Clustering, Bit VVector and Variable
Threshold. This algorithm incorporates clustering, bit vector and variable threshold during mining and in doing so,
it accomplishes two goals: it reduces a lot of computations in the post-processing phase and gives more flexibility
for effective decision making in several domains.

The existing Hybrid Temporal Pattern Mining (HTPM) proposed by Wu and Chen (2009) uses more space
and consumes time. However, in some applications it is required to handle legacy data. In such situation, the newly
proposed algorithm called TPM which provides better performance in view of time and space complexity for
discovering patterns from temporal event sequences. To verify the efficiency of the algorithm, experiments are
carried on real time data.

Moreover, temporal mining is mainly applicable in the analysis of medical records. Temporal data mining
process include:
e Temporal data classification and comparison,
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Temporal clustering analysis,

Temporal classification analysis,

Temporal association rules mining,

Temporal pattern evaluation, and

Temporal prediction and trend analysis.

Temporal Data mining Techniques: All the data mining approaches including association rule extraction,
sequential pattern analysis, classification, clustering and outlier analysis can be utilized to do temporal data mining.
Classification in Temporal Data Mining: The objective of temporal categorization is to predict temporally related
events in a temporal database based on temporal and other attributes. In general, it aims at predicting the future value
of a temporal variable based on the past and present data along with the constraints. Temporal classification
approaches are also used in temporal mining. Already, a several work had been carried out in classification of non
temporal data. Most of these techniques were depending on the statistical methods (Glymour, 1996; Dudaand Hart,
1973) and theory of databases (Han, 1993). Some approaches have been established for estimating a categorical
variable (Glymour, 1996). There are some techniques that use temporal concept from Artificial Intelligence for
analysis. Among them, temporal classification approaches have been paid much attention in the previous two
decades. Recently, temporal classification is done by using instant and interval comparisons.

Temporal Cluster Analysis: Temporal clustering analysis is necessary to make effective decisions. Cluster analysis
on temporal data uses temporal similarity optimal partitions. Moreover, many temporal mining applications use
clusteringtechniques to find the similarity and also the optimization of temporal rules.Model based clustering
techniques are widely used (Sebastiani, 1999) in temporal mining. These techniques can be utilized in combination
to perform effective cluster analysis. If the number of clusters is not known Non-Hierarchical Clustering techniques
can be utilized to find the count of clusters. Temporal clustering algorithm are useful to do temporal data mining
(Keogh and Smyth, 1997; Oates 1999).

Lent (1997), considered the challenge of clustering two-dimensional association rules in huge datasets. They
presented a geometric-oriented algorithm, BitOp, for doing the clustering, embedded within an Association Rule
Clustering System (ARCS). This Association Rule Clustering is helpful when the user wants to divide the data to
perform focussed analysis. They measured the excellence of the segmentation produced by ARCS using the
minimum depiction length standard of encoding the clusters on many databases including noise and errors.

Agrawal (1998), presented a clustering technique that identifies sparse clusters in subspaces ofmaximum
dimensionality. It generates identical outcomes irrespective of the sequence in which input data are represented and
does not assume any particular mathematical notation for data distribution. Through experiments, they showed that
algorithm efficiently determines accurate clusters in huge high dimensional databases.

Beil (2002), introduced a novel technique for finding association rule which utilizes frequent item (term)
collection for text clustering have been used. To cluster depending on frequent item sets; they measured the mutual
overlap of frequent sets with respect to the collection of supporting documents. They presented two techniques for
frequent term-based text clustering, which generates flat clustering’s and hierarchical frequent term-oriented text
clustering. Clustering is the task of combining a set of objects into classes of identical objects. Although definitions
of similarity differ from one clustering design to another, in most of these models the concept of similarity is depend
on distances, e.g., Euclidean distance or cosine distance. In other words, similar objects are necessary to have near
values on at least a set of dimensions. Wang (2002), explored a more common type of similarity. Where, two objects
are identical if they show a coherent pattern on a subset of dimensions. Analyzing sequence data has become
increasingly important recently in the area of biological sequences, text documents, web access logs, etc. Yang
(2003), investigated the challenge of clustering sequences basedon their structural features. Kriegel (2009), presented
a computationally efficient technique for determining all Frequent Sub Graphs (FSG) in huge graph datasets. They
experimentally evaluated the performance of FSG using a different real and synthetic datasets. Their results show
thatdespite the underlying complexity associated with frequent subgraph discovery, the clustering accuracy is
improved significantly. Otey (2004), presented an efficient algorithm which dynamically maintains the required
information even in the presence of data updates without examining the entiredataset. They also proposed a
distributed asynchronous algorithm, whichimposes minimal communication overhead for mining distributed
dynamicdatasets.

Tsay (2005), presented an efficient algorithm named Cluster-Based Association Rule (CBAR). The CBAR
method is used to create cluster tables by scanning the database once, and then clustering the transaction records to
the kth cluster table, where the length of a record is k. Moreover, the large item sets are generated by contrasts with
the partial cluster tables. Liping Ji (2007), addressed the problem of finding Frequent Closed Patterns (FCPs) from
very dense datasets. They introduced two compressed hierarchical FCP mining algorithms: C-Miner and B-Miner.
The two algorithms compress the original mining space, hierarchically partition the whole mining task into
independent subtasks, and mine each subtask progressively.
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Jea (2008), combined a new clustering method with support approximation, and proposed a mining method
to discover frequent item sets based on the principle of Inclusion and Exclusion. Tantono (2008), addressed the
problem of finding recent frequent items in a data stream given a small bounded memory, and presented novel
algorithms to this direction. Lia and Hong Chen (2009), suggested that, ways to mine non-derivable frequent item
sets in an incremental fashion. They designed a compact datastructure named Non-Derivable Frequent Item sets Tree
to efficiently maintaina dynamically selected set of item sets. Rare association rule is an association rule consisting
of rare items. It is difficult to mine rare association rules with asingle minimum support (min_sup) constraint because
low min_sup can result in generating too many rules in which some of them can be uninteresting.However, that
model still extracts uninteresting rules if the items’ frequencies in a dataset vary widely.

Li Yanjun (2008) proposed two new text clustering algorithms, named Clustering based on Frequent Word
Sequences and Clustering based on Frequent Word Meaning Sequences. A word sequence is frequent if it occurs in
more than certain percentage of the documents in the text database. The frequent word sequences can provide
compact and valuable information about those text documents.

Kriegel (2009) explained the different problem definitions related to subspace clustering. Chen Jinlin (2009)

invented a novel data structure, Up down Directed Acyclic Graph, for efficient sequential pattern mining. This
algorithm allows bidirectional pattern growth along both ends of detected patterns. Thus, a length-k pattern has been
detected in [log2k + 1] levels of recursion, which results in fewer levels of recursion and faster pattern growth.
As text documents are explosively increasing in the Internet, theprocess of hierarchical document clustering has been
proven to be useful for grouping similar documents for versatile applications. However, most document clustering
methods still suffer from challenges in dealing with the problems of high dimensionality, scalability, accuracy, and
meaningful cluster labels. Chen Chun-Ling (2010), presented an effective Fuzzy Frequent Item set-Based
Hierarchical Clustering approach, which uses fuzzy association rule mining algorithm to improve the clustering
accuracy of Frequent Item set-Based Hierarchical clustering method. Zou (2010), proposed an approximate mining
algorithm to find a set of approximately frequent subgraph patterns by allowing an error tolerance on expected
supports of discovered subgraph patterns.

Borgelt (2010) introduced a Split and Merge algorithm for frequent item set mining. Its core advantages are
its extremely simple data structure and processing scheme, which not only make it quite easy to implement, but
alsovery convenient to execute on external storage, thus rendering it a highly useful method if the transaction
database to mine cannot be loaded into main memory. Muhammad and Raman (2011), considered sequential pattern
mining in situations where there is uncertainty about which source an event is associated with. They modeled this in
the probabilistic database framework and considered the problem of enumerating all sequences whose expected
support is sufficiently large.

Desrosiers (2011), presented a general framework to mine patterns with anti monotone constraints. This
framework uses a technique thatstructures the pattern space in a way that facilitates the integration ofconstraints
within the mining process. Li Jianzhong (2011), investigated the problem of summarizing frequent subgraphs by a
smaller set of representative patterns. They devised two algorithms, to mine a representativeset that summarizes
frequent subgraphs. The first derives a representative set from frequent closed sub graphs, whereas the second mines
a representative set from graph databases directly. Bifet (2011), presented a framework for studying graph pattern
mining on time-varying streams. Three newmethods for mining frequent closed subgraphs are presented. All these
methods work on core sets of closed subgraphs, compressed representations of graph sets.

Temporal Induction: A temporal database consists of historical data indexed by time.There are two main inference
techniques namely temporal deduction andtemporal induction which are used in temporal analysis. Temporal
deduction infers using temporal logic applied on the data present in the temporal database. Moreover, the inference
rules from first order logic and temporal logic can be used to perform deduction. Temporal induction (Urpani, 1996)
is used to infer temporal information from the tuples of temporal database based on attribute values. The most widely
used induction techniques are Temporal Decision Trees and Rule Induction. Temporal induction helps to provide a
proof on the goal provided in a query.

Pattern Discovery: The important goal of temporal mining is to discover hidden temporal patterns from temporal
databases using constraints. A temporal pattern discovery is used to identify all temporal patterns from the dataset.
A frequent temporal is a sequence that occur of regular intervals. Frequent pattern mining helps to derive association
rules. Most of the temporal mining literature provides techniques to find patterns and for developing effective
algorithms for discovering temporal patterns which occur most frequently in the data set. (Laxman and Sastry 2006).
Time Series Prediction: The analysis of time series consists of two stages: (i) building a model that signifies a time
series, and (ii) the model is used to predict (forecast) future values. If a regular pattern is obtained by time series,
then the series value should be a function generated with the help of previous values. In time series prediction, a
great deal of work has to be performed in order to represent time series data in a specific context and to decide a
suitable method to infer useful temporal patterns.
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Time series data can be represented as either linear or non linear model (Li and Biswas 1999). Temporal
Sequence measure is done by measuring temporal characteristic element based upon the similarity or periodicity of
the temporal sequence. In the method of prediction of temporal sequence, fields which are defined with respect to
time domain in the database are predicted. Prediction can be of two models:

e Temporal classification models - to foretell the most likely state of a categorical variable such as a class in

time domain.

e Temporal regression models - to predict a numeric variable in a set of data by performing linear or non linear

transformations on databases to find temporal patterns of the different or the same categorical data sets

(class).

The aim of building a time series model is similar as the goal for other types of predictive models which is used

to create a model in order to reduce the error between the predicted value of the target variable and the actual value
is as small as possible. The primary difference between time series models and other types of models is that lag
values of the target variable are used as predictor variables, whereas traditional models use other variables as
predictors, and the concept of a lag value does not apply because the observations do not represent a chronological
sequence.
Classification and Prediction in Clinical data bases: Human Medical data are the most difficult of all the biological
data to mine and analyze. The individuality of medical data can be categorized as: Heterogeneity of medical data,
Ethical/Social issues, Statistical Philosophy, Special status of medicine as mentioned in (Cios and Moore, 2002).
Representation and analysis of temporal data relating to medical diagnosis systems is major achievement recently.
This supports to perform temporal analysis, where temporal databases are created using knowledge representation
models. These models offer features for temporal rules extraction (Meamarzadeh, 2009), which may be additionally
used for decision support system. Temporal Knowledge Discovery from temporal databases focuses on searching
large temporal data to discover the hidden temporal patterns (Adlassnig, 2006). Most of the prevailing systems
concentrate on mining clinical data based on snapshot of time points. Since clinical data is a series of observations
taken at dissimilar time points it is necessary to mine the data depends on time period of observation. Temporal Data
Mining discusses the incorporation of temporality in databases as well as temporal data representation, similarity
computation, data categorization, pattern discovery, and prediction. Medical Data Mining is the study of information
in medicine which alters with reverence to time which begins with the construction of temporal clinical databases.
The research study aids to generate distinct medical models, in order to foresee a patient’s physical condition or
recommend medical remedy.

The medical data are temporal in nature and therefore conventional data mining techniques are not suitable
to make effective decisions in medical applications. Moreover, the knowledge based on medical can be represented
using various methods such as medical on tology, cognitive maps etc. However, medical ontologies fail to map the
symbolic with numerical knowledge in order to perform inference. Fuzzy Cognitive Map (FCM) has several
properties such as flexibility, abstraction, (Kosko 1986) differentiability as well as fuzzy reasoning and is capable of
mapping the symbolic knowledge to numerical knowledge.

Challenges in Medical Data Mining: The various issues in medical data mining are heterogeneity of medical data
such as volume and complexity of the medical data, the physician’ interpretation of patient’s data. Some of the ethical
issues are data ownership, law suits dealing with the details of the patients and privacy, security of the human data.

e The medical data are huge and heterogeneous that are collected from different sources such as images,

interviews from physician and patients. It needs a specialist for interpretation.

e It must maintain privacy and security.

e Ethical issues must be taken care of.

This following section describes some of the classifiers used for intelligent decision making system.
Neural Network Classifier: Artificial Neural Networks (ANN) are suitable for training large amounts of data with
very few inputs. Neural networks are very efficient for mining large clinical databases as they are flexible with
incomplete, missing and noisy data. They are an apt choice for data mining, which can be easily updated with fresh
data without making any changes to the existing system. Hence they are very suitable for the clinical databases that
are dynamic in nature. This ANN algorithms can be used to perform non-linear statistical modeling and deliver a
new substitute to logistic regression, etc. Neural networks require less formal statistical training and have the skill to
implicitly detect complex non-linear relationships among dependent and independent variables. The availability of
more than one training algorithms is an added advantage. The ANN has a large scope in medical diagnosis and image
interpretation because of these reasons.

Fuzzy Cognitive Map: Fuzzy Cognitive Maps (FCMs) proposed by (Kosko, 1986), are signed fuzzy digraphs for
representing causal reasoning. While variables in mathematics usually take numerical values, fuzzy logic
applications use the non-numeric linguistic variables to facilitate the manifestation of rules and facts. Fuzzy logic is
talented in performing reasoning under uncertainty which is not possible with first order logic. Fuzziness defines the
ambiguity of an event, whereas randomness defines the uncertainty in the event occurrence. Fuzzy sets use linguistic

JCHPS Special Issue 9: December 2016 www.jchps.com Page 101


http://www.jchps.com/

Journal of Chemical and Pharmaceutical Sciences ISSN: 0974-2115
variables to characterize imprecise concepts rather than quantitative variables. The demonstration of complex
systems involves new methods that can utilize the prevailing knowledge and human skill. A fuzzy neural network or
a neuro fuzzy system is a machine learning technique that identifies the parameters of a fuzzy system by exploiting
approximation techniques with the help of neural networks.

Fuzzy Cognitive Maps (FCMs) constitute a novel, yet attractive approach that covers advantageous modeling
features. FCMs are the extension to the generic model of cognitive maps (Kosko, 1986). Since a FCM is a signed
directed graph with feedback, it is described using a collection of nodes and directed weighted arcs that interconnect
these nodes. Moreover, FCM used to describe the behaviour of a collection of concepts. To overcome the drawbacks
present in the crisp set based system where binary values are used to quantify the links between nodes, introduced
fuzzy values for quantifying the concepts of a complex causal system. According to Stylios and Groumpos (2004),
since all the values in the graph are fuzzy, so concepts take values in the range between [0, 1] and the weights of the
arcs are in the interval [-1, 1]. Observing this graphical representation, it becomes clear which concept influences
other concepts showing the interconnections between concepts and it permits updating in the construction of the
graph, such as the adding or deleting of an interconnection or a concept.

Rule Based Classifier: This algorithm assigns a label named class to an object, based on the object description. The
object description produces a vector form containing values of the features (attributes) deemed to be relevant for the
classification task. Normally, the classifier acquires to predict class labels using a training algorithm and a training
data set. Once trained, the classifier is ready for operation on unseen objects. The rule based classifier is used to
classify records by using a collection of rules.

Fuzzy sets: The uncertain data can be well handled with the help of fuzzy rough sets, since these sets are sets in
which elements have degrees of membership, they allow the gradation of truth values (Timothy Ross, 2009). The
fuzzy set theory permits the steady evaluation of the membership of temporal data elements in a set; where the
operations can be explained with the support of a membership function valued in the interval [0, 1]. The membership
functions of fuzzy temporal sets, take values 0 or 1 only to indicate the degree of trueness of a hypothesis for a given
time (Shing, 1997). The temporal fuzzy set theory can be used in a wide range of domains in which information is
incomplete or imprecise, such as bioinformatics. Fuzzy temporal rough Set scan be used for effective handling
ambiguous data. These sets are described using a pair of approximations known as upper and lower approximations.
The lower approximation of a set refers to the elements that certainly fit in to the set, and the upper approximation
of a set refers to the elements that perhaps incorporate to the set.

Fuzzy rough set: Theories of rough sets (RSs) and fuzzy sets (FSs) are distinct and complementary to handle
vagueness and uncertainty. RS described the idea of indiscernibility (Slowinski and Vanderpooten, 2000), between
objects in a set, while FS modelled the ill-definition of the boundary of a subclass of this set. Generally speaking,
FRS was made up of two parts. One was knowledge representation (i.e., the rough approximation), while the other
was knowledge discovery (i.e., attribute reduction and rule induction). Most researchers focused on knowledge
representation of FRS by using two approaches: the constructive and axiomatic (Dubois and Prade 1992, Mi and
Zhang 2004, Chen et al 2006). The axiomatic approach took the fuzzy approximation operators as the primary notion
and focused on studying the mathematical structure of FRS, such as algebraic and topologic structures. On the
contrary, the constructive approach took the replacements of the equivalence relation, such as fuzzy binary relation,
fuzzy T-similarity relation, and fuzzy weak equivalence partition, as the primary notion. Other notions, such as the
lower and upper approximations, were constructed by using the replacements.

Lower approximation: The P-lower approximation, or positive region, is the union of all equivalence classes in [X].
P which are contained by the target set. In the example, PX={01,02} {02}, the union of the two equivalence classes
in [X]P which are contained in the target set. The lower approximation is the complete set of objects in U/P that can
be positively (i.e., unambiguously) classified as belonging to target set X.

Upper approximation: The P-upper approximation is the union of all equivalence classes in [x] P which have non-
empty intersection with the target set. In the example, PX = {O1, 02} {04} {03, 07, 010}, the union of the three
equivalence classes in [x] P that have non-empty intersection with the target set. The upper approximation is the
complete set of objects that in U/P that cannot be positively (i.e., unambiguously) classified as belonging to the
complement (X) of the target set X. In other words, the upper approximation is the complete set of objects that are
possibly members of the target set X. The difference between the upper and lower approximation is defined
(Walczakand Massart 1999) as boundary of X in U i.e. Boundary = PX — PX

Consistence Degree: Given an object x in FD = (U, R U D), let Con R, (D) (x) = Rs [x] D where FD is the Fuzzy
Decision table, U is universe, R and D denote the condition and decision attributes respectively. Consistence degree
of each object gets its value from the lower approximation of its corresponding decision class. If the value of the
consistence degree is invariant then there dundant attribute values can be reduced. This allows Fuzzy Decision Table
to preserve the most important information.

The rule is defined as Rule: (Condition) y, where Condition is a conjunction of attributes and y is the class
label. Fuzzy Rule Based Classifier is used to categorize the records (Zhao, 2010) based on some criteria by means
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of linguistic values. These linguistic values are identified by certain membership functions. It is proposed to build a
temporal fuzzy rule based classifier is build using fuzzy temporal rough sets to make decisions in temporal clinical
databases. Allen’s temporal algebra (Allen 1983) offers a composition table that can be used to induce rules. At last
prediction is performed to determine the severity of the particular disease and to provide medical solution for the
patient.

Fuzzy rough set rule based classifier: Expert systems are devised to unravel composite issues by reasoning about
knowledge, like an expert. A Decision support System is an information system that supports the various decision
making activities. The main objective of this work is to propose a Rule Based Classifier using Fuzzy Rough Set in
order to induce temporal patterns in clinical databases. The lower approximation theory and fuzzy decision table
with the fuzzy attributes are used to obtain fuzzy decision classes for building the classifier. By considering a subset
of attributes, the lower approximations are designed. The elementary sets will be the outcome of this step, from
which the objects are grouped into the decision classes. Based on the decision classes the consistence degree between
the objects is taken to construct the discernibility vector. Now Rule Based Classifier is converted into a rule based
fuzzy inference system by integrating neuro fuzzy rules with Allen’s temporal relational rules to induce generalized
patterns for knowledge representation.

Ultimately these rules are classified as rules with range values to perform prediction. This methodology is
composed of two parts: first attribute value reduction, and then, rule induction from the reduced decision table.
Attribute Value Reduction

The consistence between two objects means that the objects with similar condition attributes belong to the
same decision classes. In the following, we present a theorem which describes in what condition two objects are
consistent in a fuzzy decision table.

Reduction Rule: Given an object x and its corresponding rule, fdx, fdxD in FD = (U, RUD), suppose P(x) R(x) is
one attribute value reduction of x, then fdx, fdxD is called the reduction rule of fdx, fdxD.

This definition (ref) shows that each attribute value reduction corresponds to a reduction rule.

Rule Covering: Given an object x and its corresponding rule fdx, fdxD in in FD = (U, RUD), for an arbitrary object
y €U, if N(R(x,y)) <ConR, (D)(x), then we say that fdx, fdxD covers the object y. We also say that fdx, fdxD covers
the rule corresponding to the object y. If the rule fdx, fdxD covers the object y, then the object y belongs to the
decision class of x, i.e., y € [x]D, if we ignore some misclassification and perturbation.

Fuzzy neural network: Neuro-fuzzy refers to fusion of artificial neural networks and fuzzy logic. Neuro-fuzzy
combination results in a hybrid intelligent system that merges these two methods by combining the human-like
analysis technique of fuzzy systems with the knowledge and the link configuration of neural networks. Neuro-fuzzy
hybridization is commonly named as Fuzzy Neural Network (FNN) or Neuro-Fuzzy System (NFS). Neuro-fuzzy
system integrates the human-like analysis technique of fuzzy systems by means of fuzzy sets and a linguistic
representation consisting of a set of IF-THEN fuzzy rules.

Both neural networks and fuzzy systems are combined to form the fuzzy neural network. They can be used
for solving a problem such as pattern recognition and regression. The main benefit of a Fuzzy Neural Network is
that it determines the black box nature of a neural network (Han and Qiao, 2010). Both the concepts have certain
benefits and shortcomings which nearly vanish by combining them. The purpose of classification is to conclude
whether an object belongs to particular class or not. The classification (Robert Nowicki, 2009) is distinct as either
belongs to or does not belong to c; given that c is a class and o is an object.

Representation and analysis of temporal data pertaining to medical diagnosis systems is acquisition recently.
This supports to perform temporal analysis, where temporal databases are created using knowledge representation
models. These models deliver features for temporal rules extraction (Meamarzadeh, 2009) which is used for decision
support system. Temporal Knowledge Discovery from temporal databases focuses on searching large temporal data
to discover the hidden temporal patterns (Adlassnig, 2006). Most of the prevailing systems concentrate on mining
clinical data based on snapshot of time points. Since clinical data is a series of observations taken at dissimilar time
points it is essential to mine the data based on the time period of observation.

RBF Neural networks are suitable for training large amounts of data with very few inputs. Moreover, Neural
networks are very efficient for mining large clinical databases as they are flexible with incomplete, missing and noisy
data (Srinivasan 2005; Seleppan Palaniappah and Rafiah Awang, 2008). Neural networks require less formal
statistical training and have the skill to implicitly identify complex nonlinear relationships amid dependent and
independent variables. The traditional first order logic assumes that the world contains objects, functions mapping k
objects onto one object and k-ary relations between objects. Many kinds of inference cannot be formulated in
propositional logic since it applies general rules to a specific case. Higher order logic allows us to quantify over
relations and functions as well as over objects. There are several higher order logics that are present in the literature.
However, the purpose for choosing fuzzy logic is that it deals with continuous values instead of binary values. The
accuracy of the system lies in its ability to suitably predict the class label of new or unseen data.
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Rough neuro fuzzy inference system: Rough Fuzzy Neural Network Classifier is used to extract temporal patterns
in clinical databases. The lower approximation theory and fuzzy decision table with the fuzzy features are used to
obtain the fuzzy decision classes for deciding on the attribute values (Zhao, 2010). By considering the attributes,
encompassing of the temporal intervals, the lower approximations are formulated. The perceptibility of the decision
classes is devised to outline the temporal consistency degree among the objects of the sets, from which the reducts
are acquired. The reducts are given as input to the neural network; in such a way that the neural network automatically
trains the input and process it by using the self learning method. The fuzzy neural network has entirely used the
competence of fuzzy rough set theory to construct a Rough Fuzzy Neural Network Classifier and it acts as a valuable
classifier to classify the data.

2. CONCLUSION

Expert Decision Making System in medical diagnosis is becoming popular and essential. Data mining
techniques provide a convenient method for mining clinical databases which are too complex and huge to be
processed by ordinary traditional methods. This research work proposes a new technique to mine temporal rules from
the clinical dataset that can be used in early prediction of the disease which will minimize the risk in the patients.
For this purpose, a novel neuro fuzzy technique is proposed to diagnose the severity of a particular disease effectively
from a set of patient records.
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